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Industrial & Systems Engineering

Rule learning algorithms have great interpretability compared with other machine learning
models. They also express strong power in discovering interactions between diverse variables.
However, the performance of rule learning is greatly limited by the quality and volume of
available training data. We conduct a literature review to show that the combination of hu-
mans with machine learning algorithms is a solution to these problems. Thus, in this thesis,
we propose an integration method of expert knowledge and rule learning via reinforcement
learning (ERRL) which automatically involves an expert in the rule generation step of Rule-
Fit. We split a node of decision tree in each time step by using the framework of the Markov
Decision Process. Then we incorporate human knowledge with reinforcement learning by
shaping rewards based on the expert responses to the chosen action. In an empirical eval-
uation, we train the ERRL model on a simulated dataset with binary variables. We show
that incorporating expert knowledge can improve the classification accuracy compared with
ERRL model without humans involved. ERRL model provides rule learning with an effec-
tive way to generate rules by iteratively and automatically engaging humans in the learning

process.
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Chapter 1

INTRODUCTION

1.1 Motivation

Rule learning has been a major pillar of machine learning (ML) and artificial intelligence
(AI). Compared with other ML/AI methods, it is commonly recognized for its remarkable
interpretability [I]. But over the years, its development has been relatively slow, in contrast
to other methodologies such as kernel methods and neural networks. One main challenge is
its computational complexity: learning the optimal set of decision rules from data is known to
be NP-hard [2] since the number of possible combinations of rules grows superexponentially
with the number of variables in the dataset [3]. For this reason, rule learning has been
largely relying on efficient heuristics. Nonetheless, rule learning is an essential method for
making sense of data. One of its particular merits is that it can identify interactions between
different variables in a complex dataset that is high-dimensional and has mixed types of

variables.

From the 1970s to the 1990s, heuristic algorithms and logic induction approaches were the
most used methods in rule learning. For example, the PRISM algorithm developed by
Cendrowska employed a modified version of the information content heuristic to assess the
quality of rules [4]. However, since PRISM required learning a rule set for each class (i.e.,
for classification problems), the resulting rule-based classifiers tended to be very complex.
One of the first inductive logic approaches for rule learning is Quinlan’s FOIL system [5].
It generated first-order rules that captured the underlying semantics by finding definitions
of relations one by one and utilizing other relations as background knowledge. Nonetheless,

the system depended on learning Horn clauses from data.



Since the beginning of the 21st century, there has been an explosion of efficient tree-based
algorithms such as random forests [3] and sparse regularization models such as Least Absolute
Shrinkage Selection Operator (LASSO) [6], the RuleFit method [7] adeptly brought them
together. RuleFit initially builds a wide-ranging catalog of rules using a tree-based model
and subsequently utilizes LASSO to choose a minimal set of rules that can obtain a predictive
accuracy as good as the random forest model. Although RuleFit enjoys its computational
efficiency, it is still a heuristic approach that leads to suboptimal solutions, i.e., it can discover
predictive rules but it does not guarantee the discovered rules are the best ones. On the other
hand, the quality and volume of available training data also greatly restrict the performance
of any rule learning algorithm including RuleFit. To overcome these limitations, we propose
a human-in-the-loop approach to help rule learning, since humans can compensate for these
problems by leveraging prior knowledge. Particularly, we hypothesize that expert knowledge
can provide a range of benefits for rule learning models such as data augmentations and
computational guidance for better optimal solutions. Expert-Augmented Machine Learning
(EAML) [8] has demonstrated the promising prospect of the combination of RuleFit and
expert knowledge. EAML designed a novel regularization method by penalizing unreliable
rules which have a large difference between clinicians’ insights with the empirical results
from RuleFit. Still, to the best of our knowledge, there has been no systematic approach to
automatically integrate expert knowledge into rule learning. The main focus of this thesis is

to devise an innovative model that can aid in surmounting this difficulty.

1.2 Research objectives

This thesis will start with a systematic review of the literature and summarize the potential
lines of frameworks that can integrate human intelligence into machine learning algorithms
such as the RuleFit. We will develop a preliminary model and algorithm by formulating
tree learning within the framework of the Markov Decision Process (MDP) and integrating
human knowledge with reinforcement learning (RL). We will evaluate the proposed model
using simulation studies. We expect that our model can have higher classification accuracy

than the model without expert knowledge when the maximum classification accuracy of the



dataset or expert accuracy changes.

1.3 Organization of the thesis

This thesis is organized according to the following chapters: Chapter [2] will start with a
systematic literature review of rule learning and expert knowledge integration in AI/ML.
Chapter [3] will present our modeling framework to incorporate expert knowledge into RuleFit
via RL. Chapter[d will present a preliminary experimental evaluation of our proposed method.

Chapter [5| concludes the thesis with the conclusion and future research.



Chapter 2

REVIEW OF THE STATE-OF-THE-ART

2.1 Integration of human knowledge into AI/ML
Integration of domain knowledge with AI/ML has been the subject of extensive research in

recent years. Generally, there are a few major schools of approach:

e The Bayesian framework: It is natural to adopt the Bayesian framework to integrate
human knowledge with AI/ML models, particularly for some ML models that already
possess an inherent structure that allows them to incorporate human knowledge in the
form of probabilistic relations. For example, for a Bayesian network (BN), encoded
expert knowledge can help estimate the parameters of the conditional distribution
[9, T0]. Another method for learning BN based on Monte Carlo simulations produced
a posterior probability distribution for all potential parent sets of each variable based
on the assumption that the ordering of nodes was known. Expert responses regarding
whether some arcs really existed were used to decrease the entropy of the probability
distribution [II]. In the ecological field, to evaluate the effects of grazing on birds,
Kuhnert et al. and Martin et al. proposed a Bayesian generalized linear mixed model
where the random effects associated with different grazing levels were assumed to follow
a normal distribution [12], 13]. The random effects were modeled to allow for a shift in
the mean which was reflected by knowledge from multiple experts and precision which
indicated the similarity of expert knowledge. The Bayesian framework can also flexibly
model a variety of data formats. For example, pairwise comparison data obtained from
an expert can be continuously and automatically acquired to maximally reduce model

uncertainty when searching for the structure of a Bayesian network [14]. Furthermore,



in the biological field, gene relations decided by experts can determine the optimal
Bayesian classification by building a set of constraints [I5]. If the existing knowledge
indicates gene; with X7 = 1 is regulated by gene; with Xy = 0 and genes with X5 =1,
the constraint can be P(X; = 1| X, =0,X3=1)=1.

Reinforcement learning: RL algorithms [16] consist of the interactions between the
agent and environment, which is also a natural framework to characterize a human-
in-the-loop process [I7]. There are two common methods for human knowledge to
be integrated into the RL model training. One is to shape rewards based on human
responses. For example, the TAMER was proposed to allow a human to give the scalar
reward signals to show their feedback on the observed actions [18]. Assigning greater
positive weights to significant indicators based on the human judgment can shape the
reward function of the MDP formulation [19]. Besides reward shaping, policy shaping is
another method to include human-in-the-loop by making humans directly influence the
policy. Griffith et al. proposed a method, Advise, that obtained expert feedback on the
chosen action and changed the policy by labeling optimal actions [20]. Later, Advise
was evaluated by taking human error into account and combining human feedback with

the learning process [21].

Ad-hoc integration approaches: Some particular ML models or specific domains
inspire the development of some ad-hoc approaches to integrate human knowledge into
the learning process. Descriptive and intuitive knowledge that is often expressed by
plain language can be preprocessed to have more numerical formats for ML models [22].
For example, qualitative coding can be used to organize qualitative data by grouping
them based on common characteristics to identify patterns within the data [23]. This
method assigns inferential labels to chunks of data, which facilitates the incorporation
of empirical human knowledge in social science into ML. During the postprocessing
stage, qualitative knowledge can be used to organize and structure the code system

in the natural language processing (NLP) field [24]. Also, in the biological field, to



reduce the time spent on annotating multiple nuclear images, expert knowledge can be
used to guide the learning process based on an Online Random Forest [25]. The task
of image annotation was split into three levels where expert user input including final

classification correction can refine the model.

2.2 The RuleFit framework

While RuleFit is not directly used in our proposed method in this thesis, it is helpful to
introduce its general framework of learning rules, since our proposed method, if successful,
will be integrated into the RuleFit framework (i.e., to replace the purely data-driven decision

tree learning with our human-in-the-loop tree learning method) to achieve rule learning.

The RuleFit method proposed by Friedman and Popescu in 2008 [7] is a rule learning algo-
rithm to create a set of interpretable decision rules. Each rule consists of a few variables and

their ranges. A rule is formatted as follows:
p

r(x) =[] L, (x)). (2.1)

j=1
It is the product of some indicator functions. x is an observation with p-dimensional variables
in the dataset and x; is the j-th element of x. v; represents an interval for continuous variables
and a specified subset for discrete variables. r(x) is equal to 1 when all conditions in the

rule are met, otherwise the value of r(x) is 0.

The challenge is to identify these rules from data. To do so, the RuleFit has two steps: rule
generation and rule pruning. In the rule generation step, it fits a tree-based method, such as
the random forest, to the dataset. According to the resulting tree ensemble model, we can
dissemble the trees and extract a large set of rules. In the rule pruning step, we use these
rules as input variables to a sparse learning model, such as LASSO [6], to select a subset of

rules which remains high predictive accuracy. The details are shown below.

Step 1: rule generation
In this step, a decision tree learning method splits the data into different subsets by sequen-

tially identifying variables and their cutoff values to enable the splitting. This process will
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Figure 2.2.1: An example decision tree and its corresponding rule list

result in a decision tree and the tree learning method follows a certain optimality principle
or metric (such as information gain or prediction accuracy) to guide the splitting process.
Figure depicts an example decision tree and a set of candidate rules we can extract
from it. Every rule is extracted from a path that goes from the root node to each leaf node
in the decision tree. It includes a set of conditions that are used to split each node in the

path. For example, if the data sample meets the conditions in 7,4, the prediction is “YES”.

However, a decision tree model can only classify each data sample based on one rule, ne-
glecting the possibility that each observation may meet other rules with different variables
and interactions. In other words, it employs an exclusive set of rules, which is quite limited
to represent the diversity of the dataset and the interaction patterns of the variables. Ran-
dom forest as an ensemble learning method can make up for the shortcoming. It builds a
tree for each bootstrapped dataset. Thus, we can obtain diverse rule lists built on different
subgroups of the training data. It gives us a chance to find other meaningful rule patterns

that a data sample may meet.



Step 2: rule pruning

While the adoption of random forest can greatly expand the potential list of rules, an in-
evitable consequence is that there will be some low-quality rules (e.g., low predictive power)
and many rules will be redundant. To further select a smaller set of rules that can sufficiently
represent the data population while also maintaining high prediction accuracy, RuleFit pro-
posed to use sparse learning methods such as LASSO [6] to conduct the rule pruning. LASSO
is an efficient high-dimensional variable selection method for trimming large rule lists by us-
ing all rules built in the first step as predictors. It is a sparse linear model commonly used in

bioinformatics and systems biology areas [26]. The formulation of LASSO is as follows:

minly — RAJ3 + A 18], 22

Here, R = [r1,79,...,74] is the set of rules generated in the rule generation step. It is used
to predict the output variable y. The squared error part in , lly — RB H§> measures the
model fit. The sum of the absolute values of all elements in 3 is the L1-norm penalty part
I8]|;- It measures the complexity of the sparse regression model. A is the penalty parameter
that helps to balance the model fitness and model complexity, i.e., an increase in \ leads
to a sparser estimate for 3. We can find optimal A via cross-validation in RuleFit. Many

algorithms are able to solve the optimization problem such as proximal gradient algorithms

2.



Chapter 3

INCORPORATING EXPERT KNOWLEDGE INTO RULEFIT
VIA REINFORCEMENT LEARNING

To enable the integration of expert knowledge into rule learning, in this thesis, we will focus
on the first step of RuleFit, the rule generation step. In fact, our approach is to develop a
huamn-in-the-loop decision tree learning method based on the MDP and RL. RL algorithms
can help identify the optimal decision tree by maximizing the long-term benefit, i.e., the
cumulative reward based on different state-action pairs, obtained by interactions between
an expert and the decision tree learning system. What’s more, RL can enable an iterative
process to improve policy based on previous expert responses. To do so, first, we formulate
the decision tree building process as an MDP model. In each time step, the RL model selects
an action to split a chosen node into two child nodes. Then the expert gives an opinion on
whether the action is good or not. The basic reward is information gain after splitting the
parent node in each time step. The final reward is influenced by expert feedback on the
action. Finally, we use A2C [2§] to find the optimal policy for decision tree building. We
demonstrate the value of the novel model using a synthetic dataset consisting of different

variables and observations.

It is worthy of mentioning that, our proposed method ERRL, an integration of expert knowl-
edge and rule learning via reinforcement learning, is not the first attempt to develop an RL
framework for decision tree learning. The typical approach to building a decision tree is to
use a greedy algorithm. Its main idea is to split a parent node into child nodes based on a
variable that the algorithm identifies as the best choice for the specific split. However, the

greedy algorithm usually leads to suboptimal solutions due to its nature as a local search
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method. And because of this, it also makes the structure of the decision tree unstable and
changes dramatically even with small changes in some samples. To overcome these issues,
researchers have been trying to formulate the tree learning problem within RL frameworks.
For example, in 2003, Pyeatt proposed an RL technique to split nodes over time, which
retains a record of Q-value changes for each leaf, and partitions when this record signifies
two distinct distributions [29]. An extension of this method was to conduct a reset operation
to locally relearn the obsolete parts in the decision tree [30]. It served as a solution to the
concept changes caused by modifications in the properties of the underlying population in a
data stream. Similarly, Reinforcement Learning Trees (RLT') suggested splitting the variable
that would lead to the greatest future improvement in later splits, rather than choosing the

variable with the largest marginal effect from the immediate split [31].

Recently, decision tree is also built based on the framework of MDP where RL can be
further incorporated. For example, Preda designed an MDP where each state included
subsets of data [32]. An action can be taken in the form of a feature-subset pair which
means it chose a feature to classify one of the subsets within the data samples. Furthermore,
Reinforcement Learning-based Decision Trees (RLDT) was proposed to learn the optimal
policy [33]. It formulated the state as combinations of feature-value pairs that represent
the paths in decision trees. The action was performed by adding an extra feature to the
policy or reporting the classification label of the example. Another approach is to use deep
reinforcement learning (DRL). DRL with a hybrid action space was utilized to determine
the optimal building strategy of decision tree [34]. This idea was extended to be used
with a decentralized partial observable MDP (PDMDP) solved by Hybrid SAC algorithm
[35], 36].

Given all these developments, still, there are some limitations that we aim to address. The
performance of decision tree built based on RL is still limited as a pure data-driven approach,
so the learning result depends on the quality and quantity of available training data. It can

lead to meaningless rules or rules only useful for a particular dataset, which can be avoided
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if we can solicit input from experts. Thus, we propose ERRL to involve expert knowledge
in RuleFit, especially in the rule generation step, by first building decision tree based on the
framework of MDP and RL. In each time step, the policy will choose an action to split the
parent node into two child nodes and the expert can give their response to the action. In
the following parts, we will define the state, action, and reward of our decision tree building

procedure.

State

We denote the set of observations in training data as € which includes n observations. Let the
set of states be S. A state s € S is a set as Eq where s;Ns; =0, Vi, j € {0,1,....m},i #
Jj,m < mn and U";s; = e. If all samples from s;,Vi € {0,1,...,m} are classified in the same
category, then the state s is defined as a final state. Each subset s; in the state s is a partition
of the data samples. In each time step, after taking an action, the state s will change to s
in Eq.w where Siq, € Vi Sig, ¢ v; and Sig, U Siy, = Si- V; is a criterion to split s;. It is an

interval for continuous variables, while for discrete variables it is a specified subset.
s = {80,581,y Sm } (3.1)
/= s s s, (3.2)
8" = {80, 81, s Si—1, Sig, s Sigys Si 150, Sm ) :

Action

Denote the action space as A(s). Let Vari be the set of variables, va € Vari be each variable
and Val be the set of threshold values corresponding with variables in the dataset. A(s)
can be written as shown in Eq[3.3l An action is a = (va, €,q,7) € A(s), which indicates
that the variable va with threshold value e,, is used to further split the subset of samples
s;. The number of candidate threshold values for each variable can be user-specified. We
can discretize continuous variables to get their threshold values. For each action, we define
v; = {Tyq € R|xyy > €40} where x is an observation with p-dimensional variables and ., is

the value of the variable va in the observation x.

A(s) =Vari-Val-{0,1,....,m} (3.3)
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Reward

We use information gain [37] as a basic reward r(s,a) in our method. In this thesis, we
assume y is binary, i.e., we only have two classes. The entropy function Entropy(X) (as
shown in Eq measures the degree of impurity of data samples in a given node. The
proportion of samples in the node that belongs to the class j is denoted as P;. The reward
function r(s,a) (as shown in Eq[3.5)) measures the reduction of the degree of impurity if the

parent node is split into the child nodes.

2
Entropy(X) = Z —P;log, P; (3.4)
j=1
2 |Sidj
r(s,a) = Entropy(s;) — Z 5] Entropy(sid]_) (3.5)
j=1

In each time step, the expert will give an evaluation of the chosen action. If they think
the action is critical to the decision tree building, they will answer “YES”. Otherwise, the

answer will be “NO”.

c  if answer =“YES”
f(s,a) = (3.6)
—c if answer =“NO”
Let f(s,a) (as shown in Eq be the shaping reward based on the expert’s response and
r¢(s,a) (as shown in Eq. be the composite reward used for learning. c is a constant which

can be decided by users.

ri(s,a) =r(s,a) + f(s,a) (3.7)
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Chapter 4

EXPERIMENTAL EVALUATION

4.1 Design of the numerical studies

We simulate a dataset to demonstrate our model ERRL. The dataset has 100 observations
with 10 predictor variables and 1 outcome variable. To give a basic view of ERRL, we make
all these variables binary with 0 and 1. We simulate 10 predictor variables as binomial
distribution with a probability equal to 0.5, while the probability parameter of binomial
distribution changes for the outcome variable to regulate noise in the dataset. We will
compare the classification accuracy of ERRL and ERRL without expert knowledge in the

following sections.

4.2 'Training details

We choose A2C [28] as our baseline RL algorithm. The number of decision nodes is set as 4.
Thus, in ERRL, there are total 3 effective actions that should be chosen. In our simplified
case, all variables are binary, which makes e,, in action always be 1. Figure |4.2.1| shows the
framework of ERRL method. In the beginning, s = {s¢}, which means all observations in
the dataset belong to sg. The first action is randomly chosen in RL. Thus, if ¢ in action
is larger than the maximum index of the subset in the current state, we set the reward as
negative infinity to deny this action. The first effective action, i.e., ¢ in action equal to 0,
is (Var3,1,0) chosen by RL. Then the state changes to s = {sg,s1}. Observations whose
Var3 is equal to 1 belong to sy, otherwise they belong to s;. Reward is calculated based
on information gain of the splitting and expert response. If the expert thinks the action is
a good action, then reward will add 0.001. Otherwise, reward will minus 0.001. Afterward,

the learning process moves to the next time step. Likewise, the second action (Var5b,1,1)
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Figure 4.2.1: The framework of the ERRL method

classifying s; makes the state s = {sg, s1, $2} and we can get a new reward. Finally, after

three effective actions have been chosen, the iteration ends.

4.3 Results

Figure shows the relation between the improved classification accuracy which is calcu-
lated based on ERRL with expert and ERRL without expert knowledge and the percentage
of the noise in the dataset. We use the maximum classification accuracy that the dataset can
achieve to show the percentage of noise. In this setting, we assume the expert can provide
perfect knowledge without faults. ERRL can improve classification accuracy when the noise
in the dataset is relatively small. The simulated expert responses are based on the designed
decision tree, which makes them kind of misleading when the designed tree cannot perform
well. When there is almost no noise in the dataset, ERRL without expert knowledge can

also classify observations in an efficient way, which makes the improved accuracy decrease.
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Figure 4.3.1: The relation between the improved classification accuracy and maximum clas-

sification accuracy of the dataset

We use the dataset whose maximum classification accuracy is 88% to study how expert
accuracy influences classification accuracy. When expert accuracy is 100%, it means the
expert is flawless. An accuracy of 0% means the expert gives totally wrong responses.
As shown in Figure [£.3.2] when the accuracy of expert knowledge in ERRL increases, the
classification accuracy of ERRL with expert also increases greatly. When the expert gives

many wrong responses, it will not hurt the performance of ERRL in this simplified case.

4.4 Conclusion

We conclude that the ERRL model with expert knowledge involved can improve the classifi-
cation accuracy especially when the dataset has relatively small number of noise outcomes.
Choosing experts who can provide highly accurate answers can also improve the model per-
formance on accuracy. According to the results of the simplified case, the ERRL model

has the potential to be a powerful and efficient machine learning model that can involve an
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Figure 4.3.2: The relation between the improved classification accuracy and expert accuracy

expert in rule generation.
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Chapter 5

CONCLUSION AND FUTURE RESEARCH

The contributions of this thesis are three folds. First, we present a literature review showing
the value of integrating human knowledge into AI/ML algorithms. Second, we develop a
basic methodological framework of the ERRL method to incorporate expert knowledge into
the rule generation step of RuleFit based on the framework of MDP and RL. Specifically, we
formulate an MDP model with data samples as state, variable-value-subset combinations as
action, and information gain and expert responses as reward. Then we build decision tree
based on this model which is solved by the A2C RL algorithm. Our third contribution is
a proof-of-concept experiment study: Experiments on a simulated simplified dataset show
that involving expert knowledge can improve the classification performance compared with

ERRL without expert knowledge.

Future work on the ERRL model has several paths. First, we need to do more experiments to
test our model performance in different aspects. For example, we can measure the stability
of the ERRL model by comparing the number of unchanged rules when the size of the
training dataset changes. Second, we will compare the ERRL method with other decision
tree algorithms, such as ID3 [37] and C4.5 [3§] to get a broad view of ERRL performance.
Third, the rule pruning step in RuleFit needs to be considered. We focus on the first
step in RuleFit to generate effective rules in this thesis. In the future, the whole RuleFit
process should be included to demonstrate the model’s proficiency. Finally, experiments on
a more complex simulated dataset and real-world dataset need to be conducted. It can test
the model performance based on both discrete and continuous variables simultaneously. In

this thesis, we only choose binary variables, which does not require the model to learn the
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threshold value in action. To get a deeper understanding of our model performance, we will
test on complex simulated datasets, such as data with different categories and imbalanced
datasets. We will also implement our method on real-world datasets such as type 1 diabetes
[39, 140, 4T], depression [42] 43| 44], surgical site infection [45, 46], Alzheimer’s disease [47], 48],
sepsis [49] [50], and ADHD [51].
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