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As complex, black box models have increasingly come to predominate the algorithms used in
state-of-the-art machine learning pipelines, the need to explain and understand the predictions
made by these algorithms has grown correspondingly. Feature attribution methods are one
popular approach to explain these black box models, but are limited in their expressive
capacity. We therefore propose three approaches to go beyond the shortcomings of existing
feature attribution methods. The first, EXPRESS, demonstrates how the stability and quality
of feature attributions for models of gene expression data increase when these models are
ensembled. The second, Integrated Hessians, efficiently explains the interactions between pairs
of features for neural network models, which we show has general applications even beyond
biological and medical models. In a third approach, we apply generative adversarial networks
and saliency maps to identify the underlying reasons for poor generalizability of radiographic
COVID-19 detection models. Furthermore, while the utility of feature attribution methods for
helping humans understand what models have learned is well-known, their utility for helping
humans express their own desiderata in machine-interpretable language is under-appreciated.
We develop a feature attribution method that is designed for use during model training, and
demonstrate how it can be used to incorporate gene interaction networks as a constraint
on predictive models with gene expression features. Finally, we show how to enforce more
abstract model constraints using adversarial training in the context of radiographic pneumonia
classification.
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Chapter 1

INTRODUCTION

In recent years, machine learning models have demonstrated significant performance
improvements across many domains. In the area of Natural Language Processing, large
language models have achieved state-of-the-art performance at tasks ranging from automatic
speech recognition, to machine translation, to document classification [29]. Likewise, in
Computer Vision, models have proved useful in applications as diverse as object detection for
self-driving vehicles [229], molecular marker status determination in digital pathology pipelines
[197], and lung cancer screening with computed tomography images [6]. One commonality
between all of these successful applications is that they tend to employ complex, black box
algorithms — models for which the reasoning underlying predictions is opaque.

The black box nature of these algorithms poses a variety of problems. Despite the
apparently high predictive performance attained by models, deep learning algorithms are
often brittle, meaning that their performance substantially degrades in response to real world
distribution shifts [133]. This brittleness is likely due to “shortcut learning,” where models
learn training set-specific factors rather than robust and general patterns [79]. Auditing
models to understand whether or not they rely on plausible mechanisms may be difficult
or impossible in the context of black box models. In addition to the possible reliance on
shortcuts, explanations are sometimes legally required for applications like credit scores and
loan underwriting.1 Finally, in some domains, like genomics, elucidating the underlying
mechanism of some process may be more interesting than accurately predicting that process
[9].

The work presented in this thesis is motivated by the specific challenges that arise when
trying to understand biological and medical machine learning models. The structure is broken
down into five main chapters, each corresponding to a first author paper written during my
graduate education [113, 66, 114, 52, 112]. At a high level, the first three chapters after the
introduction (Chapters 2-4) involve trying to understand what models have learned through
the development and application of explainable AI methods. The last two chapters (Chapters
5-6) involve developing methods to communicate domain knowledge back to complex models,
thereby improving their performance.

1e.g., Equal Credit Opportunity Act (Regulation B of the Code of Federal Regulations), Title 12, Chapter
X, Part 1002, §1002.9.



2

One major class of methods for understanding what models have learned is feature
attribution [179]. These methods explain the predictions of a function by producing scalar
attributions for each of the function’s input features. These attributions may be global,
indicating the importance of the feature over all samples in a dataset, or local, indicating the
importance of the feature for a particular sample [46, 177]. Methods for calculating feature
attribution include both Shapley value-based algorithms [45], and gradient-based approaches
[274, 262].

Trying to use feature attributions to analyze the transcriptomic factors underlying anti-
cancer drug synergy presents a unique challenge, however. Using a variety of synthetic datasets,
we benchmark both classical and novel approaches for discovering biologically-relevant features
from gene expression data and demonstrate how non-linearity and correlation in these data
impede feature attribution methods (Chapter 2). We then demonstrate that under conditions
representative of typical biological applications, all feature attribution approaches tend to
perform poorly, and show how explaining ensembles of models improves the quality of feature
attributions.

Additionally, despite the utility of feature attributions, there is significant interest in more
detailed explanations. For example, a recent qualitative study of machine learning engineers
noted the need for methods not only to understand the isolated importance of individual
features, but also to quantify the interactions between pairs of features [19]. Hence, we propose
Integrated Hessians (Chapter 3)2, a method for detecting and describing interactions between
features. Additionally, while feature attribution methods work well on tabular datasets where
features have intrinsic meaning, for many image datasets, models may rely on complex patterns
that are difficult to represent in terms of static pixels. We therefore propose using generative
models in addition to saliency maps to understand important differences between classes of
images, and use this to help audit radiographic COVID-19 detection models (Chapter 4)3.

While explainable machine learning approaches are well-known to help users understand
what black box models have learned, it is significantly less appreciated that these methods
may also allow users to express their domain knowledge in a language understandable by the
model. Hence, we propose attribution priors, a framework for regularizing the explanations
of differentiable models, and expected gradients, an attribution method designed for efficient
incorporation into the model training process (Chapter 5)4. While part of the benefit of
deep learning models is their ability to automatically learn useful feature representations
without the need for hand-crafted features, domain experts often have knowledge that can
be helpful to incorporate into the modeling process. For example, in biology there are often

2This work was co-first authored with Pascal Sturmfels.
3This work was co-first authored with Alex DeGrave.
4This work was co-first authored with Gabe Erion and Pascal Sturmfels.
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“meta-features,” or multi-modal heterogeneous data that it is desirable to incorporate into
models [157]. While this has traditionally been straight-forward to integrate as a constraint
on the parameters of linear methods, extending this approach to deep networks is non-trivial.

In the same way that feature attribution methods struggle to describe the complex patterns
on which image models rely in terms of static pixels, incorporating domain knowledge into
image models can often be difficult to specify as a prior on feature attributions. Telling
a model not to use complex combinations of features, textures, etc., is nearly impossible
to state as a function of individual pixels. This is particularly relevant in the context of
medical imaging models, where brittleness is often a problem. For example, [305] found that
a deep learning pneumonia classifier trained on data from two hospital systems exploited
differences in the base rate of pneumonia between the two hospitals by learning to identify
each radiograph’s hospital of origin rather than anatomically-relevant features of pneumonia.
While this model apparently had high predictive performance, when the model was tested on
radiographs from a third hospital not present in the training data its performance significantly
decreased. Furthermore, even within a single hospital system, confounded predictions may be
a problem for deep learning. For example, [11] demonstrated that a deep learning hip fracture
classifier was leveraging patient-level variables (such as age and gender) and process-level
variables (such as scanner model and hospital department) in its predictions. After controlling
for these variables during model evaluation by rebalancing the test set, they found that
the classifier performed no better than random. While the works above have described
the brittleness of deep learning medical imaging classifiers, more work is needed to create
robust models. We therefore propose an adversarial approach to improve pneumonia models
(Chapter 6), and show how it improves generalization.
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Chapter 2

UNCOVERING EXPRESSION SIGNATURES OF SYNERGISTIC
DRUG RESPONSE USING AN ENSEMBLE OF EXPLAINABLE

AI MODELS

2.1 Introduction

Acute myeloid leukemia (AML) is the most commonly diagnosed form of leukemia in adults,
and carries a poor prognosis [124]. While survival has improved over the past several
decades for younger patients, older patients have not seen a similar improvement. This gap
in survival has motivated the development of molecularly targeted combination therapies
for patients who do not qualify for intensive induction chemotherapy [147]. Discovering
optimal combinations of anti-cancer drugs is a difficult problem, however, as the space of
all possible combinations of drugs and patients is large. While potentially synergistic drug
combinations have traditionally been tested on the basis of either biological or clinical expert
knowledge [51], more systematic approaches are necessary to effectively explore this space.
Even systematic experimental approaches such as high-throughput screening are potentially
insufficient, as there are hundreds of thousands of possible combinations of all anti-cancer
drugs currently in development, each of which may have a different response in different
patients [51, 208]. Therefore, predictive approaches are necessary to make the immense space
of possible anti-cancer drug combinations manageable.

State-of-the-art predictive approaches fall short along another axis, however, by failing to
provide biological insight into the molecular mechanisms underlying drug response, which is
essential to facilitate the discovery of new and effective anti-cancer therapies [116, 198, 286].
While a wide variety of computational methods have historically been employed for drug
combination prediction [245, 102, 35, 69, 299], recent work has demonstrated increased
predictive performance using complex, non-linear machine learning (ML) models. For example,
all of the winning teams in the AstraZeneca-Sanger Drug Combination Prediction DREAM
Challenge utilized complex models in some part of their approach, including ensembles of
random forest classifiers and gradient boosted machines [190]. Additionally, Preuer et al.
have shown that deep neural networks outperform less sophisticated models such as linear
models, achieving state-of-the-art performance at predicting the synergy of anti-cancer drug
combinations in 39 cell lines [220]. A major weakness of these complex ML models is their
“black box” nature; despite their high predictive accuracy, these models’ inner workings



5

are opaque, making it challenging to gain mechanistic insights into the molecular basis of
drug synergies. In cases where model interpretability is important, researchers resort to
simpler, less accurate models like linear regression. For example, to identify genomic and
transcriptomic markers associated with drug sensitivity, both the Cancer Genome Project
[78] and the Cancer Cell Line Encyclopedia [14] used penalized elastic net regression.

Here, we present the EXPRESS (explainable predictions for gene expression data)
framework to understand the relationship between accuracy and interpretability in biological
models, and build models that are both accurate and biologically interpretable. A recent
approach to understand the patterns learned by biological models involves “explaining” complex
predictive models using feature attribution methods, like Shapley values [179, 177, 256, 274],
to provide an importance score for each input feature (here, a gene). The Shapley value is a
concept from game theory designed to fairly allocate credit to players in coalitional games
[252]. By considering input features as players and the model’s output as the reward to
be allocated [179], the most important features can be identified for complex models that
would otherwise be uninterpretable. Unfortunately, the application of off-the-shelf feature
attribution methods is unlikely to be successful in the context of large cancer ‘omics data.
These methods are known to struggle in the setting of high-dimensional and highly correlated
features, such as those present in transcriptome-wide gene expression measurements [1].
Furthermore, while complex ML models have been shown to achieve increased predictive
performance when compared to simpler models, recent work has raised the concern that
models with higher predictive performance do not necessarily have higher-quality attributions
on the same tasks [137, 247]. Our results investigate the relationship between predictive
performance and feature attribution quality, and demonstrate how a simple approach based
on model ensembles can improve the feature attribution quality of complex machine learning
models in the life sciences.

First, using 240 synthetic datasets, we benchmark both classical and novel approaches
and demonstrate how non-linearity and correlation in the data can impede the discovery of
biologically relevant features. We then demonstrate that under conditions representative
of typical biological applications, all existing approaches tend to perform poorly, and show
how explaining ensembles of models improves the quality of feature attributions (Fig. 2.1a).
Finally, we describe EXPRESS, which uses Shapley values to explain an ensemble of complex
models trained to predict drug combination synergy on a dataset of 133 combinations of 46
anti-cancer drugs tested in ex vivo tumor samples from 285 patients with AML (Fig. 2.1b, Fig.
2.7). In addition to building highly accurate predictive models, our ensemble interpretability
approach identifies relevant biological signals underlying drug synergy patterns, most notably
a gene expression signature related to hematopoietic differentiation. While individualized
treatment for AML on the basis of cancer genomic signatures is already becoming an important
aspect of clinical practice [198], our approach identifies a novel expression-based signature
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Figure 2.1: Overview of the study design. a, Our framework, EXPRESS (explainable
predictions for gene expression data), for learning reliable explanations of cancer therapeutic
machine learning models trained on high-dimensional gene expression data. After training a
variety of individual models across multiple model classes, predictive performance is evaluated
to select a best-performing model class. Multiple models from that class are then ensembled
in order to produce more reliable and biologically-meaningful explanations. b, We apply our
pipeline to a dataset of ex vivo anti-cancer drug synergy measurements for patients with acute
myeloid leukemia, attaining not only superior prediction performance, but also identifying
biological processes that are important for the determination of drug synergy.

that is predictive of synergy across a broad class of drugs and their combinations in AML.

2.2 Results

2.2.1 Current state-of-the-art explainable AI falls short on correlated features

Explainable AI (XAI) is a recent development in the ML community that attempts to provide
a human-interpretable basis for the predictions of complex, “black box” models like neural
networks. In particular, feature attribution methods are a class of methods that identify the
relative importance of each input feature (e.g. the expression level of a gene) for a particular
model [179, 45]. One popular feature attribution method involves applying Shapley values
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to interpret these complex models by measuring how much the model’s output changes on
average when a feature is added to all other possible coalitions of features (Methods 2.4.1).

While applying explainable AI techniques to complex models has become a popular
practice in the life sciences [127, 126, 248, 107, 189, 12, 234, 233, 281, 24], applying these
methods in the context of gene expression data is particularly difficult. Each patient will
have a transcriptomic profile with tens of thousands of features with a high degree of feature
interdependence (e.g., see the feature covariance matrix for AML transcriptomic data, Fig.
2.2, top right). This makes the task of accurate feature attribution harder for Shapley value
algorithms, which ideally would operate on statistically independent features [179]. In the
presence of correlated features, many models with diverse mechanisms could potentially fit
the data equivalently well [27, 60]. Thus, even if we could explain a single model perfectly,
that model might not correspond well to the true biological relationships between features
and outcome.

Since these conditions are ubiquitous in biological datasets, it is essential to understand
how the efficacy of both Shapley value-based attributions and more conventional methods
will be impacted in the setting of high-dimensional, highly correlated features. Measuring
this efficacy is difficult, however, as existing benchmarks of feature attribution methods are
designed to either measure the influence of features on the particular model being explained
[177], or to measure the predictive performance of selected sets of features [101]. We therefore
design a simple benchmark for this application (Fig. 2.2, Methods 2.4.2). To evaluate the
effects of data correlation and non-linearity on feature attribution, we use 240 unique datasets.
As input data, we consider synthetic datasets with independent features and synthetic datasets
with multivariate normal covariance structure, as well as datasets with real gene expression
measurements sampled from AML patients [286]. Since the goal of our benchmark is to define
how well different methods recover true features, we create synthetic labels, allowing the
ground truth to be recovered and measured. These labels are created by randomly sampling
input features and relating them to the outcome using functions ranging from simple linear,
univariate relationships to complex, non-linear step functions with interactions between
features (Methods 2.4.2). For our metric of feature discovery performance, we measure how
many true features are found cumulatively at each point in the lists of features ranked by
each feature attribution method (Methods 2.4.2, Fig. 2.8). Using this benchmark, we then
evaluate five different methods for ranking biologically important features, including two
complex machine learning methods (gradient boosted machines, neural networks) explained
using Shapley values, as well as three more traditional linear methods: ranking features
by their Pearson correlation with the outcome [264], ranking features by their elastic net
coefficients [315], and recursive feature elimination using support vector machines [94].

When the outcome has a simple linear relationship with the input features, all approaches
recover the true features well (see the perfect performance across all methods in the top
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left experiment in Fig. 2.2). When there is non-linearity in the data, however (see bottom
two rows of Fig. 2.2), the complex machine learning models interpreted with Shapley values
significantly outperform the linear approaches. For example, neural networks explained with
Shapley values attain a higher AUFDC than elastic net coefficients when the true outcome
is multiplicative and the features are independent (Mann-Whitney U -test, p = 3.3× 10−6,
U = 4.65) or in correlated groups (p = 6.3 × 10−8, U = 5.41). Likewise, XGBoost models
explained with Shapley values attain a higher AUFDC than elastic net coefficients when the
true outcome is a pairwise-AND function and the features are independent (p = 6.5× 10−7,
U = 4.98) or in correlated groups (p = 3.7× 10−7, U = 5.09). Importantly, however, as the
correlation between input features increases to the level seen in real AML transcriptomic
data (Fig. 2.2, third column), all methods tend to perform poorly and there is a high degree
of variance in the performance of each model class.

2.2.2 Ensembling overcomes variability in individual models

Given the observed variability of different models in terms of benchmark performance, a
natural question that arises is how to select the predictive model that will attain the best
performance at feature discovery. An intuitive solution is to simply pick the model with the best
predictive performance. When we examine the relationship between predictive performance
and feature discovery, however, we see that this is not necessarily a reliable strategy. For each
of three popular model classes (linear models, feed-forward neural networks, and gradient
boosted machines), we train twenty independent models on bootstrap resampled versions of
the same dataset and measure test set prediction error and feature discovery performance.
While there was significant overall correlation between test error and feature discovery (Step
Function Dataset: Pearson’s r = −0.77 , p = 1.1 × 10−12, n = 60; Multiplicative Dataset:
Pearson’s r = −0.82 , p = 1.2× 10−15, n = 60), within each model class test error was not
significantly correlated with feature discovery performance (Elastic Net + Step Function
Dataset: Pearson’s r = 0.19 , p = 0.43, n = 20; Neural Network + Step Function Dataset:
Pearson’s r = 0.02 , p = 0.94, n = 20; XGBoost + Step Function Dataset: Pearson’s
r = −0.18 , p = 0.45, n = 20; Elastic Net + Multiplicative Dataset: Pearson’s r = −0.11 ,
p = 0.65, n = 20; Neural Network + Multiplicative Dataset: Pearson’s r = −0.22 , p = 0.35,
n = 20; XGBoost + Multiplicative Dataset: Pearson’s r = 0.13 , p = 0.60, n = 20; see Fig.
2.3a,b). Therefore, while predictive performance may help to select a model class, it will not
necessarily help to select which model within that class has the most biologically-relevant
explanations.

Furthermore, when we examine the feature attributions across individual models within a
single model class, we observe that they vary substantially from model to model (Fig. 2.10).
This indicates a lack of stability in the attributions: minor perturbations to the training set
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Figure 2.2: Benchmark metric reveals the impact of non-linearity and correlation
on feature discovery. Each point in the box plots represents the benchmark score achieved
by one of five feature ranking methods applied to one of 240 datasets generated from twelve
synthetic or semi-synthetic dataset types (each subplot represents one dataset type). The rows
(left) are sorted from top to bottom by increasing non-linearity of the true feature-outcome
relationship (continued on next page)
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Figure 2.2: (Previous page.) (e.g. all datasets in the first row have a linear relationship
between input features and outcome) while the columns are sorted from left to right by the
increasing extent of the correlation between features in the dataset (e.g. all datasets in the
last column have real AML bulk RNA-seq features). The metric plotted in each boxplot is
the area under the feature discovery curve (AUFDC) (see Methods 2.4.2), where a higher
score indicates better performance (0 represents random performance, while 1 represents
perfect performance). The boxes mark the quartiles (25th, 50th, and 75th percentiles) of the
distribution, while the whiskers extend to show the minimum and maximum of the distribution
(excluding outliers). For each dataset type (a pair of feature-outcome relationship and inter-
feature correlation), 20 independent datasets are generated by randomly regenerating features.
While all approaches achieve perfect performance on simple linear data with independent
features (top left plot), all models have worse performance as features become more correlated
and outcomes become more non-linear (bottom right)

(such as bootstrap resampling) can lead to substantial variability in the features identified
as most important by the model [27], and prior work in machine learning applied to human
genomics and epigenomics has suggested the necessity of considering multiple models when
analyzing explanations [10, 188]. Likewise, recent work on feature selection for black box
predictive models in healthcare has pointed out the need to select robust features [68].

While ensembling machine learning models is classically known to increase the accuracy of
models by increasing stability of predictors, it remains to be demonstrated whether ensembling
can improve biological hypothesis generation. We therefore created ensembles of models
for all of the datasets in the original benchmark task, and found that ensembling not only
decreases the variance in feature discovery performance, but also significantly increases
the average feature discovery performance of the ensemble models (Fig. 2.3c). Not only
does this improvement occur consistently across dataset types and model classes (see Fig.
2.11-2.12), but this effect is independent of an increase in predictive performance (see Fig.
2.13). Furthermore, this effect is greater than that seen by adding explicit regularization to
models (see Fig. 2.14).

To understand how the ensembled models differed from the individual models, we analyzed
the difference between the attributions attained by a variety of ensembled models and the
individual models. We see that the variability in attributions across bootstrap resampled ver-
sions of the dataset decreases (with an average pairwise cosine similarity between attributions
across models increasing from 0.77 to 0.98 after ensembling, p = 4.87 × 10−63, U = 16.76,
Fig. 2.10). Furthermore, when compared to the single models, the ensemble models tend
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Figure 2.3: Explaining ensembles helps overcome instability in feature discovery
performance for single models. a-b, Relationship between test error and feature discovery
performance on bootstrap resampled versions of two synthetic datasets. Both datasets had
clusters of highly-correlated features; one had a step function outcome (a) while the second
had a multiplicative outcome (b). While there is a high overall correlation between test error
and feature discovery performance for both datasets (Continued on next page.)
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Figure 2.3: (Previous page.) (Step Function Dataset: Pearson’s r = −0.77 , p = 1.1× 10−12,
n = 60; Multiplicative Dataset: Pearson’s r = −0.82 , p = 1.2× 10−15, n = 60), there is no
significant correlation after conditioning on model class (Elastic Net + Step Function Dataset:
Pearson’s r = 0.19 , p = 0.43, n = 20; Neural Network + Step Function Dataset: Pearson’s
r = 0.02 , p = 0.94, n = 20; XGBoost + Step Function Dataset: Pearson’s r = −0.18 ,
p = 0.45, n = 20; Elastic Net + Multiplicative Dataset: Pearson’s r = −0.11 , p = 0.65,
n = 20; Neural Network + Multiplicative Dataset: Pearson’s r = −0.22 , p = 0.35, n = 20;
XGBoost + Multiplicative Dataset: Pearson’s r = 0.13 , p = 0.60, n = 20;). c, Comparison
of feature discovery performance between individual models and ensemble models synthetic
and semi-synthetic datasets from our benchmark. The boxes mark the quartiles (25th, 50th,
and 75th percentiles) of the distribution, while the whiskers extend to show the minimum
and maximum of the distribution (excluding outliers). Results for the rest of the datasets
and for additional feature attribution methods can be found in Figs. 2.11-2.12.

to place more weight on a small set of important features and attribute less importance to
spurious correlates: spurious correlations cancel out over repeated model trainings, while
true signal remains consistent (Fig. 2.10). In addition to carrying out this experiment for the
other two “True Functions” evaluated in the original benchmark in Fig. 2.2, we also verified
that the improvement seen with ensembling holds when other feature attribution methods
like DeepLift [256] and Integrated Gradients [274] are used (Figs. 2.11-2.12).

These results suggest a natural approach for applying explainable AI techniques to complex
biological datasets (see Fig. 2.1a). A variety of model classes should be compared in terms of
predictive performance, and following the selection of the best performing model class, the
set of well-performing models from that class should be ensembled for explanation.

2.2.3 Complex gradient boosted machines accurately predict drug synergy in AML samples

After determining the importance of model class selection and model ensembling from our
benchmark, we applied our framework to publicly available data provided by the Beat AML
collaboration [286]. These data consist of the gene expression profiles of primary tumor cells
from 285 patients with acute myeloid leukemia, as well as drug synergy measured for these
cells in an ex vivo sensitivity assay for 131 pairs of 46 distinct drugs, spanning a variety of
cancer subtypes and anti-cancer drug classes (Fig. 2.7). The input features of each sample
thus comprise ‘gene expression features’ which describe the corresponding patient’s tumor’s
molecular profile, and ‘drug features’ which describe the two drugs in that combination in
terms of the gene targets of each of the two drugs (Fig. 2.1b and Methods).
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EXPRESS begins by comparing multiple model classes: elastic net [315], deep neural
networks [220], random forests [26], and extreme gradient boosting (XGBoost) [39], in terms
of the test error calculated using 5-fold cross validation tests. To rigorously evaluate the
predictive performance of the models, we performed comparisons using four different schemes
for stratifying samples into train and test sets. Each different stratification assesses the
generalization performance for a different possible application scenario (see Fig. 4 and
Methods) [220, 130]. Across these four settings, XGBoost shows better performance in 53
comparisons out of 60 (=4×3×5) comparisons from four settings, with three alternative
methods, and for five test folds. Elastic net, random forests, and deep neural networks show
better performance in 4, 27, and 30 comparisons, respectively. Our framework therefore
selects XGBoost as the optimal model class for further downstream interpretive analysis. This
finding aligns well with contemporary work on machine learning for tabular datasets (like
gene expression data), which has empirically demonstrated that tree models like XGBoost
tend to outperform deep learning models [257].

2.2.4 Ensembled attributions reveal important genes for anti-AML drug synergy

After identifying gradient boosted machines as the best-performing model class for our
dataset, we ensembled individual models until the ensemble model attributions were stable,
leading to a final ensemble of 100 XGBoost models (see Fig. 2.15, Methods). We then
analyzed the resultant ensemble model attributions to look for genes with global importance
for drug combination synergy, i.e., genes whose expression is related to synergy across many
different drug pairs in our dataset [177]. Genes that impact global synergy could belong to
pathways with outsize importance to cancer biology which are targeted by many drugs in the
dataset, such as MAPK signaling or PI3K-Akt signaling, or could be related to larger-scale
transcriptional changes impacting many pathways simultaneously, such as the degree of
differentiation of leukemic cells [92].

We first visualize genes with monotonic relationships with synergy across all samples in
the dataset (measured by the strength of the Spearman correlation between expression and
attribution values) by plotting these robust attributions in a dependence plot. For example,
a strong positive correlation between the expression level of MEIS1 (the 2nd strongest
relationship out of 15,377 genes tested), and its attribution value indicates that patients
with higher levels of MEIS1 expression are predicted to respond more synergistically to the
drug pairs tested in this dataset (Fig. 2.5a). MEIS1 has been shown to be upregulated
in mixed-lineage leukemia (MLL)-rearranged AML [144], while also driving leukemogenesis
independently of MLL-rearrangement [167]. Recently, high MEIS1 expression has been
observed within Venetoclax-resistant AML subclones with “monocytic” characteristics [214].
Because AML in different patients may manifest in different developmental stages [214],
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Figure 2.4: Comparison of predictive performance between model classes across
four stratification settings. Each point in the plots on the right represents an evaluation
of model performance after a different split of the data. In order to consider a variety of
potentially useful application settings, samples were stratified in four ways. Each sample
comprises primary tumor cells from a patient with AML and a pair of anti-cancer drugs. In
a, samples are randomly split into 5 different train test folds. (Continued on next page.)
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Figure 2.4: (Previous page.) In b, samples are split on the basis of the drug combinations, so
that held out test folds contain novel drug combinations not present in the training data. In
c, samples are split on the basis of patients, so that held out test folds contain patients not
present in the training data. In d, samples are split on the basis of individual drugs, so that
held out folds contain drugs not present in the training data.

the importance of MEIS1 suggests that our model may be learning a differentiation-related
expression signature underlying the synergistic ability of certain drugs to overcome resistance
to others.

EXPRESS can identify other genes showing such trends and visualize many of these
feature attribution relationships at once by assembling the marginal distributions of the
expression-attribution dependence plots into a summary plot. Figure 2.5c-d shows two
summary plots – one for the genes where higher expression correlates with higher predicted
synergy, and another for the genes with negatively correlated relationships. One of the top
negatively correlated genes was DLL3 (Fig. 2.5b), a member of the Notch signaling pathway,
which has been shown to have prognostic significance in patients with AML: patients with
higher DLL3 expression have been shown to have lower overall survival [278]. We find that
many of the top genes underlying synergy in both directions have been related to different
stages of hematopoietic development. For example, CITED2 (the top positively correlated
gene) is known to be essential for the maintenance of adult hematopoietic stem cells [140].
Additionally, CITED2-mediated hematopoietic stem cell maintenance has also been shown
to be critical for the maintenance of AML [139]. Other genes in this list, such as OSMR,
have further been shown to be essential for the maintenance of normal hematopoiesis [280].
Still other top genes, like SLC7A11 and SLC17A7, have been linked to prognosis of AML
[311, 309, 162].

In addition to considering genes whose expression consistently impacts synergy either
positively or negatively across all drug combinations, we additionally ranked genes by the
magnitude of their global attribution values. This analysis allows genes that are important
for multiple combinations to be ranked highly, even if higher expression of these genes are
linked with higher synergy for some combinations and lower synergy for other combinations.
When EXPRESS ranks all genes by the magnitude of their global attribution values (see
Methods), we again find genes that are related to hematopoietic development and AML
prognosis. In particular, IL-4 (top ranked gene by non-directional magnitude) is an important
cytokine regulating the tumor microenvironment that has been shown to be specifically
downregulated in AML compared to normal myeloid cells [138]. STAT6 (ranked 31st) is
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Figure 2.5: Transcriptomic factors affecting anti-AML drug combination synergy.
a-b, SHAP dependency plots for MEIS1 and DLL3. Each point represents a single sample
(one patient with a pair of anti-cancer drugs), the x-axis and color encoding represent the
normalized gene expression values, while the y-axis represents the feature attribution value
(continued on next page).
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Figure 2.5: (Previous page.) (change in predicted drug synergy attributable to that feature).
c-d, SHAP summary plots for the transcripts with the strongest positive (c) and negative
(d) relationships with anti-AML drug synergy.Each point still represents a single sample and
the color encoding still represents normalized gene expression values, while the x-axis now
represents the feature attribution value (plotted on the y-axis in the corresponding analysis
in a and b). e, Biological pathways most highly enriched in the list of most important gene
expression features, sorted by their average ranking across several top gene thresholds. Red
bars indicate pathways discussed further in the text. f, For twelve separate differential gene
expression profiles created by pairing gene expression measurements from a more stem-like
hematopoietic lineage cell population (HSCs or LSCs) with a more differentiated hematopoietic
lineage cell population (monocytes, lymphocytes, or all fully differentiated cells), we measured
the correlation between the average expression of that profile and the synergy for each drug
combination. After FDR correction, we plotted all combinations with significant correlations
across at least two profiles. We find that some combinations of drugs tend to have higher
synergy in more differentiated cancers, while some combinations of drugs tend to have higher
synergy in more stem-like cancers.

a transcriptional regulator known to be a key mediator of cytokine signaling [86]. It has
previously been experimentally demonstrated using CRISPR-Cas9 genomic engineering that
STAT6 specifically mediates IL-4-induced apoptosis in AML [215]. Furthermore, expression of
STAT6 has been shown to be high in hematopoietic stem cells, but not in more differentiated
progenitors [32]. Other top genes in this list, such as SLC51A and RNF213 (ranked 2nd and
6th overall, respectively), have been previously linked to AML and familial myelodysplasia
via GWAS studies [161, 42].

2.2.5 Pathway explanations identify global importance of a differentiation signature

While attributions and trends for individual genes are informative, to gain systems-level
insights into the processes important to drug synergy prediction, we can also use pathway
databases to systematically check if genes from certain pathways are over-represented in
EXPRESS’s top-ranked genes. When we test the top-ranked genes for pathway enrichment,
we find that the top pathway (Fig. 2.5e) is related to cellular metabolism. Expression
programs regulating cancer metabolism have previously been linked to resistance to a variety
of the drugs tested in this dataset. For example, AML cells that are resistant to the tyrosine
kinase inhibitor Cabozantinib have been shown to have higher glucose uptake, GAPDH
activity, and lactate production than Cabozantinib-sensitive cells [170].
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Furthermore, consistent with our hypothesis that the importance of MEIS1 for synergy
may be linked to a differentiation signature, the second most highly enriched pathway contains
genes that control differentiation along the hematopoietic cell lineage (p = 8.2× 10−3 from
hypergeometric test, FDR-correction using Benjamini-Hochberg procedure.). Previous studies
have shown that leukemic stem cell signatures associate with worse clinical outcomes [75, 81],
and cells at different differentiation stages have been shown to respond differently to particular
combination therapies [218, 149]. The differentiation signature and metabolic signature may
in fact be related, as prior work has shown that less differentiated leukemic cells have unique
metabolic dependencies [118], and have even proposed metabolic changes as a mechanism
mediating anti-cancer drug combination resistance specifically in stem-like leukemic cells
[266].

To further explore the importance of differentiation signatures as a global pattern un-
derlying drug combination synergy, we used RNA-sequencing data generated from specific
sub-populations of hematopoietic cells to create gene lists that are relatively more (or less)
expressed in either hematopoietic stem cells (HSCs) or leukemic stem cells (LSCs) compared to
more differentiated populations, such as monocytes, lymphocytes, and all fully differentiated
blood cells (Methods) [44]. Considering six pairs of cell types (Fig. 2.5f, left) leads to 12
gene lists; six of the genes lists represent more stem-like expression states, while the other six
lists represent more differentiated signatures (Methods section for more details). For each
gene list, we measured the correlation between the average expression of the genes in the
list and drug synergy for each drug pair (Fig. 2.5f, right), and plotted correlations that were
significant after multiple hypothesis testing correction.

Remarkably, we found two distinct sets of drug combinations – combinations that were
more synergistic when applied to tumor samples with more stem-like expression profiles, and
combinations that were more synergistic when applied to tumor samples with more differenti-
ated expression profiles (Fig. 2.5f, right). For instance, many combinations containing the
BCL-2 inhibitor Venetoclax were associated with increased synergy when a more differentiated
signature was present. Specifically, these were most strongly associated with a monocytic
expression signature (Signature D1). Recent studies have demonstrated that in some patients,
AML subclones with a monocytic differentiation signature exist next to subclones with a more
primitive, stem-like transcriptional profile [214, 149]. Monocytic subclones have been shown
to be relatively resistant to Venetoclax [214, 149], raising the possibility that the drugs paired
with Venetoclax in the identified combinations could be helping to overcome this resistance.
For example, our approach identifies the combination of Ruxolitinib, a JAK inhibitor, with
Venetoclax as having more synergy in more differentiated cancers. The capacity of Ruxolitinib
to synergize with Venetoclax, specifically by targeting and overcoming monocytic resistance,
has recently been demonstrated in several studies [148, 149]. EXPRESS identifies a number of
additional drugs that may be combined with Venetoclax to the same effect, including the p38
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MAP kinase inhibitor Doramapimod, the tyrosine kinase inhibitors Quizartinib and Sorafenib,
the cyclin-dependent kinase 4/6 inhibitor Palbociclib, and the BET bromodomain inhibitor
JQ-1. Interestingly, EXPRESS also identifies a handful of combinations not containing
Venetoclax for which synergy is also associated with a differentiation signature, including the
combination of Cabozantinib and Ruxolitinib, as well as the combination of MDM2 inhibitor
Nutlin-3 and the chemotherapeutic cytosine analogue Cytarabine. To verify the importance
of hematopoietic differentiation for AML drug sensitivity, we analysed the significance of
these differentiation signatures in an additional, external dataset (Fig. 2.16). Using the AML
cell line expression data and experimentally measured genetic dependency from the DepMap
database, we found a significant association between the cancer cell line dependency of the
genetic targets of the drug combinations in Fig. 2.5 and the expression of our differentiation
signatures (empirical p-values 0.001, 0.001, and 0.026 according to three separate null models).

These results show that the exact position of AML cells on a hematopoietic differentiation
spectrum predicts the synergy that can be achieved with specific therapy combinations.
Assessment of an AML stemness (or differentiation) signature may therefore be useful in
guiding therapy choices in the clinic.

2.2.6 Feature interactions identify drug-specific gene expression signatures

In addition to identifying expression signatures that are generally relevant for drug synergy
across many combinations, our approach is also able to identify genes and pathways that
are relevant for specific drugs. To quantify these drug-specific mechanisms, we used an
extension of the Shapley value called the Shapley interaction index [87, 177], which extends
attributions for single features to interactions between pairs of features (see Methods).
Intuitively, expression of a particular gene may be more important when one of the drugs in
a combination is specifically targeting that gene. Likewise, expression of a particular gene
may be less important when neither drug targets that gene. Therefore, to quantify which
genes were important for specific drugs, we measured the interaction values between each
drug feature label and all gene features.

By analyzing the most important genes for each drug ranked by the average magnitude
of their interactions (see Methods), EXPRESS is capable of revealing the specific biological
processes related to synergy for a particular drug. After generating interaction values between
all genes and drugs, we tested each list of global drug-specific gene attributions for pathway
enrichment (see Methods). We found that these enrichments aligned with prior knowledge of
the mechanisms of the drugs in question (Fig. 2.6).

For instance, EXPRESS pinpoints genes involved in apoptosis as important determinants
of synergy for pairs of drugs containing Venetoclax (Fig. 2.6a, right), a drug which functions
by restoring apoptotic function in malignant cells via inhibition of the gene B Cell Lymphoma-
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Figure 2.6: Transcriptomic factors affecting synergy of combinations including
specific drugs. a, The top pathway enrichments in the set of transcripts affecting synergy
of drug combinations including the drug Venetoclax. Each node in the graph on the right
represents a single pathway, where the color indicates the strength of the enrichment, while
edges indicate significant overlap in terms of the set of genes in each pathway. The zoomed
inset graph on the left shows the genes in one pathway, “Regulation of cell death,” from the
cluster of apoptosis-related pathways. In the left inset graph, each node is a gene, while the
edges represent known protein-protein interactions. b, The top pathway enrichments in the
set of transcripts affecting synergy of drug combinations including the drug Cytarabine. The
bar plot (left) shows the top pathways, while the inset graph on the right shows the relevant
genes from one pathway, “Organonitrogen compound metabolism.”
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2 (BCL-2) [217]. Examining the individual genes in one of the enriched pathway modules for
Venetoclax (Fig. 2.6a left, “Regulation of cell death” term, FDR-corrected p = 8.0× 10−3)
reveals Venetoclax’s specific target BCL-2 to be an important predictive gene. Measuring
the strength and direction of the relationship between BCL-2 expression and Venetoclax-
specific BCL2 attribution values, we find that increased BCL2 expression is associated with
markedly increased drug synergy in the context of Venetoclax treatment (Spearman ρ = 0.156,
p = 4.0× 10−70). Other genes in this module include S100A8 and S100A9, both genes which
have previously been linked to patient response to Venetoclax as well as differential expression
in hematopoietic stem cells compared to more differentiated populations [122, 154]. Other
important biological processes detected by the Venetoclax-specific attributions include the
MAPK cascade, which has been linked to Venetoclax-resistance through stabilization of
MCL1 [96], and Fibroblast growth factor (FGF) signaling (see Fig 2.6a, right). Interestingly,
Fibroblast Growth Factor 2 (FGF2) release by dying cells has recently been implicated as a
transient, non-heritable mechanism of Venetoclax resistance [22], highlighting the power of
transcriptomic analysis to discover phenomena not observable in mutational data alone.

As another example, one of the most enriched biological process terms for cytarabine, an
organonitrogen compound, is the “metabolism of organonitrogen compounds” (Fig. 2.6b, p =

4.0× 10−5 from hypergeometric test, FDR-correction using Benjamini-Hochberg procedure).
The individual genes in this module include CDA and NT5C2, two genes responsible for
the metabolism of cytarabine that have previously been shown to be important genetic
factors determining the response to cytarabine therapy [153]. We conducted the interaction
drug-specific feature attribution analysis and pathway enrichment characterization for all
drugs, which can serve as a resource for researchers interested in the particular mechanisms
underlying AML response to these drugs. This analysis demonstrates that EXPRESS is able
to identify not only expression trends important for large sets of combinations, but also for
specific drugs.

2.3 Discussion

By ensembling complex models, the EXPRESS framework not only enables accurate predictive
performance, but also robust and biologically meaningful explanations. While prior work
has been able to attain high accuracy with complex models [220], our approach can provide
explanations to assure patients, clinicians and scientists of the biological soundness of our
predictions, even when models have high-dimensional input features with a high degree
of feature correlation. The importance of interpretability in the context of biomedical AI
is increasingly being recognized. Model explanations can help identify when apparently
accurate “black box” models may in fact be relying upon unreliable confounders, also known
as “shortcuts” [52, 79]. Explanations also allow physicians to communicate the logic of
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algorithmic decisions with patients, which can increase patient trust in the treatment process
[145]. Finally, by displaying the logic underlying model decisions, explainable AI can enable
better collaboration between physicians and AI models. For example, when applied to the
Beat AML dataset [286], our model was optimized without respect to the cost or FDA approval
status of different drug combinations. Where a “black box” model can only provide physicians
with a synergy score for drug combinations, the mechanistic explanations provided by our
model could help a physician to choose combinations with a similar predicted mechanism
that might be preferable in terms of cost or FDA approval status.

As the application of explainable AI in the life sciences continues to grow, we anticipate
that our framework will be broadly helpful to researchers. As observed in previous work, model
prediction and model explanation are not always identical tasks [34, 62], and understanding
how to create approaches that work for both of these goals is important given the popularity
of Shapley value-based explanations for complex models. By demonstrating the high degree
of variability in explanations within a class of models (Fig. 2.2-2.3), we hope to discourage
users from naively selecting a single model to explain, and instead encourage users to explain
ensembles of models. While our work focused on transcriptomic data, the high degree of
feature correlation and dimensionality is also characteristic of many other forms of ‘omics
data, indicating the broad impact of these results. We envision that future work on more
efficient approaches to create ensemble models, which can be computationally costly, will be
valuable. Likewise, further theoretical characterization of the feature attributions of complex
models, such as deep neural networks and gradient boosting machines, will likely be important.
While recent work has theoretically characterized the heterogeneity in feature importance
across different well-performing models from the same model class, this work has thus far
been limited to a small number of simple model classes (linear regression, logistic regression,
and simple decision trees) [60].

In parallel to this work on improving the quality of attributions for black-box models,
another thread of contemporary research focuses on incorporating prior biological knowledge
into the modeling process. This includes methods like MERGE, which regularizes the
coefficients of linear models using multiomic prior information [157], as well as Attribution
Priors, which uses an efficient and axiomatic feature attribution method to align deep neural
network attributions with biological priors during the training process [65, 295]. Other
methods to incorporate biological prior information focus on structurally modifying neural
network architectures, limiting interaction to genes that are known to share biological processes
[143, 93]. Determining the best way to attribute feature importance in the context of the
structurally-modified models will be important future work. Similarly, understanding how
explainable AI can be optimally combined with the unsupervised deep learning models that
have been successful in the context of single cell gene expression data will be another important
line of future work [171, 58].



23

When applied to a large dataset of ex vivo drug synergy measurements in primary tumor
cells from patients with AML, EXPRESS can both accurately predict drug synergy, as
well as uncover a differentiation-related expression signature underlying the predictions
for many combinations. While mutational status is increasingly considered in the clinical
management of AML, our study demonstrates how useful tumor expression data can be
for the prediction of drug combination synergy. Our experiments show that the extent of
hematopoietic differentiation of AML cells is an important factor for the prediction of the
synergy that can be achieved with specific therapy combinations, which has potential clinical
application. One limitation of the current study is that our approach was applied to a dataset
of drug synergy measurements in bulk tumor samples, rather than synergy assayed in specific
purified tumor cell populations. As more studies come out measuring the specific effects of
anti-cancer drugs on the heterogeneous inidividual cells and subpopulations comprising AML
[149, 214], applying EXPRESS to these datasets may yield interesting additional mechanistic
insights.

2.4 Methods

2.4.1 Feature attribution methods

Shapley values

The Shapley value is a concept from coalitional game theory designed to fairly distribute
the total surplus or reward attained by a coalition of players to each player in that coalition
[252]. For an arbitrary coalitional game, v(S) : P(S) 7→ R (where S is the set of players
and P indicates the powerset), the Shapley value for a player i is defined as the marginal
contribution of that player averaged over the set of all d! possible orderings R of the d players
in S:

ϕ(i) =
1

d!

∑
R

v(SR
i ∪ i)− v(SR

i ), (2.1)

where SR
i indicates the set of players in S preceding player i in order R.

To use this value to allocate credit to features in a machine learning model, the model
must first be defined as a coalitional game. Deciding exactly how to define a model as a game
is non-trivial, and a variety of different approaches have been suggested [267, 179, 45, 37].
The most popular, SHAP [179], defines the game as the conditional expectation of the output
of a model f for a particular input sample x ∈ Rd given that the features in S have been
observed:

v(S) = E[f(x)|xS]. (2.2)
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Because modeling an exponential number of arbitrary conditional distributions is often
intractable, in practice the simplifying assumption that input features are independent is
often made, allowing the expected value to be calculated over the marginal distributions of
the features not in each given set, rather than the conditional distributions [179].

In our benchmark experiments, because comparable attributions are desirable for both the
gradient boosted machine and neural network models, and because we want global attributions
(features which are important for across all samples in the dataset), we use the SAGE software
package to generate attributions. SAGE values define the coalitional game as the average
reduction in test error ℓ(·, ·) when a set of features are included as compared to the base rate
prediction f∅(X∅):

v(S) = E[ℓ(f∅(X∅), Y )]− E[ℓ(f(XS), Y )]. (2.3)

Since the SAGE package uses a sampling approach over possible coalitions of features
to estimate Shapley values, it is important to ensure that the estimates are well-converged.
To ensure convergence for the synthetic benchmark experiments, 102,400 permutations were
used for all experiments (see Fig. 2.17).

For experiments using the full BEAT AML dataset, we explained models using TreeSHAP
[177]. TreeSHAP is a model-specific algorithm that leverages the structure of tree-based
machine learning models (like XGBoost, the best performing model class for the problem)
to quickly calculate SHAP values in polynomial time. TreeSHAP tries to approximate the
conditional expectations using the conditional distribution defined by the tree structure. In
instances where we needed global TreeSHAP attributions, we follow Lundberg et al. [177]
and define the global attribution as the average magnitude of the local explanations ϕi over
the whole dataset D:

Φi(f,D) = Ex∼D|ϕi(f, x)|. (2.4)

In instances where we wanted global attributions that were also directional, we considered the
correlation between the SHAP attributions for a feature and that feature’s underlying value:

ρXi,ϕi
=

cov(Xi, ϕi)

σXi
σϕi

. (2.5)

Other attributions

In addition to Shapley values, we also considered five other feature attribution methods
in various experiments. Implementations of DeepLift and Integrated Gradients were from
the Captum library [134], while implementations of Gain and Cover were default feature
importance methods in the XGBoost library. Another model agnostic method, LIME [230],
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was considered, but ultimately could not be used because of computational efficiency problems.
For example, explaining even a single sample from the Beat AML dataset (which consists of
12,362 samples samples) took over 30 minutes with LIME. In contrast, explaining 12,362
samples (each having 15,535 features) of the same model with TreeSHAP took 5.62 seconds
on our CPU server (96 CPUs).

Models used in benchmarks

In our benchmark tests, we evaluated two complex model classes explained using Shapley
values. The first model class consisted of feed-forward neural networks. To train these
networks, we used the PyTorch deep learning library [211]. To tune the models, we did a
grid search across the following parameters: we used between 2 and 4 fully connected layers
with either ’ELU’ or ’ReLU’ activations; we used a number either 64, 128, or 256 nodes in
the first hidden layer and considered both a ’decreasing’ and a ’non-decreasing’ architecture
(where ’decreasing’ reduced the number of nodes in each successive layer by a factor of 2,
and non-decreasing maintained a constant number of nodes across layers). We then trained
the networks using the Adam optimizer with a learning rate of 0.001 for a maximum of
1,000 epochs. Early stopping was used to stop the training process if the mean squared error
loss did not improve after 50 epochs. The second model class consisted of gradient boosted
machines. To train these moodels, we used the XGBoost library [39]. To tune the models, we
again did a grid search across several parameters: we considered a max tree depth of either 2,
10, 18, 26, 34, or 42; we also considered a range of ’eta’ parameters including either 0.3, 0.2,
0.1, 0.05, 0.01, or 0.005. All models were boosted for 1000 rounds, and the saved model with
best validation error was used for downstream prediction and explanation.

In addition to Shapley values applied to neural networks and gradient boosted machines,
we also compared to a baseline of three more classical feature attribution methods used in
biological feature discovery. The first involves ranking features X according to their Pearson
correlation ρ with the outcome of interest Y :

ρX,Y =
cov(X, Y )

σXσY

. (2.6)

Ranking features in this way can be viewed as a special case of a family of feature selection
algorithms known as Backward Elimination with the Hilbert-Schmidt independence criterion
(BAHSIC) [264]. We also ranked features according to the magnitude of their coefficients
in an elastic net regression, which is a linear regression where both the ℓ1 and ℓ2 norm of
the coefficient vector are penalized in the loss function [315]. To train elastic net regression
models, we used the ElasticNetCV function in the scikit-learn library with number of folds
set to 5 [213]. Finally, we also tested a procedure known as recursive feature elimination
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using support vector machines (SVM RFE) [94]. As an estimator for this algorithm, we
used the epsilon-Support Vector Regression function in scikit-learn with a linear kernel,
then used the RFE function from the same library to select features with the parameters
’n_features_to_select’ and ’step’ set to 1.

2.4.2 Benchmark evaluation metric

To evaluate how well different approaches recover biologically-relevant signal, we designed
a simple benchmark metric to evaluate the concordance between a list of features ranked
by machine learning approaches and a ground truth list of features. It was necessary to
design a new benchmark metric because existing metrics tend to evaluate how well feature
attributions identify the features that are important for a particular machine learning model
[177]. Our feature discovery benchmark measures how well each approach recovers biological
signal by plotting the number of true features cumulatively found at each point in the list
of features ranked by that approach, then summarizing this curve by measuring the area
beneath it using the ‘auc’ function in scikit-learn [213] (see Fig. 2.8). A larger area under
the feature discovery curve (AUFDC) corresponds to better performance. A perfect score for
a model with 10 true features out of 100 true features would be 950, while a random ordering
would be expected to achieve an AUFDC of 500 on average. In order to make this score more
intuitive, we subtract the random score of 500 and divide by the maximum possible area
greater than random (450) so that the scores are scaled between 0 and 1, where 0 now means
random performance and 1 means perfect performance.

2.4.3 Synthetic Datasets

In order to use our benchmark evaluation metric to determine how well different approaches
could uncover underlying biological signal, it was essential to define datasets where the ground
truth is known. Creating synthetic datasets also gave us the direct control needed to gain
deeper understanding into the factors impacting the success of these algorithms, such as
feature correlation, noise, and outcome type. We tested feature discovery performance on
240 total synthetic or semi-synthetic datasets. Each dataset comprised a feature matrix
X ∈ Rn×d, where n represented the number of samples and d represented 100 input features,
and an outcome vector y ∈ Rn which is some function of the original features (y = f(X)).

We considered three groups of distributions for the feature matrices. The first group was
1000 samples of 100 independent Gaussian features randomly generated to be 0 mean, unit
variance. The second group was 1000 samples of 100 Gaussian features with ten groups of
five tightly correlated features (Pearson’s ρ = 0.99). The final group involved 223 real patient
gene expression samples from the Beat AML Dataset [286].
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We considered four different functions f by which the features X were related to the
outcome y. The first function was a linear function with 10 non-zero coefficients, f(X) = Xβ.
The second function was the sum of 10 univariate ReLU functions f(X) =

∑10
i=0 ReLU(xi).

The third function was a sum of 10 pairwise multiplicative interactions f(X) =
∑10

i=0 xixi+1.
The final function was a sum of 10 pairwise AND functions f(X) =

∑10
i=0

(
xi > 0∧ xi+1 < 0

)
.

For each of the twelve possible pairwise combinations of feature matrices and outcome
functions, we created 20 specific datasets meeting the specifications, where the only difference
was that the features were randomly regenerated (or randomly re-sampled from the full
transcriptome in the case of the AML features), and the features selected as true features
were re-selected.

2.4.4 Comparing ensembles and individual models

To train ensemble models for comparison in our benchmark experiments, we used the method
of bootstrap aggregation, or bagging [25]. This method involves first bootstrapping the data,
or resampling the dataset with replacement until the bootstrapped dataset has as many
samples as the original, then training a model on the bootstrap resampled dataset. We
repeat the process of bootstrapping and training models 20 times. Since our benchmark is
a regression problem, the 20 model outputs are then aggregated by a simple mean. This
method is known to improve predictors by increasing their stability.

To understand the difference in quality of the individual model attributions and the
ensemble model attributions, we considered two separate objective metrics. The first was
to assess the stability of the attributions. We measured the pairwise cosine similarity of
20 ensemble models’ attributions trained on bootstrap resampled versions of each dataset,
then measured the pairwise cosine similarity of 20 individual models’ attributions trained on
bootstrap resampled versions of the same datasets:

cos(θ) =
A ·B

∥A∥2∥B∥2
. (2.7)

The next metric aimed to understand how much importance was put on truly important
features compared to how much was potentially placed on spurious correlates. We therefore
measured the Gini index of each global attribution vector to understand how sparse of an
attribution was learned by each model:

G(x) =

∑n
i=1

∑n
j=1 |xi − xj|
2n2x̄

(2.8)
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2.4.5 Beat AML Datasets

The Beat AML program comprises a large cohort of AML patient tumor samples for which ex
vivo anti-cancer drug sensitivity has been measured. Since our project aimed to uncover the
transcriptomic factors underlying anti-cancer drug synergy, we only included patients from the
cohort whose tumors had been characterized with RNA sequencing, for which measurements
pairs of anti-cancer drugs had been tested. Our final dataset contained the RNA-sequencing
expression data from 285 patients with myeloid malignancy, and drug synergy measured on a
subset of patients for 131 combinations of 46 distinct drugs.

The input features used in modeling each of 12,362 samples (where a sample is one patient
and one combination of two anti-cancer drugs) were represented as a vector x ∈ R15535.
This vector is constructed by concatenating three other vectors. First, we describe each
patient’s tumor sample using a vector of gene expression values (RNA-seq data – see RNA-seq
pre-processing section for more information), g ∈ R15377. We described each drug combination
using a feature vector, v ∈ R46, of drug identity labels where each element vi was equal to 1
if the ith drug was present in the combination and 0 otherwise. We also incorporated drug
target information for each drug combination, using information compiled from DrugBank
plus a supplementary literature search for reliable drug targets, for a total set of 146 targets.1
We then described the drug targets of each combo with a vector u ∈ R146 , where each element
uj was equal to 2 if the jth target was targeted by both drugs, equal to 1 if the jth target
was targeted by only one of the drugs, and equal to 0 if the jth target was not targeted by
either drug.

2.4.6 RNA-seq preprocessing

To ensure a quality signal for prediction while removing noise and batch effects, it is necessary
to carefully preprocess the RNA-seq gene expression data. In this study, the RNA-seq were
preprocessed as follows. First, raw transcript counts were converted to fragments per kilobase
of exon model per million mapped reads (FPKM). FPKM is a more reflective of the molar
amount of a transcript in the original sample than raw counts, as it normalizes the counts for
different RNA lengths and for the total number of reads. FPKM is calculated as follows:

FPKM =
Xi × 109

Nli
, (2.9)

where Xi represents the raw counts for a transcript, li is the effective length of the transcript,
and N is the total number of counts.

After converting counts to FPKM, we removed any non-protein-coding transcripts from
the dataset. We also removed transcripts that were not meaningfully observed in our dataset
by dropping any transcript where > 70% measurements across all samples were equal to 0.



29

We then log-transformed the data and standardized each transcript across all samples, such
that the mean for that transcript was equal to zero and the variance of the transcript was
equal to one. Finally, we corrected for batch effects in the measurements using the ComBat
tool available in the sva R package [158].

2.4.7 Drug synergy metric

The outcome in our model was drug synergy: whether a number of drugs exhibit more
anti-cancer activity in combination than would be expected simply by adding their individual
activities together. We therefore calculated synergy using the Combination Index (CI) of the
two drugs:

CI =
IC50combination

1

IC50single
1

+
IC50combination

2

IC50single
2

(2.10)

where IC50single
i is the dose of drug i required to reduce cell viability to 50% when used alone

and IC50combination
i is the dose of drug i required to reduce cell viability to 50% when used

in combination with the other drug we are measuring [41]. When a drug combination is
synergistic, the CI will be less than 1 (it will be equal to 1 when the combination is additive
and greater than 1 when the combination is antagonistic). In our model, we log-transformed
the CI measure to help manage the skewness of the original distribution, and then scaled the
measure to make the distribution 0 mean and unit variance. We also multiplied by -1 for
ease of interpretation: more synergistic combinations thus have a larger score.

While prior studies have made use of response-surface analysis, which involves measuring
the volume between an idealized additive response surface and a measured actual response
surface (9,10), these measures could not be applied to the “diagonal” measurements present
in the Beat AML Dataset. A major drawback to response-surface analyses is they requires a
"checkerboard" of measurements at different drug concentrations, where the ratios and doses
of each drug in a combination is varied. This consumes many more cancer cells, which is
problematic when using primary cells from patients, as the amount of sample that can be
collected is more limited than when using cell lines.

2.4.8 Cross-validation and sample stratification

In addition to the model parameters which are learned from data, machine learning models
also rely on hyperparameters, which must be tuned to a specific task in question in order
to attain optimal predictive performance. In order to estimate the true generalization error
of a model (i.e., how well that model is likely to perform on unseen data), it is essential
that model parameters and hyperparameters must be learned and chosen based on training
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data, while predictive performance is evaluated on a held-out test set that is never used for
hyperparameter selection or model training. Hyperparameters are typically picked through
a cross-validation (CV) procedure which determines the optimal hyperparameters for the
model by validating them through a number of internal training and validation fold pairs
randomly chosen from the set of training samples used for learning the model parameters.

To effectively train our models and evaluate predictive performance, we therefore utilized
a nested 5-fold CV procedure, whereby the data were split into 5 separate test folds. For each
of these test folds, we trained our synergy prediction model using the four remaining folds and
evaluated it on the held-out test fold. To properly tune the hyperparameters of the models
trained for each test fold, three of the four training folds were used as an internal training set,
while the remaining fold was used as a validation set. The hyperparameters were selected by
an inner loop, where for each hyperparameter set of interest, the model was trained on the
internal training set and tested on the validation set. The hyperparameters giving the best
performance on the validation set were then used to train a model on the entire training data,
which was then finally evaluated on the held-out test fold. The grid of hyperparameters tested
for each model type are as follows. For the sklearn elastic net implementation, the “alpha”
parameter was tuned over values ranging from 0.1 to 100, while the “l1_ratio” parameter was
tuned from 0.25 to 0.75. For the sklearn Random Forest implementation, the “n_estimators”
parameter was tuned from 128 trees to 2048 trees, while the “max_features” parameter was
set to be either “log2,” “sqrt,” or “256.” For XGBoost, “max_depth” was tuned between 4
and 8, “subsample” was tuned to values between 0.1 and 0.8, and learning rate was tuned
between 0.05 and 0.1. For deep neural networks, hyperparameters were tuned following the
grid given in Preuer et al. [220], where an additional data pre-processing step that would
optionally transform the RNA-seq features with a hyperbolic tangent function in addition
to standardization was also included as a hyperparameter. Code for tuning these networks
was found at https://github.com/KristinaPreuer/DeepSynergy. For both deep neural
networks and gradient boosted machines, early stopping based on validation set error was
used to choose the number of epochs/estimators.

In order to evaluate the model’s performance for a variety of hypothetical uses, we stratified
our data into training and testing sets in four different ways (Fig. 2.4). Each sample in our
dataset consists of a synergy measurement for a 2-drug combination tested in a patient’s
tumor cells. In the first stratification setting, we ensured that any sample (2-drug combination
and patient) present in the test data would never be present in the training data. The second
setting maintains the first setting’s requirement that each sample in the test data be novel,
but additionally ensures that any combination of drugs in the test data would never be
present in the training data. The third setting maintains the first setting’s requirement that
each sample in the test data be novel, but additionally ensures that any patient in the test
data would never be present in the training data. Finally, the fourth setting maintains the
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first and second settings’ requirements, while additionally ensuring that for any combination
of drugs in the test data, at least one of the drugs in that combination would never have
been present in the training data. Each of these settings should be increasingly difficult to
predict, as each setting requires progressively more generalizable trends in the data to have
been learned.

2.4.9 XGBoost model ensembles

After selecting XGBoost as the best-performing model class for the prediction of anti-AML
drug synergy, we then wanted to account for the full diversity of possible good XGBoost
models fit to the highly correlated AML gene expression data. We therefore trained 100
models and explained the ensemble model. Each individual model had both row and column
subsampling turned on for each additional tree fit, and the difference between the models in
the ensemble was the random seed given to generate the subsampling.

In practice, instead of explaining the entire ensemble (the average output of each of the
100 models), we instead explain each individual model and average the explanations. This is
possible due to the linearity property of Shapley values [199]. This property states that for
the convex combination of any two coalitional games v and w, the attribution for player i

will be the convex combination of the attributions that player would attain in each individual
game v and w:

ϕi(αv + (1− α)w) = αϕi(v) + (1− α)ϕi(w). (2.11)

2.4.10 Overall pathway analysis

The highest-ranked genes in the lists ordered by global Shapley values were tested for pathway
enrichments using the StringDB package in R [277]. The package was initialized using the
arguments: ‘version’ = ‘10’, ‘species’ = ‘9606’, and ‘score_threshold’ set to the default of
400. We used the set of pathways from KEGG (Kyoto Encyclopedia of Genes and Genomes)
for enrichment tests. The actual enrichments were calculated by a hypergeometric test
implemented in the ‘get_enrichment’ method. In order to ensure that pathway enrichments
were robust to the threshold used for selecting the highest-ranked genes, we averaged the
enrichment test result over a variety of different thresholds, ranging from 200 to 800 top
genes. FDR correction was applied using the Benjamini-Hochberg procedure [17].
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2.4.11 Generation of Differential Expression Stemness Profiles and Measurement of Synergy
Correlation

To generate expression signatures related to more or less-differentiated states of cells in the
hematopoietic cell lineage, we downloaded RNA-seq data from isolated cells from particular
levels of developmental transitions [44]. We then used the R package DESeq2, which tests
for differential expression in RNA-seq data based on a negative binomial model, to generate
lists of genes upregulated in particular populations of cells as compared to other populations
[175]. The populations we compared were as follows: monocytes vs. hematopoietic stem cells
(HSCs), lymphocytes vs. HSCs, all fully differentiated cells (which included erythroblasts, T
cells, B cells, NK cells, and monocytes vs. HSCs, monocytes vs. leukemic stem cells (LSCs),
lymphocytes vs. LSCs, and all fully differentiated cells vs. LSCs. The immunophenotypes
used to sort HSCs and LSCs were Lin– CD34+ CD38– CD90+ CD10– and Lin– CD34+
CD38– TIM3+ CD99+, respectively. Gene expression profiles for these populations were the
same used in [44]. The multiple testing-adjusted p-value used as a significance threshold for
differentially-regulated genes was 0.05.

When we tested for association between our differential expression profiles and synergy
for particular combinations of drugs, we first considered only samples containing the drug
combination in question. We then averaged gene expression over all genes in the differential
expression profile. Finally, we measure the Pearson correlation between the average expression
profile and the drug combination synergy for those samples. Since we have many combinations
of drugs and many differential expression profiles to test, we correct for multiple testing using
the Benjamini-Hochberg FDR correction procedure [17]. We then display only correlations
that are significant after correction. Additionally, we only want to consider correlations that
are robust to the differences in the particular stemness-differentiation profiles, so we only plot
correlations for drugs that are significant across at least two profiles.

2.4.12 Cancer Dependency Map Analysis

To externally validate the importance of the hematopoietic differentiation expression
signature for the drug combinations identified in Fig. 2.5f, we used data from the Cancer
Dependency Map (DepMap) database. Specifically, we downloaded the Genetic Dependency
CRISPR assays (DepMap 21Q4 Public+Score, Chronos, ‘CRISPR_gene_effect.csv’) and the
expression data (21Q4 Public, ‘CCLE_expression.csv’), as well as the metadata in the Cell
Line Sample Info file (‘sample_info.csv’), from the DepMap portal. After downloading this
data, we filtered it so that only cell lines with the lineage subtype ‘AML’ were present in the
analysis. Then, we test for association between the average expression of the signature with
the most associated drug combinations from Fig. 5f (S1/D1) and the genetic dependency of
the targets of the drug combinations listed in Fig. 2.5f.
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In order to assess the significance of the associations, we design three null models. First,
we generate a null distribution by randomizing the genes that are averaged to calculate
the expression signature 1000 times, and measuring average magnitude of the Spearman
correlation of these random signatures with the genetic dependency Chronos scores of the
genetic targets of the targets of the drug combinations listed in Fig. 2.5f (“Randomize Pathway
Genes” null). Second, we generate a null distribution by randomly permuting the rows (cell
lines) in the gene expression matrix 1000 times, before measuring the average magnitude
of the Spearman correlation of the average expression of the hematopoetic differentiation
expression signature with the genetic dependency Chronos scores of the genetic targets of
the drug combinations listed in Fig. 2.5f (“Permute Pathway Expression” null). Third, we
generate a null distribution by leaving the expression matrix unpermuted and unrandomized,
and measuring the average magnitude of the Spearman correlation of the average expression
of the hematopoetic differentiation expression signature with the genetic dependency Chronos
scores of random sets of genes (where the random sets are constrained to be the same size
as the number of true targets of the set of combinations in Fig. 2.5f, “Randomize Targets”
null). Across all three null models, we find that the true expression signature is significantly
associated with cancer cell line genetic dependency on the drug targets of the drugs in Fig.
2.5f (empirical p-values 0.001, 0.001, and 0.026 for the “Randomize Pathway Genes,” “Permute
Pathway Expression,” and “Randomize Targets” nulls, respectively).
2.4.13 Drug-specific pathway analysis

To analyze the biological processes relevant for combinations containing specific drugs in
the dataset, we tested the top-ranked genes in the lists ordered by the average magnitude
Shapley interaction indices [87, 177]. Following the same procedure described above, we
calculated pathway enrichments using the StringDB package in R [277]. We used the set
of pathways from Gene Ontology (GO) Biological Process terms for enrichment tests. The
enrichments were calculated by a hypergeometric test implemented in the ‘get_enrichment’
method. In order to ensure that pathway enrichments were robust to the threshold used for
selecting the highest-ranked genes, we averaged the enrichment test results over a variety of
different thresholds, ranging from 200 to 800 top genes. FDR correction was applied using
the Benjamini-Hochberg procedure [17].

For Venetoclax, since a large number of biological process terms were signficicantly
enriched, and since there is substantial overlap and similarity between these gene sets, we
clustered the significantly enriched pathways into modules. We defined an adjacency matrix
where each gene set represented a node in a network, and the Jaccard Index (a measure of
overlap) between pathways was used to define edges. We binarized the matrix for pathways
with Jaccard Index greater than 0.4. We then manually annotated all connected components
in the resultant graph. To plot the network, we used the spring layout functionality in the
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networkx library in Python [95].

2.5 Data availability

The results published here are in part based upon data generated by the Cancer Target
Discovery and Development (CTD2) Network (https://ocg.cancer.gov/programs/ctd2/
data-portal) established by the National Cancer Institute’s Office of Cancer Genomics. Se-
quencing data are available in the GDC data portal under dbGaP Study Accession phs001657.
The Beat AML patient sample data used in this study was done under an early access
agreement, prior to final accrual, harmonization, and public release of the full dataset. As
such, the subset of samples included in this study may differ in sample representation, quality
control thresholds, and data normalizations from those found in GDC and in the final study
describing the full dataset.

The code necessary to reproduce synthetic datasets can be found at https://github.
com/suinleelab/express.

2.6 Code availability

Code necessary to reproduce our experimental findings can be found at https://github.
com/suinleelab/express.

2.7 Extended Data
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Figure 2.7: Descriptive statistics of Beat AML cohort. Histograms showing the relative
density of prior treatment regimens, age, cause of death, and prior treatment types in the
cohort of 285 patients in our dataset, which consisted of 12,362 samples with paired gene
expression and drug synergy measurements for 133 pairs of 46 anti-cancer drugs.
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Figure 2.8: Feature discovery benchmark. For each synthetic or semi-synthetic dataset
(a), we trained a variety of models (b) including neural networks, gradient boosted machines,
support vector machines, and elastic net regression, as well as univariate statistics (Pearson
correlation). For the machine learning models, we then used SAGE to generate global
Shapley value feature attributions (c), ranked the features according to the magnitude of
their attributions (d), and compared the ranked list generated by each method to the binary
ground truth importance vector (e). To measure the feature discovery quality of each method,
we plotted how many “true” features are found cumulatively at each point in the ranked
feature list (f), then summarized the curve generated by this procedure by measuring the
area under the feature discovery curve (AUFDC). This score is then rescaled so that a score
of 0 represents random performance while a score of 1 represents perfect performance.
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Figure 2.9: Predictive performance of models trained synthetic datasets. Predictive
performance, as measured by the Pearson correlation of the predicted and true labels for the
models trained in the benchmark presented in Fig. 2.2.
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Figure 2.10: Ensembling overcomes the variability in attributions present in individ-
ual models. To understand why ensemble models were able to attain better feature discovery
performance than single models, we compared the characteristics of the attribution vectors of
XGBoost models trained on bootstrap resampled versions of a Correlated Groups dataset
with a step-function outcome. a, Heatmap of feature attributions for 20 individual XGBoost
models. b, Heatmap of feature attributions for 20 ensembles of XGBoost models. c, Pairs of
attribution vectors from ensembled models are more similar across bootstrap resamples of
the dataset than attribution vectors from single models, as measured by cosine similarity.
d, Attribution vectors from ensembled models place a larger proportion of their importance
on a smaller set of features than attribution vectors from single models, as measured by the
Gini coefficient of the attribution vectors, a measure of vector sparseness.
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Figure 2.11: EXPRESS improves feature attributions of deep learning models.
Comparison of feature discovery performance between individual deep learning models and
ensembles of deep learning models across all 12 dataset types from the synthetic benchmark.
Three separate feature attribution methods are tested for each model: a) DeepLift [256], b)
Integrated Gradients [274], and c) SHAP (in this case implemented as SAGE) [45, 179].
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Figure 2.12: EXPRESS improves XGBoost attributions for a variety of attribution
methods. Comparison of feature discovery performance between individual XGBoost models
and ensembles of XGBoost models across all 12 dataset types from the synthetic benchmark.
Three separate feature attribution methods are tested for each model: a) Cover, b) Gain,
and c) SHAP.
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Figure 2.13: EXPRESS improves feature attributions independently of improvement
in model performance. For both XGBoost models (a,c) and deep learning models (b,d),
we see that even after controlling for the effect of model ensembles on predictive performance
by stratifying models (low, intermediate, and high predictive performance), within each
stratification ensemble models have significantly higher AUFDC. Significance asssed by Mann-
Whitney U -test, * represents p < 0.05, ** represents p < 0.01, *** represents p < 0.001,
and **** represents p < 0.0001. The circle for each plot represents the mean AUFDC of
individual or ensemble models within a given predictive performance stratification, while the
bars indicate plus or minus one standard deviation.
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Figure 2.14: Ensembling improves XGBoost attributions more than explicit regular-
ization. Using the synthetic datasets with real AML gene expression features, we compare the
increase in AUFDC seen with explicit regularization, such as per-tree column dropout and L1
regularization, with ensembling. For the synthetic datasets with AML features and the AND
true function, we see that ensembles improve AUFDC significantly more than column dropout
(a, Mann-Whitney U -test, U = 2.83, p = 4.7 × 10−3) and L1 regularization (c, U = 3.00,
p = 2.7× 10−3). For the synthetic datasets with AML features and the multiplicative true
function, we see that ensembles improve AUFDC significantly more than column dropout (b,
U = 4.04, p = 5.25× 10−5) and L1 regularization (d, U = 4.87, p = 1.12× 10−6).
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Figure 2.15: Beat AML data attribution characteristics. a, To ensure that a sufficient
number of models were included in our final ensemble, we measured the percentage overlap in
the final list of top 100 genes, and the cumulative top 100 genes list as additional XGBoost
models were ensembled. b Attribution vector sparseness for individual models trained on
Beat AML dataset (grey) and attribution vector sparseness for our final ensemble model
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Figure 2.16: Hematopoietic differentiation expression signature replicates in exter-
nal dataeset. Using AML cancer cell line expression data and CRISPR genetic dependency
scores from the DepMap database, we show that the average magnitude association of the
S1 and D1 expression signatures with genetic dependency of the targets of the drugs in
Fig. 2.5f (shown as red stars) are stronger than the average magnitude associations under
three separate null distributions. The first null distribution (“Randomize Pathway Genes”)
averages random genes rather than the actual genes in signatures S1 and D1. The second null
distribution (“Permute Pathway Expression”) permutes the rows in the expression matrix.
The third null distribution (“Randomize Targets”) measures the associations with random
genetic dependency targets, rather than the actual targets of the drug combinations in Fig.
2.5f. Across all three null models, we find that the true expression signature is significantly
associated with cancer cell line genetic dependency on the drug targets of the drugs in Fig.
2.5f (empirical p-values 0.001, 0.001, and 0.026, respectively).



44
G

ra
di

en
t B

oo
st

in
g

Ne
ur

al
 N

et
w

or
ks

AND Function Multiplicative Interaction Linear

a b c

d e f

Figure 2.17: Sampling convergence of SAGE values. To ensure convergence of the
Shapley value estimates used in our benchmark, we measured the maximum standard deviation
of the elements in our attribution vector (generated using SAGE) as a fraction of the total
attribution (Fractional Max S.D.), plotted against the number of permutations sampled. We
found that for all three outcome types (a step function generated using a boolean AND
function, a sum of pairwise multiplicative interactions, and a linear function), for both gradient
boosting models (a-c) and neural networks (d-f), 102400 permutations were sufficient to
drive the Fractional Max S.D. below 5%.
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Chapter 3

EXPLAINING EXPLANATIONS: AXIOMATIC FEATURE
INTERACTIONS FOR DEEP NETWORKS

3.1 Introduction and Prior Work

Deep neural networks are one of the most popular classes of machine learning (ML) model.
They can achieve state-of-the-art performance in problem domains ranging from natural
language processing to image recognition [56, 99]. They have even outperformed other
non-linear model types on structured tabular data [253]. Because neural networks have
traditionally been more difficult to interpret than simpler model classes, gaining a better
understanding of their predictions is desirable for many reasons. Where these algorithms are
used in automated decisions that affect humans, explanations may be legally required [249].
When used in high stakes applications, it is essential to ensure that models are making safe
decisions for the right reasons [80]. During model development, interpretability methods can
help debug undesirable model behavior [274].

3.1.1 Feature Attribution Methods

Many recent approaches focus on interpreting deep neural networks, ranging from those
aiming to distill complex models into simpler ones [279, 300, 222] to those seeking to identify
key concepts learned by a network [125, 207, 206, 72, 64, 185]. Other approaches aim to build
interpretable deep models, such as probabilistic interpretable deep models and deep networks
for causal effects [306, 312, 173]. Among the best-studied sets of approaches for interpreting
deep neural networks is a class known as feature attribution methods [21, 256, 179, 230]. These
approaches explain a model’s prediction by assigning credit to each input feature based on
how much it influences the prediction. Although these approaches help practitioners identify
salient features, they do not explain why the features are important or address features
interactions in a model. To enrich our understanding of model behavior, we must develop
methods to explain both. For example, in Figure 3.1, we show that word-level interactions
can help us distinguish why deeper, more expressive neural networks outperform simpler ones
on language tasks.
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3.1.2 Feature Interaction Methods

Several existing methods explain feature interactions in neural networks. [48] explain global
interactions in Bayesian Neural Networks (BNN) by examining pairs of features that have
large second-order derivatives at the input. The Neural Interaction Detection method
detects statistical interactions between features by examining the weight matrices of feed-
forward neural networks [283]. Further, several authors have proposed domain-specific
methods to find interactions in the area of deep learning for genomics [136, 89]. For example,
Deep Feature Interaction Maps detect interactions between two features by calculating
the change in the attribution of one feature that is incurred by changing the value of the
second [89]. [260] generalize Contextual Decomposition [195] to explain interactions for feed-
forward and convolutional architectures. In game theory literature, [87] propose the Shapley
Interaction Index, which allocates credit to interactions between players in a coalitional game
by considering all possible subsets of players. Recently, [57] suggested a modified version of
the Shapley Interaction Index that weights certain subsets of players differently in order to
achieve a different set of desired axioms.

A recent paper by [284] proposes a method for “interaction attribution,” which they
compare to our method. Their approach has three steps: (1) detect pairwise interactions
between features using a method called ArchDetect, (2) use these pairwise interactions to
cluster features into groups so that interactions occur only between features within the
same group, and (3) attribute importance to those groups of features using a method called
ArchAttribute. In Section 3.9.1, we show that the quantity described by ArchAttribute
is equivalent to a Group Shapley value rather than an interaction value, a fundamentally
different quantity than we aim to measure in our paper, and hence is not comparable. Our
method detects the extent of non-additivity between feature pairs, while their approach
quantifies the total contribution of a group of interacting features. Both quantities may
be of interest, depending on the particular application. Therefore, we instead compare our
interaction detection method to ArchDetect.

3.1.3 Limitations of Prior Approaches

Previous approaches have substantially advanced our understanding of feature interaction
in neural networks. However, all suffer from practical limitations, including being limited
to specific types of architectures. Neural Interaction Detection applies only to feed-forward
neural network architectures and cannot be used on networks with convolutions, recurrent
units, or self-attention. Contextual Decomposition has been applied to LSTMs, feed-forward
neural networks and convolutional networks, but to our knowledge is not straightforward to
apply to more recent innovations in deep learning, such as self-attention layers. The approach
suggested by [48] is limited by its required use of Bayesian Neural Networks; it is unclear
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how to apply the method to standard neural networks. Deep Feature Interaction Maps work
when a model’s input features have only a few discrete values (such as genomic sequence
data, which can be in silico mutated), since it marginalizes over all possible values of paired
input features. The Shapley Interaction Index and Shapley Taylor Interaction Index, like the
Shapley value, are NP-hard to compute exactly [63].

Furthermore, most current methods to detect interactions fail to satisfy the common-sense
axioms proposed for feature attribution methods [274, 179]. As a result, these approaches
are provably unable to find learned interactions or more generally find counter-intuitive
interactions (see Section 3.4). Current methods that do satisfy such axioms, such as those
based on the Shapley Interaction Index [87, 57], are computationally inefficient to compute
or even approximate.

3.1.4 Our contributions

First, we propose an approach, Integrated Hessians, to quantify pairwise feature interactions
that can be applied to any neural network architecture. We also identify several common-sense
axioms that feature-level interactions should satisfy and show that our proposed method
satisfies them. Third, we provide a principled way to compute interactions in ReLU-based
networks, which are piece-wise linear and have zero second derivatives. Further, we evaluate
our method against existing methods and show that it more accurately identifies interactions
in simulated data. Finally, we demonstrate the utility of Integrated Hessians in a variety of
applications where identifying feature interactions in neural networks is useful.

3.2 Explaining Explanations with Integrated Hessians

To derive our feature interaction values, we first consider Integrated Gradients (IG), a feature
attribution method proposed by [274] based on the Aumann-Shapley value; the Aumann-
Shapley value is a variant of the Shapley value for cooperative games with continuous rather
than discrete players [8]. We represent our model as a function f : Rd 7→ R.1 For a function
f(x), the IG attribution for the ith feature is defined as:

ϕi(x) = (xi − x′
i)×

∫ 1

α=0

∂f(x′ + α(x− x′))

∂xi

dα, (3.1)

where x is the sample to be explained and x′ is a baseline value. For notation concision,
we suppress the dependence on the choice of baseline x′ when we write the IG attribution
ϕi(x), but we discuss the importance of baselines in Section 3.2.1 and Section 3.9.4. Although

1For multi-output models, such as multi-class classification problems, we assume the function is indexed
into the correct output class.
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Figure 3.1: Interactions explain why certain models outperform others. Here, we examine
word interactions in the sentence “this movie was not bad." We compare two models trained
to perform sentiment analysis on the Stanford Sentiment data set: a pre-trained transformer,
DistilBERT (left), which predicts the sentence has a positive sentiment with 98.2% confidence,
and a convolutional neural network trained from scratch (right), which predicts a negative
sentiment with 97.6% confidence. The transformer picks up negation patterns: “not bad” has
a positive interaction, despite the word “bad” being negative. The CNN mostly picks up
negative interactions, like “movie not” and “movie bad.”

f is often a neural network, the sole requirement for computing attribution values is that
f be differentiable along the path from x′ to x. Our key insight is that the IG value for a
differentiable model f : Rd 7→ R is itself a differentiable function ϕi : Rd 7→ R. This means
that we can apply IG to itself in order to explain the degree to which feature j impacted the
importance of feature i:

Γi,j(x) = ϕj(ϕi(x)). (3.2)

For i ̸= j, we derive that:

Γi,j(x) = (xi − x′
i)(xj − x′

j)×
∫ 1

β=0

∫ 1

α=0

αβ
∂2f(x′ + αβ(x− x′))

∂xi∂xj

dαdβ. (3.3)

For i = j, the formula Γi,i(x) has an additional first-order term:

Γi,i(x) = (xi − x′
i)

∫ 1

β=0

∫ 1

α=0

∂f(x′ + αβ(x− x′))

∂xi

dαdβ+

(xi − x′
i)
2 ×

∫ 1

β=0

∫ 1

α=0

αβ
∂2f(x′ + αβ(x− x′))

∂xi∂xj

dαdβ.

(3.4)
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We interpret Γi,j(x) as the explanation of the importance of feature i in terms of the input
value of feature j. For a full derivation of Integrated Hessians, see Section 3.8.

3.2.1 Baselines and Expected Hessians

Several feature attribution methods have identified the necessity of a baseline value represent-
ing a lack of information when generating explanations [274, 256, 21, 179]. However, more
recent work notes that choosing a single baseline value to represent a lack of information can
be challenging in certain domains [129, 120, 273, 5, 73, 268]. As an alternative, [65] proposed
an extension of IG called Expected Gradients (EG), which samples many baseline inputs
from the training set. We can therefore apply EG to itself to get Expected Hessians:

ΓEG
i,j (x) = Eαβ∼U(0,1)×U(0,1),x′∼D

[
(xi − x′

i)(xj − x′
j)αβ

∂2f(x′ + αβ(x− x′))

∂xi∂xj

]
. (3.5)

ΓEG
i,i (x) = Eαβ∼U(0,1)×U(0,1),x′∼D

[
(xi − x′

i)
∂f(x′ + αβ(x− x′))

∂xi

+ (xi − x′
i)
2αβ

∂2f(x′ + αβ(x− x′))

∂xi∂xj

]
,

(3.6)

where the expectation is over x′ ∼ D for an underlying data distribution D, α ∼ U(0, 1) and
β ∼ U(0, 1). This formulation is useful when there is no single, natural baseline. Deriving
Expected Hessians follows the same steps as deriving Integrated Hessians, but the integrals can
be viewed as integrating over the product of two uniform distributions αβ ∼ U(0, 1)×U(0, 1).
We use Integrated Hessians for all main text examples; however, some of the supplementary
examples use the Expected Hessians formulation.

Almost every attribution and interaction method to date requires a choice of baseline.
Some approaches explicitly discuss their reliance on baselines [274, 272, 284], while others
rely on baselines without explicitly mentioning them in their work. For example, Contextual
Decomposition turns features “off” by setting them to a single reference baseline of 0 [195].
By implementing a solution for domains where it is difficult to choose a single baseline, we
seek to alleviate issues common to many interaction methods. Additionally, we note that
the formulation as an expectation strictly generalizes the Integrated Hessians formulation;
while it is possible to sample from many different baselines, integrating from a single one
can also be conceptualized as sampling from a distribution with all of its density on that
baseline. We do not always anticipate that sampling a larger distribution of baselines would
be advantageous, especially in application settings where a single natural baseline can be
easily defined.
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3.2.2 Fundamental Axioms for Interaction Values

We now describe common-sense axioms that every interaction method should satisfy, and we
show that Integrated Hessians satisfies them all.

Self and Interaction Completeness Axiom

[274] showed that, among other theoretical properties, IG satisfies the completeness axiom,
which states:

∑
i ϕi(x) = f(x) − f(x′). We show the following two equalities, which are

immediate consequences of completeness:

∑
i

∑
j

Γi,j(x) = f(x)− f(x′). (3.7)

Γi,i(x) = ϕi(x)−
∑
j ̸=i

Γi,j(x). (3.8)

We call equation (3.7) the interaction completeness axiom: the sum of the Γi,j(x) terms
adds up to the difference between the output of f at x and at the baseline x′. This axiom
lends itself to another natural interpretation of Γi,j(x): as the interaction between features i

and j. That is, it represents the contribution that the pair of features i and j together add to
the output f(x)−f(x′). It is vital to satisfy interaction completeness because it demonstrates
a relationship between model output and interaction values. Without this axiom, it would
not be clear how to interpret the scale of interactions.

Equation (3.8) shows how to interpret the self-interaction term Γi,i(x) as the main effect
of feature i after interactions with all other features have been subtracted. We note that
equation (3.8) also implies the following, intuitive property about the main effect: if Γi,j = 0

for all j ̸= i, or in the degenerate case where i is the only feature, we have Γi,i = ϕi(x). We
call this the self-completeness axiom. Satisfying self-completeness provides the vital guarantee
that the main effect of feature i equals its feature attribution value if that feature interacts
with no other features.

The proof of these two equations is straightforward. First, we note that ϕi(x
′) = 0 for any

i because x′
i − x′

i = 0. Then, by completeness of Integrated Gradients, we have that:∑
j

Γi,j(x) = ϕi(x)− ϕi(x
′) = ϕi(x). (3.9)

Re-arrangement provides the self-completeness axioms:

Γi,i(x) = ϕi(x) if Γi,j(x) = 0,∀j ̸= i. (3.10)



51

Since Integrated Gradients satisfies completeness:∑
i

ϕi(x) = f(x)− f(x′). (3.11)

Making the appropriate substitution from equation 3.9 shows the interaction completeness
axiom: ∑

i

∑
j

Γi,j(x) = f(x)− f(x′). (3.12)

Sensitivity Axiom

Integrated Gradients satisfies an axiom called sensitivity, which states that given an input
x and a baseline x′, if xi = x′

i for all i except j where xj ≠ x′
j and if f(x) ̸= f(x′), then

ϕj(x) ̸= 0. Specifically, by completeness we know that ϕj(x) = f(x)− f(x′). Intuitively, this
means that if only one feature differs between the baseline and the input and changing that
feature would change the output, then the amount the output changes should be equal to the
importance of that feature.

We can extend this axiom to interactions by considering the case where two features
differ from the baseline. We call this axiom interaction sensitivity and describe it as follows.
If an input x and a baseline x′ are equal everywhere except xi ̸= x′

i and xj ≠ x′
j, and if

f(x) ̸= f(x′), then: Γi,i(x) + Γj,j(x) + 2Γi,j(x) = f(x) − f(x′) ̸= 0 and Γℓ,k = 0 for all
ℓ, k ̸= i, j. Intuitively, this states that if the only features that differ from the baseline are i

and j, then the difference in the output f(x)− f(x′) must be solely attributable to the main
effects of i and j plus the interaction between them. This axiom holds simply by applying
interaction completeness and observing that Γℓ,k(x) = 0 if xℓ = x′

ℓ or xk = x′
k.

Implementation Invariance Axiom

The implementation invariance axiom, described in [274], states that for two models f and
g such that f = g, then ϕi(x; f) = ϕi(x; g) for all features i and all points x regardless of
how f and g are implemented. Although seemingly trivial, this axiom does not necessarily
hold for attribution methods that use the network’s implementation or structure to generate
attributions. Critically, this axiom also does not hold for the interaction method proposed
by [283], which looks at the first layer of a feed-forward neural network. Two networks may
represent exactly the same function but differ greatly in their first layer.

This axiom is trivially seen to hold for Integrated Hessians since it holds for Integrated
Gradients. However, without this key axiom, attributions/interactions could encode informa-
tion about unimportant aspects of model structure rather than the actual decision surface of
the model.
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Linearity Axiom

Integrated Gradients also satisfies an axiom called linearity. Given two networks f and g,
consider the output of the weighted ensemble of both networks to be af(x)+ bg(x). Then, the
attribution ϕi(x; af + bg) of the weighted ensemble equals the weighted sum of attributions
aϕi(x; f) + bϕi(x; g) for all features i and samples x. This important axiom preserves network
linearity and facilitates easy computation of attributions for network ensembles.

We can generalize linearity to interactions using the interaction linearity axiom:

Γi,j(x; af + bg) = aΓi,j(x; f) + bΓi,j(x; g), (3.13)

for any i, j and all points x. Given that Γi,j is a composition of linear functions ϕi, ϕj in
terms of the parameterized networks f and g, it is itself a linear function of the networks;
therefore, Integrated Hessians satisfies interaction linearity.

Symmetry-Preserving Axiom

We say that two features xi and xj are symmetric with respect to f if swapping them does not
change the output of f anywhere. That is, f(· · · , xi, · · · , xj, · · · ) = f(· · · , xj, · · · , xi, · · · ).
[274] shows that Integrated Gradients is symmetry preserving, that is, if xi and xj are
symmetric with respect to f , and if xi = xj and x′

i = x′
j for some input x and baseline x′,

then ϕi(x) = ϕj(x). To generalize to interaction values, if the same conditions as above hold,
then Γk,i(x) = Γk,j(x) for any feature xk. This axiom, which holds since Γk,i(x) = ϕi(ϕk(x))

and ϕi, ϕj are symmetry-preserving, is significant because it indicates that if two features are
functionally equivalent to a model, then they must interact in the same way with respect to
that model.

Interaction Symmetry Axiom

Another form of symmetry is important to note: interaction symmetry. This axiom states
that, for any i, j, we have Γi,j(x) = Γj,i(x). Although simple, it guarantees that the interaction
function itself is symmetric with respect to the features it explains. It is straightforward to
show that existing neural networks and their activation functions have continuous second
partial derivatives, which implies that Integrated Hessians satisfies interaction symmetry.2

3.2.3 Approximating Integrated Hessians in Practice

Our interaction values include a double integral, which is intractable to compute analytically
in the general case. To compute Integrated Gradients in practice, [274] introduced the

2Section 3.3 describes the special case of the ReLU activation function.
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following discrete sum approximation:

ϕ̂i(x) = (xi − x′
i)×

k∑
ℓ=1

∂f(x′ + ℓ
k
(x− x′))

∂xi

× 1

k
, (3.14)

where k is the number of points used to approximate the integral. To compute Integrated
Hessians, we introduce a similar discrete sum approximation:

Γ̂i,j(x) = (xi − x′
i)(xj − x′

j)×
k∑

ℓ=l

m∑
p=1

ℓ

k
× p

m
×

∂f(x′ + ( ℓ
k
× p

m
)(x− x′))

∂xi∂xj

× 1

km
. (3.15)

Typically, it is easiest to compute this quantity when k = m and the number of samples
drawn is thus a perfect square. However, when a non-square number of samples is preferred
we can generate sample points from the product distribution of two uniform distributions so
that the number is the largest perfect square above the desired number of samples; we can
index the sorted samples appropriately to get the desired number. The preceding formula
omits the first-order term in Γi,i(x), but it can be computed using the same principle.

Expected Hessians has a similar, if slightly easier, form:

Γ̂EG
i,j (x) = (xi − x′

i)(xj − x′
j)

k∑
ℓ

ζℓ ×
∂f(x′ + ζℓ(x− x′))

∂xi∂xj

× 1

k
, (3.16)

where ζℓ is the ℓth sample from the product distribution of two uniform distributions. We find
in general that less than 300 samples are required for any given problem to approximately
satisfy interaction completeness. For most problems, far less than 300 suffices (e.g., around
50), but the number is model and data dependent: larger models and higher-dimensional
data generally require more samples than smaller models and lower-dimensional data.

3.3 Smoothing ReLU Networks

One major limitation not discussed in previous approaches to interaction detection in neural
networks relates to use of the ReLU activation function, ReLU(x) = max(0, x), in many
popular neural network architectures. Neural networks using ReLU are piecewise linear and
have second partial derivatives equal to zero in all places. Previous second-order approaches
(based on the Hessian) fail to detect any interaction in ReLU-based networks.

Fortunately, the ReLU activation function has a smooth approximation – the SoftPlus
function: SoftPlusβ(x) = 1

β
log(1 + e−βx). SoftPlus more closely approximates ReLU as β
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Figure 3.2: Replacing ReLU activations (left) with SoftPlusβ activations (right) where β = 10

smooths the decision surface of a neural network: gradients tend to be more homogeneous
along the integration path. Orange arrows show the gradient vectors at each point along the
path from the reference (green x) to the input (blue dots). ReLUs can cause small bends in
the output space with aberrant gradients.

increases and has well-defined higher-order derivatives. Furthermore, [59] have proved that a
model’s outputs and first-order feature attributions are minimally perturbed when ReLU
activations are replaced by SoftPlus activations in a trained network. Therefore, we can
apply Integrated Hessians on a network with ReLU activations by first replacing ReLU with
SoftPlus. We note that no re-training is necessary for this approach.

In addition to being twice differentiable and letting us calculate interaction values in ReLU
networks, replacing ReLU with SoftPlus offers other benefits when calculating interaction
values. We show that smoothing a neural network (i.e., decreasing the value of β in the
SoftPlus activation function) lets us accurately approximate the Integrated Hessians value
with fewer gradient calls.

Theorem 1. For a one-layer neural network with softplusβ non-linearity, fβ(x) =
softplusβ(wTx), and d input features, we can bound the number of interpolation points k

needed to approximate the Integrated Hessians to a given error tolerance ϵ by k ≤ O(dβ
2

ϵ
).

The proof of 1 is shown in Section 3.10. In addition to the proof for the single-layer case,
Fig. 3.10-3.11 also presents empirical results to show that many-layered neural networks
display the same property.

The intuition behind these results is that as we replace ReLU with SoftPlus, the decision
surface of the network is smoothed (see Fig. 3.2). We observe that the gradients tend to
all have more similar direction along the path from reference to foreground sample once the
network has been smoothed with SoftPlus replacement.
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Figure 3.3: (Left) The margin surface for a neural network representing an XOR function.
(Middle) Integrated Gradients feature attributions for two samples, the first where both
features are turned off, and the second where both features are turned on. Both get identical
Integrated Gradients attributions. (Right) Integrated Hessians feature interactions for the
same two samples. We see that the Integrated Hessians values, but not the Integrated
Gradients values, differentiate the two samples.

3.4 Explanation of XOR function

To explain why feature interactions can be more informative than feature attributions, we
use the case of two binary features and a neural network representing an XOR function. This
network has a large output when either feature is on alone, but it has a low magnitude output
when both features are either on or off (Fig. 3.3, left).

When we explain the network using Integrated Gradients with the zeros baseline, we see
that samples where both features are on and those where both features are off get identical
attributions (see Fig. 3.3, middle). Integrated Hessians, however, differentiates these two
samples by identifying the negative interaction that occurs between the two features when
they are both on (Fig. 3.3, right). Therefore, the interactions can usefully distinguish between
(0,0), which has an output of 0 because it is identical to the baseline, and (1,1), which has
an output of 0 because both features are on. When considered independently, each feature
would increase the model’s output, but when considered in interaction with one another, they
cancel out the positive effects and drive the model’s output back to the baseline.

This example also illustrates a problem with methods like [48], which use the input Hessian
without integrating over a path. In Fig. 3.3, we see that the function is saturated at all
points on the data manifold, meaning all elements of the Hessian will be 0 for all samples.
In contrast, by integrating between the baseline and the samples, Integrated Hessians can
correctly detect the negative interaction between the two features.
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3.5 Empirical Evaluation

We empirically evaluated our method against other methods using benchmarks inspired by
recent literature on quantitatively evaluating feature attribution methods [3, 129, 101, 302,
163]. We compare Integrated Hessians to six existing methods: the Shapley Interaction Index
[87], the Shapley Taylor Interaction Index [57], ArchDetect [284], Generalized Contextual
Decomposition [260], Neural Interaction Detection [283], and using the Hessian at the input
sample [48].

3.5.1 Computation Time

First, we compared the computation time of each method. We explained interactions in a
5-layer neural network with SoftPlus activation and 128 units per layer. We ran each method
on models with 5, 50 and 500 input features, and evaluated each method on 1000 samples.
Because computing the Shapley Interaction Index and Shapley Taylor Interaction Index is
NP-hard in the general case [63], we instead compared against a Monte Carlo estimation
of the Shapley Interaction Index with 200 samples, analogous to how the Shapley Value is
estimated in [135]. Even using a small number of samples, this comparison could not run
to completion for the 500 feature case and would have taken an estimated 1000 hours to
complete. For each method, we computed all pairwise interactions: d2 interactions for d

features. Figure 3.4 (left) shows results.
We observe that our method is more tractable than the two other axiomatic approaches to

interaction based on Shapley values. Further, we note that as the number of features grows,
our method is more tractable than several of the heuristic methods, as well: other methods
require at least O(d2) separate forward passes of the model to compute the interactions,
which is non-trivial to parallelize. However, back-propagating the Hessian through the model
is easily done in parallel on a GPU since this functionality already exists in modern deep
learning frameworks [211, 2].

3.5.2 Quantitative Comparison of Interaction Detection with Other Methods

To compare each method, we used the Remove and Retrain benchmark introduced in [101].
The benchmark compares feature attributions by progressively ablating the most important
features in each sample —ranked according to each attribution method —and then retraining
the model on the ablated data and measuring the performance drop. The attribution method
that incurred the fastest performance decline was the quickest to identifythe most predictive
features in the data.

We generated a simulated regression task with 10 features where each feature was drawn
independently from N (0, 1). The label was an additive sum of 20 interactions with random
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Figure 3.4: Left : The time each method takes to compute all pairwise interactions on 1000
samples with d features as a function of d. Existing methods scale poorly compared to
our proposed method. We also benchmarked our methods against others (Center, heuristic
methods; Right, Shapley value-based methods) using a modified version of Remove and
Retrain [101] on simulated interactions. Our method more accurately identifies the most
important interactions than all existing methods other than the Shapley Interaction Index
and Shapley Taylor Index, which are much more computationally expensive.

coefficients normalized to sum to 1, drawn without replacement from all possible pairs of
features. A 3-layer neural network’s predictions achieved over 0.99 correlation with the true
label.

We compared each of the five interaction methods using Remove and Retrain on five
different interaction types: gtanhsum(xi, xj) = tanh(xi + xj), gcossum(xi, xj) = cos(xi + xj),
gmultiply(xi, xj) = xi ∗ xj, gmax(xi, xj) = max(xi, xj) and gmin(xi, xj) = min(xi, xj). The
results for gtanhsum are displayed in Figure 3.4 (right). Our method most quickly identified
the highest-magnitude interactions in the data, as demonstrated by the fastest increase
in error. Our method outperformed all existing heuristic methods on all interaction types
and performed equivalently to both the Shapley Interaction Index and the Shapley Taylor
Interaction Index.

In addition to the Remove and Retrain benchmark, we also tested our approach using the
“sanity checks” proposed in [3] to ensure that our interaction attributions were sensitive to
network and data randomization. We found that our method passed both sanity checks.
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3.6 Applications of Integrated Hessians

3.6.1 NLP

Over the past decade, neural networks have been the go-to model for language tasks, from con-
volutional [128] to recurrent [275]. More recently, large, pre-trained transformer architectures
[216, 56] have achieved state-of-the-art performance on a wide variety of tasks. Previous work
suggested investigating the internal weights of the attention mechanisms in attention-based
models [82, 156, 164, 293]. However, more recent work suggests that examining attention
weights may not be a reliable way to interpret models with attention layers [251, 110, 31].
To resolve this issue, feature attributions have been applied to text classification models to
understand which words most affect classification [166, 151]. However, these methods do not
explain how words interact with their surrounding context.

We downloaded pre-trained weights for DistilBERT [242] from the HuggingFace Trans-
formers library [297]. We fine-tuned the model on the Stanford Sentiment Treebank data
set [263], where the task was to predict whether a movie review had positive or negative
sentiment. After 3 epochs of fine-tuning, DistilBERT achieved a validation accuracy of 0.9071
(0.9054 TPR / 0.9089 TNR).3

In Figure 3.5, we show interactions generated by Integrated Hessians and attributions
generated by Integrated Gradients on an example drawn from the validation set. The figure
demonstrates that DistilBERT learned intuitive interactions that would not be revealed from
feature attributions alone. For example, a word like “painfully," which might have a negative
connotation on its own, has a large positive interaction with the word “funny" in the phrase
“painfully funny." In Figure 3.1, we demonstrate how interactions can help us understand why
a fine-tuned DistilBERT model outperforms a simpler model: a convolutional neural network
(CNN) that achieves an accuracy of 0.82 on the validation set. DistilBERT picks up positive
interactions between negation words (“not”) and negative adjectives (“bad”) that a CNN fails
to fully capture. Finally, in Figure 3.5, we use interaction values to reveal saturation effects:
many negative adjectives describing the same noun interact positively. Although this may
initially seem counter-intuitive, it reflects the structure of language. If a phrase has only one
negative adjective, it stands prominently as the word that makes the phrase negative. At
some point, however, describing a noun with an increasing number of negative adjectives
makes any individual negative adjective less important towards classifying that phrase as
negative.

3This performance does not represent state-of-the-art, nor is sentiment analysis representative of the full
complexity of existing language tasks. However, this paper focuses on explanation, and sentiment analysis
is easily fine-tuned without extensive hyperparameter search.
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Figure 3.5: Left : Interactions in text reveal learned patterns such as the phrase "painfully
funny" having a positive interaction despite the word "painfully" having a negative attribution.
These interactions are not evident from attributions alone. Right : Interactions help reveal an
unintuitive pattern in language models: saturation. Although the word “movie" interacts
negatively with all negative modifying adjectives, those negative adjectives themselves all
interact positively. The greater the number of negative adjectives in a sentence, the less each
individual negative adjective contributes to the overall classification of the sentence.

3.6.2 Drug Combination Response Prediction

In the domain of anti-cancer drug combination response prediction, plotting Integrated
Hessians can help to glean biological insights into the process we are modeling. We considered
one of the largest publicly available data sets measuring drug combination response in acute
myeloid leukemia [286]. Each of the 12,362 samples consists of the measured response of a
2-drug pair tested on a patient’s cancer cells. The 1,235 input features are split between
features describing the drug combinations and those describing the cancerous cells, which we
modeled using the neural architectures described in [97] and [220].

According to the first-order explanations, the presence or absence of the drug Venetoclax
in the drug combination was the most important feature. We also easily see that first-order
explanations were inadequate in this case: while the presence of Venetoclax was generally
predictive of a more responsive drug combination, the amount of positive response to this
drug was predicted to vary across samples (see Fig. 3.6, top left).
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Figure 3.6: Left: Integrated Gradients values for Venetoclax. Middle: Venetoclax interactions
with Artemisinin across all samples. Right: Venetoclax and Artemisinin interaction is driven
by expression of genes in cancer samples.

Integrated Hessians reveals that some of this variability is attributable to the drug with
which Venetoclax was combined. The model learned a strong negative interaction between
Venetoclax and Artemisinin (see Fig. 3.6, middle), which we confirmed matched the ground
truth ascertained from additional external data (p = 2.31× 10−4). Finally, we gained insight
into the variability in the interaction values between Venetoclax and Artemisinin by plotting
them against the expression level of a pathway containing cancer genes (see Fig. 3.6, right).
We found that patients with higher expression of this pathway tended to have a more negative
interaction (sub-additive response) than those with a lower expression of it. Integrated
Hessians enriches both our understanding of the interactions between drugs in our model and
the genetic factors that influence this interaction.

3.7 Conclusion

We proposed a novel method called Integrated Hessians to explain feature interactions in
neural networks. The interaction values we proposed have two natural interpretations: (1)
as the effect of combining two features on a model’s output, and (2) as the explanation of
one feature’s importance in terms of another. Our method provably satisfied common-sense
axioms that previous methods did not and outperforms previous methods in practice at
identifying known interactions on simulated data. Additionally, we demonstrated how to glean
interactions from neural networks trained with a ReLU activation function that has no second
derivative. In accordance with recent work, we showed why replacing the ReLU activation
function with the SoftPlus at explanation time was both intuitive and efficient. Finally,
we performed several experiments to reveal the utility of our method, from understanding
performance gaps between model classes to discovering patterns a model has learned on
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high-dimensional data.
We conclude that although feature attribution methods provide valuable insight into

model behavior, such methods by no means end the discussion on interpretability. Rather,
they encourage further work in deeper understanding model behavior. For example, our
approach does not currently support the quantification of higher-order interactions between
features. Future research to characterize such interactions would be valuable. For example,
these methods may prove useful for image models, where individual pixels lack semantic
meaning. Extending the efficiency or theoretical guarantees of existing methods that can
detect these higher-order interactions, or developing new methods to provide these desiderata,
may be of particular interest. Finally, while interactions add a degree of expressivity to
feature attribution methods, finding approaches to explain models from outside the paradigm
of feature attribution entirely would be creative and significant future research.

3.8 Supplement: Deriving Interaction Values

Here, we derive the formula for Integrated Hessians from its definition: Γi,j(x) = ϕj(ϕi(x)).
We start by expanding ϕj using the definition of Integrated Gradients:

Γi,j(x) := (xj − x′
j)×

∫ 1

β=0

∂ϕi(x
′ + β(x− x′))

∂xj

dβ. (3.17)

We consider the function ∂ϕi

∂xj
(x), and we first assume that i ̸= j

∂ϕi

∂xj

(x) = (3.18)

(xi − x′
i)×

∂

∂xj

(∫ 1

α=0

∂f(x′ + α(x− x′))

∂xi

dα

)
= (3.19)

(xi − x′
i)×

∫ 1

α=0

∂

∂xj

(
∂f(x′ + α(x− x′))

∂xi

)
dα = (3.20)

(xi − x′
i)×

∫ 1

α=0

α
∂2f(x′ + α(x− x′))

∂xi∂xj

dα, (3.21)

where we have assumed that the function f satisfies the conditions for the Leibniz Integral
Rule (i.e., that integration and differentiation are interchangeable). These conditions require
that the derivative of f , ∂f

∂xi
and its second derivative function ∂2f

∂xi∂xj
are continuous over x

in the integration region, and that the bounds of integration are constant with respect to
x. It is easy to see that the bounds of integration are constant with respect to x. It is also
straightforward to see that common neural network activation functions — for example,
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sigmoid(x) = 1
1+e−x , softplusβ(x) = 1

β
log(1 + e−βx), or gelu(x) = xΦ(x), where Φ(x) is the

cumulative distribution function of the normal distribution — have continuous first and
second partial derivatives; this implies that compositions of these functions have continuous
first and second partial derivatives, as well. Although this is not the case with the ReLU
activation function, we discuss replacing it with SoftPlus in the main text.

We can proceed by plugging equation 3.21 into the original definition of Γi,j(x):

Γi,j(x) := (xj − x′
j)×

∫ 1

β=0

∂ϕi(x
′ + β(x− x′))

∂xj

dβ =

(3.22)

(xj − x′
j)×

∫ 1

β=0

(x′
i − β(xi − x′

i)− x′
i)

∫ 1

α=0

α
∂2f(x′ + α(x′ − β(x− x′)− x′))

∂xi∂xj

dαdβ =

(3.23)

(xj − x′
j)(xi − x′

i)

∫ 1

β=0

∫ 1

α=0

αβ
∂2f(x′ + αβ(x− x′))

∂xi∂xj

dαdβ, (3.24)

where all we’ve done is re-arrange terms.

Deriving Γi,i(x) proceeds similarly:

∂ϕi

∂xi

(x) = (3.25)

∂

∂xi

(
(xi − x′

i)

)
×
∫ 1

α=0

∂f(x′ + α(x− x′))

∂xi

dα+

(xi − x′
i)×

∂

∂xi

(∫ 1

α=0

∂f(x′ + α(x− x′))

∂xi

dα

)
=

(3.26)

∫ 1

α=0

∂f(x′ + α(x− x′))

∂xi

dα + (xi − x′
i)×

∫ 1

α=0

α
∂2f(x′ + α(x− x′))

∂xi∂xj

dα, (3.27)

using the chain rule. After similar re-arrangement, we arrive at

Γi,i(x) = (xi − x′
i)

∫ 1

β=0

∫ 1

α=0

∂f(x′ + αβ(x− x′))

∂xi

dαdβ+

(xi − x′
i)
2 ×

∫ 1

β=0

∫ 1

α=0

αβ
∂2f(x′ + αβ(x− x′))

∂xi∂xj

dαdβ.

(3.28)
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3.9 Supplement: Comparing Against Existing Methods

We now elaborate on the relationship between our method and six existing methods:

• Integrated Hessians: Our proposed method.

• Input Hessian: Uses the Hessian at the input instance. Using the input Hessian at a
particular instance to measure interaction values is the natural generalization of using
the gradient to measure the importance of individual features, as done by [258].

• Contextual Decomposition (CD): Introduced by [195] for LSTMs and extended to
feed-forward and convolutional architectures by [260]. We focus on the generalized
version introduced by the latter.

• Neural Interaction Detection (NID): Introduced by [283], this method generated inter-
actions by inspecting the weights of the first layer of a feed-forward neural network.

• Shapley Interaction Index (SII): Introduced by [87] to allocate credit in coalitional
game theory. It is used to explain interactions in neural networks similarly to how the
Shapley value is used to explain attributions in [179].

• Shapley Taylor Interaction Index (STI): Introduced by [57], this method is similar to
the Shapley Interaction Index, but it changes the weighting of certain coalitions in order
to naturally fulfill the axiom that interactions should sum to the output.

• ArchDetect (AD): Introduced by [284], this method detects interactions between pairs
of features using a quantity similar to a discrete second-order derivative.

• Group Expected Hessian (GEH): Introduced by [48], this method aggregates the input
Hessian over many samples with respect to a Bayesian neural network.

• Deep Feature Interaction Maps (DFIM): Introduced by [89], this method determines
interactions by seeing how much attributions change when features are perturbed.

We first discuss practical considerations regarding each method and then evaluate the
degree to which each satisfies the axioms we identified in Section 2.2.
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3.9.1 Comparison to Tsang et al. 2020

In Tables 1 and 2 of their recent paper, “How does this interaction affect me?: Interpretable
attribution for feature interactions,” [284] compare their “interaction attribution” method
ArchAttribute to Integrated Hessians. We believe this is a faulty comparison. Their overall
approach consists of three steps: (1) detect pairwise interactions between features using a
method called ArchDetect, (2) use these pairwise interactions to cluster features into groups,
such that interactions occur only between features within the same group, and (3) attribute
importance to those groups of features using a method called ArchAttribute.

For a group I formed using the first two steps of this procedure, the ArchAttribute value
is:

ϕ(I) = f(x∗
I + x

′

\I)− f(x′), (3.29)

where for p features in a data set, we let I be a subset of feature indices, I ⊆ {1, 2, · · · , p}.
For a vector x ∈ Rp, let xI ∈ Rp be defined as

(xI)i =

{
xi, if i ∈ I
0 otherwise.

(3.30)

We let x∗ represent the sample we want to explain, x′ represent a neutral reference sample,
and f be a black box model that takes a vector input and has a scalar output.

We prove why we believe this is a flawed comparison by showing that from a game-theoretic
perspective, the value calculated by ArchAttribute corresponds to a Group Shapley Value
rather than any sort of interaction value.

Theorem 2. For a set of features I found using the first two steps of the procedure in [284],
the ArchAttribute value Φ(I) is exactly the Group Shapley Value.

Proof. Define a value function v : 2N 7→ R as v(S) = f(x∗
S + x

′

\S), where x∗ is the sample we
want to explain and x

′ is the all zeros vector. Therefore, we can write:

Φ(I) = v(I)− v(∅). (3.31)

Because the Archipelago method defines I as a set of features that do not interact with
features outside of the set I, we have that:

v(I)− v(∅) = v(I ∪ S)− v(∅ ∪ S),∀S ⊆ N \ I. (3.32)

For any family of coefficients {pIS(N)}S⊆N\I that define a probability distribution on 2N\I ,
since these coefficients will sum to 1, we can say:

v(I ∪ S)− v(∅ ∪ S) =
∑

S⊆N\I

pIS(N)[v(I ∪ S)− v(S)]. (3.33)
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The R.H.S. of the last equation defines a “probabilistic generalized value,” the most
well-known of which is the Group Shapley Value [187, 71].

If values measure the individual power of a player in a cooperative game, generalized
values extend this notion to coalitions of players [187]. Since the ArchAttribute method
appears to be a method for calculating group attributions rather than feature interactions,
we instead compare to the interaction detection method ArchDetect, also described in [284].
The ArchDetect value for a pair of features i and j is given as

ω̄i,j =
1

2
(ωi,j(x

∗) + ωi,j(x
′
)), (3.34)

where the quantities ω are defined:

ωi,j(x) =
( 1

hihj

(
f(x∗

{i,j} + x\{i,j})− f(x
′

{i} + x∗
{j} + x\{i,j})

−f(x∗
{i} + x

′

{j} + x\{i,j}) + f(x
′

{i,j} + x\{i,j})
))2

.

(3.35)

If we substitute the more familiar set function notation, v(S) = f(x∗
S + x

′

\S), we see that
this value very closely resembles the Shapley Interaction Index [87], where only two contexts
are considered and the terms within the summation are squared. Hence, it is a significantly
better comparison to make with our method.

3.9.2 Practical Considerations

This section describes four desirable properties that interaction methods may or may not
satisfy:

1. Local: A method is local if it operates at the level of individual predictions. It is global
if it operates over the entire data set. Which is better is task dependent, but local
methods are often more flexible because they can be aggregated globally [177].

2. Architecture Agnostic: A method is architecture agnostic if it can be applied to any
neural network architecture.

3. Data Agnostic: A method is data agnostic if it can be applied to any type of data, no
matter the structure.

4. Higher-Order Interactions: This paper primarily discusses interactions between pairs of
features. However, some methods can generate interactions between groups of features
larger than 2, and these are said to generate higher-order interactions.
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Interaction Method Local
Architecture

Agnostic
Data

Agnostic
Higher-Order
Interactions

Input Hessian ✓ ✓ ✓
Integrated Hessians (ours) ✓ ✓ ✓

CD [260] ✓ ∼* ✓ ✓
NID [283] ✓ ✓ ✓
SII [87] ✓ ✓ ✓ ✓
STI [57] ✓ ✓ ✓ ✓
AD [284] ✓ ✓ ✓
GEH [48] ✓ ✓
DFIM [89] ✓ ✓

Table 3.1: Comparing the practical properties of existing interaction methods. Because
GEH and DFIM are neither architecture nor data agnostic, respectively, we omit them from
empirical comparisons. *Contextual Decomposition was originally introduced for LSTMs in
[195], and was generalized to feed-forward and convolutional architectures in [260]. However,
the method has yet to be adapted to other architectures (e.g., transformers [56]).

In Table 3.1, we depict methods and the properties they satisfy. We note that GEH
and DFIM are neither architecture nor data agnostic, respectively. Therefore, we do not
include them in empirical comparisons since they cannot be run on feed-forward neural
networks with arbitrary data. We also note that our method does not generate higher order
interactions. Although in principle one could generate kth order interactions by recursively
applying integrated gradients to itself k times, we do not discuss doing so in this paper.

3.9.3 Theoretical Considerations

We now evaluate which methods satisfy the axioms we presented in Section 2.2. Results
are presented in Table 3.2. We note that Integrated Hessians and the Shapley Interaction
Index share many theoretical properties, except that the Shapley Interaction Index trades
completeness for the recursive axioms, which state that higher order interactions should be
recursively defined from lower order ones. Whether this is preferable to satisfying completeness
seems subjective.

The Shapley-Taylor Interaction Index satisfies completeness, although [57] refer to it as
the “efficiency” axiom. They also introduce a new “interaction distribution” axiom, which
guarantees that interaction effects between a set of featuers are not improperly credited
towards any proper subset of the original set. However, their interaction index does not
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provide a relationship between attribution values (Shapley values) and interaction values,
while our method does. Which proprety is more desirable is, again, subjective.

The Hessian satisfies implementation invariance for the same reason that our method
does: it relies only on the value of the network function and its derivatives. The hessian also
satisfies (1) linearity since the derivative is a linear operator, and (2) symmetry preservation
due to Schwarz’s theorem. Contextual decomposition is symmetry preserving by definition
but fails on implementation invariance due to the way it splits the bias.

In terms of computational efficiency, we can better appreciate the benefit of our approach
compared to the Shapley Interaction Index and the Shapley Taylor interaction index by
examining the asymptotic complexity of each algorithm. For a given neural network, forward
and backward passes have the same asymptotic time complexity, which is a function of the
number of nodes and layers (matrix multiplications) as well as the activation functions used
[235]. Since the network itself does not change with the interaction method, we can therefore
analyze each algorithm on the basis of the number of either forward or backward passes
required to calculate all interactions. For each interaction, both the Shapley Interaction
Index and the Shapley Taylor interaction index require considering an exponential number
of subsets and require O(2d) forward passes. To calculate all interactions, these methods
hence take O(2dd2) forward passes. Integrated Hessians reduces the number of passes to
be polynomial in the number of features, O(kd2), requiring k interpolation steps. Finally,
heuristic methods like ArchDetect or Contextual Decomposition require O(d2) forward passes.

Although the Integrated Hessians method occupies an intermediate position in terms of
asymptotic analysis, in practice we can calculate all possible pairs of interactions more quickly
using this method due to the parallelization built into popular deep learning frameworks,
back-propagating the Hessian through the model in parallel using GPUs [211, 2].

3.9.4 Quantitative Evaluations

We now elaborate on the quantitative comparisons presented in the main text. Note that we
do not compare with GEH and DFIM because they are not applicable to feed-forward neural
networks with continuous data.

Remove and Retrain

The Remove and Retrain benchmark starts with a trained network on a given data set. It
ranks the features most important for prediction on every sample in the data set according
to a given feature attribution method. Using the ranking, it iteratively ablates the most
important features in each sample and then re-trains the model on the ablated data. To run
this method, it is necessary to ablate a feature, which the original paper does by mean or zero
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Interaction Method
Complete-

ness
Interaction
Sensitivity

Implementation
Invariant

Input Hessian ✓
Integrated Hessians (ours) ✓ ✓ ✓

CD [260] ∼**
NID [283]
AD [284] ✓ ✓
SII [87] ✓ ✓
STI [57] ✓ ✓ ✓
GEH [48] ✓
DFIM [89] ∼***

Interaction Method
Symmetry
Preserving

Interaction
Linearity

Recursive
Axioms*

Input Hessian ✓ ✓
Integrated Hessians (ours) ✓ ✓

CD [260] ✓
NID [283]
AD [284] ✓
SII [87] ✓ ✓ ✓
STI [57] ✓ ✓
GEH [48] ✓
DFIM [89] ∼*** ∼***

Table 3.2: Comparing the theoretical guarantees of interaction methods. We define each axiom
in Section 2.2. *The recursive axioms are discussed in [87] and guarantee that higher-order
interactions satisfy a specific recurrence relation. **Contextual Decomposition does not
satisfy the exact sensitivity axiom we present, but it does guarantee that features equal to 0
will have zero interaction with any other feature. ***Whether or not Deep Feature Interaction
Maps (DFIM) satisfies these properties relies on the underlying feature attribution method
used: if the underlying method satisfies the properties, so does DFIM.
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imputation [101]. However, doing so presents a problem when trying to compare methods
that explain interactions between features rather than attributions to features.

Unlike ablating features, it is not straightforward to ablate an interaction between two
features. Ablating both features in the interaction does not work, because it mixes main
effects with interactions. Consider the function f(x1, x2, x3, x4) = x1 + x2 + 0.1 ∗ x3 ∗ x4. For
f(1.0, 1.0, 1.0, 1.0) = 2.1, the largest and only interaction is between x3 and x4. However,
ablating the pair x1, x2 would incur a larger performance hit because the features x1 and x2

have larger main effects than x3 and x4.
Instead, we opt to generate simulated data where the interactions are known and then

ablate the interactions in the labels directly. We generate a simulated regression task with 10
features, where each feature is drawn independently from N (0, 1). The label is an additive
sum of 20 interactions with random coefficients, drawn without replacement from all possible
pairs of features. That is, for some specified interaction function g, we generate the label y as

20∑
i=1

αig(xi,1, xi,2),

where xi,1, xi,2 is the pair of features chosen to be part of the ith interaction and αi are
random coefficients drawn from a uniform distribution and normalized to sum to 1:

20∑
i=1

αi = 1

.
To ablate an interaction, we multiply the interaction in the label with gaussian noise,

which ensures ablating the largest interactions adds the most amount of noise to the label. For
example, let f(x1, x2, x3) = 0.5 ∗ g(x1, x2)+ 0.3g(x1, x3). To ablate the interaction between x1

and x2, we compute the ablated label f̂(x1, x2, x3) = ϵ ∗ 0.5 ∗ g(x1, x2) + 0.3g(x1, x3), where
ϵ ∼ N (0, 1). The interaction method that identifies the largest interactions in the data adds
the largest amount of random noise into the label, thus increasing error the fastest.

For the simulated data set described in Section 5.2, we trained a 3 layer neural network
with 64 hidden units each and ReLU activation. It achieved near-perfect performance
on the simulated regression task, explaining over 99% of variance in the label. For each
progressive ablation of an interaction, we retrained the network 5 times and re-evaluated
performance. We then plotted the mean and standard deviation of performance on a held-out
set, as recommended by the original paper [101]. In Section 5.5, we showed the results for
gtanhsum(xi, xj) = tanh(xi + xj). We show results for these four additional interaction types:

• gcossum(xi, xj) = cos(xi + xj)

• gmultiply(xi, xj) = xi ∗ xj
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Figure 3.7: Additional comparisons with heuristic methods on known simulated interactions.
The charts plot the mean and standard deviation across 5 re-trainings of the model as a
function of ablated interactions. Our method (in blue) outperforms all existing heuristic
methods on all interaction types.

• gmaximum(xi, xj) = max(xi, xj)

• gminimum(xi, xj) = min(xi, xj)

The results, in Figure 3.7 and Figure 3.8, show that our method consistently outperforms
all other methods except the Monte Carlo estimation of the Shapley Interaction Index,
which performs as well as our method. As discussed in Section 5.1, our method is much
more computationally tractable than the Shapley Interaction Index, even using Monte Carlo
estimation. We also observe that Neural Interaction Detection [283] is not a local interaction
method; rather, it detects interactions globally. To compare with it, we simply ablate the
top-ranked interaction globally in all samples.
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Figure 3.8: Additional comparisons with Shapley value-based methods on known simulated
interactions (Top Left: cossum, Top Right: multiplicative, Bottom Left: maximum, Bottom
Right: minimum). The charts plot the mean and standard deviation across 5 re-trainings of the
model as a function of ablated interactions. Our method (in blue) performs comparably to the
Shapley value-based methods on all interaction types but is significantly more computationally
efficient.
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Figure 3.9: Using one of our synthetic data sets (with pairwise multiplicative interaction
label), we demonstrate how for certain tasks, the choice of baseline can impact the quality of
interaction detection. Both methods that take an expectation over distributions of baselines
outperform single baseline methods, while using the training set as the distribution of baselines
outperforms sampling baselines from the product of uniform distributions over the range of
each individual feature.

Impact of baseline

To demonstrate the impact of baseline selection on interaction detection, we re-ran our
benchmark for interaction detection using four different choices of baseline. The first single
baseline, called “min,” sets each element in the baseline vector to its minimum observed value
from the training data. It is similar to using the black image in image attribution. The second,
“uniform,” is a single randomly selected baseline from the product of uniform distributions
ranging from the minimum to maximum observed values of each feature for the training
data. The third baseline is a random sample (expected hessians) over baselines drawn from
the product of uniform distributions mentioned above. The fourth is a random sample over
baselines drawn from the training distribution (the approach we defined in Section 2.1). In
Figure 3.9 we note that (1) both approaches that took an expectation over multiple baselines
outperformed the single baseline options, and (2) that sampling baselines from the training
data outperformed sampling baselines from the product of uniform distributions covering the
feature ranges.
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Sanity Checks

To ensure that our interaction attributions were sensitive to network and data randomization,
we tested our approach using the “sanity checks” proposed in [3]. For this experiment, we
used a data set of synthetic features, which consisted of five 0-mean unit-variance independent
Gaussian random variables. The synthetic label was the sum of each of the ten possible
pairwise multiplicative interactions between features with coefficients ranging in magnitude
from 10 to 1. For our model, we used a neural network with two hidden layers and Tanh
non-linearities until convergence (validation set > R2 : 0.99). We next fit a network and
found the interactions using Integrated Hessians. We then compared the rank correlation of
these interactions with the interactions attained from explaining (1) a network with randomly
initialized weights and (2) a network trained to convergence on the training set on data where
labels were shuffled at random (but the features were the same). In both settings, we found
that the Spearman correlation between the true and randomized interactions was 0. This
indicates that our method passed the sanity checks in [3].

3.10 Supplement: Effects of Smoothing ReLU Networks

3.10.1 Proof of Theorem 1

Theorem 1 For a one-layer neural network with softplusβ non-linearity, fβ(x) =
softplusβ(wTx), and d input features, we can bound the number of interpolation points k

needed to approximate the Integrated Hessians to a given error tolerance ϵ by k ≤ O(dβ
2

ϵ
).

Proof. As pointed out in [274] and [268], completeness can be used to assess the convergence
of the approximation. We first show that decreasing β improves convergence for Integrated
Gradients. To accurately calculate the Integrated Gradients value Φ for a feature i, we need
to bound the error between the approximate computation and exact value. The exact value
is given as:

Φi(θ, x, x
′) = (xi − x′

i)×
∫ 1

α=0

∂f(x′(1− α) + xα)

∂xi

dα. (3.36)

To simplify notation, we can define the partial derivative that we want to integrate over
in the ith coordinate as gi(x) =

∂F (x)
∂xi

:

Φi(θ, x, x
′) = (xi − x′

i)×
∫ 1

α=0

gi(x
′α + x(1− α))dα. (3.37)

Since the single-layer neural network with SoftPlus activation is monotonic along the path,
the error in the approximate integral can be lower bounded by the left Riemann sum Lk:
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Lk =
∥x− x′∥

k

k−1∑
i=0

gi(x
′ +

i

k
(x− x′)) ≤

∫ 1

α=0

gi(x
′α + x(1− α))dα (3.38)

and can likewise be upper-bounded by the right Riemann sum Rk:∫ 1

α=0

gi(x
′α + x(1− α))dα ≤ Rk =

∥x− x′∥
k

k∑
i=1

gi(x
′ +

i

k
(x− x′)). (3.39)

We can then bound the magnitude of the error between the Riemann sum and the true
integral by the difference between the right and left sums:

ϵ ≤ |Rk − Lk| =
∥x− x′∥2

k
|gi(x)− gi(x

′)|. (3.40)

By the mean value theorem, we know that for some η ∈ [0, 1] and z = x′ + η(x − x′),
gi(x)− gi(x

′) = ∇xgi(z)
⊤(x− x′). Therefore:

ϵ ≤ ∥x− x′∥
k

∇xgi(z)
⊤(x− x′). (3.41)

Rewriting in terms of the original function, we have:

ϵ ≤ ∥x− x′∥
k

d∑
j=0

(
∂2f(z)

∂xixj

(xj − x′
j)

)
. (3.42)

We can then consider the gradient vector of gi(x):

∇xgi(x) =

[
βw0e

βwT x

(eβwT x + 1)2
,

βw1e
βwT x

(eβwT x + 1)2
, · · ·

]
(3.43)

where each coordinate is maximized at the zeros input vector and takes a maximum value of
βwi/4. We can therefore bound the error in convergence as:

ϵ ≤ ∥x− x′∥
k

d∑
j=0

(
β∥w∥∞

4
(xj − x′

j)

)
. (3.44)

Ignoring the dependency on path length and the magnitude of the weights of the neural
network, we see that:

k ≤ O
(
dβ

ϵ

)
. (3.45)

This demonstrates that the number of interpolation points k necessary to achieve a set error
rate ϵ decreases as the activation function is smoothed (the value of β decreases). While this
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proof bounds the error in the approximation of the integral for a single feature, we get the
error in completeness by multiplying by an additional factor of d features.

We can extend the same proof to Integrated Hessians values. We first consider the error
for estimating off-diagonal terms Γi,j, i ̸= j. The true value we are trying to approximate is
given as:

Γij = (xi − x′
i)(xj − x′

j)×
∫
αβ

∂2f(x′ + αβ(x− x′))

∂xi∂xj

dαdβ. (3.46)

For simplicity of notation, we can say hij(x) =
∂2F (x)
∂xi∂xj

. Assuming that we are integrating
from the all-zeros baseline (as suggested in [274]), since hij(x) = is monotonic on either
interval from the 0 baseline, we can again bound the error in the double integral by the
magnitude of the difference in the left and right Riemann sums:

ϵ ≤
∣∣∣∣∥x− x′∥22

k

k∑
j=1

k∑
i=1

hij(x
′ +

ij

k
(x− x′))− ∥x− x′∥22

k2

k−1∑
j=0

k−1∑
i=0

hij(x
′ +

ij

k
(x− x′))

∣∣∣∣, (3.47)

ϵ ≤ ∥x− x′∥22
k

∣∣∣∣(hij(x) + 2
k−1∑
i=1

hij(x
′ +

i√
k
(x− x′))

)
−
(
hij(x

′) + 2
k−1∑
i=1

hij(x
′)
)∣∣∣∣. (3.48)

We can then use monotonicity over the interval to say that hij(x
′ + i√

k
(x − x′)) < hij(x),

which gives us:

ϵ ≤ (2k − 1)∥x− x′∥22
k

∣∣∣∣hij(x)− hij(x
′)

∣∣∣∣. (3.49)

By the mean value theorem, we know that for some β ∈ [0, 1], hij(x)−hij(x
′) = ∇xhij(β)

⊤(x−
x′). Substituting gives us:

ϵ ≤ (2k − 1)∥x− x′∥22
k

∇xhij(β)
⊤(x− x′). (3.50)

We can then consider the elements of the gradient vector:

∇xhij(x) =

[
−

β2wiwjw1e
βwT x

(
eβw

T x − 1
)

(eβwT x + 1)3
,−

β2wiwjw2e
βwT x

(
eβw

T x − 1
)

(eβwT x + 1)3
, · · ·

]
. (3.51)

For the univariate version of each coordinate, we can maximize the function by taking the
derivative with respect to x and setting it equal to 0:

d

dx

(
−

β2eβx
(
eβx − 1

)
(eβx + 1)3

)
=

β3eβx(−4eβx + e2βx + 1)

(eβx + 1)4
= 0. (3.52)



76

We can see that this equation holds only when (−4eβx + e2βx + 1) = 0, and we can solve
it by finding the roots of this quadratic equation, which occur when x = 1

β
log(2 ±

√
3).

When we plug that back in, we find the absolute value of the function in that coordinate
takes a maximum value of β2

6
√
3
. Therefore, for a given set of fixed network weights, we

observe that the coordinate-wise maximum magnitude of ∇xhij,∝ β2 and that the number
of interpolation points necessary to reach a desired level of error in approximating the double
integral decreases as β is decreased. Again ignoring the fixed weights and path length, the
number of interpolation points necessary is bounded by

k ≤ O
(
dβ2

k

)
. (3.53)

For the i = j terms (main effect terms), the error will have another additive factor of β,
since main effect has an additional term equal to:

(xi − x′
i)

∫ 1

β=0

∫ 1

α=0

∂f(x′ + αβ(x− x′))

∂xi

dαdβ. (3.54)

When we bound the error in this approximate integral by the difference between the
double left sum and double right sum, we find that:

ϵ ≤ (2k − 1)∥x− x′∥22
k

∣∣gi(x)− gi(x
′)
∣∣. (3.55)

Following the exact same steps as in 3.40 through 3.44, we can then show the bound on the
error of the on-diagonal terms will have an additional term that is ∝ β. Due to the axiom
of interaction completeness, the error bound of the entire convergence can be obtained by
summing all individual terms, incurring another factor of d2 in the bound.

3.10.2 SoftPlus Activation Empirically Improves Convergence

In addition to theoretically analyzing the effects of smoothing the activation functions of
a single-layer neural network on the convergence of the approximate values of Integrated
Gradients and Integrated Hessians, we wanted to empirically analyze the same phenomenon
in deeper networks. We first created two networks: one with 5 hidden layers of 50 nodes, and
a second with 10 hidden layers of 50 nodes. We then randomly initialized these networks
using the Xavier Uniform intialization scheme [85]. We created 10 samples to explain, each
with 100 features drawn at random from the standard normal distribution. To evaluate
the convergence of our approximate Integrated Hessians values, we plotted the interaction
completeness error (the difference between model output and the sum of Integrated Hessians
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Figure 3.10: 5-Layer Network Results. Interaction completeness error (difference between
model output and sum of Integrated Hessians values) decreases more quickly with the number
of interpolation points as the β parameter for the SoftPlus activation function is decreased
(as the function is smoothed). Results are averaged over 10 samples with 100 features for a
neural network with 5 hidden layers of 50 nodes each.

values) as a fraction of the magnitude of the function output. As we decreased the value of
β, we smoothed the activations. We observed that the number of interpolations required
to converge decreased (see Fig. 3.10 and Fig. 3.11). Note that the randomly initialized
weights of each network were held constant, and only the value of β in the activation function
changed.

3.11 Supplement: Details on the Sentiment Analysis Task

3.11.1 Fine-Tuning DistilBERT

As mentioned in Section 6.1, we downloaded pre-trained weights for DistilBERT, a pre-trained
language model introduced in [242], from the HuggingFace Transformers library [297]. We
fine-tuned the model on the Stanford Sentiment Treebank data set introduced by [263]. We
fine-tuned for 3 epochs using a batch size of 32 and a learning rate of 0.00003. We used a a max
sequence length of 128 tokens, and the Adam algorithm for optimization [131]. We tokenize
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Figure 3.11: 10-Layer Network Results. Decreasing β has an even more dramatic effect on
convergence when the network is deeper than in the 5-layer case. Again, this result shows that
the interaction completeness error decreases more quickly with the number of interpolation
points as the activation function is smoothed. Results are averaged over 10 samples with 100
features for a neural network with 10 hidden layers of 50 nodes each.
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using the HuggingFace uncased tokenizer. We did not search for these hyper-parameters;
rather, they were the defaults presented for fine-tuning in the HuggingFace repository. We
found that they worked adequately for our purposes, so we did not attempt to search through
additional hyperparameters.

3.11.2 Training a CNN

The convolutional neural network we used for comparison in Section 6.1 was trained from
scratch on the same data set. We randomly initialized 32-dimensional embeddings and used
a max sequence length of 52. First, we applied dropout to the embeddings, with a dropout
rate of 0.5. The network itself was composed of 1D convolutions with 32 filters of size 3
and 32 filters of size 8. Each filter size was applied separately to the embedding layer, after
which max pooling with a stride of 2 was applied; the output of both convolutions was then
concatenated and fed through a dropout layer, with a dropout rate of 0.5 during training. A
hidden layer of size 50 followed the dropout, finally followed by a linear layer generating a
scalar prediction to which the sigmoid function was applied.

We trained with a batch size of 128 for 2 epochs and used a learning rate of 0.001. We
optimized using the Adam algorithm with the default hyper-parameters [131]. Since this
model was not pre-trained on a large language corpus and lacks the expressive power of a
deep transformer, it cannot capture patterns like negation that a fine-tuned DistilBERT can.

3.11.3 Generating Attributions and Interactions

To generate attributions and interactions, we used Integrated Gradients and Integrated
Hessians with the zero-embedding baselinne, i.e., the embedding produced by the all zeros
vector, which normally encodes the padding token. Because embedding layers are not
differentiable, we generated attributions and interactions to the word embeddings and then
summed over the embedding dimension to get word-level attributions and interactions, as
done in [274]. When computing attributions and interactions, we used 256 background
samples. Because DistilBERT uses the GeLU activation function [226], which has continuous
first and second partial derivatives, there was no need to use the SoftPlus replacement. When
we plotted interactions, we avoided plotting the main-effect terms in order to better visualize
the interactions between words.

3.11.4 Additional Examples of Interactions

Here, we include additional examples of interactions learned on the sentiment analysis task.
First, we expand upon the idea of saturation in natural language, displayed in Figure 3.12. We
display interactions learned by a fine-tuned DistilBERT on the following phrases: “a bad movie”
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(negative with 0.9981 confidence), “a bad, terrible movie” (negative with 0.9983 confidence),
“a bad, terrible, awful movie” (negative with 0.9984 confidence), and “a bad, terrible, awful,
horrible movie” (negative with 0.9984 confidence). The confidence of the network saturates:
a network output can get only so negative before it begins to flatten. However, the number
of negative adjectives in the sentence increases. This means a sensible network would spread
the same amount of credit (because the attributions sum to the saturated output) across a
larger number of negative words, which is exactly what DistilBERT does. However, each
word then gets less negative attribution than it would if it were alone. Thus, negative words
have positive interaction effects, which is exactly what we see from the figure.

In Figure 3.13, we show another example of the full interaction matrix on a sentence from
the validation set. In Figure 3.14, we present an example of how explaining the importance
of a particular word can indicate whether that word is important because of its main effect or
because of its surrounding context. We show additional examples from the validation set in
Figures 3.15, 3.16, 3.17, 3.18, 3.19. Note that while some interactions make intuitive sense to
humans (“better suited” being negative or “good script” being positive), many others are less
intuitive. These interactions could indicate that the Stanford Sentiment Treebank data set
does not fully capture the expressive power of language (e.g., it does not have enough samples
to fully represent all possible interactions in language), or they could indicate that the model
has learned higher order effects that cannot be explained by pairwise interactions alone.

3.12 Supplement: Additional Experiments

3.12.1 Heart Disease Prediction

We aggregated interactions learned from many samples in a clinical data set and used them
to reveal global patterns. We examined the Cleveland heart disease data set [54, 49]. After
preprocessing, the data set contained 298 patients with 13 associated features, including
demographic information like age and gender and clinical measurements such as systolic blood
pressure and serum cholesterol. The task was to predict whether a patient had coronary
artery disease. The list of features, which we reproduce here, is from [54], the original paper
introducing the data set:

1. Age of patient (mean: 54.5 years ± standard deviation: 9.0)

2. Gender (202 male, 96 female)

3. Resting systolic blood pressure (131.6 mm Hg ± 17.7)

4. Cholesterol (246.9 mg/dl ± 51.9)



81

0.06 0.05 0.04 0.03 0.02 0.01 0.00
Interaction Value

a, bad (0, 1)

bad, movie (1, 2)

a, movie (0, 2)

Se
le
ct
ed

In
te
ra
ct
io
ns

a
0
bad
1

movie
2

0.035 0.030 0.025 0.020 0.015 0.010 0.005 0.000
Interaction Value

bad, terrible (1, 3)

terrible, movie (3, 4)

bad, movie (1, 4)

Se
le
ct
ed

In
te
ra
ct
io
ns

a
0
bad
1

, terrible
2 3

movie
4

0.03 0.02 0.01 0.00 0.01
Interaction Value

awful, movie (5, 6)

terrible, movie (3, 6)

terrible, awful (3, 5)

bad, movie (1, 6)

bad, awful (1, 5)

bad, terrible (1, 3)

Se
le
ct
ed

In
te
ra
ct
io
ns

a
0
bad
1

, terrible
2 3

, awful
4 5

movie
6

0.04 0.03 0.02 0.01 0.00 0.01 0.02
Interaction Value

horrible, movie (7, 8)
awful, movie (5, 8)

terrible, movie (3, 8)
bad, movie (1, 8)

awful, horrible (5, 7)
terrible, horrible (3, 7)

terrible, awful (3, 5)
bad, horrible (1, 7)

bad, awful (1, 5)
bad, terrible (1, 3)

Se
le
ct
ed

In
te
rt
ac

tio
ns

a
0
bad
1

, terrible
2 3

, awful
4 5

, horrible
6 7

movie
8

Figure 3.12: The effects of increasing saturation. As we add more negative adjectives to
describe the word “movie,” they interact increasingly positively even though they interact
negatively with the word they describe. This is because each individual negative adjective has
less impact on the overall negativity of the sentence the more negative adjectives there are.
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Figure 3.13: An example from the Stanford Sentiment Analysis Treebank validation set.
Interactions highlight intuitive patterns in text, such as phrases like “beautifully observed"
and “miraculously unsentimental" being strongly positive interactions.

zhang . . . has done an amazing job of getting realistic performances from his mainly nonprofessional cast .

zhang . . . has done an amazing job of getting realistic performances from his mainly cast .nonprofessional
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Explaining the importance of "nonprofessional":

Figure 3.14: An example from the Stanford Sentiment Analysis Treebank validation set. This
example shows that the word “nonprofessional" has a main effect that is negative, but the
surrounding context outweighs the main effect and makes the overall attribution positive.
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looks and feels like a project better suited for the small screen .
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Figure 3.15: An example from the Stanford Sentiment Analysis Treebank validation set. This
example highlights the phrase “better suited” being strongly negative, which is very intuitive.
However, some of the other interactions are slightly less intuitive and may indicate lack of
training data or higher order interactions beyond word pairs.

5. Whether or not a patient’s fasting blood sugar was above 120 mg/dl (44 yes)

6. Maximum heart rate achieved by exercise (149.5 bpm ± 23.0)

7. Whether or not a patient has exercise-induced angina (98 yes)

8. Excercise-induced ST-segment depression (1.05 mm ± 1.16)

9. Number of major vessels appearing to contain calcium as revealed by cinefluoroscopy
(175 patients with 0, 65 with 1, 38 with 2, 20 with 3)

10. Type of pain a patient experienced if any (49 experienced typical anginal pain, 84
experienced atypical anginal pain, 23 experienced non-anginal pain and 142 patients
experienced no chest pain)

11. Slope of peak exercise ST segment (21 patients had upsloping segments, 138 had flat
segments, 139 had downsloping segments)
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Figure 3.16: Another example from the Stanford Sentiment Analysis Treebank validation set.
Notice how the strongest interact pairs may not necessarily be adjacent words, e.g., “artfully”
and “technical.”
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this is a good script , good dialogue , funny even for adults .
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Figure 3.17: An example from the Stanford Sentiment Analysis Treebank validation set.
Interestingly, the phrase “a good” has a negative interaction. This may indicate saturation
effects, higher order effects, or that the model has simply learned an unintuitive pattern.

prurient playthings aside , there's little to love about this english trifle .
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Figure 3.18: An example from the Stanford Sentiment Analysis Treebank validation set. This
example shows some very intuitive negative interactions among the phrase “there’s little to
love”. Interestingly, “this english” has a positive interaction: perhaps the data set has a bias
for English movies?
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it proves quite compelling as an intense , brooding character study .
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Figure 3.19: An example from the Stanford Sentiment Analysis Treebank validation set. This
also shows intuitive patterns, e.g., “quite compelling” being strongly positive.

12. Whether or not a patient had thallium defects as revealed by scintigraphy (2 patients
with no information available, 18 with fixed defects, 115 with reversible defects and 163
with no defects)

13. Classification of resting electrocardiogram (146 with normal resting ecg, 148 with an
ST-T wave abnormality, and 4 with probable or definite left centricular hypertrophy)

We split the data into 238 patients for training (of which 109 had coronary artery disease)
and 60 for testing (of which 28 have coronary artery disease). We used a two-layer neural
network with 128 and 64 hidden units, respectively, with SoftPlus activation after each layer.
We optimized using gradient descent (processing the entire training set in a single batch)
with an initial learning rate of 0.1 that decays exponentially with a rate 0.99 after each epoch.
We used nesterov momentum with β = 0.9 [276]. After training for 200 epochs, the network
achieved a held-out accuracy of 0.8667, with a 0.8214 true positive rate and a 0.9062 true
negative rate. Note that the hyper-parameters chosen here were not carefully tuned on a
validation set - they simply seemed to converge to a reasonable performance on the training
set. Our focus is not making state-of-the-art predictions or comparing model performance,
but rather interpreting the patterns a reasonable model learns.

To generate attributions and interactions for this data set, we used Expected Gradients
and Expected Hessians, with the training set forming the background distribution. We used
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200 samples to compute both attributions and interactions, although we note this number is
probably larger than necessary but was easy to compute due to the data set’s small size.

Figure 3.20 shows which features were most important for predicting heart disease
aggregated over the entire data set, as well as the trend of importance values. Interestingly,
the model learns some strangely unintuitive trends: if a patient did not experience chest pain,
they were more likely to have heart disease than if they experienced anginal chest pain. This
could indicate problems with the way certain features were encoded, or perhaps data set bias.
Figure 3.21 demonstrates an interaction learned by the network between maximum heart rate
achieved and gender, and Figure 3.22 demonstrates an interaction between exercise-induced
ST-segment depression and the number of major vessels appearing to contain calcium.

In Figure 3.23, we examine interactions with a feature describing the number of major
coronary arteries with calcium accumulation (0 to 3), as determined by cardiac cinefluoroscopy
[55]. Previous research has shown that this technique is a reliable way to gauge calcium
build-up in major blood vessels, and it serves as a strong predictor of coronary artery disease
[55, 15, 169]. Our model correctly learned that more coronary arteries with evidence of
calcification indicate increased risk of disease. Additionally, Integrated Hessians reveals
that our model learns a negative interaction between the number of coronary arteries with
calcium accumulation and female gender. This supports the well-known phenomenon of
under-recognition of heart disease in women – at the same levels of cardiac risk factors,
women are less likely to have clinically manifest coronary artery disease [182].

3.12.2 Pulsar Star Prediction

We used a physics data set to confirm that a model learned a global pattern that was visible
in the training data. We utilized the HRTU2 data set, curated by [181] and originally
gathered by [123]. The task was to predict whether or not a particular signal measured
from a radio telescope was a pulsar star or generated from radio frequency interference
(e.g. background noise). The features included statistical descriptors of measurements made
from the radio telescope. The data set contained 16,259 examples generated through radio
frequency interference and 1,639 examples that were pulsars. The data set had 4 statistical
descriptors — mean, standard deviation, skewness and kurtosis — of two measurements
relating to pulsar stars: the integrated pulse profile (IP) and the dispersion-measure signal-to-
noise ratio curve (DM-SNR), for a total of 8 features. The integrated pulse profile measures
how much signal the supposed pulsar star emits as a function of the phase of the pulsar: as
pulsars rotate, they emit radiation from their magnetic poles, which periodically sweeps over
the earth. We can measure the radiation over time using a radio telescope and aggregating
measurements over the phase to get the IP. Signals that are pulsar stars should in theory have
stronger, more peaked integrated pulse profiles than those generated from radio frequency
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Figure 3.20: A summary of the most important features for predicting heart disease. A
positive attribution indicates increased risk of heart disease (negative value indicates decreased
risk of heart disease). The features are ordered by largest mean absolute magnitude over
the data set. For binary features, high (yellow) indicates true while low (green) indicates
false. For example, for the feature “experienced atypical angina,” yellow means the patient
did experience atypical angina, and green means the patient did not.
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Figure 3.21: An interaction learned by the model between maximum achieved heart rate
during exercise and the gender of the patient. In general, achieving a higher heart rate during
exercise indicated a lower risk of heart disease, but the model learns that this pattern is
stronger for men than for women.

Figure 3.22: An interaction learned between ST-segment depression and the number of major
vessels appearing to contain calcium. The interaction seems to indicate that if a patient
has many vessels appearing to contain calcium, then st-segment depression is less important
toward driving risk, probably because the number of major vessels containing calcium becomes
the main risk driver.
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Figure 3.23: Left: Expected Gradients feature importance of the number of major vessels
with accumulation of calcium as indicated by cardiac cinefluoroscopy. More vessels with
calcium build-up indicated increased risk. Right: Expected Hessians feature interactions
between patient gender and the number of major vessels containing calcium. When the
Expected Hessians interactions are aggregated across the data set, they reveal that our model
has learned that women with calcium deposition in one coronary artery are less likely than
men to be diagnosed with coronary artery disease.
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interference. The DM-SNR curve measures the degree to which phase correction changes the
signal-to-noise ratio in the measured signal. Since pulsars are far away, their radio emissions
get dispersed as they travel from the star to earth: low frequencies get dispersed more than
high frequencies (e.g., they arrive later). Phase correction attempts to re-sync the frequencies;
however, no amount of phase correction should help peak a signal if the signal was generated
from radio frequency interference rather than a legitimate pulsar.

On this task, we used a two-layer neural network with 32 hidden units in both layers and
the SoftPlus activation function after each layer. We optimized using stochastic gradient
descent with a batch size of 256. We used an initial learning rate of 0.1, which decays with
a rate of 0.96 every batch, and nesterov momentum with β = 0.9 [276]. We trained for 10
epochs and used a class-weight ratio of 1:3 negative to positive to combat the imbalance in
the training data set. Again, we note that these hyper-parameters are not necessarily optimal
but were simply chosen because they produced reasonable convergence on the training set.
We split the data into 14,318 training examples (1,365 are pulsars) and 3,580 testing examples
(274 are pulsars) and achieved a held out test accuracy of 0.98 (0.86 TPR and 0.99 TNR).

To generate attributions and interactions for this data set, we used Expected Gradients and
Expected Hessians, with the training set forming the background distribution. We used 200
samples to compute both attributions and interactions, although 200 samples was probably
larger than necessary. In Figure 3.24, we examine the interaction between two key features in
the data set: kurtosis of the integrated profile, which we abbreviate as kurtosis (IP), and
standard deviation of the dispersion-measure signal-to-noise ratio curve, which we abbreviate
as standard deviation (DM-SNR). The bottom of Figure 3.24 shows that kurtosis (IP) is a
highly predictive feature, while standard deviation (DM-SNR) is less predictive. However, in
the range where kurtosis (IP) is roughly between 0 and 2, standard deviation (DM-SNR) helps
distinguish between a concentration of negative samples at standard deviation (DM-SNR) <
40. We can verify that the model we trained correctly learns this interaction. By plotting
the interaction values learned by the model against the value of kurtosis (IP), we see a
peak positive interaction for points in the indicated range and with high standard deviation
(DM-SNR). Interaction values show us that the model has successfully learned the expected
pattern: that standard deviation (DM-SNR) has the highest discriminative power when
kurtosis (IP) is in the indicated range.
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Figure 3.24: Top Left: Attributions to kurtosis (IP) generated by expected gradients. Top
Right: The model learns a peak positive interaction when kurtosis (IP) is in the range [0,
2]. Bottom: A plot of the training data along the axes of the two aforementioned features,
colored by class label. Although kurtosis (IP) seems to be the more predictive feature, in the
highlighted band the standard deviation (DM-SNR) provides useful additional information: a
larger standard deviation (DM-SNR) implies a higher likelihood of being a pulsar star.
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3.13 Supplement: Details for Anti-Cancer Drug Combination Response Predic-
tion

3.13.1 Data Description

As mentioned in Section 6.2, our data set consisted of 12,362 samples (available from the
CTD2 data portal). Each sample contained the measured response of a 2-drug pair tested on
the cancer cells of a patient [286]. The 2-drug combination was described by both a drug
identity indicator and a drug target indicator. For each sample, the drug identity indicator
was a vector xid ∈ R46 where each element represented one of the 46 anti-cancer drugs present
in the data; each element took a value of 0 if the corresponding drug was not present in
the combination and a value of 1 if the corresponding drug was present in the combination.
Therefore, for each sample, xid had 44 elements equal to 0 and 2 elements equal to 1, the
most compact possible representation for the 2-drug combinations. The drug target indicator
was a vector xtarget ∈ R112, where each element represented one of the 112 unique molecular
targets of the anti-cancer drugs in the data set. Each entry in this vector equalled 0 if neither
drug targeted the given molecule, equalled 1 if one of the drugs in the combination targeted
the given molecule, and equalled 2 if both drugs targeted the molecule. The targets were
compiled using the information available on DrugBank [296]. The ex vivo samples of each
patient’s cancer was described using gene expression levels for each gene in the transcriptome,
as measured by RNA-seq, xRNA ∈ R15377. Before training, the data was split into two parts
– 80% of the samples were used for model training, and an additional 20% were used as a
held-out validation set to determine when the model had been trained for a sufficient number
of epochs.

3.13.2 RNA-seq Preprocessing

The cancerous cells in each sample were described using RNA-seq data, i.e., measurements of
the expression level of each gene in the sample. We describe here the preprocessing steps used
to remove batch effects while preserving biological signals. We first converted raw transcript
counts to fragments per kilobase of exon model per million mapped reads (FPKM), a measure
known to better reflect the molar amount of each transcript in the original sample than raw
counts. FPKM accounts for this by normalizing the counts for different genes according to
the length of transcript, as well as for the total number of reads included in the sample [193].
The equation for FPKM is

FPKM =
Xi × 109

Nli
, (3.56)

where Xi is the vector containing the number of raw counts for a particular transcript i

across all samples, li is the effective length of that transcript, and N is the total number of
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Figure 3.25: Neural network architecture for anti-cancer drug combination response prediction.
We learn an embedding from all RNA-seq gene expression features (xRNA) to KEGG pathways
by sparsely connecting the inputs only to nodes corresponding to the pathways of which they
are members. When we calculate feature attributions and interactions, we attribute to the
layer that contains the raw drug inputs and the learned pathway embeddings (layer boxed
with dashed blue line).

counts. After converting raw counts to FPKM, we opted to consider only the protein-coding
part of the transcriptome by removing all non-protein-coding transcripts from the data set.
Protein-coding transcripts were determined according to the list provided by the HUGO Gene
Nomenclature Committee). In addition to non-protein-coding transcripts, we also removed
any transcript that was not observed in > 70% of the samples. Transcripts were then log2
transformed and made 0-mean, unit variance. Finally, the ComBat tool (a robust empirical
Bayes regression implemented as part of the sva R package) was used to correct for batch
effects [159].

3.13.3 Model and Training Description

To model the data, we combined the successful approaches of [220] and [97]. Our network
architecture was a simple feed-forward network (Fig. 3.25), as in [220], where there were two
hidden layers of 500 and 250 nodes, respectively, both with Tanh activation. To improve
performance and interpretability, we followed [97] in learning a pathway-level embedding
of the gene expression data. The RNA-seq data, xRNA ∈ R15377, was sparsely connected
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to a layer of 1077 nodes, where each node corresponded to a single pathway from KEGG,
BioCarta, or Reactome [119, 202, 47]. We made this embedding non-linear by following the
sparse connections with a Tanh activation function. The non-linear pathway embeddings
were then concatenated to the drug identity indicators and the drug target indicators, and
these served as inputs to the densely connected layers.We trained the network to optimize
a mean squared error loss function and used the Adam optimizer in PyTorch with default
hyperparameters and a learning rate equal to 10−5 [131]. We stopped the training when mean
squared error on the held-out validation set failed to improve over 10 epochs, and found that
the network reached an optimum at 200 epochs. For easier calculation and more intuitive
attribution, we attributed the model’s output to the layer with the pathway embedding and
drug inputs rather than to the raw RNA-seq features and drug inputs (see Fig. 3.25).

For this experiment, we calculated all explanations and interactions using the Integrated
Gradients and Integrated Hessians approach, using the all zeros vector as reference and
k > 256 interpolation points.

3.13.4 Biological Interaction Calculation

To evaluate how well the interactions detected by Integrated Hessians matched with the
ground truth for biological drug-drug interactions in this data set, we can use additional single
drug response data (that our model was not given access to) in order to calculate biological
synergy. Drug synergy is the degree of extra-additive or sub-additive response observed when
two drugs are combined as compared to the additive response that would be expected if
there were no interaction between the two compounds. The drug response for a single drug is
measured as IC50single, or the dose of that single drug necessary to kill half of the cells in an
ex vivo sample. The drug response for a drug combination is measured as IC50combination, or
the dose of an equimolar combination of two drugs necessary to kill half of the cells in an ex
vivo sample. The drug synergy between two drugs a and b can be calculated using the CI, or
combination index:

CIa,b =
IC50combination

a

IC50single
a

+
IC50combination

b

IC50single
b

. (3.57)

For CI, a value greater than 1 indicates anti-synergy (negative interaction), while a value
less than 1 indicates synergy (positive interaction). While our model was trained solely to
predict IC50combination, we determined how well the model learned true biological interactions
by using the additional single drug response data to calculate synergy for particular samples.
As described in Section 6.2, when we calculated CI values for all samples in which the
combination of Venetoclax and Artemisinin was tested, then binarized the samples into
synergistic and anti-synergistic, we saw that the Integrated Hessians values were higher in
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the truly synergistic group than in the truly anti-synergistic group (p = 2.31× 10−4). This is
remarkable given that the model had no access to single drug data whatsoever.
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Chapter 4

AI FOR RADIOGRAPHIC COVID-19 DETECTION SELECTS
SHORTCUTS OVER SIGNAL

4.1 Introduction

The prospect of applying artificial neural networks to the detection of COVID-19 in chest
radiographs has generated interest from machine learning (ML) researchers and radiologists
alike, given its potential to (i) help guide management in resource-limited settings that
lack sufficient numbers of the gold-standard reverse-transcription polymerase chain reaction
(RT-PCR) assay, and (ii) clarify cases of suspected false negatives from the RT-PCR assay
[194, 146]. While numerous recent publications and preprints report machine learning models
with high performance at this task [84, 291, 100, 209, 30, 121], the trustworthiness of these
models needs to be rigorously evaluated before deployment in a clinical setting [150].

Our findings in this study support the troubling possibility that these models fail to learn
the true underlying pathology reflecting the presence of COVID-19 and instead leverage
spurious associations between presence or absence of COVID-19 and radiographic features that
reflect variations in image acquisition, i.e., “shortcuts” [79]. While such spurious associations
may arise in any dataset, we observed that many recent ML models for radiographic detection
of COVID-19 were trained using data with the potential for near worst-case confounding:
these datasets are composed of an exclusively COVID-19 negative source and a COVID-19
positive source, such that any systematic differences between the sources correlate perfectly
with COVID-19 status [84, 291, 100, 209, 30, 121]. Similar combinations of data sources,
where the source label correlates with disease status, have also been used to train AI systems
for detection of COVID-19 in computed tomography scans [98] (though the non-public nature
of the data precludes experimental verification of the extent of shortcut learning in this
setting) and for other medical imaging tasks [152, 4], implying that our findings have broad
implications to the field of medical machine learning.

In this study, we evaluate the trustworthiness of recent deep learning models for COVID-19
detection from chest radiographs. After training deep convolutional neural networks [104, 142]
(Methods, Fig. 4.7) in the manner of these previous publications [84, 291, 100, 209, 30, 121],
we evaluate their performance in new hospital systems. Then, we interrogate the extent
to which these models rely on confounds by identifying the most important image features
using state-of-the-art explainable AI techniques, including both saliency maps and generative
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adversarial networks (GANs) [274, 313, 261, 65]. These inquiries reveal how seemingly high-
performance AI systems may derive the majority of their performance from the exploitation
of undesired shortcuts, highlighting the need to verify that AI systems rely on the desired
signals. Finally, we evaluate several methods to alleviate the problem of shortcut learning
in this setting, demonstrating the importance of improved data quality for the creation of
robust and useful models.

4.2 Results

4.2.1 Overview of the experimental approach

Before examining our main results, we first outline our experimental approach (Fig. 4.1a).
To begin, we reviewed the literature to examine the datasets and models used for detection
of COVID-19 from chest radiographs, with attention toward studies with the potential for
“worst-case confounding.” After choosing representative networks, we build two datasets:
one that reproduces the data used in previous studies, and a second that enables external
validation on new hospitals. In a first experiment, we evaluate models that were trained on
one dataset using test images from the other dataset, under the expectation that a model
that relies on valid medical pathology–which should not change between datasets–should
maintain high performance. We then probe deeper into specific shortcuts that these models
leverage, using techniques from explainable AI.

In a “model-centric” approach, which focuses on the specific portions of the radiographs
that contribute most to the predictions of our models in particular, we build saliency maps
using Expected Gradients [65]. In essence, this approach attributes importance to each
pixel of a radiograph based on the gradients of our models, while avoiding issues such as
saturation or an arbitrary choice of baseline. We complement this model-centric approach
with a data-centric approach, which focuses on the key aspects of the data that could
be used to distinguish COVID-19 positive and COVID-19 negative cases. Specifically, we
apply generative adversarial networks (CycleGANs[313]) to transform COVID-19 positive
radiographs to appear COVID-19 negative and vice versa, in the sense that key image features
are transformed, such that a network can no longer discriminate between the real images
of a given pathology label and the transformed images from the opposite class[261]. Rather
than use our classifier networks to perform this discrimination task, we instead train new
discriminator networks simultaneously with generator networks that transform the images,
such that this experiment focuses on key aspects of our data, rather than our classifiers in
particular.

To further validate these findings, we go on to perform “region-swapping” experiments, in
which we swap out portions of radiographs that our explainable AI approaches identify as
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important, with the expectation that changes to truly important regions will have a large
impact on our classifiers’ outputs. We conclude by evaluating approaches to mitigate shortcut
learning from the perspectives of both generalization performance and model explainability.

4.2.2 Literature review of model and dataset construction

In our investigation, we aimed to determine the extent to which shortcut learning affects AI
systems for COVID-19 detection in chest radiographs, which is complicated by the diversity
of these systems. We therefore trained a series of ten models with varied architectures,
including state-of-the-art networks that were tailor-made for detection of COVID-19 in chest
radiographs[310, 291, 209] and multiple “off-the-shelf,” general-purpose architectures.[104,
241, 301, 142] For our primary models, we chose a network based on the DenseNet-121
architecture[104], which we judged faithfully replicated the modeling choices of recent high-
performance models for COVID-19 classification, while also following established best practices
for classification of pathologies from chest radiographs using deep learning. Alongside these
primary models, we also investigate multiple secondary models, to help probe the generality
of our findings and the extent to which they apply to AI systems found in the wild. These
secondary models include: the COVID-Net network, which was custom designed for detection
of COVID-19 via a machine-based architecture search[291]: the DarkCovidNet model, which
was modified from a standard Darknet-19 model for the purpose of COVID-19 detection[209];
and the CV19-Net model[310], which was built by ensembling twenty DenseNet-121 networks
and motivates our primary model, which uses the same architecture without ensembling, given
that ensembling did not provide performance gains but substantially increases computational
complexity (see Results Section 4.2.3 “Evaluation of models on new hospital systems”).

To train and evaluate these models, we created two datasets (Fig. 4.1a). Dataset I consisted
of COVID-19 positive radiographs from the GitHub-COVID repository [43], which aggregates
radiographs from publication figures and other online sources with varied geographic origin.
We supplemented these with COVID-19 negative radiographs from the National Institutes of
Health’s (NIH) ChestX-ray14 repository [292], which originates from a single hospital in the
United States.

Dataset I is similar to the datasets used for training in recent publications on AI for COVID-
19 detection [291, 100, 84, 209, 121, 30]. Specifically, four of these publications[84, 100, 209, 30]
combine the GitHub-COVID repository with either the NIH repository[292] or the similar
Radiological Society of North America pneumonia dataset [205], which was derived from
the NIH repository; two others[291, 121] similarly combine these repositories and then
supplement with additional COVID-19+ images from other online repositories, many of
which have since been added to the GitHub-COVID repository. Given the continually
evolving nature of many of these repositories, the precise set of images used in each study
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Figure 4.1: Overview of the study design. a, A neural network model is trained to
detect COVID-19 using radiographs from either of two datasets, and then evaluated on
both datasets to learn how performance may drop in deployment (i.e., a generalization gap).
Intepretability methods are then applied to infer what the model learned and which features
were important for its decisions. Whereas Dataset I draws radiographs from multiple hospital
systems as well as cropped images from publication figures, Dataset II draws radiographs from
multiple hospitals from a single regional hospital system. b, Characteristics of the datasets
used in this study. c, Model evaluation scheme (top) and corresponding receiver operating
characteristic (ROC) curves (bottom), which indicate the performance of our neural network
models evaluated on both an internal test set (new, held-out examples from the same data
source as the training radiographs) and an external test set (radiographs from a new hospital
system). Inset numbers indicate area under the ROC curves, where larger area corresponds
to higher performance (AUC, mean ± standard deviation). The difference between internal
and external test set performance is the generalization gap.
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remains unclear, and additional uncertainty is introduced by the dearth of documentation
on the source of some images or the validity of their labels (e.g., in the ActualMed and Fig-
ure 1 databases at https://github.com/agchung/Actualmed-COVID-chestxray-dataset
and https://github.com/agchung/Figure1-COVID-chestxray-539dataset). This uncer-
tainty notwithstanding, our core observation is that numerous well-cited studies build their
datasets by gathering COVID-19+ radiographs from varied sources, as exemplified most
thoroughly by the GitHub-COVID repository (in which the image sources and labeling method
are clearly documented), and then combining these with COVID-19 negative radiographs
originating from the NIH repository, such that we judge our Dataset I fairly represents the
key aspects of the data used in these prior works. Other publications[310, 294, 160, 196],
which generally use non-public data that precludes our ability to audit their models, do not
share this issue of strong correlation between data source labels and COVID-19 status, but
based on our review of the literature, we find this issue in an alarming proportion of the
publications, including many of the most high profile studies[291, 100, 209].

Unlike the datasets used in recent publications, which collected COVID-19 positive and
negative images from disparate sources, Dataset II corresponds to a seemingly more ideal
case where both COVID-19 positive and negative images were drawn from similar sources.
This dataset, which comprises the PadChest and BIMCV-COVID-19+ repositories (Fig.
4.1a-b), consisted of radiographs from a single region and published by a shared research
team, though BIMCV-COVID-19+ represents a greater diversity of hospitals than PadChest,
and the repositories were acquired over different time periods [33, 288].

4.2.3 Evaluation of models on new hospital systems

After training on Dataset I, we evaluated our models for reliance on confounding factors
by comparing the predictive performance on an internal test set (new, held-out radiographs
from Dataset I) to performance on external radiographs from Dataset II. While our models
attain high performance on internal test data, half of the model’s predictive performance is
lost when testing on Dataset II (Fig. 4.1c, left). This performance drop (i.e., generalization
gap) suggests these models rely on source-specific confounds in the radiographs, as we would
expect models that use genuine markers of pathology to generalize well [79]. This finding
held true for all nine additional architectures we examined, including those that were custom
tailored in recent studies for detection of COVID-19 in radiographs (Fig. 4.8-4.9).

While we initially expected that a dataset built from radiographs drawn from a single
region would be less likely to contain spurious correlations that enable ML models to take
shortcuts, we found that models trained on Dataset II also exhibit high performance on
internal test data and low performance on external test data (Fig. 4.1c, right, and Fig.
4.8). Thus, dataset-level confounding may pose a severe issue even in datasets derived from
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more similar sources, such as hospitals from a single region, contrary to the conclusions of
contemporary work [184]. These findings argue for routine reporting of metadata on potential
patient, hospital system, and preprocessing confounds. By illuminating the construction of
radiographic datasets in greater detail, these data will make it easier for domain experts to
identify likely sources of confounding. Additionally, these metadata enable the construction of
models that explicitly control for confounds, providing a route to AI systems that generalize
well even in the context of confounded training data [36, 113]. In contrast, we note that a
popular set of approaches to improve generalization performance, known as “unsupervised
domain adaptation,” are precluded by the presence of worst-case confounding because these
methods rely on learning models invariant to data-source labels, which will be perfectly
correlated with the pathology labels [77].

4.2.4 Alternate hypotheses do not explain poor generalization

To verify the hypothesis that exploitation of dataset-specific confounding leads to poor
generalization performance, we investigated alternative explanations for the generalization
gap. Previous publications have suggested that more complex models, i.e., those with
higher capacity, may be particularly prone to learning confounds [240], so we evaluated the
generalization performance of simpler models, including a logistic regression and a simple
convolutional neural network architecture, but found that the generalization gap did not
improve (Fig. 4.9). This result further supports the broad applicability of our findings, since
the generalization gap was present regardless of network architecture, aligning with a previous
study which showed that radiograph classification performance is robust to neural network
architecture [28]. Likewise, we found that replacing the multi-label classification scheme of
our original models with a simpler single-label classification scheme (see Methods Section
4.1) did not improve generalization performance.

In addition to the choice of model architecture, an alternative explanation for poor
generalization performance is that, rather than the model learning a spurious correlation
that does not generalize, the model learns a genuine relationship between a radiograph’s
appearance and its COVID-19 label that still does not generalize. One such scenario is that
the COVID-19 detection task differs between training and test-time, which may occur in our
datasets given that most of the images in the GitHub-COVID dataset were cropped from
scientific publications and thus are perhaps more likely to show radiographic evidence of
COVID-19, while labels in the BIMCV dataset are derived solely from RT-PCR or serology,
and therefore may or may not feature radiographic evidence of COVID-19. However, when
we modified the label scheme of BIMCV-COVID-19+ such that radiographs are only labelled
positive if a radiologist noted evidence of COVID-19, the generalization gap persisted (Fig.
4.10), suggesting that such concept shift between training and test time does not explain the
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performance difference and leaving the use of spurious correlations as the best explanation
[223].

4.2.5 Explainable AI identifies spurious confounders

We further interrogated the trained AI models using saliency maps [225, 192, 274], which
highlight the regions of each radiograph that contribute most to the model’s prediction
(Supplementary Note and Fig. 4.11), to determine specific confounds that deep convolutional
networks for COVID-19 detection exploit. While our saliency maps sometimes highlight
the lung fields as important (Fig. 4.2a), which suggests that our model may take into
account genuine COVID-19 pathology, the saliency maps concerningly also highlight regions
outside the lung fields that may represent confounds. The saliency maps frequently highlight
laterality markers that originate during the radiograph acquisition process (Fig. 4.2a and
Fig. 4.12), which differ in style between the COVID-19-negative and COVID-19-positive
datasets, and similarly highlight arrows and other annotations that are uniquely found in the
publication-sourced radiographs of the GitHub-COVID data source [43] (Fig. 4.13), which
aligns with a previous study finding that ML models can learn to detect pneumonia based
on spurious differences in text on radiographs [305]. Our saliency maps also indicate that
the image edges, the diaphragm, and the cardiac silhouette are important for our models’
predictions of a patient’s COVID-19 status, though these regions are not among those routinely
used by radiologists to assess for COVID-19 [200] and instead likely reflect dataset-level
differences in patient positioning and radiographic projection, i.e., anterior-posterior (AP) vs.
posterior-anterior (PA) view [113]. Reliance on such confounds, which do not consistently
correlate with COVID-19 status in outside datasets, helps explain the previously observed
poor generalization performance.

To further investigate what features could be used by an ML model to differentiate
between the COVID-19 positive and COVID-19 negative datasets, we trained generative
adversarial networks (GANs) to transform COVID-19 negative radiographs to resemble
COVID-19 positive radiographs and vice versa. This technique should capture a broader
range of features than saliency maps, as the GANs are optimized to identify all possible
features that differentiate the datasets. Consistent with our knowledge of how radiologists
detect evidence of COVID-19 in chest radiographs, the GAN increases the radiopacity or
radiolucency of the lung fields bilaterally to respectively add or remove evidence of COVID-19,
indicating that neural network models are capable of learning genuine markers of COVID-
19 (Fig. 4.2b, blue boxes, and Figs. 4.14 and 4.15). However, the generative networks
frequently add or remove laterality markers and annotations (Fig. 4.2b, solid red boxes),
reinforcing our observation from saliency maps that these spurious confounds also enable ML
models to differentiate the COVID-19 positive and COVID-19 negative radiographs. The
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Figure 4.2: Explainable AI visualizes image factors important for deep neural
networks trained to detect COVID-19 in radiographs. a, Saliency maps for our neural
network models indicating the regions of each radiograph with the greatest influence on the
model’s prediction. Top, in a COVID-19 negative radiograph, in addition to the highlighting
in the lung fields (open arrow), the saliency maps also emphasize laterality tokens (closed
arrow). Middle, in a COVID-19 positive radiograph, the most intensely highlighted regions
of the image are the bottom corners (arrows) outside of the lung fields. Bottom, in a COVID-
19 positive radiograph, the only highlighted region is the diaphragm (arrow). Colorbar
indicates saliency map pixel importances by percentile. (Caption continued on next page. b,
Radiographs and their corresponding transformations by a generative adversarial network
(GAN), illustrating systematic differences that enable neural networks to differentiate between
COVID-19 positive and negative radiographs. COVID-19 negative images are transformed
by the GAN to appear as if they were COVID-19 positive, and vice versa. Comparison of
images before and after transformation with a GAN visualizes important image features for
COVID-19 prediction. Blue boxes indicate alterations to the opacity of the lung fields, which
may represent the network’s attention to genuine COVID-19 pathology. Red solid boxes
indicate altered laterality markers, and red dashed boxes indicate altered radiopacity at the
image borders, both of which may spuriously correlate with a patient’s COVID-19 status in
the training data. Image credit for bottom image of panel a (not modified) and bottom right
images of upper half of panel b (modified by annotation and transformation by CycleGAN):
Winther, H., Laser, H., Gerbel, S., Maschke, S., Hinrichs, J., Vogel-Claussen, J., Wacker, F.,
Hoeper, M., & Meyer, B.; CC-BY 3.0 license, doi:10.6084/m9.figshare.12275009.
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generative networks additionally alter the radiopacity of image borders (Fig. 4.2b, dashed red
boxes), supporting our previous assertion that systematic, dataset-level differences in patient
positioning and radiographic projection provide an undesirable shortcut for ML models
to detect COVID-19. Given this strong evidence that ML models can leverage spurious
confounds to detect COVID-19, we also investigated the extent to which our classifiers, in
particular, relied upon the features altered by the GAN. We found that images transformed
by the GANs were reliably predicted by the classifiers to be the transformed class rather
than the original class (Fig. 4.16), demonstrating that the majority of features used by our
classifiers were altered by the GAN, i.e., the features identified by the GAN are approximately
a superset of those used by the classifiers. Thus, the image transformations from the GANs
enable us to see hypothetical versions of the same radiographs that would have caused our
classifiers to predict the opposite COVID-19 status.

4.2.6 Experimental validation of factors identified by interpretability methods

We next aimed to experimentally validate the importance of spurious confounds to our models
by manually modifying key features (Fig. 4.3a-b). We first swapped laterality markers from a
COVID-19 positive and COVID-19 negative image, and found that introduction of a laterality
marker more common in COVID-19 positive images increased the models’ predicted odds
that the patient had COVID-19, while the converse also held. As a control, we compared
to randomly swapped image patches of the same size and found that the change in model
output from swapping laterality markers is significantly greater than expected by random
(Fig. 4.3a), indicating that laterality markers are key features leveraged by our models to
determine a patient’s COVID-19 status. While these markers vary consistently between the
datasets (Fig. 4.4, 4.13, 4.14, and 4.15), these markers would not reliably indicate COVID-19
status in more general settings. We similarly investigated the shoulder region of radiographs,
which was frequently highlighted as an important feature in our saliency maps (Fig. 4.13),
and found that moving the clavicle region of a radiograph to the top border of the radiograph
increased the model’s predicted odds that the patient has COVID-19 (Fig. 4.3b and 4.17),
suggesting that the models leverage the consistent but medically irrelevant difference in
patient positioning between the COVID-19 negative and COVID-19 positive data sources.
To verify whether these findings held on a population basis, we sampled a random subset of
the radiographs and repeated our experiments involving the swapping of laterality markers
and movement of the shoulder region (Fig. 4.18), which confirmed that our models indeed
leverage these shortcuts throughout the dataset.
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Figure 4.3: Experimental confirmation of insights from saliency maps and Cycle-
GANs via radiograph modification. a, (Left) Text markers on radiographs are highlighted
by saliency maps as important for COVID-19 prediction. The exchange of laterality markers
between a pair of COVID-19 + and COVID-19 - images significantly shifts the output when
compared to swapping random patches of the same size: ∆ positive image (log odds) = −5.63

(empirical p-value = 9.99× 10−4 based on Monte Carlo substitution of random image patches,
n=1000); ∆ negative image (log odds) = 13.85 (p = 5.00× 10−3, n=1000) (Methods Sections
4.5 and 4.6). Gray dots in the distribution plots (right) correspond to the change in model
output after swapping random image patches, which were used as a negative control, while
the red dots correspond to the change in model output for the radiographs with swapped
laterality markers. b, Positioning of patient shoulders may impact COVID-19 prediction.
Saliency maps highlight the shoulder region as important predictors of COVID-19 positivity
after (but not before) this region is moved to the top of the image (left). This patch increased
model output significantly more than random patches of the same size moved to the same
corners (∆ = 6.57, empirical p-value = 5.00× 10−3, n=1000). Gray dots in the distribution
plot (Right) correspond to radiographs with randomly selected patches, while the red dot
corresponds to the radiograph with the shoulder regions moved.
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4.2.7 Shortcuts have a variable effect on generalization

Importantly, some shortcuts will impair generalization performance, while other shortcuts
will not; while the large generalization gap is explained well by shortcut learning, a portion
of the remaining external test set performance may still be due to shortcuts that happen to
generalize for our datasets. Both types of shortcut are undesirable, since even those that
generalize between our datasets may not consistently generalize to other settings, and the use
of clinical rather than strictly radiological information extracted from these radiographs may
be redundant, depending on the clinical workflow.

To analyze which shortcuts may contribute to poor generalization, we considered clinical
metadata and average images from each repository (Fig. 4.4). Among the shortcuts that do
not generalize are the textual markers, which were clearly identified by our explainability
approaches as important for prediction of COVID-19 but appear differently in the COVID-
19 negative and COVID-19 positive images from each repository (Fig. 4.4). In addition,
the radiographic projection, which may contribute to (but does not completely explain)
the importance of the image edges and shoulder position, does not generalize between the
datasets (Fig. 4.1b, “% AP images” row) and therefore may contribute to poor generalization
performance.

Among the shortcuts that do generalize (at least between our datasets) are aspects of
patient positioning that do not result from the radiographic projection. These aspects of
patient positioning also likely contribute to the previously observed importance of image edges
and shoulder position, and they maintain a consistent relationship with COVID-19 negative
and COVID-19 positive radiographs in each dataset (Fig. 4.4), despite the inconsistent
relationship of the radiographic projection with COVID-19 status. An additional factor
that may generalize well is patient sex, since within both datasets, a higher proportion of
males were COVID-19 positive. Taken together with our observation that half of our models’
performance is attributable to confounds that do not generalize well, we conclude that only a
minority of our models’ performance is attributable to monitoring for genuine COVID-19
pathology.

Given that radiographic projection and patient sex are diffusely represented in radiographs
and therefore less clearly pointed out by our explainability approaches, we additionally
validated whether our models could leverage these factors as shortcuts. We reasoned that for
a model to be able to leverage these concepts as shortcuts, the same model (when retrained)
must be able to predict these concepts well. Indeed, our models accurately predict both
the radiographic projection and patient sex for both internal and external test data (Fig.
4.5), which supports that these concepts are easily learned and available to be leveraged
as shortcuts. Considering that these concepts are easily learned and are also predictive of
COVID-19 status (i.e., they are correlated with COVID-19 in our datasets), we judge that
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our networks likely incorporate this information to predict COVID-19 status.

4.2.8 Improved data mitigates shortcut learning

Given this strong evidence that neural networks leverage dataset-level differences as shortcuts
for COVID-19 status, we inquired to what extent this issue might be mitigated. While
an initial hypothesis may be that the choice of neural network architecture determines the
propensity for shortcut learning, all architectures that we examined displayed similar evidence
for shortcut learning, as quantified by the generalization performance (Fig. 4.8). While our
tests hinted that data augmentation may help alleviate shortcut learning, the effect was small
and not statistically significant (Fig. 4.8b; external test set ROC-AUC of 0.76 ± 0.04 vs.
0.79 ± 0.03 before and after data augmentation, respectively, when trained on dataset I, p =
0.22, U = 6 based on a Mann-Whitney U -test; external test set ROC-AUC of 0.70 ± 0.05 vs
0.69 ± 0.05 before and after data augmentation, respectively, when trained on dataset II, p
= 1.00, U = 13 using Mann-Whitney U -test).

In principle, an attractive solution to mitigate shortcut learning is to remove the image
factors that the models leverage as shortcuts. However, in practice, it is difficult to remove
all such image factors. As a simple test case, we inquired whether removing textual markers
by cropping to the center 75% of each radiograph would reduce shortcut learning and
thus improve generalization performance. After retraining our models on these cropped
radiographs, we found that such cropping does not improve generalization performance (Fig.
4.19), which naïvely may suggest that these textual markers do not contribute to shortcut
learning. However, considering the consistent identification of this factor by saliency maps,
the CycleGANs, and manual image modifications (Fig. 4.2a-b, Fig. 4.3a), a more likely
explanation is that a multitude of redundant shortcuts exist, such that a model may shift its
attention toward other shortcuts in absence of a particular shortcut; conjecturally, such image
attributes could include the size of the lung fields relative to the image, the positioning of the
scapular shadows, the size of the cardiac silhouette, image intensities, or textural features
that enable inference of the data source.

Perhaps a more reliable solution to remove the image factors that enable shortcut learning
is to simply collect data that is less confounded. To test this hypothesis, we created a third
dataset (Dataset III) to represent a nearly optimal case; the COVID-19 positive and negative
cases were taken from the BIMCV-COVID-19+ repository and its paired BIMCV-COVID-
19− repository (https://bimcv.cipf.es/bimcv-projects/bimcv-covid19/), respectively,
which were collected from the same hospitals over the same time period (Fig. 4.20). If
this near-optimal dataset solved the “shortcut problem,” then we would expect that models
trained on these data may (i) attain higher performance on an external test set, since bonafide
pathology should transfer between datasets while shortcuts may or may not, and (ii) exhibit
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Figure 4.6: Mitigation of shortcut learning via collection of improved data. a, To
evaluate whether improved data collection mitigates shortcut learning, we train classifiers on
dataset II and dataset III, then test both on the same external data (dataset I). b, Evaluation
of generalization performance as measured by receiver operating characteristic (ROC) curves.
Inset values indicate area under the ROC curve (AUC, mean ± standard deviation, n=5).
*p = 0.016 based on a two-tailed Mann-Whitney U -test (corresponding U=-2.4).

a lower generalization gap, in the sense that performance on an internal test set would not
as drastically misrepresent the true performance, as measured on external data. We trained
models to detect COVID-19 in Dataset III and then tested these models on external data
from Dataset I, and compared these results to models that were trained on Dataset II and
tested on Dataset I. Despite that Dataset III contains approximately 1/20th the images of
Dataset II, it attains significantly higher performance on external data (Fig. 4.6), and exhibits
little generalization gap (Fig. 4.21), suggesting that collection of less confounded data indeed
alleviates the issue of shortcut learning. Furthermore, saliency maps for the model trained on
Dataset III tend to attribute more importance to the lung fields, where COVID-19 pathology
would be expected, than to potentially confounding regions, as compared to the equivalent
saliency maps generated for the model trained on Dataset II (Fig. 4.22), though the saliency
maps still show some attention toward shortcuts. Taken together, these findings argue for
careful collection of data so as to minimize potential for shortcut learning, with continued
caution that improved data collection may only partially solve the problem.
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4.3 Discussion

ML models that were built and trained in the manner of recent studies generalize poorly and
owe the majority of their performance to the learning of shortcuts. This undesired behavior
owes partially to the synthesis of training data from separate datasets of COVID-19 negative
and COVID-19 positive images, which introduces near worst-case confounding and thus
abundant opportunity for models to learn these shortcuts. Importantly, since undesirable
“shortcuts” may be consistently detected in both internal and external domains, our results
warn that external test set validation alone may be insufficient to detect poorly behaved
models.

Previous studies also audited AI systems for detection of COVID-19 in radiographs, with
mixed success at identification of shortcuts. In a simple yet clever approach, one study
found that models retain high performance when examining only the borders of radiographs,
such that genuine COVID-19 pathology was removed from the images[184]. This study
concurs with our findings but comments primarily on the possibility of this issue rather than
its occurrence in the wild, though it is nonetheless alarming. The study that introduces
the COVID-Net model also audits its model, using a saliency map approach known as
“GSInquire,” but in contrast does not identify evidence of shortcut learning in a set of three
published images[291]. Given the similarity of that study’s training data to our own Dataset
I and the large generalization gap that we observe with the same architecture, we suspect
shortcut learning likely indeed occurred, and it remains unclear whether auditing decisions
about additional radiographs beyond the three presented would have revealed evidence of
shortcut learning, or if the GSInquire approach, which is not available through a public-facing
repository, fails to identify the shortcuts. A number of other studies that involve datasets with
severe confounding between pathology and image source [84, 100, 209, 30, 121] similarly audit
their models using saliency map approaches (most prominently, the Grad-CAM approach
[250]) and report findings on one to three radiographs, without noting evidence of shortcut
learning. Based on this pattern, we recommend that researchers examine and report results
from explainable AI or saliency map approaches on a population level, employing a sampling-
based approach as necessary, and to remain skeptical of high performances in the absence
of external validation. Moreover, we find that population-level audits using saliency maps
are highly labor intensive to perform in a rigorous manner and may depend on domain
knowledge, which motivates future approaches for explainable AI in medical imaging that
simplify population-level analysis.

Our findings support common-sense solutions to alleviate shortcut learning in AI systems
for radiographic COVID-19 detection, including (i) improved collection of training data,
i.e., data in which radiographs are collected and processed in a way matching the target
population of a future AI system and (ii) improved choice of the prediction task to involve
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more clinically relevant labels, such as a numeric quantification of the radiographic evidence
for COVID-19 [160, 298]. However, we demonstrate that shortcut learning may occur even
in a more ideal data collection scenario, highlighting the importance of explainable AI and
principled external validation. While AI promises eventual benefits to radiologists and their
patients, our findings demonstrate the need for continued caution in the development and
adoption of these algorithms [150].

4.4 Methods

4.4.1 Model architecture and training procedure

For our primary neural network, we used a convolutional neural network with the DenseNet-
121 architecture to predict the presence versus absence of COVID-19 [104]. This architecture
has not only been used in a variety of recent models for COVID-19 classification [291, 100],
but has also been used for the diagnosis of non-COVID pneumonia [225, 113], as well as for
more general radiographic classification [76].

Following the approach in recent COVID-19 models [291, 100], we first pre-trained the
model on ImageNet, a large database of natural images [53]. Forcing models to first learn
general image features should also serve as an inductive bias to prevent overfitting on domain-
specific features [113]. After ImageNet pre-training, the final 1000-node classification layer of
the trained ImageNet model was removed and replaced by a 15-node layer, corresponding to
the 14 pathologies recorded in the ChestX-ray14 dataset plus an additional node corresponding
to COVID-19 pathology; while only the prediction for COVID-19 was used for evaluating
the model, we followed previous works that showed simultaneous learning of multiple tasks
was useful for achieving highest predictive performance [225]. To obtain a consistent label
scheme, labels in the GitHub-COVID, PadChest, and BIMCV-COVID-19+ repositories were
mapped to the 14 ChestX-ray14 categories.

The model was optimized end-to-end using mini-batch stochastic gradient descent with
a batch size of 16, momentum parameter of 0.9, weight decay of 10−4, and learning rate of
0.01, which was decreased by a factor of 10 every 5 epochs. We chose a binary cross entropy
loss as the optimization criterion. To prevent overfitting, we monitored the area under the
ROC curve (AUROC) for COVID-19 classification on a held-out validation set, and chose the
epoch with the highest validation AUROC as the final model. All models were trained for 30
epochs, which was long enough for all models to reach a maximum in the validation AUROC.
All models were trained using the PyTorch software library [211], version 1.4, on NVIDIA
RTX 2080 TI graphics processing units and required approximately 5 hours of training time
per replicate.

We additionally examined three architectures that were designed in previous publications
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specifically for the task of COVID-19 detection, with the hypothesis that these specialized
architectures may better learn genuine COVID-19 pathology and generalize better to external
data. These architectures include CV19-Net[310], DarkCovidNet[209], and COVID-Net[291].
We trained these models on datasets I and II, following the image pre-processing procedures,
data augmentation pipelines, and optimization schemes used in the original publications (we
note that while dataset I is analogous to the original datasets used to train DarkCovidNet and
COVID-Net, CV19-Net was trained on data that is not publicly available). For both CV19-Net
and DarkCovidNet, the base architectures were dowloaded from the torchvision library[210],
then modified to match the descriptions in each respective paper. The COVID-Net network
was adapted from an open-source, PyTorch implementation (by Ilias Papastratis; https:
//github.com/iliasprc/COVIDNet). For the CV19-Net paper, the data augmentation
pipeline was altered to match the pipeline in the original paper: when loading images, each
radiograph is additionally randomly flipped with probability 0.5 then rotated between −30
and 30 degrees. To disentangle performance differences due to the ensembling present in the
CV19-Net architecture from performances differences due to the change in data augmentation,
we also trained a single DenseNet-121 model with the same data augmentation steps as
the CV19-Net. In the case of the CV19-Net and DarkCovidNet, we maintained the same
multilabel classification task (i.e., the 14 ChestX-ray14 labels plus a label for COVID-19)
to facilitate optimal comparison between architectures. In the case of the COVID-Net
architecture, due to problems with vanishing and exploding gradients when using the full
multilabel classification task, we reduced our full label set to only the 3 labels used in the
COVID-Net paper (COVID-19 Pneumonia, Non-COVID Pneumonia, No Pneumonia). We
also trained additional, popular architectures that were not tailored specifically for COVID-19
detection, including MobileNetv2[241] and ResNeXt-50[301]. These networks were again
modified from the ImageNet-pretrained base models in the torchvision library [210]. We
trained these architectures using the same pre-processing scheme and optimization parameters
as our DenseNet-121 models, again replacing the standard, 1000-label classification layers
with an analogous layer for our 15 labels.

To test the hypothesis that lower-capacity models may not learn spurious correlations
[240], we also trained two lower-capacity models. The first, an AlexNet model [142], was
trained in the same manner as the DenseNet-121, with the weights randomly initialized rather
than pretrained on ImageNet. The second was a logistic regression with “deep features”:
since individual pixels do not have stable semantic meaning over different samples in the
dataset, we first extract a set of 1024 higher-level features using the feature embedding (i.e.,
the activations of the penultimate layer) of a DenseNet-121 trained on ImageNet and then fit
a logistic regression to these fixed features. This procedure is accomplished by training the
DenseNet-121 architecture with the weights of its feature embedding subnetwork frozen. The
AlexNet and logistic regression were optimized using the same training parameters as the full
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DenseNet-121 model specified above. The fact that lower-capacity models did not generalize
better in our setting may be due to the fact that Sagawa et al. focus on a reweighted training
scheme [240], while our models were trained to minimize empirical risk in order to replicate
the training schemes used by recent COVID-19 detection models (see above).

4.4.2 Datasets and preprocessing

To train and evaluate our models, we combined images from five large open-access repositories
of chest radiographs into three datasets (Fig. 4.1a). The first, which we refer to as Dataset I,
was designed to replicate the datasets used to develop and evaluate the most popular COVID-
19 diagnostic models [291]. In this dataset, we collected COVID-19 negative images from the
NIH ChestX-ray14 repository, representing 112,120 radiographs from 30,805 patients from the
NIH Clinical Center [292]. We collected COVID-19 positive images from the GitHub-COVID
repository [43] (commit ID 9b9c2d5), representing 408 radiographs from 262 patients, where
this data was originally collected from figures in scientific publications and assorted web
sources of COVID-19 positive cases.

The second dataset, which we refer to as Dataset II, was designed to represent a more
ideal case in terms of domain confounding – both COVID-19 positive and COVID-19 negative
images were acquired from hospitals from a common region and were published by a shared
research team. We collected COVID-19 negative images from the PadChest repository,
representing 96,270 radiographs from 63,939 patients from a hospital in Valencia, Spain [33].
The COVID-19 positive images in our dataset were taken from the BIMCV-COVID-19+
dataset (version 1), which represents 1,596 images from 1,015 patients (after exclusions), from
the same regional hospital system in Valencia, Spain [288]. We note that while PadChest
and BIMCV-COVID-19+ originate from the same region, potential for confounding remains
since (i) PadChest was collected from a single hospital whereas BIMCV-COVID-19+ was
collected from multiple hospitals, and (ii) the repositories were collected over different time
periods, over which image acquisition techniques may have changed.

The third dataset, referred to as Dataset III, was designed to represent the most ideal case
in terms of domain confounding. Unlike dataset II, the COVID-19 positive and COVID-19
negative images were collected from not only the same region, but from the same hospitals
and over the same time period. Like dataset II, the COVID-19 positive images were collected
from the BIMCV-COVID-19+ repository. The COVID-19 negative images were taken from
the corresponding BIMCV-COVID-19− repository, which includes 3086 images from 2327
patients (after exclusions).

Following the recommendations by Cohen et al. [43], we filtered radiographs from the
online repositories to include only PA and upright AP radiographs. Lateral radiographs, AP
supine radiographs, radiographs with unknown projections, and computed tomography scans
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were excluded from the datasets. Images with absent radiographic windowing information,
which was necessary to display radiographs from the BIMCV-COVID-19+ and BIMCV-
COVID-19− repositories, were also excluded.

We partitioned each repository into training, validation, and test folds, ensuring that all
radiographs of any given patient belong to a single fold. Since the ChestX-ray14 dataset
specifies a “test” partition, we used these radiographs as part of our dataset I test fold. Of the
remaining portion, 5% were reserved as a validation fold, while the rest were used directly for
training. In the PadChest, BIMCV-COVID-19+, and BIMCV-COVID-19− repositories, we
reserved 5% of the radiographs for testing, and 5% of the remaining radiographs for validation.
Due to the smaller size of the GitHub-COVID repository, we reserved 10% of the radiographs
for testing, and 10% of the remaining radiographs for validation. With the exception of the
ChestX-ray14 test fold, which was held fixed as explained above, the folds were drawn at
random for each model replicate.

4.4.3 Model interpretability using saliency maps

To generate saliency maps, which enable interpretation of machine learning models by
assigning importance values to each pixel of an input image, we apply a state-of-the-art
approach known as Expected Gradients [65]. Broadly, this approach captures the notion of
“importance” by tracking how each pixel of an image impacts the output of the model when
contrasted with a set of noninformative baseline examples, where the impact is measured by
accumulating the model’s gradients (a mathematical measure of a model’s sensitivity to small
changes in a feature) as the image is interpolated from the baseline example to the image of
interest. Formally, the Expected Gradients attribution ϕ for an input sample x and input
feature i is defined:

ϕi(x) := E
x′∼D,α∼U(0,1)

[
(xi − x′

i)×
δf(x′ + α× (x− x′))

δxi

]
, (4.1)

where D represents a background distribution from which reference samples x′ are drawn.
This method is an extension of the popular saliency map approach Integrated Gradients,
which is the special case of Expected Gradients in which there is only a single reference
sample.

For our application, Expected Gradients improves over Integrated Gradients in terms of
the accuracy of its saliency maps [65] and the inclusion of multiple reference samples, which
avoids the choice of a single reference that may be arbitrary but nonetheless impactful upon
the resultant saliency maps [268]. Finally, path-based approaches like Expected Gradients
and Integrated Gradients are preferable to other methods for generating saliency maps
because they are theoretically principled: these methods are provably guaranteed to attribute
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importance to important pixels and guaranteed not to attribute importance to unimportant
pixels (also see Supplementary Note) [274].

As the background distribution D for Expected Gradients, we used the COVID-19-negative
images from the training dataset for each model we explain. Intuitively, we are explaining
how the output of our model for our input image x differs on average from the output of the
model for images in the training data D. We demonstrate that Expected Gradients is not
overly sensitive to choice of D by comparing the saliency maps for several radiographs with
a background distribution of images from the training data to attributions for those same
radiographs with a background distribution of images from the external dataset, and found
the resultant attributions are similar (Fig. 4.23).

4.4.4 Data interpretability using CycleGAN

To attain visual explanations of the differences between COVID-19 positive and COVID-19
negative images in each dataset, we aimed to understand which characteristics of the chest
radiograph would have to change to make a COVID-19 negative image appear to be a
COVID-19 positive image, and vice versa. Formally, let X be a domain of COVID-19 negative
images, and let Y be a domain of COVID-19 positive images. Our goal is to learn a mapping
G : X 7→ Y that takes a COVID-19 negative chest radiograph, X ∈ X , and transforms it so
that it is indistinguishable from COVID-19 positive chest radiographs. We also aim to learn
the inverse transformation, F : Y 7→ X .

Since generative adversarial networks have previously been shown to be effective for the
interpretation of neural networks, we learn these two transformations using the CycleGAN
approach [261, 313]. The mappings G and F are learned by two neural networks, which
are optimized in conjunction with two discriminator networks DY and DX . These networks
are optimized to minimize a series of losses. The first, referred to as the adversarial loss,
encourages the mapping functions G and F to match the distribution of generated images
from each source domain to the true data distribution of each target domain:

LGAN(G,DY ,X ,Y) = EY∼pdata(Y )[logDY(Y )] + EX∼pdata(X)[log(1−DY(G(X))], (4.2)

LGAN(F,DX ,Y ,X ) = EX∼pdata(X)[logDX (X)] + EY∼pdata(Y )[log(1−DX (F (Y ))], (4.3)

where pdata(X) and pdata(Y ) represent the data distributions for each domain. In addition
to the adversarial loss, the networks are also trained to enforce cycle consistency, meaning
that F (G(X)) = X. This is desirable, since it enforces a similarity between the original and
transformed images. The loss here is:

Lcyc(G,F ) = EX∼pdata(X)[∥F (G(X))−X∥1] + EY∼pdata(Y )[∥G(F (Y ))− Y ∥1]. (4.4)
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The full loss that is optimized then is simply the sum of these three losses:

L = LGAN(G,DY ,X ,Y) + LGAN(F,DX ,Y ,X ) + Lcyc(G,F ) (4.5)

To understand which image features are important in distinguishing the domains X and
Y , we transform a COVID-19 negative radiograph X ∈ X or a COVID-19 positive radiograph
Y ∈ Y using the learned generator networks G or F to map the image to the opposite domain.
We then compare which image features are changed in the transformation.

Our CycleGAN networks were implemented in Python 3.7 using the PyTorch software
library and an open-source implementation of the CycleGAN approach (by Aitor Ruano;
https://github.com/aitorzip/PyTorch-CycleGAN). To attain comparable training time,
the networks for trained for 3000 epochs (Dataset I) or 1000 epochs (Dataset II). Each
network required approximately one week of training time on an NVIDIA RTX 2080 graphics
processing unit.

4.4.5 Experimental validation of feature attributions

We experimentally validated our findings from saliency maps and GANs by modifying
important radiographic features. To detect whether the higher-level features that our saliency
maps highlight are major contributors to the model’s classification, we used methods inspired
by a behavioral testing approach [231]. For example, saliency maps highlight dataset-specific
laterality markers and text within the images. If these text markers are indeed important,
then moving a marker from a COVID-19 positive image to a COVID-19 negative image
should increase the predicted log odds of COVID-19. For a pair of COVID-19 positive and
COVID-19 negative images, we swap the text markers and measure the change in the output
for each image. To assess the significance of the change in the model’s output at the level of
each individual image, we generate empirical p-values by comparing to a null distribution
generated by swapping 1,000 random patches of each image of the same dimensions as the
text markers (Fig. 4.3a). We conduct a similar experiment to validate whether the shoulder
regions frequently highlighted in the saliency maps have a significant impact on the model’s
decisions. We observe that the shoulder region of COVID-19 positive images tends to appear
at the upper image border, while the shoulder region of COVID-19 negative images appears
slightly lower. Furthermore, the saliency maps highlight the clavicles and shoulders of the
COVID-19 positive images, but not in the COVID-19 negative images. We hypothesized that
the model was looking for the presence of shoulders in the upper corners of the image. To
test our hypothesis, we moved the clavicles and shoulders of a COVID-19 negative image
to the top corners of the radiograph and measured the change in model output (Fig. 4.3b).
We tested for statistical significance at the level of individual images by generating empirical
p-values. Our distribution was generated by randomly sampling and replacing 1000 patches of
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the same size as the shoulder region, following the same procedure described for the laterality
markers.

In order to verify the significance of these regions for our models at a population level, we
repeated the procedure described in the paragraph above for a sample of randomly selected
radiographs from the datasets (see Fig. 4.18). For the dataset-specific laterality markers (Fig.
4.18, left), we randomly sampled 10 COVID-19 negative images with laterality or other text
markers and 10 COVID-19 positive images with laterality or other text markers. To test for
the significance of the text markers across the datasets, we used a Wilcoxon signed rank test
to compare the distribution of the magnitudes of changes in model output after swapping the
text markers to the distribution of the magnitudes of the average changes in model output
after swapping 1000 random patches of the same size (p = 8.86× 10−5, Siegel’s T statistic
= 0.0). For the positioning of the shoulder regions (Fig. 4.18, right), we randomly sampled
20 COVID-19 negative images. We then used a Wilcoxon signed rank test to compare the
distribution of changes in model output after moving the clavicles and shoulder regions to the
top of the image with the distribution of the average changes in model output after moving
1000 random patches of the same size (p = 8.86× 10−5, Siegel’s T statistic = 0.0).

4.4.6 Statistics

In our experiments involving manual modification of radiographs (Fig. 4.3a-b, 4.17), we
computed empirical p-values by first generating the distribution of the change in the model
output (in log odds space) for a set of random, non-specific modifications as described in each
caption. The p-value was then calculated as (r + 1)/(n+ 1) where r is the number of non-
specific modifications that produced a greater increase in model output (greater magnitude
decrease in Fig. 4.3a, top row) and n is the total number of non-specific modifications [203].

To compare the generalization performance of models (e.g., Fig. 4.6), we performed a
two-tailed Mann-Whitney U -test, given that the ROC-AUC values are bounded by 0 and 1
and therefore unlikely to be normally distributed.

4.5 Data availability

All radiographs are compiled from publicly-available data repositories. The ChestX-ray14
repository is available at https://nihcc.app.box.com/v/ChestXray-NIHCC. The GitHub-
COVID dataset is available at https://github.com/ieee8023/covid-chestxray-dataset.
The PadChest repository is available at https://bimcv.cipf.es/bimcv-projects/padchest/.
The BIMCV-COVID19 repositories are available at https://bimcv.cipf.es/bimcv-projects/
bimcv-covid19/.
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4.6 Code availability

All of the code necessary to reproduce our experimental findings can be found at https:
//github.com/suinleelab/cxr\_covid (archived at https://doi.org/10.5281/zenodo.
4623792).
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Supplementary Information

Supplementary Note

While saliency maps are widely used to interpret image-based artificial intelligence systems
[225, 192, 20], the reliability of these approaches has been disputed by contemporary work,
which observes that saliency maps explaining medical imaging classifiers fail to localize
medically relevant pathology [7]. However, this prior work did not disentangle whether (i) the
saliency maps fail to identify the features that are important for the classification models, or
(ii) the saliency maps faithfully identify the features that are important for the classification
models, but the models do not depend on medically relevant pathology. We hypothesised
the latter, that attribution maps fail to localize relevant pathology because the models they
explain do not rely on relevant pathology [83].

To validate that the pixels selected by our saliency maps are truly important for the
models they explain, we chose 100 images that our model predicted are COVID-19 negative,
then masked and mean-imputed a subset of pixels. If we selected these pixels at random, we
would expect the models output to regress to the mean output (become more positive) since
the negative images become more like the mean image (which is predicted to be more positive
than the COVID-19 negative images). If the pixels identified by Expected Gradients are
important for the model’s prediction, we would anticipate that masking these pixels should
make the model’s output more positive than masking randomly selected pixels. When we
mask the top 10% of pixels identified by EG as contributing to the negative prediction of the
model, we see that the model’s output is shifted to be significantly more negative than when
we mask pixels selected at random (Supplementary Fig. 4.11).



121

Supplementary Figures



122

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.95

0.96

0.97

0.98

0.99

1.00

Training epoch

0.7

0.8

0.9

1.0

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

Tr
ai

ni
ng

 lo
ss

Va
lid

at
io

n 
lo

ss
RO

C
-A

U
C

 o
f

C
O

VI
D

-1
9 

de
te

ct
io

n

Training epoch

0.95

0.96

0.97

0.98

0.99

1.00

5 10 15 20 25 301

0.80

0.85

0.90

0.95

1.00

0.90

0.92

0.94

0.96

0.98

1.00

0.80

0.85

0.90

0.95

1.00

5 10 15 20 25 3015 10 15 20 25 301

5 10 15 20 25 301 5 10 15 20 25 3015 10 15 20 25 301

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

Tr
ai

ni
ng

 lo
ss

Va
lid

at
io

n 
lo

ss
RO

C
-A

U
C

 o
f

C
O

VI
D

-1
9 

de
te

ct
io

n

DenseNet-121 AlexNet Logistic regression with deep features
Training on dataset I

Training on dataset II

Figure 4.7: (Caption next page.)
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Figure 4.7: (Previous page.) Evolution of metrics that monitor the artificial
neural network training process. Training curves are shown for each of 5 random
train/validation/test splits of the datasets. During the training procedure, the model is
progressively optimized to decrease the training loss, for which we chose the binary cross
entropy. The validation loss monitors the same metric on a subset of the training radiographs
that is held-out from the optimization process (and that is also entirely separate from testing
data). Increases in the validation loss may indicate that the model has overfit the training
data, i.e., the model has memorized the training data rather than learning general principles
that apply to new radiographs, such as those in the validation set. To prevent overfitting,
we save models when they achieve a maximum in the area under the receiver operating
characteristic curve (ROC-AUC) for COVID-19 classification in the held-out validation set,
and we use these models for all subsequent analysis. All models were trained for a total of 30
epochs, which was sufficient to attain a maximum in the ROC-AUC of COVID-19 classification.
Note that to permit visualization of the maximum in the ROC-AUC of COVID-19 detection,
the plots that visualize this quantity feature variable y-axis scales.
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Figure 4.8: Generalization performance of models that were specifically designed
in previous studies for detection of COVID-19 in chest radiographs as well as
additional “off-the-shelf” architectures. Generalization performance is examined by
comparing the performance of each model on held out test data from the same source as
the training data (internal) to its performance on test data from new hospitals (external),
where we use receiver-operating characteristic (ROC) curves to quantify performance. The
architectures designed specifically for detection of COVID-19 in radiographs include CV19-
Net [310], COVID-Net [291], and DarkCovidNet [209]. The additional “off-the-shelf” models
include ResNeXT [301] and MobileNet [241]. (Caption continued on next page)
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Figure 4.8: (Previous page.) Generalization performance of models that were
specifically designed in previous studies for detection of COVID-19 in chest
radiographs as well as additional “off-the-shelf” architectures. The “augmented
DenseNet-121” is the same as our primary DenseNet-121 model with the addition of the data
augmentation scheme from CV19-Net; it therefore represents an intermediate between our
primary model and CV19-Net, which is an ensemble of twenty of the “augmented DenseNet-
121” models, and it is provided to disentangle the effects of the CV19-Net data augmentation
scheme from the effects of ensembling. For example, while the data-augmented DenseNet-121
provides a small but insignificant improvement in external test set performance over the same
network without data augmentation for one of the two datasets (panel b, external test set
AUC of 0.76 ± 0.04 vs. 0.79 ± 0.03 before and after data augmentation, respectively, when
trained on dataset I, p = 0.22, U = 6 using two-tailed Mann-Whitney U -test; external test
set AUC of 0.70 ± 0.05 vs 0.69 ± 0.05 before and after data augmentation, respectively,
when trained on dataset II, p = 1.0, U = 13 using two-tailed Mann-Whitney U -test), we
find no evidence of significant improvement between the ensembled and single DenseNet-121
models for either dataset (panels a and b, external test set AUC of 0.79 ± 0.04 vs. 0.80 ±
0.02 before and after ensembling, respectively, when trained on dataset I, p = 0.5476, U = 16
using two-tailed Mann-Whitney U -test; external test set AUC 0.69 ± 0.05 vs. 0.69 ± 0.04
before and after ensembling, respectively, when trained on dataset II, p = 0.84, U = 11 using
two-tailed Mann-Whitney U -test). Inset values indicate area under the ROC curve (AUC,
mean ± standard deviation, n=5).
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Figure 4.9: Generalization performance of models with lower capacity or reduced
label information, as measured by receiver-operating characteristic (ROC) curves.
The first two rows correspond to models in which the capacity to overfit, which has been
implicated in learning of spurious associations [240], has been reduced. The logistic regression
with deep features comprises a neural network with the DenseNet-121 architecture that was
trained on the ImageNet dataset to derive a set of of 1024 general image features, i.e. those
output by the penultimate layer of the network, which were used as inputs for a logistic
regression; the weights of the neural network were held fixed during training of the logistic
regression. The AlexNet models follow the original AlexNet model architecture [142] but with
the final 1000-class classification head replaced by a 15-class classification head, corresponding
to the 14 ChestX-ray14 labels plus an additional label for COVID-19. The final row represents
models with an identical architecture and training scheme to those in the main text, except
with only a single output corresponding to presence/absence of COVID-19. Red and teal
numbers indicate area under the ROC curves (AUC, mean ± standard deviation, n=5).
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Figure 4.10: Evaluation of the impact on generalization performance of concept
shift, a change in the classification task between the training and testing datasets.
In addition to the learning of spurious correlations that do not remain constant between
datasets, generalization performance may also drop due to changes in non-spurious correlations
between datasets, including a shift in how the labels are generated. In particular, the GitHub-
COVID dataset [43], which consists largely of radiographs published in academic articles, may
predominantly feature COVID-19+ images with radiological evidence of COVID-19, while
COVID-19 labels for the BIMCV-COVID-19+ dataset [288] may be derived from molecular
assays (left panel), including reverse-transcription polymerase chain reaction and serology,
or from a radiologist’s assessment for radiological evidence of COVID-19 (right panel) in
addition to confirmation by molecular assays. Specifically, we defined “radiological evidence
of COVID-19” as presence of COVID-19 or COVID-19 uncertain in the radiologist-derived
labels of BIMCV-COVID-19+. In the event that poor generalization performance is due to a
shift from predicting presence of COVID-19, with or without radiological evidence, in the
training data, to predicting radiological evidence of COVID-19 in the test data, generalization
performance would be expected to increase substantially. Red and teal numbers indicate area
under the ROC curves (AUC, mean ± standard deviation, n=5).
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Figure 4.11: Ablation tests to assess the importance of pixels that are highlighted
by saliency maps. a, Average image of COVID-19+ radiographs from dataset I, from which
pixels are drawn to “ablate”, i.e., hide, putatively important parts of individual radiographs
in our experiment. b, Comparison of the change in an AI-based COVID-19 classification
model’s predictions when pixels are ablated based on their saliency map importance scores or
by random. For a randomly chosen subset of radiographs, the 10% of pixels with the highest
magnitude expected gradients (EG) scores were ablated by replacing those pixels with the
corresponding pixels from the average COVID-19+ image, and as a control, an equivalent
number of pixels were replaced at random. Note that in both cases, the model’s predicted log
odds that the radiograph represents a COVID-19+ patient is expected to increase, since pixels
are replaced with pixels from the mean COVID-19+ image. The boxes mark the quartiles
(25th, 50th, and 75th percentiles) of the distribution, while the whiskers extend to show
the minimum and maximum of the distribution (excluding outliers). Each boxplot marks
the 25th, 50th, The p-value is calculated by a two-sided Wilcoxon signed-rank test, n=100
(Siegel’s T statistic = 7.69, p = 1.48× 10−14. c, Pairwise comparison of the change in the
model’s predictions, to assess the superiority of EG relative to random choice at determining
important pixels. Since the potential for ablation to change the model’s prediction varies
from image to image, overlap in the distributions of “EG” and “random” in b does not imply
that for any given image random choice is superior to EG. If for any image a random choice
of pixels were superior to EG at determining important pixels, we would expect to observe
values less than zero in the histogram, which shows image-level, pairwise differences between
EG and random choice.
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Figure 4.12: Analysis of the frequency at which saliency maps highlight laterality
markers as important features. To assess the frequency, a random sample of 100
radiographs and their corresponding saliency maps was chosen from each dataset, and each
radiograph was manually categorized as (i) contains a laterality marker that is highlighted
by the saliency map, (ii) contains a laterality marker that is not highlighted by the saliency
map, or (iii) does not contain a laterality marker.

Figure 4.13: Saliency maps for 15 radiographs from the PadChest, BIMCV-COVID-
19+, and ChestX-ray14 repositories. Across the data sources, saliency maps highlight
text tokens and laterality markers (e.g., the first radiograph-saliency map pair in the first
row of the PadChest examples, the second-to-last and last radiograph-saliency map pairs
in the third row of the PadChest examples, the first four radiograph-saliency map pairs
in the second row of the BIMCV examples, and all five radiograph-saliency map pairs in
the third row of the ChestX-ray14 examples). For a version of this figure that includes
example attributions for the GitHub-COVID repository, see our GitHub repository at https:
//github.com/suinleelab/cxr_covid.

Figure 4.14: Example images generated by a CycleGAN that was trained to alter
COVID-19 negative images from the ChestX-ray14 dataset to appear like COVID-
19 positive images from the GitHub-COVID dataset and vice versa. See our GitHub
repository at https://github.com/suinleelab/cxr_covid for a version of this figure that
includes images from the GitHub-COVID repository.

Figure 4.15: Examples images generated by a CycleGAN that was trained to alter
COVID-19 negative images from the PadChest dataset to appear like COVID-19
positive images from the BIMCV-COVID-19+ dataset and vice versa. (See arXiv
Document, Removed Here For Space).
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Figure 4.16: Evaluation of the extent to which features relied upon by the COVID-
19 detection models are altered by the CycleGAN, as measured by the drop in
classification performance following transformation by the CycleGAN. A CycleGAN
that more reliably alters images such that they appear to the classifier to be of the COVID-19
label opposite their original will achieve an area under the ROC curve (AUC) closer to zero.
Inset values indicate AUC (mean ± standard deviation, n=5).
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Figure 4.17: Additional assessment of the importance of shoulder positioning to an
AI model for radiographic COVID-19 detection. The procedure to generate Figure 2d
was replicated with a new radiograph; i.e., a patch of the radiograph containing the patient’s
clavicles was copied to the top corners of the image, and the increase in the model’s predicted
log odds of COVID-19 was compared to that produced by copying random image patches of
the same size (∆ = 5.42, empircal p-value = 7× 10−3 based on Monte Carlo substitution of
random image patches, n=1000) (see Methods Section 2.5).
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Figure 4.18: Population-level analysis of importance of laterality markers and
shoulder positioning. Each pair of dots corresponds to an radiograph sampled at random
from the larger population, which enables inference of our findings to the population level,
despite the infeasibility of completing these experiments for the complete dataset (Dataset
II). In each pair, the red dot indicates the difference between the model’s predicted log odds
of COVID-19 following a targeted intervention on the region of interest and the model’s
predicted log odds of COVID-19 for the original, unaltered image. The gray dot provides a
negative control by repeating the intervention with 1000 random, rather than targeted, image
patches of the same size, and then taking the average over the resulting set of changes in the
model output. In the left panel, the targeted intervention is to replace the laterality marker
on a radiograph from the COVID-19+ repository with a laterality marker on a radiograph
from the COVID-19− repository (top 10 radiographs) or vice versa (bottom 10 radiographs),
while the untargeted intervention is to swap random image patches of the same size. (Caption
continued on next page).
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Figure 4.18: (Previous page.) Population-level analysis of importance of laterality
markers and shoulder positioning. In the experiments in the left panel, radiographs were
sampled at random from the subset with laterality markers. In the right panel, the targeted
intervention is to copy the shoulder region of the radiograph and move it to the top of the
image, while the untargeted intervention is to copy a random region of the same dimensions
as the targeted intervention and move it to a random position. In the experiments in the
right panel, radiographs were sampled at random from the full set of images. Swapping of
laterality markers between COVID-19+ and COVID-19− radiographs produces a significantly
greater change in model output than swapping random image patches (p=8.9 × 10−5, Siegel’s
T statistic = 0.0, by two-tailed Wilcoxon signed rank test, n=20 random radiographs),
and similarly, movement of the shoulder regions to the top of the radiograph produces a
significantly greater change in model output than moving random image patches of the same
size (p=8.9 × 10−5, Siegel’s T statistic = 0.0 by two-tailed Wilcoxon signed rank test, n=20
random radiographs).
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Figure 4.19: Evaluation of the extent to which image cropping mitigates shortcut
learning. For each dataset, models were trained before and after cropping to the center
75% of the radiograph, which removes from the edge of radiographs the textual markers
(red boxes) that may contribute to shortcut learning. Models were then evaluated on an
external test set, consisting of radiographs from a different hospital than the training data,
to evaluate the generalization performance. Cropping of images did not significantly improve
generalization performance based on a one-tailed signed-rank test, where the alternative
hypothesis is that the median ROC-AUC of the model trained on cropped images is greater
than that trained on the original images (p=0.46 and p=0.60 for models trained on datasets
I and II, respectively, based on the Mann-Whitney U -test; corresponding test statistics are
U=0.73 and U=0.52, respectively ; n=5 independently trained models).
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Figure 4.20: Average images of the BIMCV-COVID-19− and BIMCV-COVID-
19+ repositories. Note consistency in the laterality markers, shoulder positioning, and
radiopacity of image borders.
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Figure 4.21: Evaluation of the generalization performance of models trained on
dataset III, via ROC curves. Models are evaluated on both an internal test set (new,
held-out examples from the same data source as the training radiographs), and an external
test set (radiographs from a new hospital system). Inset numbers indicate the area under
the ROC curves (AUC, mean ± standard deviation), where larger area corresponds to
higher performance. The difference between internal and external test set performance is the
generalization gap.
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Figure 4.22: Evaluation of the extent to which improved training data mitigates
shortcut learning, evaluated by comparison of saliency maps for models trained
on dataset II and dataset III. For a set of images randomly chosen from the BIMCV-
COVID-19+ repository, saliency maps were generated for models trained on Dataset II and
models trained on Dataset III, which we expect to contain fewer image factors that spuriously
enable COVID-19 positive and COVID-19 negative radiographs to be distinguished. As a
basic validation, a model that focuses less on shortcuts would be expected to exhibit saliency
maps with increased emphasis on the lung fields and decreased emphasis on the image edges;
radiographs for which we judged, on this basis, that the model exhibits less dependence on
shortcuts when trained on dataset III than dataset II are marked with a check mark, while
radiographs that exhibit greater dependence are marked with an "x". The saliency maps of
the two radiographs (out of 21) that did not show improvement exhibit increased attention
toward a gastric bubble (black boxes, row two) and a medical device (black boxes; row 5,
column 1). While gastrointestinal symptoms are sometimes associated with COVID-19 [90],
we were unable to identify reports of an association between gastric bubbles and COVID-19,
and therefore judged that this factor likely represents a spurious confound. We additionally
annotate an example in which the model exhibits increased attention toward relevant factors
(black boxes; row 5, column 2), namely a decrease in attention toward the region above the
patient’s left shoulder, and an increase in attention toward the left perihilar region.
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Figure 4.23: Comparison of expected gradients saliency maps generated from varied
reference distributions, which provide the baseline radiographs from which the
expected gradients algorithm integrates.
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Chapter 5

IMPROVING PERFORMANCE OF DEEP LEARNING MODELS
WITH AXIOMATIC ATTRIBUTION PRIORS AND EXPECTED

GRADIENTS

5.1 Introduction

Recent work on interpreting machine learning (ML) models focuses on feature attribution
methods. Given an input datum, a model, and a prediction, such methods assign a number to
each input feature that represents how important the feature was for making the prediction.
Current research also investigates the axioms that attribution methods should satisfy [179,
274, 267, 50] and how they provide insight into model behavior [177, 180, 243, 305]. Feature
attribution methods often reveal problems in a model or dataset. For example, a model may
place too much importance on undesirable features, rely on many features when sparsity is
desired, or be sensitive to high frequency noise. In such cases, humans often have a prior
belief about how a model should treat input features but find it difficult to mathematically
encode this prior for neural networks in terms of the model parameters.

One method to address such problems is what we call an attribution prior : if it is possible
for explanations to reveal problems in a model, then constraining the model’s explanations
during training can help the model avoid such problems. It is worth noting that the vast
majority of feature attribution methods focus exclusively on explaining why a given prediction
was made. Only a very small number of papers have investigated incorporating attributions
themselves into model training. The first such paper, by Ross et al. [238], used a binary
indicator of whether each feature should or should not be important for making predictions on
each sample in the dataset and penalized the gradients of unimportant features. A very recent
publication successfully uses Ross et al’s gradient-based prior as part of a human-in-the-loop
strategy to improve model generalization performance and user trust, as well as contributing
their own model-agnostic method for penalizing feature importances [246]. Such results create
a clear synergy with our study, which improves the quality of calculated feature importances
and develops new forms of attribution priors. This has the potential to greatly expand both
the number of ways that a human-in-the-loop can influence deep models and the precision with
which they can do so. However, two drawbacks limit this method’s applicability to real-world
problems. First, gradients do not satisfy the same theoretical guarantees as modern feature
attribution methods. This leads to well-known problems such as saturation: operations,
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like ReLUs and sigmoids, which have large flat “saturated” regions, can lead to 0 gradient
attribution even for important features [274]. Second, it can be difficult to specify which
features should be important in a binary manner.

Additional recent work discusses the need for priors that incorporate human intuition in
order to develop robust and interpretable models [108]. Still, it remains challenging to encode
priors such as “have smoother attributions across an image” or “treat this group of features
similarly” by penalizing a model’s input gradients or parameters. Some recent attribution
priors have proposed regularizing integrated gradients (IG) attributions [166, 38]. While
promising, this work suffers from three major weaknesses: it does not clearly demonstrate
improvements over gradient-based attribution priors, it penalizes attribution deviation from
a target value rather than encoding sophisticated priors such as those we mention above, and
it imposes a large computational cost by training with tens to hundreds of reference samples
per batch. A contemporary method called contextual decomposition explanation penalization
(CDEP) uses a framework similar to attribution priors and penalizes explanations generated
by the contextual decomposition (CD) method [232]. Unlike all other interpretability methods
discussed in this paper, CDEP penalizes explanations for pre-specified groups of features,
meaning it is best suited for a different set of problems than we consider. More discussion of
CDEP can be found in 5.2.1.

The main contribution of this work is a broadened interpretation of attribution priors
that includes any case in which the training objective incorporates differentiable functions
of a model’s feature attributions. This can be seen as a generalization of gradient-based
regularization [155, 238, 303, 111, 239] and it can be used to encode meaningful domain
knowledge more effectively than existing methods. Whereas previous attribution priors
generally took the form of “encourage feature i’s attribution to be near a pre-determined
target value,” the priors we present here consider relative importance among multiple features
and do not require pre-determined target values for any feature’s attribution. Specifically, we
introduce an image prior enforcing that neighboring pixels have similar attributions, a graph
prior for biological data enforcing that related genes have similar attributions, and a sparsity
prior enforcing that a few features have large attributions while all others have near-zero
attributions.

We also introduce a new general-purpose feature attribution method to enforce these
priors, expected gradients (EG). As mentioned above, virtually all attribution methods are
designed to explain a model’s prediction to humans, not to be penalized during training.
This means many such methods may be computationally difficult to incorporate into the
training process. EG is the first attribution method explicitly designed for regularization as
an attribution prior (Figure 5.1a); it can be efficiently regularized during training due to
its formulation as an expectation, which naturally lends itself to batched estimates of the
attribution. It also eliminates a hyperparameter choice required by IG [274]. Since these
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attributions are used not only to interpret trained models, but also as part of the training
objective itself, it is essential to guarantee that the attributions will be of high quality. We
therefore show that our attribution method satisfies important interpretability axioms.

Across three different prediction tasks, we show that training with EG outperforms
training with previous, more limited versions of attribution priors. On images, our image
prior produces a model that is more interpretable and generalizes better to noisy data. On
gene expression data, our graph prior reduces prediction error and better captures biological
signal. Finally, on a patient mortality prediction task, our sparsity prior yields a sparser
model and improves performance when learning from limited training data.

5.2 Results

5.2.1 Attribution priors are a flexible framework for encoding domain knowledge.

Let X ∈ Rn×p denote a dataset with labels y ∈ Rn×o, where n is the number of samples, p is
the number of features, and o is the number of outputs. In standard deep learning, we find
optimal parameters θ by minimizing loss, with a regularization term Ω′(θ) weighted by λ′ on
the parameters:

θ = argminθL(θ;X, y) + λ′Ω′(θ).

Attribution priors involve a model’s attributions, represented by the matrix Φ(θ,X),
where each entry ϕℓ

i is the importance of feature i in the model’s output for sample ℓ. The
attribution prior is a scalar-valued penalty function of the feature attributions Ω(Φ(θ,X)),
which represents a log-transformed prior probability distribution over possible attributions (λ
is the regularization strength). The attribution prior is modular and agnostic to the particular
attribution method. This results in the optimization:

θ = argminθL(θ;X, y) + λΩ(Φ(θ,X)),

where the standard regularization term has simply been replaced with an arbitrary, differen-
tiable penalty function on the feature attributions.

While feature attributions have previously been used in training (more details in 5.4)
[238, 166], our approach offers two novel components. First, we demonstrate that calculating Φ

with attribution methods that satisfy previously-established interpretability axioms improves
performance (see Section 2.2 and 5.5 for further discussion of interpretability axioms). Second,
rather than simply encouraging each feature’s attribution to be near a target value as in
previous work, we enforce high-level priors over the relationships between features.

In image data, we use a Laplace 0-mean prior on the difference between attributions of
adjacent pixels, which encourages a low total variation (high smoothness) of attributions:
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Ωpixel(Φ(θ,X)) =
∑
ℓ

∑
i,j

|ϕℓ
i+1,j − ϕℓ

i,j|+ |ϕℓ
i,j+1 − ϕℓ

i,j|,

where i, j indexes the pixels of an image by rows and columns, respectively and ℓ indexes
each image.

In gene expression data, we use a Gaussian 0-mean prior on the difference between mean
absolute attributions ϕ̄i of functionally related genes, which encourages such similar genes to
have similar attributions:

Ωgraph(Φ(θ,X)) =
∑
i,j

Wi,j(ϕ̄i − ϕ̄j)
2 = ϕ̄TLGϕ̄,

where Wi,j is the weight of connection between two genes in a biological graph, and LG is the
graph Laplacian.

Finally, in health data where sparsity is desired, we use a prior on the Gini coefficient of
the mean absolute attributions ϕ̄i, which encourages a small number of features to have a
large percentage of the total attribution while others are near-zero:

Ωsparse(Φ(θ,X)) = −
∑p

i=1

∑p
j=1 |ϕ̄i − ϕ̄j|

n
∑p

i=1 ϕ̄i

= −2G(ϕ̄),

where G is the Gini coefficient.
None of these priors require specifying target values for features, and all improve per-

formance over simpler baselines. For more details on our priors see Section 5.6, and for
more details on previous attribution priors, see Section 5.4. We also note that these priors
involve the relationships between the attributions for all features in the dataset. Gradients,
IG, and our method (EG) discussed below are all designed for calculating such attributions.
The CDEP method discussed above differs in that it penalizes the attributions of a single
pre-specified group of features [232]; while CDEP has reported better performance with
certain types of priors than EG and gradients, we believe this is due to the fact that the
methods are inherently best suited to different types of priors. Using CDEP with the specific
priors proposed in this work would require several orders of magnitude more backward passes
of the model during training than our approach. CDEP also uses additional preprocessing
steps which are not necessary in our approach, which further distinguishes the scenarios in
which each method is most applicable.

5.2.2 Expected gradients outperforms other attribution methods.

Attribution priors involve using feature attributions not just as a post-hoc analysis method,
but as a key part of the training objective. Thus, it is essential to guarantee as much as possible
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that the attribution method used will produce high-quality attributions and run fast enough
to be calculated for each training batch. We propose an axiomatic feature attribution method
called expected gradients (EG), which avoids problems with existing methods and is naturally
suited to being incorporated into training. EG extends the integrated gradients method [274],
and like IG, satisfies a variety of desirable interpretability axioms such as completeness (the
feature attributions sum to the output for a given sample) and implementation invariance
(the attributions are identical for any of the infinite possible implementations of the same
function). Because these methods satisfy completeness, they are not subject to the problems
with input saturation that affect gradient attributions. Because these methods satisfy
implementation invariance, they are straight-forward to practically apply to any differentiable
model, regardless of specific network architectures (see Section 5.5 for an extended discussion
of the interpretability axioms satisfied by EG).

Integrated gradients generates feature attributions by integrating the gradients of the
model’s output between the sample of interest and a reference sample x′ (5.1a, left).

IntegratedGradientsi(x) :=
∫ 1

α=0

δf(x′ + α(x− x′))

δxi

dα

If the attribution function Φ in our attribution prior Ω(Φ(θ,X)) is integrated gradients,
regularizing Φ would require hundreds of extra gradient calls every training step (the original
IG paper [274] recommends 20 to 300 gradient calls to compute attributions). This makes
training with IG prohibitively slow – in fact, [166] find that using IG can take up to 30 times
longer than standard training even when only back-propagating gradients through part of the
network. However, most deep learning models today are trained using some variant of batch
gradient descent, where the gradient of a loss function is approximated over many training
steps using mini-batches of data. We can dramatically improve speed over an IG attribution
prior by using a similar idea and formulating the IG integral as an expectation (see Table 5.1
for more details on convergence time benchmark): this Monte Carlo estimate of the integral
is the core of our expected gradients method, defined below for a single reference x′:

SingleRefEGi(x) = E
α∼U(0,1)

[
(xi − x′

i)×
δf(x′ + α× (x− x′))

δxi

]
Just like the gradient of the loss, EG attributions can be calculated in a batched manner

during training (5.1a, right). We let k be the number of samples we draw for this Monte
Carlo integral at each mini-batch. Remarkably, because the variance in each batched EG
attribution will be smoothed over thousands of batches during training, we find that as small
as k = 1 suffices to regularize the explanations.
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This expectation formulation also enables us to solve a longstanding problem with
integrated gradients as an attribution method – the choice of the required background
reference x′. For example, in image tasks, the image of all zeros is often chosen as a baseline,
but doing so implies that black pixels will not be highlighted as important (5.1b and 5.1c).
This problem can be solved by integrating gradients over multiple references. However,
calculating multiple Riemann integrals is expensive in terms of time and memory, likely
prohibitively so if calculated during every batch of training (5.1a, right). EG naturally
accommodates multiple references by performing the Monte Carlo integral with samples from
multiple references and interpolation points (here, x is the sample, x′ is a reference, and D is
the reference distribution):

ExpectedGradientsi(x) = E
x′∼D,α∼U(0,1)

[
(xi − x′

i)×
δf(x′ + α× (x− x′))

δxi

]
In principle, any distribution D over reference samples could be used to calculate EG

attributions; choosing which distribution to use depends on the nature of the attribution
problem. For example, setting D to be a single sample recovers single-reference EG: the same
reference setup as IG but with the Monte Carlo speedup of EG. By default, we do not choose
D to be a single sample but rather a uniform distribution over the entire training set. This
tells us which features cause x’s output to be different from the output at all other points in
the dataset, on average. In certain cases we may want to use a different distribution D. For
example, we might want to distinguish between subgroups and understand why a digit is
classified as a “seven” rather than a “one” by choosing references only from the “one”-labeled
training samples. We could also account for baseline subgroup characteristics by explaining,
for example, an 80-year-old patient’s mortality risk relative to other 80-year-olds; this could
prevent age and age-correlated features from being trivially listed as the most important.
While our formulation and implementation of EG support any choice of distribution D, the
examples in this paper do not focus on subgroup analysis, so we set D to be a uniform
distribution over the training set (see Section 5.5).

In a simple experiment using synthetic data to assess the impact of k on the convergence
time of model training (rather than the convergence of a single explanation), we found that
regularizing EG with k = 1 was more effective at removing a model’s dependency on one
of two correlated features than gradients or even IG with more than k samples (see Table
5.1). The k = 1 setting also appeared optimal for EG; setting k > 1 required more total
gradient calls for convergence. We also compare EG to other feature attribution methods
using synthetic data benchmarks introduced in [178] (Table 5.1), which are available as part
of the SHAP software package. These benchmark metrics evaluate whether each attribution
method finds the most important features for a given dataset and model. EG significantly



144

Table 5.1: Synthetic data benchmark results for attribution methods. Larger numbers
mean a better feature attribution method for all metrics other than Convergence Time, for
which a smaller number indicates faster convergence. The first three metrics measure the
quality of the method for correctly identifying important features, while convergence time
indicates how effectively the method is regularized during training as an attribution prior.
The "Remove Positive" metric measures the average magnitude change in model output when
the features identified as having the largest positive impact by each method are masked by
the feature mean, while "Remove Negative" measures the average magnitude change in model
output when the features identified as having the largest negative impact by each method are
masked by the feature mean. The "Remove Absolute" metric measures the average increase in
model loss when the features identified as having the largest magnitude impact on the model
are masked by the feature mean. Each model is trained on 900 samples and tested using
100 samples. EG attains the best benchmark scores of all of the tested attribution methods
(p = 7.2× 10−5, one-tailed Binomial test, tested across all 18 attribution performance metrics.

Method Remove Positive Remove Negative Remove Absolute Convergence Time

Expected Grad. 3.612 3.759 0.897 0.150
Integrated Grad. 3.539 3.687 0.872 0.989
Gradients 0.035 0.110 0.729 0.250
Random -0.053 0.034 0.400 —

outperforms the next best feature attribution method (p = 7.2× 10−5, one-tailed Binomial
test). We believe this demonstrates another benefit of EG; by averaging attributions over
multiple reference samples, it becomes more robust to the wide array of patterns of missingness
and re-imputation tested in the benchmark.

5.2.3 A pixel attribution prior improves robustness to image noise.

Prior work on interpreting image models focused on creating pixel attribution maps, which
assign a value to each pixel indicating how important that pixel was for a model’s prediction
[250, 274]. Attribution maps can be noisy and difficult to understand due to their tendency to
highlight seemingly unimportant background pixels, indicating the model may be vulnerable
to adversarial attacks [237]. Although we may prefer a model with smoother attributions,
existing methods only post-process attribution maps but do not change model behavior
[262, 250, 73]. Such techniques may not be faithful to the original model [108]. In this section,
we describe how we applied our framework to train image models with naturally smoother
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Figure 5.1: Expected Gradients is a feature attribution method designed to be
regularized during training. (Caption continued on next page.)
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Figure 5.1: (Previous page.) a, A comparison of our method, expected gradients (EG), to
integrated gradients (IG) as both a post-hoc explanation method (left), and as a differentiable
feature attribution to be penalized during training to enforce attribution priors (right). b,
Comparison of saliency maps generated by three different attribution methods on an image
from the ImageNet dataset. The saliency maps demonstrate how the IG attribution method
fails to highlight black pixels as important when black is used as a baseline input, while EG
is capable of highlighting the black pixels in these images as important. c, Comparison of
saliency maps for the same three attribution methods for two MNIST digits. Again, IG fails
to highlight potentially relevant image regions (like the empty middle of the 0 or the empty
region at the top of the 4 which might make the digit resemble a 9 if it were filled in).

attributions.

To regularize pixel-level attributions, we used the following intuition: neighboring pixels
should have a similar impact on an image model’s output. To encode this intuition, we chose
a total variation loss on pixel-level attributions (see Section 5.6 for more detail). We applied
this pixel smoothness attribution prior to the MNIST and CIFAR-10 datasets [155, 141].
On MNIST we trained a two-layer convolutional neural network; for CIFAR-10 we trained
a VGG16 network from scratch (see Section 5.7 for more details) [259]. In both cases we
optimized hyperparameters for the baseline model without an attribution prior. To choose
λ, we searched over values in [10−20, 10−1] and chose the λ that minimized the attribution
prior penalty and achieved a test accuracy within 1% of the baseline model for MNIST and
10% for CIFAR-10. Figures 5.2 and 5.3 display EG attribution maps for both the baseline
and the model regularized with an attribution prior on 5 randomly selected test images on
MNIST and CIFAR-10, respectively. In all examples, the attribution prior yields a model
with visually smoother attributions. Remarkably, in many instances smoother attributions
better highlight the target object’s structure.

Recent work has suggested that image classifiers are brittle to small domain shifts: small
changes in the underlying distribution of the training and test set can significantly reduce
test accuracy [228]. To simulate a domain shift, we applied Gaussian noise to images in the
test set and re-evaluated the performance of the regularized and baseline models. As an
adaptation of [238], we also compared the attribution prior model to regularizing the total
variation of gradients with the same criteria for choosing λ. For each method, we trained 5
models with different random initializations. In Figures 5.2 and 5.3, we plot the mean and
standard deviation of test accuracy on MNIST and CIFAR-10, respectively, as a function of
standard deviation of added Gaussian noise. The figures show that our regularized model is



147

more robust to noise than both the baseline and gradient-based models.
Both the robustness and more intuitive saliency maps our method provides come at

the cost of reduced test set accuracy (0.93 ± 0.002 for the baseline vs. 0.85 ± 0.003 for
pixel attribution prior model on CIFAR-10). Mathematically, adding a penalty term to the
optimization objective should only ever reduce training set performance; it is reasonable
that in many cases this can lead to a reduction in test-set performance as well. However,
test accuracy is not the only metric of interest for image clasifiers. The trade-off between
robustness and accuracy that we observe is consistent with previous work that suggests
image classifiers trained solely to maximize test accuracy rely on features that are brittle
and difficult to interpret [108, 285, 307]. Despite this trade-off, we find that at a stricter
hyperparameter cutoff for λ on CIFAR-10 – within 1% test accuracy of the baseline, rather
than 10% – our methods still achieve modest but significant robustness relative to the
baseline. We also evaluated our method against several other attribution priors including IG
and, for ablation purposes, single-reference EG. We found that the pixel attribution prior
outperformed standard IG and that most of this additional performance was due to our
random interpolation. Both the pixel attribution prior and single-reference EG were much
more robust than all other methods; however, only the pixel attribution prior, which used
multiple references, could highlight important foreground and background regions in addition
to providing robustness and smoothness.

5.2.4 A Graph attribution prior improves anti-cancer drug response prediction.

In the image domain, our attribution prior took the form of a penalty encouraging smoothness
over adjacent pixels. In other domains, there may be prior information about specific
relationships between features that can be encoded as a graph (such as social networks,
knowledge graphs, or protein-protein interactions). For example, prior work in bioinformatics
has shown that protein-protein interaction networks contain valuable information for improving
performance on biological prediction tasks [40]. Therefore, in this domain we regularized
attributions to be smooth over the protein-protein feature graph analogously to the regular
graph of pixels in the image.

Incorporating the Ωgraph attribution prior not only led to a model with more reasonable
attributions but also improved predictive performance by letting us incorporate prior biological
knowledge into the training process. We downloaded publicly available gene expression and
drug response data for patients with acute myeloid leukemia (AML, a type of blood cancer)
and tried to predict patients’ drug response from their gene expression [286]. For this
regression task, an input sample was a patient’s gene expression profile plus a one-hot encoded
vector indicating which drug was tested in that patient, while the label we tried to predict
was drug response (measured by IC50, a continuous value representing the concentration of
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Pixel Attribution Prior
(Total Variation of EG)
Total Variation of Gradients
Baseline (No Prior)

Figure 5.2: Pixel Attribution Prior improves saliency map smoothness and increases
robustness of MNIST classifier to noise. a, EG attributions (from 100 samples) on
MNIST for both an unregularized model and a model trained with an attribution prior
regularized using EG. The latter achieves visually smoother attributions, and it better
highlights how the network classifies digits (e.g., the top part of the 4 being very important).
Unlike previous methods which take additional steps to smooth saliency maps after training
[262, 73], these are unmodified saliency maps directly from the learned model. b, Training with
an attribution prior on total variance of EG attributions induces robustness to Gaussian noise
without specifically training for robustness. This robustness greatly exceeds that provided by
an attribution prior on the total variance of model gradients. Shaded bars around each line
indicate standard deviation of the accuracy results; however, the bars are small enough to be
indistinguishable in this plot.

the drug required to kill half of the patient’s tumor cells). To define the graph used by our
prior, we downloaded the tissue-specific gene interaction graph for the tissue most closely
related to AML in the HumanBase database [88].

A two-layer neural network trained with our graph attribution prior (Ωgraph) significantly
outperforms all other methods in terms of test set performance as measured by R2, which
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Figure 5.3: Pixel Attribution Prior improves saliency map smoothness and increases
robustness of CIFAR10 classifier to noise. a, EG attributions (from 100 samples) on
CIFAR10 for both the baseline model and the model trained with an attribution prior for five
randomly selected images classified correctly by both models. Training with an attribution
prior generates visually smoother attribution maps in all cases. Notably, these smoothed
attributions also appear more localized towards the object of interest. b, Training with an
attribution prior on total variance of EG attributions induces robustness to Gaussian noise,
achieving more than double the accuracy of the baseline at high noise levels. This robustness
is not achievable by choosing total variation of gradients as the attribution function. Shaded
bars around each line indicate standard deviation of the accuracy results.
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indicates the fraction of the variance in the output explained by the model (Figure 5.4, see
Section 5.8 for significance testing). Unsurprisingly, when we replace the biological graph
from HumanBase with a randomized graph, we find that the test performance is no better
than the performance of a neural network trained without any attribution prior. Extending
the method proposed in [238] by applying our new graph prior as a penalty on the model’s
gradients, rather than a penalty on the axiomatically correct expected gradient feature
attribution, does not perform significantly better than a baseline neural network. We also
observe substantially improved test performance when using the prior graph information to
regularize a linear LASSO model. Finally, we note that our graph attribution prior neural
network significantly outperforms graph convolutional neural networks, a recent method for
utilizing graph information in deep neural networks [132].

To find out if our model’s attributions match biological domain knowledge, we first
compared the list of top genes generated by our network trained with a graph attribution
prior (ranked by mean absolute feature attribution) to a "ground truth" list of AML-relevant
genes found by querying the GeneCards database (5.4b). When we count the number of
AML-relevant genes at each position in our network’s top gene list and compare this to the
number of AML-relevant genes at each position in a standard neural network’s top gene list, we
see that the graph attribution prior network captures significantly more biologically-relevant
genes.

Additionally, to check for biological pathway-level enrichments, we conducted Gene Set
Enrichment Analysis (a modified Kolmogorov–Smirnov test). We measured whether our
top genes, ranked by mean absolute feature attribution, were enriched for membership in
any pathways (see Section 5.8 for more detail, including the top pathways for each model)
[270]. We find that the neural network with the tissue-specific graph attribution prior
captures far more biologically-relevant pathways (increased number of significant pathways
after FDR correction) than a neural network without attribution priors [18]. Furthermore,
the pathways our model uses more closely match biological expert knowledge, i.e., they
included prognostically useful AML gene expression profiles as well as important AML-related
transcription factors [167]. These results are expected, given that neural networks trained
without priors can learn a relatively sparse basis of genes that will not enrich for specific
pathways (e.g. a single gene from each correlated pathway), while those trained with our
graph prior will spread credit among functionally-related genes. This demonstrates the
graph prior’s value as an accurate and efficient way to encourage neural networks to treat
functionally-related genes similarly.
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Figure 5.4: Graph Attribution Prior improves test accuracy and biological relevance
of anti-cancer drug response prediction model. a, A neural network trained with
our graph attribution prior (bold) attains the best test performance, while one trained with
the same graph penalty on the gradients (italics, adapted from [238]) does not perform
significantly better than a standard neural network (error bars indicate the extent of the
bootstrapped 95% confidence interval of the mean test set R2 value, over 10 re-trainings of
the model on random re-splits of the data.). b, A neural network trained with our graph
attribution prior gives more weight to AML-relevant genes than a standard neural network
trained without the graph attribution prior (solid line indicates average over 10 random
re-splits of the data and re-trainings of the model, error bands indicate the extent of the
bootstrapped 95% confidence interval).
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5.2.5 A sparsity prior improves performance with limited training data.

Feature selection and sparsity are popular ways to alleviate the curse of dimensionality,
facilitate interpretability, and improve generalization by building models that use a small
number of input features. A straightforward way to build a sparse deep model is to apply
an L1 penalty to the first layer (and possibly subsequent layers) of the network. Similarly,
the Sparse Group Lasso (SGL) method penalizes all weights connected to a given feature
[70, 244], while a simple existing attribution prior approach [236] penalizes the gradients of
each feature in the model.

These approaches suffer from two problems. First, a feature with small gradients or first-
layer weights may still strongly affect the model’s output [256]. A feature whose attribution
value (e.g., integrated or expected gradients) is zero is much less likely to have any effect on
predictions. Second, successfully minimizing penalties like L1 – regardless of attribution type
– is not necessarily the best way to create a sparse model. A model that puts weight w on 1
feature is penalized more than one that puts weight w

2p
on each of p features. Prior work on

sparse linear regression has shown that the Gini coefficient G of the weights, proportional to
0.5 minus the area under the CDF of sorted values, avoids such problems and corresponds
more directly to a sparse model [105, 314]. We extend this analysis to deep models by noting
that the Gini coefficient can be written differentiably and used as an attribution prior.

Here, we show that the Ωsparse attribution prior can build sparser models that perform
better in settings with limited training data. We use a publicly available healthcare mortality
prediction dataset of 13,000 patients [191], whose 35 features (118 after one-hot encoding)
represent medical data such as a patient’s age, vital signs, and laboratory measurements. The
binary outcome is survival after 10 years. Sparse models in this setting may enable accurate
models to be trained with very few labeled patient samples or reduce cost by accurately
risk-stratifying patients using few lab tests. We randomly sampled training and validation sets
of only 100 patients each, placing all other patients in the test set, and ran each experiment
200 times with a new random sample to average out variance. We built 3-layer binary
classifier neural networks regularized using L1, SGL, and sparse attribution prior penalties to
predict patient survival, as well as an L1 penalty on gradients adapted for global sparsity
from [238, 236]. The regularization strength was tuned from 10−7 to 105 using the validation
set for all methods (see Section 5.9).

The sparse attribution prior enables more accurate test predictions (Figure 5.5a) and
sparser models (Figure 5.5c) when limited training data is available, with p < 10−4 and
T ≥ 4.314 by paired-samples T -test for all comparisons. We also plot the average cumulative
importance of sorted features and find that the sparse attribution prior more effectively
concentrates importance in the top few features (Figure 5.5d). In particular, we observe
that L1 penalizing the model’s gradients as in [236] rather than its EG attributions performs
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Figure 5.5: Sparse Attribution Prior builds sparser and more accurate healthcare
mortality models. A sparse attribution prior enables more accurate test predictions (a)
and sparser models (c) across 200 small subsampled datasets (100 training and 100 validation
samples, all other samples used for test set) than other penalties, including gradients. b,
Across the full range of tuned parameters, the sparse attribution prior achieves the greatest
sparsity and a smooth sparsity-validation performance trade-off. d, A sparse attribution prior
concentrates a larger fraction of global feature importance in the top few features. “Gini”,
“L1”, and “SGL” indicate the Gini, L1, and SGL penalties respectively. “Grad” indicates a
penalty on the gradients, “All” indicates a penalty on all weights in the model, and “1st”
indicates a penalty on only the first weight layer.

poorly in terms of both sparsity and performance. A Gini penalty on gradients improves
sparsity but does not outperform other baselines like SGL and L1 in ROC-AUC. Finally, we
plot the average sparsity of the models (Gini coefficient) against their validation ROC-AUC
across the full range of regularization strengths. The sparse attribution prior exhibits higher
sparsity than other models and a smooth tradeoff between sparsity and ROC-AUC (Figure
5.5b).

5.3 Discussion

The immense popularity of deep learning has driven its application in many areas with
diverse, complicated domain knowledge. While it is in principle possible to hand-design
network architectures to encode this knowledge, a more practical approach involves the use of
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attribution priors, which penalize the importance a model places on each of its input features
when making predictions. Unfortunately, previous attribution priors have been limited, both
theoretically and computationally. Binary penalties only specify whether features should or
should not be important and fail to capture relationships among features. Approaches that
only focus on a model’s input gradients change the local decision boundary but often fail
to impact a model’s underlying decision-making. Attribution priors on more complicated
attributions, like integrated gradients, have proven computationally difficult.

Our work advances previous work both by introducing novel, flexible attribution priors
for multiple domains and by enabling the training of such priors with a newly defined feature
attribution method. Our priors lead to smoother and more interpretable image models,
biological predictive models that incorporate graph-based prior knowledge, and sparser
healthcare models that perform better in data-scarce scenarios. Our attribution method not
only enables the training of said priors, but also outperforms its predecessor – integrated
gradients – in terms of reliably identifying the features models use to make predictions.

There remain many avenues for future work in this area. We chose to base our prior on
an improved version of integrated gradients because it is the most prominent differentiable
feature attribution method we are aware of, but a wide array of other attribution methods
exist. Our framework makes it straightforward to substitute any other attribution method
as long as it is differentiable, and studying the effectiveness of other attribution methods as
priors would be valuable. In addition, while we develop new, more sophisticated attribution
priors and show their value, there is ample room to improve on our priors and evaluate
entirely new ones for other tasks. Determining the best attribution priors for particular tasks
opens a further avenue of research. We believe that surveys of domain experts to establish
model desiderata for particular applications will help to develop the best priors for any given
situation while offering a valuable opportunity to put humans in the loop. Overall, the dual
advances of sophisticated attribution priors and expected gradients enable a broader view of
attribution priors: as tools to achieve domain-specific goals without sacrificing efficiency.

5.4 Previous attribution priors

The first instance of what we now call an attribution prior was proposed in [238], where the
regularization term was modified to place a constant penalty on the gradients of undesirable
features:

θ = argminθL(θ;X, y) + λ′′||A⊙ ∂L
∂X

||2F .

Here, the attribution method is the gradients of the model, represented by the matrix ∂L
∂X

whose ℓ, ith entry is the gradient of the loss at the ℓth sample with respect to the ith feature.
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A is a binary matrix indicating which features should be penalized in which samples.
A more general interpretation of attribution priors is that any function of any feature

attribution method could be used to penalize a loss function, thus encoding prior knowledge
about what properties the attributions of a model should have. For some model parameters
θ, let Φ(θ,X) be a feature attribution method, which is a function of θ and the data X. Let
ϕℓ
i be the feature importance of feature i in sample ℓ. We formally define an attribution prior

as a scalar-valued penalty function of the feature attributions Ω(Φ(θ,X)), which represents a
log-transformed prior probability distribution over possible attributions:

θ = argminθL(θ;X, y) + λΩ(Φ(θ,X)),

where λ is the regularization strength. Note that the attribution prior function Ω is agnostic
to the attribution method Φ.

Previous attribution priors [238, 166] required specifying an exact target value for the
model’s attributions, but often we do not know in advance which features are important in
advance. In general, there is no requirement that Φ(θ,X) constrain attributions to particular
values. Section 5.2 presented three newly developed attribution priors for different tasks that
improve performance without requiring pre-specified attribution targets for any particular
feature.

5.5 Expected gradients

Expected gradients is an extension of integrated gradients [274] with fewer hyperparameter
choices. Like several other attribution methods, integrated gradients aims to explain the
difference between a model’s current prediction and the prediction that the model would make
when given a baseline input. This baseline input is meant to represent some uninformative
reference input that represents not knowing the value of the input features. Although choosing
such an input is necessary for several feature attribution methods [274, 256, 21], the choice is
often made arbitrarily. For example, for image tasks, the image of all zeros is often chosen
as a baseline, but doing so implies that black pixels will not be highlighted as important
by existing feature attribution methods. In many domains, it is not clear how to choose a
baseline that correctly represents a lack of information.

Our method avoids an arbitrary choice of baseline; it models not knowing the value of
a feature by integrating over a dataset. For a model f , the integrated gradients value for
feature i is defined as:

IntegratedGradientsi(x, x
′) := (xi − x′

i)×
∫ 1

α=0

δf(x′ + α(x− x′))

δxi

dα,



156

where x is the target input and x′ is baseline input. To avoid specifying x′, we define the
expected gradients value for feature i as:

ExpectedGradientsi(x) :=
∫
x′

(
(xi − x′

i)×
∫ 1

α=0

δf(x′ + α(x− x′))

δxi

dα

)
pD(x

′)dx′,

where D is the underlying data distribution. Since EG is also a diagonal path method, it
satisfies the same axioms as IG [74]. Directly integrating over the training distribution is
intractable; therefore, we instead reformulate the integrals as expectations:

ExpectedGradientsi(x) := E
x′∼D,α∼U(0,1)

[
(xi − x′

i)×
δf(x′ + α× (x− x′))

δxi

]
.

This expectation-based formulation lends itself to a natural, sampling based approximation
method: (1) draw samples of x′ from the training dataset and α from U(0, 1), (2) compute
the value inside the expectation for each sample and (3) average over samples.

EG also satisfies a set of important interpretability axioms: implementation invariance,
sensitivity, completeness, linearity, and symmetry-preserving.

• Implementation invariance states that two networks with outputs that are equal over
all inputs should have equivalent attributions. Any attribution method based on the
gradients of a network will satisfy this axiom [274], meaning that IG, EG, and gradients
will all be implementation invariant.

• Sensitivity (sometimes called Dummy) states that when a model does not depend on a
feature at all, it receives zero importance. IG, EG, and gradients all satisfy sensitivity
because the gradient w.r.t. an irrelevant feature will be 0 everywhere.

• Completeness states that the attributions should sum to the difference between the
output of a function at the input to be explained and the output of that function
at a baseline. Gradients do not satisfy completeness due to saturation at the inputs;
elements like ReLUs may cause gradients to be zero, making completeness impossible
[274]. IG and EG both satisfy completeness due to the gradient theorem (fundamental
theorem of calculus for line integrals) [274]. For EG, the function being integrated is
the expectation of the model’s output, so completeness means that the attributions
sum to the difference between the model’s output for the input and the model’s output
averaged over all possible baselines.

• Linearity states that for a model that is a linear combination of two submodels
f(x) = af1(x) + bf2(x), the attributions are a linear combination of the submodels’
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attributions ϕ(x) = aϕ1(x) + bϕ2(x). This will hold for IG, EG, and gradients because
gradients are linear.

• Symmetry-preserving states that symmetric variables with identical values should
achieve identical attributions. IG is symmetry preserving since it is a straight line
path method, and EG will also be symmetry preserving, as a symmetric function of
symmetric functions will itself be symmetrical [274].

Unlike previous attribution methods, EG is explicitly designed for natural batched training.
This enables an order of magnitude increase in computational efficiency relative to previous
approaches for training with attribution priors. We further improve performance by reducing
the need for additional data reading. Specifically, for each input in a batch of inputs, we need
k additional inputs to calculate EG attributions for that input batch. As long as k is smaller
than the batch size, we can avoid any additional data reading by re-using the same batch
of input data as a reference batch, as in [308]. We accomplish this by shifting the batch of
input k times, such that each input in the batch uses k other inputs from the batch as its
reference values.

5.6 Specific priors

Here, we elaborate on the explicit form of the attribution priors we used in this paper. In
general, minimizing the error of a model corresponds to maximizing the likelihood of the
data under a generative model consisting of the learned model plus parametric noise. For
example, minimizing mean squared error in a regression task corresponds to maximizing the
likelihood of the data under the learned model, assuming Gaussian-distributed errors:

argmin
θ

||fθ(X)− y||22 = argmax
θ

exp(−||fθ(X)− y||22) = θMLE,

where θMLE is the maximum-likelihood estimate of θ under the model Y = fθ(X) +N (0, σ).
An additive regularization term is equivalent to adding a multiplicative (independent)

prior to yield a maximum a posteriori estimate:

argmin
θ

||fθ(X)− y||22 + λ||θ||22 = argmax
θ

exp(−||fθ(X)− y||22)exp(−λ||θ||22) = θMAP ,

Here, adding an L2 penalty is equivalent to MAP for Y = fθ(X) +N (0, σ) with a N (0, 1
λ
)

prior. We next discuss the functional form of the attribution priors enforced by our penalties.
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5.6.1 Pixel attribution prior

Our pixel attribution prior is based on the anisotropic total variation loss and is given as
follows:

Ωpixel(Φ(θ,X)) =
∑
ℓ

∑
i,j

|ϕℓ
i+1,j − ϕℓ

i,j|+ |ϕℓ
i,j+1 − ϕℓ

i,j|,

where ϕℓ
i,j is the attribution for the i, j-th pixel in the ℓ-th training image. Research

shows [13] that this penalty is equivalent to placing 0-mean, iid, Laplace-distributed priors
on the differences between adjacent pixel values, i.e., ϕℓ

i+1,j − ϕℓ
i,j ∼ Laplace(0, λ−1) and

ϕℓ
i,j+1 − ϕℓ

i,j ∼ Laplace(0, λ−1). [13] does not call our penalty “total variation,” but it is in
fact the widely used anisotropic version of total variation and is directly implemented in
Tensorflow [2, 172, 254].

5.6.2 Graph attribution prior

For our graph attribution prior, we used a protein-protein or gene-gene interaction network
and represented these networks as a weighted, undirected graph. Formally, assume we have
a weighted adjacency matrix W ∈ Rp×p

+ for an undirected graph, where the entries encode
our prior belief about the pairwise similarity of the importances between two features. For a
biological network, Wi,j encodes either the probability or strength of interaction between the
i-th and j-th genes (or proteins). We encouraged similarity along graph edges by penalizing
the squared Euclidean distance between each pair of feature attributions in proportion to
how similar we believe them to be. Using the graph Laplacian (LG = D −W ), where D is
the diagonal degree matrix of the weighted graph, this becomes:

Ωgraph(Φ(θ,X)) =
∑
i,j

Wi,j(ϕ̄i − ϕ̄j)
2 = ϕ̄TLGϕ̄.

In this case, we choose to penalize global rather than local feature attributions. We
define ϕ̄i to be the importance of feature i across all samples in our dataset, where this
global attribution is calculated as the average magnitude of the feature attribution across
all samples: ϕ̄i =

1
n

∑n
ℓ=1 |ϕℓ

i |. Just as the image penalty is equivalent to placing a Laplace
prior on adjacent pixels in a regular graph, the graph penalty Ωgraph is equivalent to placing
a Gaussian prior on adjacent features in an arbitrary graph with Laplacian LG [13].

5.6.3 Sparse attribution prior

Our sparsity prior uses the Gini coefficient G as a penalty, which is written:
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Ωsparse(Φ(θ,X)) = −
∑p

i=1

∑p
j=1 |ϕ̄i − ϕ̄j|

n
∑p

i=1 ϕ̄i

= −2G(ϕ̄),

By taking exponentials of this function, we find that minimizing the sparsity regularizer is
equivalent to maximizing likelihood under a prior proportional to the following:

p∏
i=1

p∏
j=1

exp
(

1∑p
i=1 ϕ̄i

|ϕ̄i − ϕ̄j|
)
,

To our knowledge, this prior does not directly correspond to a named distribution. However,
we observe that its maximum value occurs when one ϕ̄i is 1 and all others are 0, and that its
minimum occurs when all ϕ̄i are equal. This is similar to the total variation penalty Ωimage,
but it is normalized and has a flipped sign to encourage differences. The corresponding
attribution prior is maximized when global attributions are zero for all but one feature and
minimized when attributions are uniform across features.

5.7 Image model experimental settings

We trained a VGG16 model from scratch modified for the CIFAR-10 dataset, containing
60,000 colored 32x32-pixel images divided into 10 categories, as in [168]. To train this network,
we used stochastic gradient descent with an initial learning rate of 0.1 and an exponential
decay of 0.5 applied every 20 epochs. Additionally, we used a momentum level of 0.9. For
augmentation, we shifted each image horizontally and vertically by a pixel shift uniformly
drawn from the range [-3, 3], and we randomly rotated each image by an angle uniformly
drawn from the range [-15, 15]. We used a batch size of 128. Before training, we normalized
the training dataset to have zero mean and unit variance, and standardized the test set with
the mean and variance of the training set. We used k = 1 background reference samples
for our attribution prior while training. When training with attributions over images, we
first normalized the per-pixel attribution maps by dividing by the standard deviation before
computing the total variation; otherwise, the total variation can be made arbitrarily small
without changing model predictions by scaling down the pixel attributions close to 0.

We repeated the same experiment as above on MNIST, which contains 60,000 black-and-
white 28x28-pixel images of handwritten digits. We trained a CNN with two convolutional
layers and a single hidden layer. The convolutional layers each had 5x5 filters, a stride length
of 1, and 32 and 64 filters total. Each convolutional layer was followed by a max pooling
layer of size 2 with stride length 2. The hidden layer had 1024 units and a dropout rate
of 0.5 during training [265]. Dropout was turned off when calculating the gradients with
respect to the attributions. We trained with the Adam optimizer with the default parameters
(α = 0.001, β1 = 0.9, β2 = 0.999, ϵ = 10−8) [131]. We trained with an initial learning rate
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of 0.0001, with an exponential decay of 0.95 for every epoch, for a total of 60 epochs. For
all models, we trained with a batch size of 50 images and used k = 1 background reference
sample per attribution while training.

5.8 Biological experiments

5.8.1 Significance testing of results

To test the difference in R2 attained by each method, we used a T-test for the means of two
independent samples of scores (as implemented in SciPy) [289]. This is a two-sided test and
can be applied to R2 since R2 is a linear transformation of mean squared error, which satisfies
normality assumptions by the central limit theorem. When we compare the R2 attained from
10 independent retrainings of the neural network to the R2 attained from 10 independent
retrainings of the attribution prior model, we find that predictive performance is significantly
higher for the model with the graph attribution prior (t-statistic = 3.59, p = 2.06× 10−3).

To ensure that the increased performance in the attribution prior model was due to real
biological information, we replaced the gene-interaction graph with a randomized graph
(symmetric matrix with identical number of non-zero entries to the real graph, but entries
placed in random positions). We then compared the R2 attained from 10 independent
retrainings of a neural network with no graph attribution prior to 10 independent retrainings
of an neural network regularized with the random graph and found that test error was
not significantly different between these two models (t-statistic = 1.25,p = 0.23). We
also compared to graph convolutional neural networks, and found that our network with
a graph attribution prior outperformed the graph convolutional neural network (t-statistic
= 3.30,p = 4.0× 10−3). Finally, we compared to an L2 penalty applied uniformly across all
attributions, and found that this attribution prior did not significantly increase performance
from baseline (t-statistic = 1.7,p0.12).

5.8.2 Train/validation/test set allocation

To increase the number of samples in our dataset, we used as a feature the identity of the
drug being tested, rather than one of a number of possible output tasks in a multi-task
prediction. This follows from prior literature on training neural networks to predict drug
response [220]. This yielded 30,816 samples (covering 218 patients and 145 anti-cancer drugs).
Defining a sample as a drug and a patient, however, meant we had to choose carefully how
to stratify samples into our train, validation, and test sets. While it is perfectly legitimate
in general to randomly stratify samples into these sets, we wanted to specifically focus on
how well our model could learn trends from gene expression data that would generalize to
new patients. Therefore, we stratified samples at a patient-level rather than at the level of
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individual samples (e.g., no samples from any patient in the test set ever appeared in the
training set). We split 20% of the total patients into a test set (6,155 samples) and then split
20% of the training data into a validation set for hyperparameter selection (4,709 samples).

5.8.3 Model class implementations and hyperparameters tested

LASSO. We used the scikit-learn implementation of the LASSO [282, 213]. We tested a
range of α parameters from 10−9 to 1, and we found that the optimal value for α was 10−2

by mean squared error on the validation set.
Graph LASSO. For our Graph LASSO, we used the Adam optimizer in TensorFlow [2],

with a learning rate of 10−5 to optimize the following loss function:

L(w;X, y) = ∥Xw − y∥22 + λ′∥w∥1 + ν ′wTLGw, (5.1)

where w ∈ Rd is the weights vector of our linear model and LG is the graph Laplacian of
our HumanBase network [88]. In particular, we downloaded the “Top Edges” version of the
hematopoietic stem cell network, which was thresholded to only have non-zero values for
pairwise interactions that had a posterior probability greater than 0.1. We used the value
of λ′ selected as optimal in the regular LASSO model (10−2, which corresponds to the α

parameter in scikit-learn) and then tuned over ν ′ values ranging from 10−3 to 100. We found
that a value of 10 was optimal according to MSE on the validation set.

Neural networks. We tested a variety of hyperparameter settings and network archi-
tectures via validation set performance to choose our best neural networks, including the
following feed-forward network architectures (where each element in a list denotes the size
of a hidden layer): [512,256], [256,128], [256,256], and [1000,100]. We tested a range of L1
penalties on all of the weights of the network, from 10−7 to 10−2. All models attempted to
optimize a least squares loss using the Adam optimizer, with learning rates again selected by
hyperparameter tuning ranging from 10−5 to 10−3. Finally, we implemented an early stopping
parameter of 20 rounds to select the number of epochs of training (training was stopped after
no improvement on validation error for 20 epochs, and the number of epochs was chosen
based on optimal validation set error). We found that the optimal architecture (chosen by
lowest validation set error) had two hidden layers of size 512 and 256, an L1 penalty on the
weights of 10−3 and a learning rate of 10−5. We additionally found that 120 was the optimal
number of training epochs.

Attribution prior neural networks. We next applied our attribution prior to the
neural networks. First, we tuned networks to the optimal conditions described above. We
then added extra epochs of fine-tuning where we ran an alternating minimization of the
following objectives:
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L(θ;X, y) = ∥fθ(X)− y∥22 + λ∥θ∥1 (5.2)

L(θ;X) = Ωgraph(Φ(θ,X)) = νϕ̄TLGϕ̄ (5.3)

Following [238], we selected ν to be 100 so that the Ωgraph term would initially be equal
in magnitude to the least squares and L1 loss terms. We found that 5 extra epochs of tuning
were optimal by validation set error. We drew k = 10 background samples for our attributions.
To test our attribution prior using gradients as the feature attribution method (rather than
expected gradients), we followed the exact same procedure, only we replaced ϕ̄ with the
average magnitude of the gradients rather than the expected gradients.

Graph convolutional networks. We followed the implementation of graph convolution
described in [132]. The architectures were searched as follows: in every network we first
had a single graph convolutional layer (we were limited to one graph convolution layer due
to memory constraints on each Nvidia GTX 1080-Ti GPU that we used), followed by two
fully connected layers of sizes (512,256), (512,128), or (256,128). We tuned over a wide
range of hyperparameters, including L2 penalties on the weights ranging from 10−5 to 10−2,
L1 penalties on the weights ranging from 10−5 to 10−2, learning rates of 10−5 to 10−3, and
dropout rates ranging from 0.2 to 0.8. We found the optimal hyperparameters based on
validation set error were two hidden layers of size 512 and size 256, an L2 penalty on the
weights of 10−5, a learning rate of 10−5, and a dropout rate of 0.6. We again used an early
stopping parameter and found that 47 epochs was the optimal number.

5.9 Sparsity experiments

5.9.1 Data description and processing

Our sparsity experiments used data from the NHANES I survey [191] and contained 35
variables (expanded to 118 features by one-hot encoding of categorical variables) gathered
from 13,000 patients. The measurements included demographic information like age, sex, and
BMI as well as physiological measurements like blood, urine, and vital sign measurements.
The prediction task was a binary classification of whether the patient was still alive (1) or
not (0) 10 years after data were gathered.

Data were mean-imputed and standardized so that each feature had 0 mean and unit
variance. For each of the 200 experimental replicates, 100 train and 100 validation points
were sampled uniformly at random; all other points were allocated to the test set.



163

5.9.2 Model

We trained a range of neural networks to predict survival in the NHANES data. The
architecture, nonlinearities, and training rounds were all held constant at values that performed
well on an unregularized network, and the type and degree of regularization were varied.
All models used ReLU activations and a single output with binary cross-entropy loss; in
addition, all models ran for 100 epochs with an SGD optimizer with learning rate 0.001 on
the size-100 training data. The entire 100-sample training set fit in one batch. Because the
training set was so small, all of its 100 samples were used for EG attributions during training
and evaluation, yielding k = 100. Each model was trained on a single GPU on a desktop
workstation with 4 Nvidia 1080 Ti GPUs.

Architecture. We considered a range of architectures, including single-hidden-layer
32-node, 128-node, and 512-node networks, two-layer [128,32] and [512,128]-node networks,
and a three-layer [512,128,32]-node network; we fixed the [512,128,32] architecture for future
experiments.

Regularizers. We tested a large array of regularizers in addition to those considered in
the maintext.

5.9.3 Hyperparameter tuning

We selected the hyperparameters for our models based on validation performance. We
searched all L1, L2, SGL and attribution prior penalties with 121 points sampled on a log
scale over [10−7, 105].

5.9.4 Maintext methods

Performance and sparsity bar plots. The performance bar graph (Figure 5.5a)
was generated by plotting mean test ROC-AUC of the best model of each type (chosen by
validation ROC-AUC) averaged over each of the 200 subsampled datasets, with confidence
intervals given by 2 times the standard error over the 200 replicates. The sparsity bar graph
(Figure 5.5c) was constructed using the same process, but with Gini coefficients rather than
ROC-AUCs.

Feature importance distribution plot. The distribution of feature importances was
plotted in the main text as a Lorenz curve (Figure 5.5, bottom right): for each model, the
features were sorted by global attribution value ϕ̄i, and the cumulative normalized value of
the lowest q features was plotted, from 0 at q = 0 to 1 at q = p. A lower area under the
curve indicates more features had relatively small attribution values, indicating the model
was sparser. Because 200 replicates were run on small subsampled datasets, the Lorenz curve
for each model was plotted using the averaged mean absolute sorted feature importances over
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all replicates. Thus, for a given model type, the q = 1 point represented the mean absolute
feature importance of the least important feature averaged over each replicate, q = 2 added
the mean importance for the second least important feature averaged over each replicate, and
so on.

Performance vs sparsity plot. Validation ROC-AUC and model sparsity were calcu-
lated for each of the 121 regularization strengths and averaged over each of the 200 replicates.
These were plotted on a scatterplot to show the possible range of model sparsities and
ROC-AUC performances (Figure 5.5, top right) as well as the tradeoff between sparsity and
performance.

Statistical significance. Statistical significance of the sparse attribution prior perfor-
mance was assessed by comparing the test ROC-AUCs of the sparse attribution prior models
on each of the 200 subsampled datasets to those of the other models (L1 gradients, L1 weights,
SGL, and unregularized). Significance was assessed by 2-sided paired-samples T -test, paired
by subsampled dataset. The same process was used to calculate the significance of model
sparsity as measured by the Gini coefficient.

Code Availability

Implementations of attribution priors for Tensorflow and PyTorch are available at https:
//github.com/suinleelab/attributionpriors. This repository also contains code repro-
ducing main results from the paper.

Data Availability

The data for all experiments and figures in the paper are publicly available. The repository
above contains a downloadable version of the dataset used for the sparsity experiment,
as well as links to download the datasets used in the image and graph prior experiments.
Data for the benchmarks was published as part of [176] and can be accessed at https:
//github.com/suinleelab/treeexplainer-study/tree/master/benchmark
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Chapter 6

AN ADVERSARIAL APPROACH FOR THE ROBUST
CLASSIFICATION OF PNEUMONIA FROM CHEST

RADIOGRAPHS

6.1 Introduction

A variety of recent papers have demonstrated the promise of deep learning for medical imaging
tasks. From the prediction of diabetic retinopathy using retinal scan images to the diagnosis of
melanoma from photographs, machine learning approaches have achieved near-physician level
performance [91, 67]. Deep learning classifiers of chest radiographs are not only promising in
a research setting, but have also been deployed in clinical practice. For example, an algorithm
to detect 4 different thoracic diseases from frontal chest radiographs was evaluated in an
emergency medicine setting and was found to increase radiology residents’ sensitivity [106].

Despite these major advances, there are still significant limitations for medical deep
learning. One of these problems is dataset shift, or the loss in performance when a model is
tested on data that is drawn from a different distribution than the data used for training
the model [223, 219]. Zech et al. [305] found that a deep learning pneumonia classifier
trained on data from two hospital systems exploited differences in the base rate of pneumonia
between the two hospitals by learning to identify each radiograph’s hospital of origin rather
than anatomically-relevant features of pneumonia. While this model apparently had high
predictive performance, when the model was tested on radiographs from a third hospital
not present in the training data its performance significantly decreased. Furthermore, even
within a single hospital system, confounded predictions may be a problem for deep learning.
For example, Badgeley et al. [11] demonstrated that a deep learning hip fracture classifier
was leveraging patient-level variables (such as age and gender) and process-level variables
(such as scanner model and hospital department) in its predictions. After controlling for
these variables during model evaluation by rebalancing the test set, they found that the
classifier performed no better than random. A recent multi-society statement on the “Ethics
of Artificial Intelligence in Radiology” points to the importance of being able to understand
and guide the decision-making process of machine learning algorithms to ensure that these
algorithms can be safely and effectively used in clinical practice [80]. While the works above
have described the brittleness of deep learning medical imaging classifiers, more work is
needed to create robust models.
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Figure 6.1: Causal graph showing relationships that form part of one plausible data generating
process for chest radiographs: relationships are between pneumonia (Y), radiograph view
position (V), anatomically relevant radiographic features (A), and the final chest radiograph
(X). Red and dashed edges indicate a view-mediated causal path between the radiograph and
pneumonia that may shift between different datasets or hospitals. We emphasize that this
does not illustrate the full data generating process, and that many data generating processes
are possible.

We propose an approach based on adversarial neural networks to address dataset shift
by learning models that are invariant to confounders that may shift across hospitals. In
particular, we focus on the problem of pneumonia classification from chest radiographs, as
the problem of confounding and dataset shift has been particularly well-documented for this
task [305]. We find that (1) potential model confounding can be effectively identified by
evaluating how well confounders can be predicted from a model’s output, that (2) adversarial
training enables pneumonia classification that is independent of radiograph view, and that
(3) the adversarially-trained models attain better generalization performance when tested in
novel hospital systems. 1

6.2 Problem Statement

We first consider some of the causal relationships forming part of one plausible data generating
process for chest radiographs, given by the random variable X in 6.1. A patient’s pneumonia
status, given by the random variable Y , will lead to a variety of anatomically-relevant features
A, such as increased radiopacity or consolidation in the lung fields, that form part of the

1Code to reproduce this project is available at https://github.com/suinleelab/cxr\_adv
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radiograph. Furthermore, the patient’s disease status will lead to a variety of clinical signs
and symptoms which will influence which department they are seen in (e.g. in-patient or
out-patient). Different departments may use different scanners (portable or fixed) and these
scanners may be taken with different views (V ). Frontal chest radiographs may be taken
with either an anterior-posterior (AP) view where the x-ray source is positioned such that
x-rays enter through the front of the chest and exit through the back of the chest, or a
posterior-anterior (PA) view where the x-ray source is positioned such that x-rays enter
through the back of the chest and exit through the front.

View directly impacts the appearance of chest radiographs in a variety of ways. Different
views cause anatomical structures to have different relative sizes in radiographs since their
distance from the radiographic source is altered [221]. Furthermore, AP radiographs are taken
on portable scanners, which may place text such as “PORTABLE” or “SEMI-UPRIGHT”
directly on the image. For this graph, it is plausible that the relationship between pneumonia
and view may not be consistent across hospitals. The AP view position is generally associated
with a higher prevalence of disease, as sicker patients are more likely to need to have a portable
scanner brought to them [221, 304]. In our source training dataset (described below in 6.3.1),
however, the standard relationship is reversed and the prevalence of pneumonia is 2-fold
higher in PA view radiographs (2.1% base rate of pneumonia in AP images vs. 3.9% base rate
of pneumonia in PA images). As the difference in base rate between the subgroups increases,
the worse the generalization performance should be (see Section 6.6). Since the relationships
between pneumonia and view may not be consistent across hospitals, we hypothesize that by
learning a model that is invariant to differences in radiograph view, we can create a model
that will be more robust to dataset shift. View is additionally an important confounder to
control because commerically-available chest radiograph algorithms are currently designed to
accept both AP and PA view radiographs as input [106].

We formally state the problem as follows. We are given data from a source distribution S
where each sample (indexed by i) is a 3-tuple consisting of a radiograph xi ∼ X, a multi-label
classification label yi ∼ Y , and a binary indicator of view vi ∼ V . We would like to learn a
model that outputs a pneumonia score that will generalize well to a target domain T , where
the relationship between the nuisance variable and the outcome may be different in the target
domain than in the source domain. In our particular problem, we assume that we have no
access at all to data from the target distribution, corresponding to what Subbaswamy et al.
[269] refer to as a proactive approach to addressing dataset shift. Much of the prior work on
adversarial domain adaptation has corresponded to a different problem, in which we assume
that we have access to unlabeled data from the target distribution, corresponding to what
Subbaswamy et al. [269] refer to as a reactive approach to dataset shift [16, 77, 186, 115].
Since we have no data from the target distribution, we instead aim to learn a classifier f

that outputs a pneumonia score S such that S ⊥ V . Even though we use all 13 of the
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different pathologies in Y to train our model, since we only require that our model learns a
relationship such that S ⊥ V , and not Y ⊥ V , there is no constraint for the model to learn
view-independent scores for any of the other non-pneumonia pathologies.

6.3 Methods

6.3.1 Data

To assess the robustness of models to dataset shift, we used chest radiographs from two large
publicly-available datasets. For our model training source domain, we used the CheXpert
dataset from Stanford [109]. This dataset contains 224,316 chest radiographs of 65,240
patients. We considered only the 191,229 frontal radiographs (AP or PA view) in the
dataset, excluding all of the lateral radiographs. Since the test split in the original CheXpert
dataset only contained 8 radiographs that were positive for pneumonia, all of which were
AP radiographs, we moved 92 more positive pneumonia radiographs (for a total of 100
positive pneumonia radiographs) to the test set for the sake of better pneumonia performance
evaluation. For our target domain, we used the MIMIC-CXR dataset from Massachusetts
Institute of Technology [117]. This dataset includes 371,920 chest radiographs of 65,079
patients. After filtering lateral radiographs, we had 249,995 frontal radiographs remaining.
One major advantage of using these two datasets is that they have the same set of 13 labels
(“Enlarged Cardiomediastinum,” “Cardiomegaly,” “Lung Opacity,” “Lung Lesion,” “Edema,”
“Consolidation,” “Pneumonia,” “Atelectasis,” “Pneumothorax,” “Pleural Effusion,” “Pleural
Other,” “Fracture,” and “Support Devices”) and are created using the same labeling algorithm.
This algorithm takes expert-generated free-text radiological reports associated with each chest
radiograph as input and outputs the set of pathology labels. Using data labeled with the
same natural language processing algorithm helps to remove the potential effects of dataset
shift due to differences in the label generating process.

6.3.2 Standard Training

To train our baseline models for prediction, we used the architecture and training procedure
described in [305] and [225]. The model architecture used was a DenseNet-121 initialized with
weights pretrained on ImageNet, which can be downloaded from the PyTorch torchvision
models subpackage [103, 211]. While we were primarily interested in pneumonia detection,
we found that using all pathology labels available in the CheXpert dataset during training
significantly increased pneumonia classification performance. Since the number of classes in
the CheXpert dataset is different than the number of classes in the ImageNet dataset, the
classification head for the pretrained DenseNet-121 was removed and replaced by a linear
layer with output dimensions equal to the number of labels in the CheXpert dataset, followed
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by a sigmoid activation function. A binary cross-entropy loss was optimized using an SGD
optimizer with momentum of 0.9, weight decay of 10−4, and an initial learning rate of 10−2.
Early stopping was implemented by monitoring binary cross-entropy loss on a held out split
of validation data. Our validation set, representing 5% of the training data, was split on
patients rather than radiograph index. If validation loss did not improve over an epoch,
the learning rate was decreased by a factor of 10. If validation loss failed to improve for 3

consecutive epochs, training was stopped. Performance was then evaluated on the held out
test set. This procedure was repeated three separate times to attain standard deviations of
performance.

6.3.3 Adversarial Deconfounding

To learn more robust models that generalize better to external test data, we propose an
approach based on adversarial training. This approach consists of jointly training two neural
networks. The first is the classifier, f , which is trained to predict a pneumonia label y from a
chest radiograph x. The second is an adversary, g, which is trained to predict the view v

from the output score s of the classifier f . The optimization procedure consists of alternating
between training the adversary network until it is optimal, then training the classifier to fool
the adversary while still predicting pneumonia well.

This approach aims to proactively mitigate the potential effects of domain shift by
controlling for known confounders in medical images using adversarial training. In addition
to the applications for reactive domain adaptation mentioned above in 6.2, adversarial
training has been used in a variety of other areas to learn models or representations that are
independent of a given variable. For example, there is a significant body of literature in the
area of algorithmic fairness where adversarial training has been used to learn representations
that are fair with respect to protected classes such as race or gender [61, 183, 290]. In the
physical sciences, adversarial training has been used to learn classifiers capable of detecting
interesting particle jets in particle colliders that are independent of the presence of nuisance
interactions in the collider [174].

We emphasize that one major contribution of our work compared to prior work on
deep learning for medical images is that we take advantage of causal domain knowledge to
improve generalization performance without needing to use any data from the target domain.
Where previous approaches to domain adaptation use adversarial training to either learn
a score or intermediate representation that are domain-invariant by augmenting training
with unlabeled data from the target domain, we instead use our domain knowledge about the
causal relationships involved in our data to find nuisance variables that potentially will have
a different relationship with the outcome in the target domain than in the source domain.
We then use an adversarial approach to learn a classifier that is invariant to the nuisance
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variable, which requires no data whatsoever from the target domain.
To implement our training, we take the approach suggested in Louppe et al. [174] and

adapt it for use in the application of radiograph classification. For the notation in the following
sections, the parameterization of classifier f will be given as θf , while the parameterization
of adversary g will be given by θg. The classifier’s output score for pneumonia is given by
s = f(x)pneumo (where the (pneumo) superscript indicates the index for pneumonia in the
multi-label output vector).

Separately Pretraining Classifier and Adversary

The classifier f is first trained using the procedure described in the standard training section
above to optimize the negative log-likelihood of Y |X under θf :

Lf (θf ) = Ex∼XEy∼Y |x[− log pθf (y|x)]. (6.1)

Then, the parameters of the classifier are fixed and the adversary network is trained. The
architecture used for the adversary is a simple feed-forward network with 3 hidden layers of
32 nodes. We used ReLU activation functions between the hidden layers, and a linear output.
This architecture was selected to have sufficient capacity to model non-linear dependency
between the score and view while still being lightweight enough for quick optimization. The
network is optimized to minimize the following objective:

Lr(θf , θr) = Es∼f(X;θf )Ev∼V |s[− log pθr(v|s)]. (6.2)

This means that the adversary takes the scalar-valued pneumonia score output by the
classifier as its input, and outputs a scalar-valued prediction of view. The adversary was
pretrained for a single epoch.

Joint adversarial optimization

After both the classifier and the adversary were pretrained, we began joint adversarial
optimization. Each “joint optimization epoch” consisted of first fixing the classifier, then
training the adversary for one epoch by minimizing the loss of the batch stochastic gradients
for each of K = N/M minibatches present in the entire dataset (where N is the number of
total samples in the training data and M is the size of the minibatch):

∇θr

K∑
k=1

Mk∑
m=1

− log pθr(vm|sm). (6.3)

Then, after the adversary is trained to optimally predict the nuisance variable V from the
score output by the classifier, the parameters of the adversarial network θr are fixed, and we
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draw a single minibatch of data and update the model by descending the stochastic gradients
of the minibatch

∇θf

M∑
m=1

[
− log pθf (ym|xm) + log pθr(vm|sm)

]
. (6.4)

The procedure of an entire epoch of training for the adversary with the classifier fixed, and
a single minibatch of training for the classifier with the adversary fixed, is repeated until the
model achieves optimal performance while its output is independent of the nuisance variable.

Louppe et al. [174] showed that the optimal solution of this minimax optimization scheme
is a classifier f that is optimal with respect to the training data with output S that is
independent of V . If no such classifier exists, then the weight of the adversarial loss term
given in 6.2 can be tuned with an additional hyperparameter λ to make a tradeoff between
stability (in terms of independence of the classifier from the nuisance variable) and accuracy
(in terms of classification performance given the data). For all of our models, we used a value
of λ = 1. Finally, while other approaches have enforced independence between V and some
intermediate layer of the network, if we want a pneumonia score S that is independent of V ,
we observe that it suffices to directly adversarially optimize the prediction of V from S.

6.3.4 Previous approaches for controlling confounders

Attempting to control for confounding in machine learning models is a well studied problem,
and has previously been specifically studied in the domain of medical imaging [227]. In
addition to testing the performance of our adversarial approach, we also compared to a variety
of previously used approaches for modeling medical images in the presence of confounders.

Instance sampling

One approach to domain adaptation involves re-weighting samples in the training data
[212, 165, 255, 271]. We re-implement the approach suggested in Rao et al., called Instance
Weighting [227]. In a normal empirical risk minimization framework, we assume that the
data the model will be evaluated on will be drawn from the same data generating process as
that which the model is trained on, and thus aim to minimize the empirical risk:

f ∗ = argminf∈F

n∑
i=1

1

n
ℓ(f(Xi), Yi). (6.5)

If we assume that we will have test data drawn from a different distribution, we can
try to reweight the samples in our training set to minimize the empirical risk in the target
population instead of the source population:
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f ∗ = argminf∈F

n∑
i=1

1

n

[
P̂ T (Vi, Yi)

P̂ S(Vi, Yi)

]
ℓ(f(Xi), yi), (6.6)

where P̂ S(Vi, Yi) and P̂ T (Vi, Yi) indicate the joint density of radiograph view and pneumonia
in the source and target domains respectively.

Since we do not have any information about the target distribution, we assume the target
marginal distributions of the targets and the confounders are identical to the source marginal
distributions, which means that the loss function factorizes to the following form:

f ∗ = argminf∈F

n∑
i=1

1

n

[
P̂ S(Yi)

P̂ S(Yi|Vi)

]
ℓ(f(Xi), yi). (6.7)

In order to avoid particular unbalanced batches during optimization, rather than applying
the weights as a multiplicative factor during the calculation of the loss function, we instead
re-weight the probability of each particular instance in the training data being sampled at
each batch.

Matching

In addition to changing the sampling weights of each sample in the training set, the most
straight-forward possible approach to handling confounding suggested in [227] is matching
the base rate across subgroups in the training data. The drawbacks to this approach are that
it either requires deliberately collecting data that is balanced across subgroups in advance,
or throwing out data. Since we could not go back and alter the data collection process for
our dataset, in order to match the base rate of pneumonia in AP and PA radiographs in
the training data, we had to delete 77,117 AP radiographs from the training data. This
represented a substantial portion of the total data, amounting to 40% of the samples negative
for pneumonia in the CheXpert dataset, and 35% of all samples in the training data.

Include Nuisance Covariate in Regression

Another potential approach to handle confounding suggested in [227] is to “regress out" the
effect of view on the outcome. We make use of the fact that the classification head of the
DenseNet-121 is a logistic regression with the learned features (nodes of the last hidden layer,
Hn−1) as covariates. Therefore, we simply append an extra feature for our covariate V to
the last layer Happended = [Hn−1

0 , Hn−1
1 , · · · , Hn−1

i , V ]. We can then model the data using a
standard logistic regression:

Y = σ(Happendedw + β), (6.8)



173

Table 6.1: Pneumonia classifier performance (AUROC ± st. dev.) on held out test data
from CheXpert dataset (Source), and held out test data from the external MIMIC dataset
(Target). Standard deviations reported across three independent re-initializations of the
training procedure. Best performance on external test data highlighted in bold and red.

Method Source (Internal) Target (External)

Standard 0.791 ± 0.016 0.703 ± 0.016
Adversarial (Ours) 0.747 ± 0.013 0.739 ± 0.001
Instance Weighting 0.685 ± 0.049 0.648 ± 0.038

Covariate 0.793 ± 0.008 0.715 ± 0.016
Matching 0.684 ± 0.036 0.689 ± 0.024

where w ∈ Rh+|V | is the vector of weights of the classification head, β ∈ R is the bias term
for the classification head, and σ(t) = 1

1+e−t .
We then train the modified DenseNet-121 following the exact same procedure as described

in 6.3.2. When evaluating our model in the external target domain, we remove the effect of
the confounding variable by setting it equal to the mean across all samples.

6.4 Results

6.4.1 CNN pneumonia classifiers fail to generalize to external health datasets

To assess the generalization performance of standard deep learning approaches to pneumonia
classification, we trained a classifier using the procedure described in 6.3.2 on data from the
Stanford CheXpert dataset, then evaluated the model on both held-out patients from the
same dataset (source performance) and held-out patients from the external MIMIC dataset
(target performance). We evaluated performance using area under the ROC curve (AUROC),
which evaluates the true positive rate and false positive rate attainable by the model across
all possible thresholds.

We found that this model was able to achieve an AUROC of pneumonia classification of
0.791± 0.016 (see Table 6.1). When we tested this same model on data from the PhysioNet
MIMIC dataset, we found a substantial drop in performance, with the model only able
to achieve an AUROC for pneumonia classification of 0.703 ± 0.016 (see Table 6.1). This
result again confirms the concerns raised in [219] and [305], that state-of-the-art training and
model architectures for deep learning medical imaging classifiers lead to models that do not
generalize well to external datasets.
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Figure 6.2: A pretrained CNN with no task-specific supervision represents radiographs in a
manner easily separable by view.
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Figure 6.3: The DenseNet-121 model architecture (solid lines) is capable of near-perfect
prediction of the potential nuisance variables radiograph view and patient sex from the
original image data. After training a DenseNet-121 to predict pneumonia from the original
image data, we see that a simple feed-forward classifier is capable of predicting radiograph
view using only the scalar-valued score output by the pneumonia model as input (dashed line,
left). However, a neural network classifier fails to attain better than random performance at
predicting patient sex from the same scalar-valued score (dashed line, right). This indicates
that the pneumonia classification score is independent of patient sex, but not of radiograph
view.



176

Figure 6.4: Expected Gradients feature attributions for a DenseNet-121 classifier trained
to predict radiograph view position (AP vs. PA). We see that while parts of the image
like the laterality markers are important (and have previously been shown to be important
confounders for identifying source hospital from chest radiographs [305]), the most important
pixels for identifying confounders are spread throughout the entire image, including within
the lung fields.

6.4.2 Adversarial predictions improve model interpretability by identifying potentially con-
founded models

In this section we first show that state-of-the-art convolutional neural network (CNN)
architectures are capable of detecting potential confounders given only pixel-level data.
We then show how current approaches to model interpretability are of limited usefulness in
determining whether or not a particular trained model depends on a potential confounder. We
finally propose an approach based on training a neural network to predict the confounder from
the model output, and show that it does a better job of identifying potential confounding.

Pretrained networks separate radiographs on basis of view and sex without any supervision

To assess how easily CNNs separate radiographs on the basis of features other than pathology,
we examined the features extracted by a DenseNet-121 pretrained on ImageNet before any
training on chest radiographs (6.2). We randomly sampled 10,000 radiographs and applied
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the DenseNet-121 features submodule to them (i.e. the entire model except the classification
head). We then average pooled over the last two dimensions to get 1024 features for each
sample. To visualize how different sorts of radiographs were spread over these pretrained
features, we performed principal components analysis on the resulting matrix, and compared
the distributions of different subsets of the data along the principal components. We found
that the ImageNet-pretrained DenseNet-121 easily separates chest radiographs on the basis
of their view, as AP and PA radiographs are embedded in different parts of the last layer.

Pretraining may alleviate some of the effects of confounding.

Since pretraining alone was so easily able to separate confounders, we wanted to evaluate
what sort of impact pretraining on ImageNet had in terms of the extent of the confounding
and generalizability we observed in 6.4.1, especially in light of recent results on the potentially
limited benefit of transfer learning for medical imaging [224]. Therefore, we also tried training
a deep CNN architecture from randomly initialized weights using the same training approach
and same CheXpert data (see Section 6.7). While we found that while this model was able
to achieve comparable classification performance on held-out test data from the CheXpert
dataset, it generalized significantly worse to the external target domain MIMIC data. We
therefore are able to conclude that the network trained from scratch on medical data seems to
learn domain-specific confounders more effectively when compared to an ImageNet pretrained
model. This is somewhat intuitive, as the scratch-trained model can more easily adapt to the
space of input data, including potential confounders.

CNNs can detect potential confounders from image data with high accuracy

A previously proposed approach for detecting potential confounders has been to evaluate how
well that confounder can be predicted from the original data [305]. When we train the same
architecture CNN using the same training procedure to predict nuisance variables like sex
or radiographic view from the chest radiograph data, we find that our models are capable
of predicting these variables with incredibly high accuracy (6.3). For example, we see that
a model can predict view with an AUROC of 1.0, perfectly classifying every example from
the held out test data. Similarly, we see that this same model architecture is capable of
predicting patient sex with an AUROC of 0.9997, again on held out test data. This result
establishes that even if potentially confounding nuisance variables like radiograph view or
patient sex are not explicitly included in the input features of CNN classifiers, deep CNN
architectures are able to extract them with high accuracy from the pixel-level features of the
radiographs, allowing them to still be used in classification.

While this result indicates that CNNs can detect potential confounders from just the
radiograph data, it does give us any way to tell whether or not a particular model is invariant
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Prediction of View from Pneumonia Classifier Score Before and 
After Adversarial Training

Figure 6.5: Adversarial training learns a pneumonia score that is independent of view. LEFT:
ROC curves for the prediction of radiograph view (AP vs. PA) from a classifier’s pneumonia
score for a classifier trained with a standard approach (red) and for a classifier trained with
our adversarial approach (blue). View can be predicted with relatively high accuracy just
using the pneumonia score from the standard classifier, indicating that this model’s output
and view are not independent. After adversarial training, view can no longer be predicted
with better-than-random accuracy, indicating that the output of this classifier is independent
of view. RIGHT: When we look at the distribution of pneumonia scores actually output by
the two models (Top: Standard, Bottom: Adversarial), we see that the distributions are not
identical between AP and PA subgroups in the standard training model, but are much more
closely matched betweeen the AP and PA subgroups in the adversarially-trained model.
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to a particular confounder. For example, in the CheXpert dataset, the base rate of pneumonia
in male patients is 2.39% while the base rate of pneumonia in female patients is 2.42%.
Therefore, even though we have seen that a CNN can identify whether a radiograph is from
a male or female patient with high accuracy, it seems likely that a model would already be
invariant to a feature that does not have an association with the outcome of interest.

Saliency maps are another previously proposed approach for understanding model behavior
[274, 262, 250]. These methods highlight the pixels or regions that were most important for
the classifier in a given image. We therefore used Expected Gradients, a pixel-level feature
attribution method [65], to generate saliency maps to help understand which pixels were
important for classifying view from radiographs (see 6.4 for more details). We observe that
there is no specific region in the image that is indicative of PA vs. AP view. While both
the laterality marker and text marker on the image are important for classification of view,
pixels throughout the entire image, including within the lung fields, are also important for
this prediction. Therefore, saliency map-based approaches are also not necessarily useful for
identifying whether a model is invariant to a confounder or not.

Confounders can be detected directly from score

While seeing if nuisance variables can be predicted from the images can help understand if a
confounded model could be learned from some data, it does not help identify how much a
particular model is actually invariant to confounders. To assess this, we instead evaluate how
well a neural network model (adversary) can classify the confounder of interest using only
the scalar output score of the model we care about as input. In our case, this quantifies the
dependence between the output score for pneumonia S and the confounding variable V by
measuring the difference between the two distributions p(S|X, V = AP) and p(S|X, V = PA),
and is well-justified as an empirical approximation to the H-divergence discussed in [77, 61].
For a classifier where the output with respect to our class of interest, S is independent of V ,
prediction of V from S should be random, while S not independent of V will lead to better
than random prediction. As an adversary, we trained a simple feed-forward network with 3
hidden layers of 32 nodes.

While both view and sex were nearly perfectly classified from the original data, when we
first train a DenseNet-121 classifier to predict pneumonia from chest radiographs, then try to
predict view and sex from the predicted probability of pneumonia, we see that our model
attains far greater performance at predicting radiograph view than sex, and that patient
sex is not predicted better than random (6.3). Therefore, we can conclude that while the
pneumonia classifier is likely independent of sex, it is potentially not invariant to view.
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Larger generalization gap
(∆AUROC = -0.09)

Smaller generalization gap
(∆AUROC = -0.01)

Standard Training Pneumonia Classification ROC Adversarial Training Pneumonia Classification ROC

Figure 6.6: Adversarial training leads to less performance drop and significantly better
performance when classifier is tested on data from a hospital system external to the one the
training data comes from.

6.4.3 Adversarial training can increase model robustness by controlling for confounders

Adversarial framework learns view-independent classifier

Following the insight of the previous section, we can directly optimize for a classifier that
learns a score for our class of interest S that is independent of view using an adversarial
framework. Prior to adversarial training, an adversary neural network could predict the
counfounder with relatively high accuracy given only the score (6.3). Following our adversarial
optimization procedure (6.3.3), a neural network is not able to predict the confounder any
better than random accuracy (see 6.5, left). Furthermore, when we look at the actual score
distributions output by our model, we find that they are more closely matched within the
two different view subgroups (see 6.5, right top and right bottom). While we mainly present
results for the binary view variable, one strength of our approach is that it can be applied
to any sort of nuisance variable, including continuous-valued variables like age (see Section
6.10).

We also find that looking at the predictive performance of the adversarial classifier is far
more indicative of model behavior than saliency map-based approaches in this case. When
we plot saliency maps (see Fig. 6.8, as described in Section 6.8) we can see that there are
definite differences in the pixel-level attributions. Furthermore, it appears that the important



181

Figure 6.7: Adversarial training leads to a final representation where general pathology is
orthogonal to view. White arrows indicate magnitude and direction of view and pathology
classification weight vectors.

pixels are more localized to the lung fields in the adversarially-trained model than in the
standard model. However, it is difficult to quantitatively assess to what extent that is the
case, and since we have shown that pixels throughout the entire image are important for view
classification by CNNs, it is very difficult to answer whether or not a model is confounded by
view or not based only on its pixel-level feature attributions.

View-independent classifier generalizes better to unseen target domain

In addition to being able to learn a classifier that is independent of view, we find that
adversarial training also is able to learn a model that generalizes better to external target
domain test data (see 6.1). When we compare the performance of the adversarial model to the
standard model, we find that while the adversarial model attains slightly worse performance
on the source domain (AUROC = 0.747±0.013 vs. AUROC = 0.791±0.016), it attains better
performance on the target domain (AUROC = 0.739± 0.001 vs. AUROC = 0.703± 0.016).

When we compare to the other baseline methods for controlling for confounding (instance
weighting, including the covariate, and matching), we find that adversarial training also
outperforms these methods. Of these other methods, we find that including the confounder
as an additional covariate in modeling is the most effective, followed by matching, then the
instance weighting resampling scheme.
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Adversarial training learns a representation where pathology is independent of view

While our adversarial approach only explicitly constrains the final output score to be in-
dependent of the nuisance variable V representing view, we wanted to see how the earlier
representations in the DenseNet-121 were impacted by this approach. We therefore take the
output of the last dense layer before the classification head and average pool over the last
two dimensions, and then perform principal components analysis in the same way as we did
for the “unsupervised” ImageNet-pretrained classifier in section 6.4.2.

The representation in the last layer of our adversarially-trained classifier is interesting,
in that it is able to learn an embedding where the axis of differentiation separating the two
views seems to be orthogonal to the axis representing pathology (see 6.7). When we plot the
first two principal components of the radiograph embedding and color by view, we see that
the views are separated from the bottom left of the plot towards the top right. When we
color the same embedding by pathology, the images with no findings are separated to the
bottom right, while images containing pathology separate to the top left.

To quantify if this adversarially-trained representation has a more orthogonal relationship
between view and pathology than a classifier with standard training, we learned a simple
logisitic regression classifier using the first two principal components of the last layer embed-
dings of the standard and adversarially trained classifiers as input. The output for prediction
was either view or pathology. We then measured the linear correlation (r) between the weight
vectors of the two linear classifiers.

We found over a 10-fold decrease in the correlation between the view and pathology vectors
in the final embeddings from the standard to adversarially-trained models (decreasing from
r = 0.1974 to r = 0.008), indicating that the view-axis was substantially more orthogonal
to the pathology-axis in the adversarially-trained classifier. Again, this was particularly
remarkable in that there was no constraint to learn a more independent representation in the
hidden layers of the model.

6.5 Discussion

Our results demonstrate that an approach based on adversarial optimization is capable of
learning more robust medical imaging classifiers. For the specific case of chest radiographs,
we show that a pneumonia classifier trained to be independent of view is more stable to
dataset shift, attaining better generalization performance when tested on radiographs from
an external dataset. Finally, our results show that attempting to predict potential nuisance
variables directly from a model’s output score can be a valuable tool for model interpretability,
indicating whether or not a particular model is independent of potential confounders. While
any measure of the difference in the distributions of the model’s output conditional on



183

potential confounders is likely to work well, we believe that our approach is well-suited in
that it also lends itself naturally to a technique to create confounder-invariant models.

Examination of the causal diagram relating chest radiographs to pneumonia points to
important future research directions. Our experiments showed increased stability to dataset
shift at the expense of decreased performance on new samples from the same hospital system
as the training data. Given the causal diagram, where view mediates the relationship between
the presence of pneumonia and the pixel features of the chest radiograph, it is not surprising
that controlling for view should decrease performance. We note, however, that pneumonia is
a diagnosis that is made in the context of clinical evidence of disease, and a disease where
there is not necessarily perfect concordance between severity of symptoms and radiographic
evidence of infiltrate [287, 201, 204, 23]. In the description of the creation of the “Pneumonia”
label in the CheXpert dataset, the authors note that while pneumonia is a clinical diagnosis,
“Pneumonia... was included as a label in order to represent the images that suggested primary
infection as the diagnosis,” suggesting that clinical information may play a role in labeling
[109]. Disentangling the relationship between radiographic evidence of consolidation, the
clinical presence of pneumonia symptoms, and the influence of the latter on the labeling of
the former in these datasets could be helpful.

Finally, while we showed results from controlling radiograph view (and patient age), we
expect that future work could show even more benefits from applying our approach to a wider
variety of variables, both individually and in combination. However, it would be required
for these variables to be recorded as metadata in datasets. As more and more additional
variables are recorded in medical imaging datasets, and the causal relationships between these
variables are better explicated, we expect the potential benefit of our approach to further
increase.

6.6 Supplement: Subgroup base rate imbalance and generalization performance

Since radiograph view labels were not provided in the MIMIC dataset, we wanted to ensure
that the difference in the base rate of pneumonia between view subgroups in the CheXpert
training data was really an important factor contributing to poor generalization performance.
Inspired by the “engineered relative risk experiment” in [305], we therefore created four
synthetic subsamples of the CheXpert dataset with differing base rates of pneumonia between
AP and PA radiographs. The first had a balanced ratio, the second had a 2-to-1 imbalanced
ratio, the third had a 10-to-1 imabalanced ratio, and the fourth had a 100-to-1 imbalanced
ratio . Each dataset contained 20,000 images total (10,000 from each AP and PA), and the
base rate of pneumonia overall was held constant at 5%. This means that, for example, in the
100-to-1 imbalanced setting there were 10 AP radiographs that were positive for pneumonia,
9,990 AP radiographs that were negative for pneumonia, 990 PA radiographs that were
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Table 6.2: Comparing extent of base rate imbalance between AP and PA in training data
and generalization performance of pneumonia classification on external MIMIC test data

Base Rate Imbalance MIMIC Pneumonia AUROC

1-to-1 0.6508
2-to-1 0.6237
10-to-1 0.5847
100-to-1 0.5749

positive for pneumonia, and 9,010 PA radiographs that were negative for pneumonia. It
was necessary to decrease the sample number in the synthetic datasets to be able to achieve
greater ratios of base rate imbalance between AP and PA subgroups.

We trained models on the synthetic datasets using the standard training procedure, tested
on the external MIMIC dataset, then measured how much of the predictive performance was
lost as the base rate became more imbalanced. In the balanced synthetic dataset, we had
a baseline AUROC of 0.6508 (see 6.2. As we increased the base rate difference to 2-to-1,
we saw a significant drop in predictive performance (AUROC of 0.6237). As we continued
to increase the base rate difference to 10-to-1 and 100-to-1 we found that the predictive
performance continued to drop. We therefore were able to conclude that as the base rate
difference between AP and PA radiographs was exacerbated, the generalization performance
of our classifiers was decreased.

6.7 Supplement: Randomly initialized network

To rule out the possibility that the reason these models were using confounding information
and generalizing poorly was due to the initialization with weights that were pretrained on
ImageNet, we also tried training deep CNNs with weights that had been randomly initialized.
In addition to a DenseNet-121, we also tried training a ResNet-50 architecture [99]. Other
than the change in initialization, the training procedure was identical to that described in
the Standard Training section for both architectures.

While the source domain performance (area under ROC on CheXpert data) for the ResNet
was comparably high to the performance attained by the ImageNet-pretrained DenseNet-121,
the performance gap when testing on external target domain test data (area under ROC
on MIMIC data) was actually much more significant, representing a drop in AUROC of
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Table 6.3: Randomly Initialized Classifier Performance (AUROC) on Source Domain (CheX-
pert) and Target Domain (MIMIC)

Method Source (Internal) Target (External) ∆

ResNet-50 0.7829 0.5992 -0.18
DenseNet-121 0.7098 0.5674 -0.14

0.18 (see 6.3). Furthermore, for the DenseNet architecture, both source and target domain
performance decreased.

6.8 Supplement: Feature attributions

To generate saliency maps, we used the recently developed state-of-the-art method for feature
attributions known as Expected Gradients [65]. Expected Gradients is an extension of the
Integrated Gradients feature attribution method [274]. For a model f , the integrated gradients
value for feature i is defined as:

IntegratedGradientsi(x, x
′) = (xi − x′

i)×
∫ 1

α=0

δf(x′ + α× (x− x′))

δxi

δα,

where x is the target input and x′ is baseline input. In medical imaging models, it is not clear
what image would serve as a reasonable baseline. Therefore, we use the expected gradients
value for feature i, which does not need a background reference and uses the entire training
data in expectation:

ExpectedGradientsi(x) = E
x′∼D,α∼U(0,1)

[
(xi − x′

i)
δf(x′ + α× (x− x′))

δxi

]
.

.
To visualize pixel-level feature importances, we plot a heatmap where the color intensity

encodes the magnitude of each attribution averaged across the three image channels. We
clipped attributions in magnitude at the 99.9th percentile for the visualization.

6.9 Supplement: Subgroup base rate imbalance and adversarial confounding
score

In the models trained on the synthetic datasets in 6.6, we saw that as the relationship between
view and pneumonia became more confounded, the models performed less well on external
test data. We wanted to ensure that the predictive performance of an adversary trained to
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Figure 6.8: Differences in Expected Gradients attributions for standard vs. adversarial
classifiers. We notice that the adversarial model places less importance on the pixels in the
lower right hand corner of the image outside of the lung fields compared to the standard
model. We also observe that it is difficult to quantify from pixel-level attributions how
important the view confounder was to the model. This is a major limitation of saliency map
approaches. While they can help rule-in the possibility of questionable model behavior, it is
difficult to rule-out the possibility of undesirable confounding.
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Table 6.4: Comparing extent of base rate imbalance between AP and PA in training data
and performance on adversarial neural network trained to predict view from output score of
classifier.

Base Rate Imbalance Adversarial AUROC

1-to-1 0.4956
2-to-1 0.7563
10-to-1 0.9180
100-to-1 0.9436

predict view from the output of these models increased as the confounding was exacerbated.
We therefore trained an adversary to predict view given the output of these three models, and
found that as the confounding was exacerbated, the predictive performance of the adversary
increased (see 6.4, which also includes a comparison with the adversarial performance achieved
on the standard data which has a 2-to-1 imbalance).

6.10 Supplement: Age distribution results

One major advantage of the adversarial approach to deconfounding when compared to
matching or balancing based approaches is that it is remarkably easy to control for continuous
variables. The architecture of the adversarial neural network is changed by simply replacing
the sigmoid activation function at the output with a linear activation, and replacing the
binary cross-entropy loss function for the adversary network with a mean squared error
loss function. Then training proceeds identically to the procedure described in 6.3.3. To
demonstrate that this approach works for continuous variables, we show results for controlling
the only continuous potential nusiance variable present in the CheXpert dataset, patient age.

After adversarial training a classifier to produce a pneumonia score independent of age,
we wanted to evaluate how well our approach changed the age-conditional score distributions
of our classifier. We split the data into four separate subgroups thresholded by age: patients
younger than 45, patients with age between 45 and 65, patients between 65 and 85, and
patients older than 85. We then measured all of the pairwise distances between these
subgroups, in both the standard and adversarially trained classifiers. We found that in
general, the score distributions were as similar or more similar between pairs of age subgroups
in the adversarially-trained classifier than in the standard classifier. Since we do not expect
age to be a meaningful confounder for pneumonia prediction that is likely to shift between
hospital datasets, we would not expect controlling for age to improve predictive performance.
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We do not find any increased predictive performance in external target domain test data by
controlling for age (AUROC of 0.695 after controlling for age as compared with an AUROC
of 0.703 with standard training).

To measure the difference between the age-subgroup score distributions, we used the
Kolmogorov-Smirnov D statistic, which is defined as

Dn,m = supx|F1,n(x)− F2,m(x)|, (6.9)

where F (x) is the empirical distribution function. This statistic takes values between 0

and 1, where values closer to 0 indicate more similar distributions, while values closer to
1 indicate less similar distributions. In the plot, we compare each of the six possible pairs
of age subgroups on their similarity in the standard classifier and their similarity in the
adversarially-trained classifier 6.9. For 3 out of the 6 pairs, we see a significant increase in
score distribution similarity. For 1 pair we see a decrease, and for 2 pairs the score distribution
similarity remains roughly constant. We notice that the distributions that are initially more
divergent in the standard classifier are improved the most, and correspond to the greatest
age difference.
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Figure 6.9: Adversarial training can learn a score that is independent of continuous random
variables. To evaluate how similar the distribution of model scores were across different age
subgroups, we divided the samples into four age subgroups. Each dot in the plot above
represents the distance between the score distributions of two of the age subgroups (as
measured by KS D-statistic). The y-axis shows the D-statistic for the scores output by the
standard classification model, while the x-axis shows the D-statistic for the scores output
by the adversarially-trained classification model. Dots that are above the diagonal indicate
subgroups whose distributions became more similar under the adversarially-trained model.
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Chapter 7

CONCLUSION

As complex machine learning models have become more prevalent in biological and medical
applications, the need to understand and improve these models has grown in conjunction.
The work presented in this thesis takes steps toward the development of new methods for
interpreting the patterns learned by complex, black box models.

The questions left unanswered by the preceding chapters point to promising future
directions for explainable AI. For example, while feature attribution methods based on
Shapley values and Aumann-Shapley values come with principled and quantitative guarantees,
the work in Chapter 4 demonstrated some of the shortcomings of saliency-based explanation in
image data, and provided interesting preliminary results on the benefit of using of generative
models to understand higher-level concepts in images. New methods capable of providing
rigorous and quantitative guarantees with explanations based on concepts and features not
present in the original input of models will be useful for models that take images as inputs.

Next, techniques borrowed from the statistical literature on causal inference will likely
prove useful for model interpretation in both the biological sciences and medical sciences. In
biological applications, researchers are often interested in inferring the importance of input
features given observed data. Learning how to incorporate known information about the
causal relationship between observed features and outcomes may improve the meaningfulness
of the explanations learned. Furthermore, in the context of model auditing for medical models,
lessons learned from this research area may help determine the causal impact of different
features, shortcuts, and concepts on the deployment of models.

Finally, more human-centered studies into explainable AI methods will likely be useful.
Because these methods are used for a variety of tasks, ranging from inference-like tasks to
model auditing, studying which particular methods most help different users with different
tasks will likely lead to further improvements.
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