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Protein-protein interactions (PPIs) are fundamental to cellular function. 

Understanding which proteins interact—and how sequence variation alters these 

interactions—is essential for advancing therapeutic discovery and protein 

engineering. High-throughput sequencing technologies enable the large-scale 

measurement of PPIs, but the resulting datasets are complex and require error 

correction, modeling, and interpretation to yield meaningful insights. This thesis 

presents work across the process of designing, executing, and making use of high-

throughput data, including (1) designing and modeling mutant protein libraries for 

large-scale PPI measurement, (2) developing PPI-specific sequencing analysis 

pipelines, (3) training models on limited structural features for PPI prediction for 

specific families, and (3) applying feature attribution techniques to interpret 

sequence-to-function models. Together, this work supports the continued 

development of experimental and computational tools to deepen our understanding 

of protein-protein interactions. 
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Chapter 1: Introduction to PPIs and high-throughput assays 

Protein-protein interaction (PPI) is a general term to describe a physical interaction 

where at least two proteins come together and make intentional contact to form a 

complex. Determining if proteins will interact – and how changes in protein sequence 

result in changes in interaction occurrence – is an active field of research, with 

applications from healthcare to synthetic biology.  Our understanding of what 

controls interactions has exploded in the last few decades.  Previously thought 

undruggable, misfunctioning PPIs have become drug targets: inhibitors have been 

developed to weaken unwanted interactions and molecular glues to strengthen 

interactions (1,2).  Multiple approaches for engineering protein interactions and de 

novo interacting proteins exist, from physics-based methods like Rosetta (3,4) to 

structural-predictor based methods (5,6) have been developed.  However, PPIs 

remain mysterious in many ways, with much work remaining to be done to be able 

to reliably predict when proteins will interact, and how to modify these interactions 

to our advantage.  

 PPI types and relevant concepts 

1.1.1. PPI definitions and subtypes 

The individual components of a PPI are known as protomers,.  There are three main 

classifications of PPIs dependent on their composition, duration, and the stability of 

the protomers (7).  One of the main distinctions is between oligomers which are 

comprised of identical subunits (homo-oligomers) versus those which have non-

identical protomers (hetero-oligomers).  A second distinction is if the complex is 

permanent or transient, with permanent complexes being those which are very stable 

and often considered irreversible, and transient being those which can come together 

then break apart.  Moreover, transient interactions can exist on a scale: some are 

continuously coming together and coming apart, while others come together only 

when a significant structural change has occurred in a protomer/protomers, such as 
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the binding of a co-factor (7,8) Finally, oligomers can be divided by being obligate 

or non-obligate: when their individual components do not exist or function stably 

independently, they are obligate.  Otherwise, they are considered non-obligate.  

Often, complexes which carry out a vital cellular function are obligate and permanent 

(7). 

Besides these three common PPI groupings, there are also subtypes of PPIs based 

on what mediates their binding or characteristics of the protomers involved.  Of 

particular importance to this thesis are PPIs involving domain-motif interactions, 

domain-domain interactions, and fuzzy interactions. Often, domain-motif 

interactions involve intrinsically disordered regions (IDRs).  IDRs are regions of a 

protein which exist on a spectrum of disordered (that is, without a fixed secondary 

or tertiary structure) to ordered.  Proteins with IDR regions involved in binding 

have disordered ‘floppy’ regions containing a short linear motif (SLiM) which become 

structured when bound by a domain capable of recognizing it (9).  Domain-domain 

interactions are those mediated by two structured protein domains recognizing and 

binding one another (10).  One way PPIs have been investigated across entire 

interaction networks previously is by identifying repetitive domain and motif 

elements by sequence similarity, and creating databases of domain-domain and 

domain-motif relationships (10–13).  Unlike DDIs and SLiM-mediated interactions, 

fuzzy PPIs involve complexes which lack a single defined structure but instead may 

adopt multiple configurations or retain a degree of disorder even when bound.  This 

typically occurs because one or more partners are intrinsically disordered proteins 

(IDPs), which retain a high amount of flexibility and disorder when bound.  In 

general, it is thought that PPIs involving disorder and fuzziness are key to context 

dependent protein interactions, which is critical for vital cell functions like signaling 

cascades (14,15).   

1.1.2. Epistasis and evolution of PPIs  

The biological properties of proteins are determined by their physical properties, 

which in turn are determined by their amino acid sequence.  The instructions for 
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this amino acid sequence are encoding in genes – changes in the genetic sequence can 

then affect the protein sequence, and the biological function of the protein.  

Mutations which result in a single amino acid change in protein sequence are referred 

to as missense mutations – though other changes in nucleotide sequence can occur 

which change the protein sequence, such as deletions or insertions of additional 

nucleotides.   When multiple mutations occur, their cumulative effects can differ 

from the sum of their individual effects, in a phenomenon known as intramolecular 

epistasis (16,17).  

In PPIs, there are multiple genes whose products interact with one another – so 

epistatic interactions can become even more complicated to disentangle. The 

prevalence of epistatic effects in proteins is debated, with some works claiming it is 

overrepresented due to the tendency to assign single sequences as the ‘wild type’ (18) 

and others claiming it is ubiquitous in proteins (17). Either way, awareness of 

potential epistatic effects is key when considering PPIs, as even if the effects of 

mutations in the individual protomers are known, their cumulative effects may result 

in much different PPI behaviors.  

 High-throughput assays for studying genetic variants 

Knowing how changes in coding sequence result in protein behavioral changes is 

important. However, it is also necessary to understand how cis-regulatory codes 

govern protein production when linking genetic variation to gene expression changes 

for designing proteins for applications from mRNA therapy to synthetic biology. 

Gene expression is a multi-step process controlled by dense, frequently overlapping 

regulatory elements that can affect many processes. These cis-regulatory elements 

(CREs) are often spread out before, after, and inside the coding sequence for any 

given protein. Given the complexity of this code, many sequences can be necessary 

when determining what a CRE does in a given context - which can become highly 

complicated given the limited set of genomic sequences we can observe. There are a 

fixed number of coding genes in the human genome, and human population genetic 
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variation provides limited additional data due to the high degree of sequence 

similarity between individuals (19).  Furthermore, natural sequence representation 

only allows us to observe sequences produced by natural selection, which results in 

a deficiency of extremely deleterious, potentially lethal variants for us to study.  

Massively parallel reporter assays (MPRAs) are an extremely powerful method to 

study gene regulation and protein function that overcome natural dataset size 

limitations. In a recently published review (20) in which I am the first author, with 

co-authors YongSheng Shi and Georg Seelig, we covered the development, attributes, 

and common approaches of using MPRAs coupled with deep learning to investigate 

cis-regulatory elements. This section is partially adapted from a portion of that 

review—omitting its majority as this dissertation focuses on PPIs, not regulatory 

elements.   

MPRA assays have been used to great effect to improve our understanding of gene 

expression. In an MPRA, a stretch of sequence known as the 'reporter' is believed 

to be relevant to the gene expression process of interest, and it is extensively varied 

to study the effects of what changes in that region do to expression. This set of 

reporter sequences is called a reporter library, which is then delivered into the system 

where expression is being studied (e.g., cell extract, cells, or animals), where reporter 

expression is connected to some quantifiable phenotype that can be measured. 

There are two defining features of an MPRA:  

1. Sequence variation is targeted to region(s) within a reporter gene (for 
example, the binding site of a protein) on a plasmid/vector to be inserted 
into the assay system. By limiting variation to part of a gene, it is possible 
to isolate its contributions to the process being studied. Often, sequence 
regions in the constructed plasmid/vector other than that being varied are 
fixed to help with this goal.   

2. The phenotype of interest is read out using high-throughput sequencing. 
Instead of being forced to investigate variants individually or at small 
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scales, we can leverage state-of-the-art sequencing technologies to 
simultaneously measure thousands to millions of sequences to investigate a 
gene expression process. 

The origins of these MPRA characteristics can be traced to the 1990s, when in vitro 

experiments characterizing partially randomized nucleotide pools using Sanger 

sequencing were conducted. Due to Sanger sequencing's more limited thought, 

selecting a few reporters for sequencing via repeated rounds of amplification was 

necessary (21–23).  At the same time, work was being conducted introducing the 

idea of coupling mutagenesis with selection to in vivo reporter assays (24,25).  Some 

early examples of PPI focused assays combining these concepts include work where 

error-prone PCR was used to create a library of 7.5x10^5 mutants of a PDZ  domain 

bound to a fragment of a binding partner, Myc (26).  Of these many mutations post 

screening, only 15 potential mutant PDZ sequences were screened.   

With the advent of next generation sequencing technologies in the 2000s, the size 

limits of functional library screening skyrocketed making high throughput assays 

possible by the early 2010s.  Patwardhan et al. (27) was the first MPRA paper by 

the above two part definition, investigating the effects of single mutations on six 

promoter sequences.  Many MPRAs soon followed, focused on a variety of regulatory 

elements. For example, some were focused on enhancers (28–30) or exon inclusion 

(31).  Concurrent to the development of these regulatory-element focused assays, 

high throughput assays were developed to investigate the effects of mutations in 

proteins.  Three papers in the early 2010s were released relatively closely by Fowler 

(32), Ernst (33) and Hietpas (34) introduced a high-throughput technique called 

Deep Mutational Scanning (DMS).  In DMS studies, all possible single amino acid 

changes in a protein sequence are generated and measured for changes in function.  

DMS assay development and applications have been extensively reviewed elsewhere 

(35–37), and are now commonly used to study epistatic effects in protein sequences. 
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1.2.1. High throughput assays for PPI screening  

The development of high-throughput protein-protein interaction (PPI) assays has 

significantly advanced our ability to map interactomes at scale. Early PPI screening 

approaches relied on in vitro techniques such as arrays displaying synthetic peptides 

or proteins (38), or in vivo methods such as transforming thousands of individual 

yeast colonies on large arrays, where only a small set of selected clones were 

sequenced (39). These methods laid the foundation for systematic PPI discovery but 

were limited by low throughput and labor-intensive workflows. As the field 

progressed, mass spectrometry- and improved protein array–based methods were 

introduced, enabling more comprehensive mapping but requiring extensive protein 

purification (40,41). Display technologies such as yeast and phage display later 

harnessed next-generation sequencing (NGS) to scale up interaction profiling, though 

these approaches were constrained to ‘several-versus-many’ designs for some time 

(42). A more recent innovation, AlphaSeq, exploits the yeast mating pathway for 

library-on-library screening, improving throughput but still facing limitations related 

to protein folding on the yeast surface (43). 

Yeast two-hybrid (Y2H) assays are an in vivo PPI assay introduced in the 1980s. In 

Y2H, one protein is fused to a DNA-binding domain (DBD) and the second to a 

transcriptional activation domain (AD). If the proteins interact, a functional 

transcription factor is reconstituted and drives the expression of a growth-essential 

enzyme. Initially, Y2H assays were conducted in a low-throughput, plate-based 

format, testing a limited number of interactions simultaneously (44). These scale 

limitations were partially overcome by advances in lab automation and improved 

pooling strategies, which allowed proteome-scale screening (45). With the advent of 

next-generation sequencing (NGS) technologies, Y2H assays were adapted into high-

throughput formats (HT-Y2H) (46–55). Enzyme complementation assays, which use 

the reconstitution of an enzyme to measure PPI strength instead of the reconstitution 

of a transcriptional factor, allow for alternative PPI testing approaches. Custom 

computational workflows have further improved throughput (56,57). One issue is 
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that most HT-Y2H methods require protein library construction in E. coli and 

separate transformation of MATα and MATa yeast strains. High-throughput 

bacterial two-hybrid systems offer a noneukaryotic alternative that circumvents 

these steps (58). However, for proteins of eukaryotic origin, yeast remains a favorable 

host due to its ability to support more accurate folding, solubility, and post-

translational modifications for such proteins (59).  Y2H, and HT-Y2H, and other HT 

yeast-based assays remain critical to PPI discovery efforts. 

1.2.2. Machine learning models for high-throughput assay data 

Training ML models on high-throughput data has become popular because these 

models can learn complex data relationships and can be used to predict activities 

even for sequences not yet tested experimentally. Moreover, models can be applied 

to stratify rare or de novo variants or guide the design of synthetic sequences. 

Early work in learning from MPRA data fit equations, often inspired by biophysics, 

to observed trends in data (60,61). Classical ML models using sequence features as 

input were also common, including linear and logistic regression models (30,62–65) 

and decision trees (66). At times, such relatively simple ML models can effectively 

capture the behavior being investigated, and they lend themselves to easy 

interpretability by examination of model weights. Regression remains a relevant 

modeling technique for investigating processes from stability (67) to splicing 

determinants (68). Likewise, ensemble models of decision trees remain popular, such 

as using gradient boosted regressors for predicting splicing (69). 

With their many parameters, deep learning models are adept at modeling non-

linearities. The development of neural network models using biological sequences as 

inputs (70–72) has paved the way for these approaches to be applied to high 

throughput data (73–77). Deep learning models for genomics (71,78) and protein 

applications (79,80) are reviewed in detail elsewhere, but we briefly cover a few key 

concepts. A network architecture often used with MPRA data is the convolutional 

neural network (CNN) (Fig. 3A, left). CNNs include convolutional layers, which 
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consist of pattern-detecting filters that are scanned across inputs to evaluate how 

well each position matches the filter. The final layers in a CNN compress prior layer 

information into a set number of outputs. Recent MPRA modeling work has 

exploited architectural changes to enhance model performance and interpretability. 

Recurrent neural networks (RNN) can also be used for biological sequences. In RNNs, 

information moves sideways through layers and forward from input to output, 

allowing recurrent layer nodes to have internal memory states that allow the 

preceding and following nucleotides in a sequence to influence the current state. 

Models combining CNN and RNN elements are also common with discrete biological 

sequence inputs (Fig. 3A, middle) (81–83). 

 

Figure 1.1. Examples of deep learning network structures for discrete biological sequence 
inputs.  A. Convolutional neural networks (CNNs) use 1-d filters to extract patterns from 
inputs, which are then fed into subsequent layers. B CNN and recurrent neural network 
(RNN) hybrid architectures are also popular for discrete biological sequence predictions C. 
Language models can be pre-trained on large datasets of genomic or protein data, and then 
used as part of predictors for specific tasks such as MPRA label prediction.  

A final class of models relevant to high-throughput assays are large language models 

(LLMs) (Fig. 3A, right). LLMs have yielded promising results in protein sequence-

to-function prediction tasks (84,85), where they are trained on databases of protein 

sequences to fill in masked positions with the most likely amino acid. These models 

can then be used to generate sequence embeddings for a downstream model, with 
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the assumption that the LLM will already contain protein sequence distribution 

knowledge to build off of (86). Similar foundational LLMs have begun to be trained 

on genomic data (87,88). 

 PPI specific models 

Given the importance of PPIs for health and our understanding of basic biology, 

creating models to predict if an interaction will occur between proteins reliably 

without conducting expensive and time-consuming assays has been a popular 

research topic.  Early PPI predictors included many simple machine learning models 

trained on protein features or protein sequence which classified two proteins as 

interacting or not, and quickly progressed to using deep learning models. A second 

common task is to predict if the effect of a mutation on a PPI: that is, if the mutant 

protein results in a stronger or weaker interaction than normal.  As more data and 

more complicated models have become available for both the binarized PPI 

occurrence and interaction strength change prediction problems, there have been 

several reviews on the progress of this field (89–92).  However, there are several issues 

in the PPI classification field stemming from poor communication in the literature 

and inconsistencies in train/test dataset practices which render it difficult to gauge 

how these models perform. 

1.3.1. General PPI classifiers and train/test splitting methods  

The first major problem with PPI classification stems from the lack of high-quality 

negative data to train with.   It has been estimated that the percent of positive 

interactions out of all possible protein interactions is smaller than 2% (93), and may 

be as small as 0.1% (94) .  Therefore, most proteins do not interact – however, while 

assays have undoubtedly screened many proteins with low to no interaction signal 

with modern PPI assays which sequence non-interactors, this data is rarely added to 

interaction databases (of which there are many, as reviewed here (90)). There is only 

one database of likely non-interacting protein pairs, the Negatome (95), which was 
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created by manual annotation of tested pairs which did not result in a strong PPI 

from large-scale interaction datasets, and later supplemented with text parsing (96).  

Unfortunately, the Negatome has not been updated for over a decade but remains 

the only specifically curated negative PPI database.  Other databases contain lesser 

amounts of negative PPI data: for example, the Intact database (97) has a relatively 

small number of negative interactions.  The majority of these Intact negatives come 

from a single paper (98) where isoforms of human proteins were screened using Y2H-

methods to determine their PPI profiles when compared with the canonical isoform. 

As such, it is common to generate potential negative interactions for training.  One 

standard method to generate negative pairs includes pairing proteins from differing 

cellular compartments or with different annotations, with the motivation that since 

these proteins exist in different compartments, they would not interact.  However, 

this approach has been heavily criticized (99–101) due to biases it introduces in the 

training set, which have been shown to affect the generalizability of predictors using 

it (99).  Additionally, it has been theorized that the separation of proteins into 

differing compartments is part of the regulation process to prevent proteins that can 

interact from engaging in unwanted interactions (102).  An alternative method to 

generating negatives is to pair proteins from the dataset uniformly at random, 

assuming that the low likelihood of any two random proteins interacting from a large 

set is small enough to lead to minimal false negatives (99).   This second method of 

negative generation has pitfalls when employed in non-general settings, such as 

training predictors for a single family of binding domains, as the assumption of a low 

false negative rate may not hold.  Various methods have been proposed to combat 

this: one involves selecting negatives based on the minimum path needed to traverse 

between the proteins in an interaction graph (100), only choosing negative examples 

with low sequence similarity to positive pairs (101,103), or using proteins with low 

degree in a protein interaction network to create negative pairs (104). However, each 

of these comes with its own drawbacks as they constrain the problem and introduce 

biases in the negative interaction data.  For example, it has been shown that limiting 

the sequence similarity between interacting and non-interacting proteins makes the 
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classification problem appear easier than it is when assessing model performance 

(101).  Often, negative interactions are generated at a 1:1 ratio with the positive 

interactions selected for the dataset, but it is also common to generate them at 

different rations (1:50, 1:100, etc.) with positive to mirror the low rate of PPIs 

occurring naturally.  

The structure of the generated graph of interactions has been theorized to lead to 

predictors which have high performance not because they learn generalizable 

patterns from their inputs, but because they have learned about the topology of the 

underlying network (105,106).  This may be partially due to the natural structure of 

naturally occurring PPI networks: the majority of proteins have few partners, while 

some are known as ‘hub’ proteins which can have many interactions.  Intertwined 

with this network structure issue is the most critical dataset issue for PPI classifiers: 

that the partitioning method of the dataset for training leads to vastly different 

model performance. 

There is a significant breakdown in communication in the literature about the 

partitioning problem, with it having been repeatedly ‘rediscovered’ over the last few 

decades (107–109).  One of the earliest recognitions of this problem was a letter to 

the editor by Park and Marcotte in 2012 (107), which showed that 50 studies at the 

time had the same performance breakdown.  If interactions are randomly chosen 

from the network to be assigned to train/validation/test sets, model performance is 

high on the test set.  However, if the PPI network is partitioned on the protein level 

to generate three classes of test set interactions, performance drops drastically on 

novel protein predictions.  These classes are PPIs where both proteins are found in 

the training set (class 1/C1), PPIs where only one protein is found in the training 

set (class 2/C2), and PPIs where neither test set protein is found in the training set 

(class3/C3). As the end-goal for PPI classifier models are tools which can be used 

for in silico screening of how new proteins will behave, a random partitioning 

approach cannot reliably predict how the network will behave in its likely use case, 

which corresponds to C2 or C3 PPIs.  Despite this early recognition of this issue, 
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many models continued to be trained with random partitioning (89,92),  creating a 

narrative that general PPI classification was a solved problem with high accuracy 

classifiers available. 

A smaller number of works give a more accurate state of general PPI classification.  

These include several recurrent-network based DL models, and those incorporating 

pLM and other embedding types (110–112).  Recent high C3 performances have 

reached as high as 0.81 AUPRC (111).  Datasets and train/test splits other than the 

C1/C2/C3 approach have been created to combat this problem. Some of these take 

a less stringent approach to protein partitioning, where the test set is created by 

selecting starting proteins from which to traverse the graph (108).  A breadth-first 

search traversal leads to the BFS test set, which mimics the use-case of predicting 

how a new set of proteins will interact with each other, as well as the existing proteins 

in the training network. Alternatively, a breadth-first search traversal leads to a BFS 

test set, which mimics the use-case of a set of proteins that do not interact heavily 

with one another but have many interactions with the training network.  These 

datasets have been used multiple times  (113–115) however, the sets are rarely 

partitioned further when test performance breakdowns are shown which means that 

comparisons to BFS/DFS split and C1/C2/C3 protein partitioning splits are difficult 

to make   

This disconnect in train/test splitting procedures is especially relevant for the next 

section, which discusses the problem of classifying PPIs using predicted complex 

structures. 

1.3.2. PPI prediction with structural predictors 

The goal of the critical assessment of structure prediction (CASP) since its inception 

in 1994 was to encourage the development of predictors of protein structure from 

amino acid sequence with a bi-annual competition for the best performing models.  

In 2018, this goal was partially realized with the entry of Alphafold (AF) (116),  and 

subsequent years have seen improvements in protein structure performance with new 
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AF models.  In particular, the AlphaFold2 (AF2) greatly improved performance, 

with some considering the prediction problem ‘solved’ (117).  Additional structure 

predictors based off AF versions have been developed – such as AlphaFold-Multimer 

(AF-M) (118), trRosetta (119), and RosettaFold (120).  In general, these models can 

be divided into two approaches: those which require multiple sequence alignment 

(MSA) inputs, and those which do not. 

Making an MSA, which is an alignment of similar sequences across large databases 

of protein sequences, condenses information about the conservation of certain 

positions in the protein sequence. Conservation information can indicate which 

positions are important for structural integrity.  By taking in this information, 

sequence information, and structural alignments, structural predictors can be used 

to predict an output structure and per-residue confidence values in said 

structure.  An alternative approach are models which do not require a MSA input, 

but instead attempt to extract conservation information using pLMs such as 

ESMFold (85). 

While these models have many fascinating applications, the most relevant here is 

that they can be used to predict protein complexes. These complexes can then be 

used to predict PPI information by examining its predicted error metrics or as inputs 

to additional predictors.  Early versions of structural predictors such as the original 

AF model required linker sequences between the proteins to be complexed in order 

to output a complex structure.  However, later AF versions have been specifically 

adapted to allow complex predictions, such as AF-M (118) and the latest AF model 

AF-3 (121). Complex predictors have been used to make predictions across 

interactomes for organisms– mostly by predicting many thousands of complexes and 

ranking them by their predicted structure quality (122,123).   Structural predictor-

based pipelines and approaches have also been developed to run large all-by-all 

complex predictions (124,125). Many of these works use these in silico screens to 

rank likely interactions using metrics for predicted model quality. One of these values 

is the predicted local distance difference test (DTT), which is popularly used to 
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determine whether a predicted structure is high-quality. Another metric of AF 

performance is the predicted template modeling (PTM) score, which attempts to 

give an aggregate score of model quality. A complex specific score that can be 

calculated is interface PTM (iPTM), which focuses on predicted interface quality. 

While such metrics have been shown to be useful for decoy selection (the task of 

selecting the correct complex for an interaction from a pool of potential candidate 

complexes for the interaction), less work has been done to determine their ability to 

separate interacting from non-interacting protein pairs (126,127).  

Of the work done assessing AF metrics for classifying proteins as interacting, some 

claim predicted error metrics are insufficient for separating non-interacting 

complexes from interacting (128), while other works argue they have a good ability 

to do so (129).  Models and composite metrics going beyond metrics like pLDDT, 

PTM, and iPTM have been made to use inputs of predicted structures to classify 

two proteins as interacting (130).  However, these approaches construct train/test 

datasets without any acknowledgement of the held-out protein prediction issue or 

employed dataset filtering methods which largely ignored the body of past PPI 

prediction work (128–131).  For example, a DL network taking in structural features 

of AF-M predicted complexes only used a dataset of 600 positive and 600 negative 

PPIs between 375 proteins for training with random 5-fold CV (131).  Another recent 

PPI classifier work using engineered features from AF2 predicted structures based 

their dataset on heterodimers with complexes in the PDB, filtered such that no 

protein had >30% sequence similarity.  They created ‘compelling decoys’ from the 

remaining 1,481 heterodimers remaining by looking for structurally similar protein 

chains to randomly combine for negative interactions.  These positive and negative 

interactions were then randomly split into train/validation/test sets (129).  However, 

the source of structures for dataset creation heavily biases the datasets towards only 

including proteins which are amenable to crystallization and so its behavior as a 

general classifier is unclear, as the PDB is biased towards structured domain-domain 

interactions (132).   
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Other non-predicted structure input PPI classifiers and decoy rankers exist for 

structure-based prediction.  However, these also seem to not take into account past 

PPI prediction literature for train/test split designs, or focus primarily on decoy 

selection (133–137).  Therefore, it is unclear how current structure predictors actually 

perform in classification of proteins as interacting or non-interacting, as they have 

not been evaluated on more stringent PPI train/test datasets with C1/C2/C3 test 

sets, or BFS and DFS train/test splits.  

Finally, there has been work which suggests that while AF and other models learn 

to predict structures – this should not be conflated with learning protein folding. 

Work comparing multiple structure predictors, including AF2, to experimental 

folding pathways found that worse than trivial performance (138).  Additional works 

found little to no correlation with ΔΔG and pLDDT (139).   

 Outline 

In Chapter 2, I will cover work on a HT-Y2H assay published in (140). This assay 

was extensively validated on literature datasets and used to measure large all-by-all 

assays of designed heterodimers.  Work exploring large datasets to extract interesting 

subsets of orthogonal proteins will be discussed.  Orthogonal proteins sets are those 

where there is a set of ‘on-target’ interactions which are strong, and very little 

crosstalk between the proteins in the set otherwise.  It will also cover training simple 

linear regression and logistic regression models on AF error metrics and simulated 

energy terms for predicted complexes.  

Chapter 3 will cover work that was done chronologically before the MP3-seq paper, 

using a variant of the MP3-seq assay to collect a DMS PPI dataset for human septin 

proteins.  As such, it is currently in the process of being updated for publishing. It 

will cover the design of the dataset to be collected, and the past modeling of this 

dataset.  
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Chapter 4 will cover work on a feature attribution method known as scrambling 

neural networks, published in (141). In particular, the use of the feature attribution 

method for exploring complex regulatory logic will be covered. Additionally, a 

example of using scramblers to explore the determinants of designed protein 

interactions will be explored. 

Finally, in Chapter 5, I will cover current projects. Part of this chapter will focus on 

a human immune cell data resource I compiled for cytokine-receptor interaction 

downstream effects, as part of a collaborative project analyzing a very large scRNA-

seq dataset. Septin modeling update plans will be briefly covered, as will closing 

remarks about PPI predictor dataset design.  
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Chapter 2: Massively parallel protein-protein interaction 
measurement by sequencing 

This chapter covers a high throughput Y2H-based PPI assay developed in the Seelig 

Lab, known as massively parallel protein-protein interaction measurement by 

sequencing (MP3-seq), which is published in (140). The assay method was initially 

conceived by Benjamin Groves but was fully developed by Alexandr Baryshev 

throughout his PhD, with final data collection handled by Cirstyn Michel after Alex’s 

graduation. My involvement in the project was to devise a data cleaning pipeline, 

formalize the comparisons to literature datasets, write the manuscript, and explore 

the data for interesting patterns. This exploration involved finding ways to reduce 

PPI networks generated by large all-by-all MP3-seq screens to extract interesting 

protein sets.  Several of the screened sets involved alpha helix-based protein binders 

designed by Ajasja Ljubetič.  Focused assays were run to determine the binding 

determinants of a particularly successful design.  Additionally, Ajasja ran complex 

predictions for two sets of the screened proteins with multiple versions of AF, and 

energetic simulations in Rosetta for said predicted complexes.  I did extensive work 

using the metrics he collected from these simulations to train predictors for MP3-

Seq output values.   

 Assay motivation and experimental method overview 

There are many varieties of HT PPI assay methods, as covered in section 1.2.1, 

many of which involve Y2H or yeast surface display methods. In MP3-seq the 

identity of each protein is encoded in a DNA barcode, and the abundance of a 

barcode pair before and after selection provides a proxy value for interaction 

strength.  Homologous recombination in yeast is used to assemble plasmids encoding 

the protein pairs of interest, their barcodes, and all other required elements for 

selection, which circumnavigates the requirements of some other HT-Y2H workflows 

for plasmid cloning in E. coli or yeast mating.  Additionally, the proteins fold and 

interact inside the cell instead of on the surface.   While it is like other assays, a 
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diverse set of PPI measurement methods is necessary to validate interactions, as 

discussed previously, since their interaction can be context-dependent and individual 

proteins may not fold correctly or interact correctly in an environment sufficiently 

different from their native context.   

In brief, the MP3-seq workflow consists of constructing a plasmid library through 

homologous recombination in Haploid MATa-type yeast to measure all possible 

interactions for a set of proteins. The yeast are transformed with a mixture of DNA 

fragments to do this: a backbone carrying a centromere sequence, the selection 

marker (the growth-essential enzyme his3), a DBD (the Cys(2)His(2) zinc-finger 

domain of the mouse transcription factor Zif26842), an AD (the herpes simplex virus-

derived protein domain VP16), and fragments containing one of the proteins of 

interest and their associated barcode of interest separated by a terminator.  After 

transformation, an outgrowth and selection step in media without Tryptophan 

(TRP) ensures plasmid maintenance in the yeast. At the same time, the centromere 

sequence means that each cell will contain, on average, one assembled plasmid, 

essential to linking the growth of transfected yeast to barcode counts. The promoter 

corresponding to the DBD is used to drive the expression of the selection marker. 

The cells are then transferred to media lacking histidine (HIS). By amplifying and 

sequencing the barcode regions from samples from after TRP but before HIS and 

after HIS selection, their enrichment can be calculated from barcode counts to 

measure interaction strength (an overview of the experimental pipeline can be seen 

in Figure 2.1). 
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Figure 2.1. Overview of the MP3-seq experimental pipeline.  If protein A and A’ interact, the 
growth-essential gene his3 will be expressed.  By selecting in HIS- media, only cells with plasmids 
encoding interacting pairs will survive.  Plasmids can be extracted for sequencing from HIS- and 
HIS+ samples, the barcode amplified and then sequenced to get counts corresponding to each PPI i.  
Barcodes can be used to calculate enrichment (E) using library size-normalized read counts with a 
pseudo count of the minimum detected value per condition.  

 Development of data pipeline 

One of the main challenges I faced when cleaning the MP3-Seq data was the lack of 

sophisticated PPI-focused sequencing analysis methods I could use for the analysis.   

Y2H all-by-all assay data has distinct structural considerations and potential error 

modes to be considered during analysis. For example, all-by-all PPI assays such as 

MP3-Seq can yield symmetrical data.  In our case, every library replicate retained 

for the study was carried out with every protein partner fused to both the AD and 

DBD (that is, for every PPI testing protein A and B, both AD-A and B-DBD and 

AD-B and A-DBD were screened). Also important is an error mode that can occur 

in Y2H known as autoactivation: in it, the fusion of the assayed proteins to the assay 

domains results in unspecific activation of the HIS gene.  While this error mode can 

easily be seen visually when analyzing the data as rows or columns of strong 

interactions without symmetry, developing a standardized way to detect and 

‘correct’ autoactivation was necessary when developing the pipeline.   

Unfortunately, there were (and still are) only a handful of papers focused on HT-

Y2H assay analysis, which are focused on mating-based assays (56,57).   One of these 

works (57) applied a differential analysis program, DESeq2, to their collected data 

to conduct a more rigorous analysis to identify strong interactions.  Differential 

analysis programs are used to identify genes from sequencing data whose expression 

level changes significantly between two or more biological conditions (ex: healthy vs 

treated samples) but can also be applied to a wide variety of applications with pre- 

and post- selection read counts like the read counts from the pre and post HIS 

treatments in MP3-seq by treating each PPI like a gene (142).  DESeq2 takes raw 
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read counts across multiple replicates, performs normalization to account for 

variables like sequencing depth and other technical biases, models the variance in 

counts for the genes, and calculates log fold changes (LFC) in expression between 

conditions.  A particularly useful component of DESeq2 is that it performs statistical 

testing and generates Hochberg-adjusted Wald test p-values which can be used to 

identify genes with LFCs significantly different from 0.  However, it is highly 

recommended to use raw sequencing counts when modeling the read counts with 

DESeq2.    Therefore, it would be prudent to preserve the raw sequencing accounts 

as much as possible when creating input tables for DESeq2 for MP3-Seq data, while 

correcting for autoactivation. 

To detect autoactivators but avoid flagging proteins as autoactivators which are 

strong interactors in general, a measure of dispersion which focuses on the middle of 

the distribution could be useful.  One such measure is the trimmed interquartile 

mean (IQM) (143), the mean of values only falling in the middle 50% of a 

distribution.  By calculating the IQM for all assayed proteins when fused to either 

MP3-SEQ domain, we are given two distributions of IQMs: one for the DBD, and 

one for the AD.  Extreme positive outliers for each of these distributions can then 

be found, (those greater than 3* IQR) and marked as potential autoactivators. See 

Figure 2.2 for an example of the IQM distributions for DBD and AD for one of the 

replicates of an all by all assay from processing the MP3-seq data. This heuristic 

identification approach could theoretically be tuned to be more specific use cases 

(i.e., instead of an IQM, a trimmed mean of 90% of the data could be used). 
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Figure 2.2. Example of trimmed mean identification of autoactivators for library L68.  A. 
Trimmed means for proteins fused to the AD and DBD, with those identified as potential 
autoactivators shown in orange with annotations.  The dotted line is the 3*IQR identification 
cutoff. B. The heatmap of the enrichment values for the L68 replicates.  DBD are the rows, 
AD are the columns.  Red squares indicated missing interactions. Note the autoactivator N1 
visible as a dark row without a symmetrical dark column. 

After identifying all autoactivators, a second problem develops.  It is still 

recommended that DESeq2 have close to raw data counts as inputs to best model 

the distributions of the reads for log fold change and p-value calculations.  Including 

all replicates possible when fitting the models for correcting read counts and 

calculating LFC is also ideal.  One issue, however, is that DESeq2 does not permit 

missing data points during the modeling process.  An immediate option is to drop 

all interactions for which there is autoactivation in any replicate.  However, since 

the autoactivation degree was inconsistent between replicates, the same proteins 

would not act as autoactivators in every experiment.  Another approach was to try 

and infill the autoactivation measurements with a value derived from the non-

autoactivating fusion order.  Infilling would allow DESeq2 to run on the data 

successfully, retaining the bulk of the raw counts for most replicates.  To keep with 

the musical naming theme, this correction approach was called Autotune and is given 

by Equations 2.1-2.2, where i is the interaction being infilled 𝐹𝑁𝐴𝑖 being the non-
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autoactivating fusion order values for interaction i, 𝐹𝐴 being the autoactivating 

fusion order, and 𝐸էբքbeing the enrichment of the non-autoactivating fusion order 

for interaction i. 

𝐻𝐼𝑆௜
ା =

𝐻𝐼𝑆ிே஺௜
ା

Σிே஺𝐻𝐼𝑆ା
(Σி஺𝐻𝐼𝑆ା) (2.1) 

𝐻𝐼𝑆௜
ି =

Σி஺𝐻𝐼𝑆ି

Σி஺𝐻𝐼𝑆ା 𝐸ி஺௜(𝐻𝐼𝑆௜
ା) (2.2) 

A final interesting characteristic of the data for the MP3-Seq assays, and indeed, any 

all-by-all PPI assay where the protomers can be fused to two different portions of a 

reporter, is that it is symmetric.  Assuming the data for an interaction is represented 

by a matrix where rows represent proteins being fused to the DBD and columns 

fusions to the AD, each non-homodimer PPI has two symmetrical entries along the 

diagonal of the matrix, with homodimers being the diagonal entries.  Since each non-

homodimer has two entries, we can treat these similar to separate measurements of 

the same PPI.  I chose to call these ‘pseudoreplicates’ as they are not truly 

independent experiments. However, it is convenient to treat them as such because it 

allows us to simplify the analysis of MP3-seq datasets greatly.  Instead of having 

two values per PPI, creating input tables for DESeq2 using pseudoreplicates can 

produce one value per interaction, which yields what we refer to as a 

pseudoreplicates-LFC (P-LFC).  P-LFCs can be helpful when comparing MP3-seq 

LFCs with other values, such as dissociation constants, where only one Kd exists per 

PPI. An important note is that homodimers could not be recovered with normal 

Autotune, but they still needed to be infilled when making pseudoreplicates.  Instead, 

Equation 2.3 was used to infill the HIS- values for both pseudoreplicates per replicate.  

An overview of the entire computational pipeline can be seen in Figure 2.3. 

𝐻𝐼𝑆ி
ି =

Σி𝐻𝐼𝑆ି

Σி𝐻𝐼𝑆ା 𝐸ி஺௜(𝐻𝐼𝑆ி௜
ା ) (2.3) 
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Figure 2.3. Overview of the MP3-seq computational pipeline. After enrichment calculation, 
each replicate is screened for autoactivators and corrected with Autotune Equations 2.1 and 
2.2.  Replicate pre- and post-selection barcode counts are merged directly with DESeq2 or 
split into pseudoreplicates (with homodimers corrected with Equation 2.3).  Replicates are 
then merged to obtain the log fold change (LFC) or pseudoreplicate log fold change (P-
LFC). 

 Validating MP3-seq with literature interactions 

Several datasets were used to validate MP3-seq, spanning various PPI types.  For 

the purposes of this thesis, I will only discuss some of the tested protein sets: a set 

of simple, short, coiled-coil orthogonal binders, a set of domain-peptide mediated 

interactions, and a set of disorder-mediated interactions.  

2.3.1. Simple orthogonal interactions 

The most extensively measured set of PPIs to validate MP3-seq were 144 pairwise 

interactions between six orthogonal single coil protomers, the National Institute of 

Chemistry Peptides (NICP) set (144) (Figure 2.4A).  LFCs for both orientations were 

calculated from five experimental replicates, with interactions occurring almost 

exclusively between designed (on-target) partners (that is, P1:P2, P3:P4, etc., Figure 

2.4B), as was seen in the original design paper.  Moreover, there was a good 

correlation (r2 = 0.74) of MP3-seq LFCs with luciferase expression assay interaction 

measurements in HEK293T cells from the NICP design study (Figure 2.4C).   An 
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additional coiled-coil set of protomers was designed by (145) to have a range of 

interaction strengths instead of orthogonal behavior.  This set was also screened with 

MP3-seq, and P-LFC values agreed very well with the design study Kd values (r2 = 

0.91, Figure 2.4D). 

Figure 2.4. Coiled-coil designed dimer validations sets. A. An example of one of the NICP 
series, P1-P2. B MP3-seq LFC of the NICP series interactions. All MP3-seq values were calculated 
from five biological replicates except for those labeled, where labels indicate the number of replicates 
available. Outlines denote designed on-target interactions. C.  Correlation of the on-target and off-
target NICP series MP3-seq LFCs with average fold activation fluorescence values (144) (n = 141 
PPIs; three homodimers had insufficient reads or were autotuned and were omitted). The gray bar is 
the gap separating on-target and off-target interactions in the orthogonal set.  D. Correlation of n = 9 
PPI MP3-seq P-LFCs with Kd values from (145).  

2.3.2. Domain-peptide mediated interactions 

To validate MP3-seq with non-coiled proteins, we tested a set of proteins 

characterized by biolayer interferometry (146) and Alpha-seq (43) composed of nine 

de novo designed inhibitors of six homologous proteins from the human BCL2 family 

(Bcl-2, Bcl-xL, Bcl-w, Mcl-1, Bfl-1, Bcl-B) (146). A crystal structure of one of the 

inhibitors bound to its BCL2 target is shown in Figure 2.5A. The P-LFCs of two 

replicas of all BCL2 homologs against the inhibitors are shown in Figure 2.5B and 

agreed well with dissociation constants obtained from biolayer interferometry from 

the original study (r2=0.61, n=43) and Alpha-Seq percent survival for their low-

throughput pairwise and high-throughput batched assays on the same interactions 
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(batched r2: 0.45, paired r2: 0.61, n = 43). MP3-seq interactions are measured in 

yeast, while biolayer interferometry uses purified proteins in a specialized instrument, 

and Alpha-seq displays proteins on the yeast surface. These different measurement 

methods may partially explain the variation between our results and those published 

earlier.  

One important aspect of this protein set is that some BCL2 inhibitors failed to 

produce biolayer interferometry Kd measurements, likely because the interactions 

were below detection limits.  We examined distributions of detected (n = 43) and 

undetected (n=11) interactions. We found that the mean P-LFC value of detected 

PPIs was significantly greater than that of undetected PPIs (one-tailed independent 

t-test, H1: μտր֏րվ֏րտ > : 𝜇֐։տր֏րվ֏րտ, t: 4.51, p: 1.858e-5, Figure 2.5C). Pairwise Alpha-

Seq also had a significantly greater mean of detected interactions than undetected ( 

H1: 𝜇տր֏րվ֏րտ > : 𝜇֐։տր֏րվ֏րտ, t: 1.91, p: 0.0307), though the high-throughput batched 

Alpha-Seq did not (H1: 𝜇տր֏րվ֏րտ > : 𝜇֐։տր֏րվ֏րտ, t: 1.36, p: 0.0904).  

2.3.3. Disorder mediated interactions 

PUMA is an intrinsically disordered protein, which becomes ordered and coiled when 

bound to Mcl-1 at the BH3 pocket. A set of PUMA mutants was developed to 

investigate the effects of helicity degree on this IDR-dependent interaction by (147). 

We screened the peptides against a truncated Mcl-1 protein. We found a good 

correlation between P-LFC measurements with stopped-flow fluorescence Kd 

measurements for PUMA peptides interacting with the full Mcl-1 protein (r2: 0.66, 

n = 13) (Figure 2.5D). 
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Figure 2.5. Validation of MP3-Seq with BCL2  proteins. A. Colored crystal structure of 
Bcl-2 and its designed BH3 binding inhibitor49 (PDB: 5JSN).  B. Correlations with Kd 
measurements from biolayer interferometry C.  MP3-Seq P-LFC distributions for 
interactions that were undetected by biolayer interferometry due to instrument detection 
limits (Kd ≥ 25 mM). D. Correlation of PUMA peptide and Mcl-1 P-LFCs from two 
experimental replicates with PUMA peptide and full Mcl-1 Kd. 

 Exploring PPI assays with graph representations 

One of the benefits of using a differential analysis program like DESeq2 for data 

processing is that it calculates an adjusted p-value (𝑝ռտօ)_ of the significance for an 

LFC against a null LFC of zero (142).  Therefore, we can differentiate significant 

interactions using the 𝑝ռտօ.  One valuable application of this is that we can 

immediately significantly reduce the complexity of the datasets for visualization.  

By only retaining the most significant interactions, we can augment the classic PPI 

visualization method where each protein is represented as a node and interactions as 

edges with MP3-seq data. By making each edge’s thickness correspond to its P-LFC 

value, it becomes easy to view assays to see strong, significant interactors and other 

patterns of note.  For example, the orthogonal NICP PPI set graph shows the six 

designed interactions (Figure 2.6).  In addition, a second work created variations of 

the NICP proteins, modifying the original sequence to confer increased 

thermodynamic stability to their on-target interactions (148).  By visualizing only 

the strong, significant interactions of these protomers in an all-by-all assay, the 
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shared binding behavior between variants of the original NICP proteins can be seen 

(for example, P5A and N5 are variations of P5, and interact with P6, P6A, and N6, 

Figure 2.6).   

 

Figure 2.6. Validation of MP3-seq with coiled-coil heterodimers.  Filtering NICP-series 
(left) interactions and E. P, PA, and N series (right) designed coil interactions47 to include 
only those with 𝑝ռտօ ≤ 0.05. Line weights correspond to MP3-Seq P-LFCs.  

2.4.1. Extracting potential orthogonal subsets from large-scale assays 

The paper's largest set of assayed proteins consisted of several sets of coiled-coil-

based heterodimers (DHDs) mainly designed using the approach of (149). These 

heterodimers consisted of four groups: a set of 35 dimers (DHD0), a set of 100 

heterodimers (DHD1), a set of 21 more dimers including truncated designs or 

modified loop designs (DHD2), and a series of 5 dimers derived from a common 

parent design (mALb).  For each on-target pair, one protomer is designated 'A,' and 

the other is designated 'B.'   These designs were measured in several overlapping 

assays and two all-by-all assays, and the designs were evaluated for success (defined 

as any PPI with 𝑝ռտօ ≤ 0.01 and P-LFC ≥ 4). The design sets had an approximately 

20% success rate in the largest screen, consistent with past 22% success rates for α-

helical bundles(150). While determining the success of designed pairs was the 

primary goal of the assay, the on-target interactions comprised only a small portion 

of the collected dataset. Most measured interactions consisted of "off-target" non-

designed interactions between protomers.  In fact, in the largest all-by-all screens of 

the dataset, only 33 of 914 PPIs with 𝑝ռտօ≤ 0.01 and P-LFC ≥ 4 were on target. 



35 

Given the potential applications of orthogonal protein sets, one of the use cases for 

this dataset is the extraction of potentially orthogonal heterodimer sets.  The graph-

based visualization technique above offers one avenue to do so: we used significant 

(𝛼 = 0.01) positive P-LFC values to construct a weighted undirected graph as in 

Figure 2.6. Then, the problem of finding a set of heterodimers could be rephrased as 

finding a subgraph of the high-significance graph of only degree-one vertices without 

self-edges, such that the sum of the remaining edges would be maximized. The 

orthogonality gap is a metric when defining orthogonal protein sets: the difference 

between the weakest on-target interaction and the strongest off-target interaction 

(58). Making sure that a potential orthogonal subgraph possessed a sufficiently large 

orthogonal gap was also necessary.  

 

A greedy approach that would consider the entire graph score was devised to meet 

this goal. To find a graph satisfying our constraints, we developed a simple scoring 

function that rewards graphs based on existing orthogonal edges or those over a 

desired orthogonality gap and punishes graphs for nonorthogonal edges. A larger gap 

generally results in smaller sets (see Equation 2.4). This scoring function was used 

in a greedy graph reduction method, Deleting Undirected Edges Thoughtfully 

(2.4)      
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(DUET), which removes a vertex and its associated edges each iteration from the 

graph until a one-regular graph remains (Figure 2.7A). The results of DUET versus 

a simpler graph reduction method, removing the highest degree node at each 

iteration, can be seen in Figure 2.7B with the corresponding scores of the approaches 

in Figure 2.7C, with DUET reducing the all-by-all design screen high significance 

graph from 1,562 edges between 270 vertices to 36 DUET pairs. An additional 

undesirable behavior for potentially orthogonal sets would be if DUET is biased 

toward selecting proteins with missing interaction data (and, therefore, fewer edges 

in the graph). To check if this was occurring, we ran permutation tests, summing 

the number of missing MP3-seq interactions between the proteins in the initial 

DUET results and uniform randomly sampled protein sets of the same size from the 

start graph. We did not find that DUET results had a significantly higher number 

of missing interactions (Figure 2.7D). 

 
Figure 2.7. Orthogonal protein set search.  A. DUET pseudocode, c = 4.  B. Number of 
degree 1 nodes in the graph for DUET versus a simple greedy approach removing the highest 
degree node from the graph at each iteration. C. The score of the graph at each iteration of 
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node removal for the two approaches.  Inset shows final iterations, and the gap between the 
scores. D. Permutation test for n = 10000 samples of 72 proteins from the initial graph for 
the total undetected PPIs between the proteins. E. Orthogonality gaps of the DUET final 
networks without significance filtering. Left and right dashed lines show the MP3-seq 
orthogonality gaps for BCL2 family inhibitors and the NCIP-series, respectively. Yellow 
squares correspond to half of the starting networks remaining.  Number of DUET pairs at 
half the starting network size shown to right of graph.  

The outcome of this process is a set of potentially orthogonal proteins.  To better 

evaluate these sets, we used all P-LFC > 0 between DUET pair protomers, regardless 

of significance, for a more conservative analysis. As the graph G for DUET is created 

using only strong, significant interactions, it ignores all non-significant, weak 

interactions. First, we removed interactions with protomers for which the DUET 

pair P-LFC was lower than the highest non-DUET pair P-LFC. Then, we reduced 

the remaining DUET pairs by removing whichever pair had the largest non-DUET 

P-LFC one by one to yield smaller potentially orthogonal sets. Orthogonal gaps can 

be calculated for the P1-P12 and Bcl2 inhibitor designs to show the gap of DUET 

pair results throughout this process. It can be seen that the DUET sets reach 

orthogonality gaps and sizes comparable to orthogonally designed protein sets in the 

literature (Figure 2.7E). While these are not experimentally validated with 

additional assays, the DUET graph reduction algorithm demonstrates one of the 

many potential use cases of the scale of the MP3-SEQ method when used for large, 

all-by-all applications. 

 Modeling PPI interaction using predicted structure 

characteristics 

To assess AF’s ability to predict orthogonal interactions, we used AF2 and three 

AF-M versions (v1–v3) to predict complexes for all 144 NICP PPIs compared to 

coiled-coil predictors from the literature (58,151,152) . We evaluated performance 

metrics (predicted local distance difference test, IPTM, etc.) for predicting MP3-seq 
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LFC values and classifying on-target and off-target PPIs (Fig 2.7A-C). Both the top 

predicted model metrics and the average of model metrics were assessed, and it was 

found that the best-performing metric was the interface predicted TM (iPTM) score 

averaged across five predicted complexes. Also, AF-M was much better at NICP 

complex prediction (particularly for AUCROC and AUPRC of on- vs. off-target 

classification, Figure 2.7D). However, compared to the performance of coiled-coil 

binding predictors, the specialized predictors performed much better in correlation 

with LFC values classifying on/off target interactions AUPRC (Figure 2.7E).   
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Figure 2.8. AlphaFold error metrics for the NICP and mALb interactions. A. Average iPTM 
for the NICP series, with LFC plot shown for comparison. B.  iCipa values for NICP series. 
C. Complex metrics examined D. Correlation and classification of PNIC LFCs and 
interactions for top ranked models and averaged models.  E. Correlation and classification 
of PNIC interactions using coiled-coil PPI predictors  (Potapov:(151), bCIPA: (152), 
,iCIPA(58)). F. LFC and average iPTM values for the mALb interactions for AF-M v3  G. 
Correlation of AF-M metrics with mALb series LFCs for the top rank model and averages 
of five models.  

Following the NICP predictions, we wanted to assess the generalizability of AF2 on 

more complex protein heterodimers. Complexes were predicted using AF-M V2-V3 

for a set of mALb coiled-coil designs based on an initial heterodimer consisting of 

mALb A and mALb B coil-loop-coil protomers investigated for binding determinants 

in MP3-seq. The AF-M v3 average iPTM and LFC values for the mALb8 interactions 

are shown in Figure 2.7F. Heterodimeric interactions (PPIs with A and B proteins) 

had higher values than homodimeric complexes (PPIs with A and A, or B and B 

proteins), which matched the MP3-seq measurements. Still, the overall correlation 

between AF metrics and LFC values was low (Figure 2.7G).  

While these are useful metrics, as outlined in Chapter 1.3.2, their reliability in PPI 

prediction tasks has not been satisfactorily tested.  Therefore, while they 

demonstrated some correlation with MP3-seq assay values and some classification 

abilities when considering the AUPRC metric (AUCROC is unreliable here due to 

the unbalanced interaction to non-interaction label ratio) we set out to investigate 

if energetic terms from Rosetta simulations and AF quality output metrics could be 

used to predict LFC values more accurately. Rosetta was used to collect physics-

based metrics (energy of interaction, interface surface, shape complementarity, etc.) 

for each simulated dimer complex - the list of retained features after removing 

features with less than three unique values can be seen in Fig 2.8A. However, many 

metrics and energy terms collected were highly related (such as linear and logistic 

regression). Reducing the amount of highly correlated features would be beneficial 

to understanding the inputs needed for model performance. To do so, features were 
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grouped with agglomerative hierarchical clustering using Spearman’s correlation 

coefficient with one another, and dendrograms were created with the cluster linkage 

values.   Since the height at which features are joined together in a dendrogram is 

calculated based on their linkage distance, selecting features based on height 

thresholds is one way to choose features to include for smaller, less related input sets. 

To create sets of features with lower similarity, thresholds at 10% of the total height 

of the dendrogram were used to select feature groups until only two features 

remained at a threshold. A representative was selected for each group with a line 

intersecting the threshold (see Figure 2.8B-C).  For example, the 50% threshold set 

for the NICP set monomer features included only the mean pLDDT and the Rosetta 

total score. This selection process resulted in multiple sets of features for each model 

version; the membership of the reduced sets can be seen in (Figure 2.8D).  One 

interesting relationship seen in the dendrograms and selected feature sets is that the 

AF metrics (the bolded feature numbers in the dendrograms) cluster close together 

for both the NICP and mALb protein complexes, which suggests that these metrics 

are highly similar from a modeling perspective.   
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Figure 2.9. AlphaFold error metrics for the NICP and mALb interactions. A. List of all 
features retained from AF metrics and the Rosetta simulations.  Bolded features are AF 
metrics. B. The dendrograms and inter-feature relationships for the NCIP proteins for all 
four structure predictors. C. The dendrograms and inter-feature relationships for the mALb 
proteins.  Note that only AF-M V2 and AF-M V3 were used for these proteins. D. The 
membership of the actual features used in model training sets for the NCIP data.  The colors  
correspond to the cutoffs on the dendrogram charts. E. The membership of the actual 
features used in model training sets for the mALb data.  
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Linear least square ridge regression models and logistic ridge regression classifiers 

were trained on all feature sets created, along with a set including only AF metrics. 

Two train-test splits were used: (1) 𝑝ռտօ-ranked interaction-based splits, where high-

confidence interactions were held out to test the model’s ability to recover missing 

data, and (2) protein-based splits, where all interactions involving held-out proteins 

were used as the test set to evaluate generalization to unseen proteins.   For the first, 

we ranked all data points by their) 𝑝ռտօvalues and partitioned the dataset into high-

quality test set interactions and a mix of high-quality and low-quality training set 

interactions. In the other approach, a subset of proteins was selected, and all 

interactions involving those proteins were assigned to the test set. In particular, for 

the two protein sets:  

 NCIP series model training: 
For the held-out interaction task, after ranking interactions with 𝑝ռտօ every 

other interaction was assigned to test until the desired test set size was 
reached, with the rest of the interactions assigned to the train set. Test set 
sizes of n=23 and n=44 were created. Five-fold cross-validation using 
stratified k-fold splits was used on the remaining interaction for training to 
explore different L2 weights and oversampling of high interactions so that 
those with an LFC > 5 make up the same fraction of the dataset as those 
below 5 was used due to the low number of strong interactions.  For the 
held-out protein task, all 12 proteins were used as the test proteins, and all 
six possible designed pairs were used as test sets (P1&P2, P3&P4, …, 
P11&P2). The other interactions were assigned to the train set. Five-fold 
cross-validation was used to explore different L2 weights again.  L2 weights 
were selected from the range 10-5 to 105.    

 MALb models training 
The modeling process for the mALb proteins was generally the same as the 
NCIP proteins - however, the held-out interaction task used test set sizes of 
43 PPIs, 84 PPIs, and 123 PPIs. These sizes were selected for comparison to 
the held-out protein train-test split.  There were no clear pairs or groups of 
proteins for the held-out protein task to sample for the test sets, as the 
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mALb sets were not designed to be orthogonal.  Instead, one, two, or three 
proteins were randomly drawn to make up an individual test set.  Twelve 
samples of one, two, or three proteins were drawn uniformly from the mALb 
set for test sets to understand training set size effects on model 
performance. 

 
Figure 2.10. Train test split approaches for NIPC and mALb MP3-seq prediction.  A. 
Interactions were ranked by their padj value, and then split into test and train sets for the 
held-out interaction approach. B. Examples of n=23 and n=44 size test sets created with 
the held-out interaction approach. C. Held out protein approach example splits for 1 protein 
or 1 dimer for the NICP proteins. D. Held out protein splits for the mALb data were created 
by drawing proteins uniformly at random without replacement.  An example of the twelve 
1 held out protein train/test sets is shown.  

The NICP models reached decent regression performance for models using large 

numbers of features in the held-out interaction split, using AF-M V2 for the smaller 

test set (Figure 2.10A).  However, performance dropped steeply for the larger test 

set, - and models in general struggled to reach the performance levels in the held-out 

protein task as in the held-out interaction ask for both 1 held out and 2 held out 

splits.  Therefore, even for the extremely simple NICP interactions, simple models 

using these metrics struggle to learn to rank strong and weak interactions.  However, 

logistic regression performance was extremely good, reaching literature predictor 

levels, for classifying on-target vs off-target interactions (Figure 2.10C).  These 

models continued to perform well even in the held-out protein task (Figure 2,10D).    
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Figure 2.11. Results for the two train/test split for the NICP models. The x-axis labels shown 
the number of Rosetta derived (R) and AF-metric (AF) features used as model inputs for 
the models trained.   A. Regression results, for all feature sets. B. Regression results for the 
held-out protein models, showing the distribution of the results for all 12 possible single 
protein train/test splits (top) and all six possible held out dimer train/test splits (bottom). 
The dashed lines correspond to the highest performing held-out interaction models on similar 
sized test sets C. AUPRC results for the held-out interaction classification models. D. 
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Classification performance for the held-out protein models for all 12 possible single protein 
train/test splits (top) and all six possible held out dimer train/test splits (bottom).  

The mALb interactions, as noted above, lack clearly defined on- and off-target 

interactions.  Instead, the protein set consists of either truncations (T1, T2) of the 

ends of the coils to investigate protein length requirements for coil-loop-coil binding, 

and mutations to remove hydrogen bond networks at the interface of the original 

mALb dimer design by substituting non-hydrogen bond compatible amino acids at 

key positions.  Therefore, this is a more challenging protein set to attempt to predict 

values for both due to the structure of the dimers, and less dramatic sequence changes 

leading to large binding strength changes. The regression models trained to predict 

L-FC values had low performance for smaller test sets, but had better performance 

(particularly for Spearman ρ) for larger test sets (Figure 2.11A).  Unlike in the NICP 

models, the held-out protein mALb predictors had equal or better performance in 

general for the single held-out protein tasks.  However, for the larger held out protein 

sets, the held-out protein models began to perform generally worse (Figure 2.11B).   

This counter-intuitive increase in performance with larger test sets, and hence 

smaller training sets, in the held-out interaction train/test split may be in part due 

to the distribution of LFC values.  Due to the 𝑝ռտօ-ranking based splitting method, 

for smaller datasets the test set has generally higher LFC values than the train set, 

with the distributions becoming more similar as the test set size was increased 

(Figure 2.11C).  This difference in distributions may also be contributing to the 

performance of the single-held out protein models, as the train/test distributions 

generated by holding out a single protein were generally similar (Figure 2.9D).  At 

any rate, the inclusion of additional features did not result in dramatic improvements 

in model performance as in NICP held-out interaction regression.   Overall, this 

suggests that though AF metrics and energetic terms have promise to classify 

interacting from non-interacting PPIs, the strengths of new protein interactions even 

for the simple alpha-coil based dimer families used here can be difficult to rank with 

this approach.   
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Figure 2.12. Held-out interaction and held-out protein model results for the mALb proteins. 
The features used as inputs in each model are shown in the boxes below the plots, where R 
denotes Rosetta simulation derived features and AF denotes AF-metrics. A. The results of 
the held-out interaction train/test split for test sets of increasing size.  B. The results for 
the held-out protein train/test split, using 12 uniform randomly selected sets of proteins of 
size 1, 2, and 3 for the test set. The dashed lines on the graphs correspond to the highest 
performing models in corresponding approximate test-set size matches for the held-out 
interaction train/test splits. D. The distribution of the train/test splits for the held-out 
interaction task. 
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Chapter 3: Exploring Feature Representations for Septin-12 
Protein-Protein Interaction Variant Effect Predictions 

Here, a dataset of 12K septin-12 mutants was designed, and their effects on the 

septin-12 septin-1 interaction measured using a DMS version of MP3-seq. This 

interaction was then modeled using varying sizes of training sets, and their 

performance compared in predicting single, double, and triple mutant sequences. 

Finally, these models were assessed for predicting mutations at positions unseen in 

their training.  Chronologically, this work was completed before writing and 

publishing the main MP3-seq paper.  This was done so that the main method version 

could be cited in the DMS version.  During the writing, modeling, and publishing 

work outlined in Chapter 2, this chapter's modeling section became slightly outdated 

– the past modeling work will be shown in this chapter and plans for updating the 

modeling section will be outlined in Chapter 5.   

For this project, Alberto Carignano and Alex Baryshev modified the MP3-seq assay 

method for many vs. one mutant PPI measurement, were involved in dataset design, 

and conducted data collection. Additionally, Quoc Tran and Cirstyn Michel ran 

experiments for septin interaction data collection.  My contributions consisted of 

designing the library of mutant sequences to measure, merging replicates, and 

modeling the interaction data. 

 Background and motivation  

Understanding how missense mutations affect protein-protein interactions (PPIs) is 

essential for interpreting their impact on human health. Some mutations weaken 

interactions, while others may overly stabilize them, potentially preventing proteins 

from engaging with alternative partners. This challenge becomes more complex when 

both proteins in an interaction are mutated, or when multiple missense mutations 

occur in a single protein, as their cumulative effects can be non-additive due to 

epistasis (see Chapter 1.1.2). Predicting the effects of such complex variation is 



48 

therefore critical for connecting genomic variants to phenotypes. These predictions 

are also important in synthetic biology, where tuning interaction strength is key to 

designing effective protein binders. 

The prediction of mutation effects on PPIs is part of the broader field of protein 

fitness prediction, where "fitness" refers to traits such as stability or binding affinity. 

In recent years, this field has shifted toward using protein representations derived 

from language models trained on large sequence databases, or unsupervised models 

trained on individual protein families to build supervised predictors from small 

datasets (86,153,154). For larger datasets, deep learning models using one-hot 

encodings, structural inputs, and natural language representations have been applied 

to fitness prediction(155).  Additionally, general mutation effect predictors are often 

trained on datasets like SKEMPI (a large collection of ΔΔG datasets (156)) or the 

IMEX datsetes (a curated dataset of mutant effects on PPIs (157)) However, 

questions remain about their ability to generalize to mutations at unobserved 

positions (158,159). With advances in protein language models (pLMs), evolutionary 

representation models, and accurate structural predictors, there is growing potential 

to identify which types or combinations of protein representations are most effective 

for predicting the effects of missense mutations on PPIs.  Indeed, many current 

approaches combine features across domains to make predictions (113,160–162).   

3.1.1. Protein variant effect predictors  

Many general variant effect predictors have been developed to predict if a variant 

has a significant effect on protein function. Older general predictors used some 

combination of sequence conservation, biophysical amino acid properties, and 

structural features to produce said scores (163,164). These general effect predictors 

are designed to predict single mutant effects for any protein and substitution pair, 

like  SIFT (165) and PolyPhen (166). Such generic models have begun to be 

surpassed by unsupervised models that attempt to learn values based on a single 

family’s evolutionary conservation.  Evolutionary conservation-based models use 

MSAs to attempt to learn representations of a families conservation, through 
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approaches like training deep generative models on the MSA sequences (167), or 

simple probabilistic graphical models (168). One flaw with these MSA-trained 

coevolutionary models is that their performance depends on possessing a high-quality 

MSA for the target protein, which may not always be available. 

To predict specific variant effects, such as variant effects on individual PPIs, 

supervised models, including CNNs, RNNs, and random forests, are trained on 

labeled mutation data. In low-data regimes, averaging embeddings from pLMs has 

proven useful (86), with follow-up work showing that combining one-hot encodings 

and MSA-derived likelihoods can outperform simpler approaches on multiple DMS 

benchmarks (154). More complex models, combine data representations from pLM 

and evolutionary sources, and have reached good performances. There are many 

DMS databases to aid with developing these types of predictors, and there have been 

multiple reviews on common approaches to train predictors for targeted variant effect 

prediction problems and benchmarking effect predictors (163,164,169,170). 

3.1.2. The septin protein family  

Septins are a conserved family of GTP-binding, membrane-associated proteins 

present in most eukaryotes.  They play critical roles in cell structure, division, and 

organization. Mutations or deletions in septin genes have been linked to health issues 

ranging from infertility to neuromuscular disorders (171,172). The 13 human septins 

are grouped into four groups based on sequence homology and domain structure: 

SEPT2 (septin-1, -2, -4, -5), SEPT3 (septin-3, -9, -12), SEPT6 (septin-6, -8, -10, -

11, -14), and SEPT7 (septin-7) (173). Septins form heteromeric complexes—typically 

hexamers or octamers—which further polymerize into filaments. These assemblies 

are stabilized via two GTPase domain interfaces, G and NC, that mediate septin–

septin PPIs (174,175). Canonical human septin complexes include SEPT7–SEPT6–

SEPT2–SEPT2–SEPT6–SEPT7 (hexamer) or SEPT2–SEPT6–SEPT7–SEPT9–

SEPT9–SEPT7–SEPT6–SEPT2 (octamer), although alternative binding 

arrangements have been proposed (176,177). 
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While SEPT2, SEPT6, and SEPT7 family members contain coiled-coil domains, 

SEPT3 group proteins do not (177,178). These proteins—expressed primarily in the 

brain (septin-3), testis (septin-12), and broadly throughout the body (septin-9)—

participate only in the octameric complex. Crystal structure studies of SEPT3 family 

proteins reveal conserved secondary structures at G and NC interfaces, which are 

critical for filament assembly (177). Functional impacts of missense mutations near 

these interfaces were assessed using Y2H assays; in septin-12, eight of nine tested 

mutations disrupted binding, highlighting the importance of interface integrity for 

septin function (179). 

 DMS dataset design  

To assess thousands of mutant interactions in parallel, we integrated a designed 

library into the MP3-Seq (140)plasmid, replacing a segment of the wild-type protein. 

Septin-12 was chosen as a test case for validating the DMS MP3-Seq assay, due to 

its health relevance and known mutation-sensitive interfaces previously characterized 

by Y2H (179). A 61-amino acid region (V162–V222)—the containing multiple 

mutations from (179)—was targeted for mutation. Rather than using random 

mutagenesis, we constructed a focused library comprising all single amino acid 

substitutions, a subset of triple mutants for model benchmarking, and the remaining 

slots filled with double mutants, totaling 12,000 sequences. Mutations were enriched 

at known interface residues and filtered to avoid highly destabilizing changes, as 

Y2H cannot distinguish between interaction loss due to misfolding versus disruption 

of binding. 
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Figure 3.1. Dataset design and collection. A. Mutant dataset design by sampling from 
positions 162-222 in septin-12 using smoothed interface and SASA values as sampling 
weights B. Mutation substitutions for each sampled position are selected from either a 
tolerated (pink) or intolerated (green) distribution. Shown distributions are for V162. C. 
Mutants are measured using a HT-Y2H assay. D. Finally, TRP (called HIS+ in MP3-seq) 
and HIS- read counts are merged with the DiMSum (180) package to get a fitness value for 
each successfully recovered mutant per PPI 

To guide mutant library design toward both functional interface coverage and assay-

compatibility, heuristic sampling distributions were developed. Substitution 

sampling weights were constructed by integrating predictions from multiple variant 

effect predictors, a coevolutionary model, ΔΔG simulations, and a position weight 

matrix (PWM) derived from the septin-12 MSA. For each position, two substitution 

distributions were created—one favoring “tolerated” mutations and one favoring 

“intolerated” mutations—excluding the most damaging substitutions per site. A 

separate positional sampling distribution across residues 162–222 was generated 

using surface accessibility and predicted interface contacts from homology models 

(Figure 3.1A–B). To ensure even mutational coverage, four double mutants were 

allocated per pairwise position combination. Remaining double and triple mutants 

were sampled using the positional and tolerated/intolerated substitution 

distributions. For 5% of double mutants, previously excluded substitutions were 

reintroduced to test extreme cases. 
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The final designed library was assayed using the HT-Y2H method (Chapter 2) 

against wild-type binding partners septin-1 and its splice isoform septin-1DS. Unlike 

the normal MP3-seq plasmid assemblies which contain both interacting proteins, this 

approach used full-length septin-1 or septin-1DS was included the designed library 

of mutant sequences which recombined with wild-type septin-12 fragments during 

assembly (Figure 3.1C). Two biological replicates were performed for each interaction 

pair. Barcode fitness values from HIS+ and HIS- reporters were quantified using 

DiMSUM (180) (Figure 3.1D). Of the 12,000 designed mutants, we recovered 

1158/1159 single, 9604/10241 double, and 535/600 triple mutants for the septin-12–

septin-1 interaction. 

 Assay results 

Fitness measurements for septin-12 mutants showed minimal differences when 

interacting with either septin-1 (S1) or its splice isoform septin-1DS (S1DS). This 

result is expected, as the only difference between S1 and S1DS is an additional exon 

in S1DS that extends a predicted disordered region (Figure 3.2A). The correlation 

(r²) between merged replicate fitness values for S1 and S1DS interactions was 0.85. 

Replicate fitness correlations before merging were 0.64 for S1 and 0.85 for S1DS. 

Both interaction assays revealed a clear bimodal distribution of variant fitness, 

separating near-wild-type from low-fitness mutants (Figures 3.2B–D). Single mutant 

effects across positions were highly similar between S1 and S1DS (Figure 3.2B, top). 

Certain interface positions tolerated substitutions well, while others were highly 

intolerant, consistent with structural models where core interface residues are more 

constrained than peripheral ones (181). Notably, P174 and H170—both located 

within the conserved alpha-2 helix of SEPT9-family septins—were surprisingly 

substitution-tolerant, suggesting potential flexibility even within structurally critical 

regions (177).  The interaction interface can be seen colored by per-position fitness, 

and a close-up of the mutation region, can be seen in Figure 3.3E-F. 
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Figure 3.2. PPI dataset visualization A S1 and S1DS structure B. S1 and S1DS fitness 
distributions by mutant type C. S1 and S1DS fitness agreement, r2 = 0.85 D. Single mutant 
fitness values for all possible AA substitutions at positions 162-222 in septin-12. Black boxed 
are WT positions, yellow is unrecovered mutant. Top plot is the average of the position 
fitness values for both S1 and S1DS, where shaded boxes are interface positions and the 
dashed line is the average of all single mutant fitness values E. septin-12 (yellow) and S1 
(teal) homology model, mutation region is colored blue/red according to per-position fitness 
values F. Close ups of mutated region, colored by average single mutant fitness values 

 Correlation with generic and evolutionary variant effect 

predictors 

Fitness measurements were correlated with variant effect predictors to provide 

performance baselines for modeling (Fig 3.3). EVE (182) evolutionary indices gave 

the highest correlation for single mutants in (Spearman 𝜌 =0.76) (Fig 3.3B). These 

values are not outside the typical correlation range seen for single mutant fitness 

correlations with other DMS datasets (182). Since most variant effect predictors are 

not designed to evaluate multi-mutant sequences, their performance on double and 

triple mutants was approximated by summing the predictor scores of the 

corresponding single mutants. An exception is EVE, which uses a variational 

autoencoder (VAE) that can be adapted to evaluate full-sequence likelihoods, though 

the original EVE study did not report performance on multi-mutant prediction(182). 

As an additional baseline for multi-mutant modeling, we also included a naïve 

additive predictor that sums experimentally measured fitness values of the 
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constituent single mutations—representing an optimistic lower bound that 

supervised models must exceed to be useful in predicting septin-12 variant effects 

(Figure 3.3). 

 
Figure 3.3. Baselines for fitness prediction Baselines for mutant fitness correlation with 
outputs from variant effect predictors SNAP2 (183) and SNPs&Go (184), coevolution models 
EVE evolutionary index (182) and EvMutation (168), and summing single mutant fitness. 
The highest Spearman r of the prediction methods is shown with the black line, while the 
sum of the single mutants is shown in blue. 

 Supervised fitness prediction 

Five different protein sequence representations commonly used in fitness prediction 

literature were evaluated for modeling the septin-12–S1 protein–protein interaction 

(PPI) (Figure 3.4A). The first, and most widely used, representation was simple one-

hot (1H) encoding of the 61-residue mutated region, resulting in a 61×20 binary 

matrix (or a 1220-dimensional vector when flattened). One-hot encoded sequences 

were also input to pretrained protein language models (pLMs), where the final hidden 

layer was extracted either as a latent matrix (LMA) representation or averaged along 

the sequence length to produce a latent mean embedding (LME). For LMA inputs, 

we used two pLMs: the MuPIPR model from (185), designed for general mutation 

effect prediction on PPI stability, and the Bepler model from the BioEmbeddings 

framework (153), yielding latent dimensions of 128 and 121, respectively. For LME 

inputs, we used the updated ESM-1b model (1), taking the average of the final 

hidden layer across all positions in the full mutant sequence to obtain a 1024-

dimensional vector. To incorporate an evolutionary representation, a multiple 
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sequence alignment (MSA) for septin-12 was constructed following the methods of 

(167), and an EVE model was trained as described in (182). Latent space vectors 

(LVs) were extracted for all mutant sequences, and their log-likelihoods under the 

EVE model were computed. Following (154), these EVE log-likelihood scores were 

concatenated with the one-hot (1H) encoded sequences to form the final P1H input 

representation used in model training.  The different inputs can be seen in Figure 

3.4A. 

 
Figure 3.4. Fitness predictors attempted and results A. All input representations evaluated 
for protein sequences B. All ML model types attempted for fitness prediction C.. 
Combinations of inputs and model types attempted 

For fitness prediction modeling, we tested several architectures: L2-regularized ridge 

regression (RR), multi-layer feed-forward neural networks (FNN), random forests 

(RF), convolutional neural networks (CNN), simple recurrent neural networks 

(RNN), and bidirectional gated recurrent unit networks (BiGRU), depending on the 

input representation (Figure 3.4B). Vector-based inputs—namely, 1H, LME, LV, 

and P1H representations—were used to train RR, FNN, and RF approaches (Figure 

3.4C). For matrix-form inputs, we trained CNN and RNN models on the 1H 

representation and BiGRUs on the LMA representation. While CNNs have 

previously been applied to LMA-type embeddings, we chose BiGRUs due to the 

sequential and contextual nature of the LMA representation, consistent with prior 

work such as (186). 
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Figure 3.5. Quality aware train/test splitting, and employed modeling strategies. A) Dataset 
train-test split procedure. Mutants that were in a single replicate were used for training, and 
mutants that were in both replicates were ranked by average starting HIS- read count, and 
every other mutant was assigned to the test set until the goal number of double and single 
test mutants was reached. The remaining mutants were assigned to the train set B) The 
train set was composed of single and double mutants, while the test set included all triple 
mutants and high read count single and double mutants C) For RR and RF, a single 
stratified k-fold split and random search was used for hyperparameter optimization D) For 
FNN, CNN, RNN, and BiGRU models, Hyperband tuning was used with a single random 
split, and the top 3 models from Hyperband were evaluated with 5-fold CV on the train data 
from the same random split to select a top model for the input/model combination E) To 
evaluate models, 10 random splits were made of the training data, and models were trained 
on subsets of the data. Performance was averaged for the 10 seeds 

There are multiple strategies for train–test splitting in protein fitness prediction 

tasks(153). In our study, all triple mutants were held out as a test set by design to 

evaluate model performance on higher-order mutation prediction. For the remaining 

single and double mutants, we opted against random partitioning and instead 

designed a split based on data quality. This strategy leverages the inherent 

variability of biological assays by reserving the highest-confidence data for testing, 

providing a more meaningful assessment of model generalization. Similar quality-

based partitioning has been applied successfully in sequencing studies (75). Because 

some mutants appeared in only one replicate, and these single-replicate observations 

generally corresponded to lower-fitness variants, we adopted a quality-aware strategy 

train/test split strategy. All mutants present in only one replicate were used for 

training. Among mutants present in both replicates, we ranked them by HIS- read 
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count and selected every other high-confidence variant for inclusion in the test set 

(Figure 3.5A). 

To efficiently explore hyperparameters across the fifteen input–model combinations, 

three tuning strategies were employed. For RR models, multiple regularization 

strengths were tested, and the optimal value was selected based on performance on 

validation data specific to each RR variant. For RF models a randomized grid search 

to identify suitable hyperparameters. RR and RF models used a single 80/20 train–

validation split (Figure 3.5C). For all deep learning models, FNN,CNN,RNN, and 

BiGRU, Hyperband tuning (187) was used with an 80/20 train–validation split to 

perform large-scale hyperparameter exploration. Hyperband is a resource-efficient 

tuning algorithm that combines random search with early stopping, allowing many 

configurations to be tested with varying training durations. Following the Hyperband 

search, the top three model configurations were retrained using 5-fold cross-

validation, and the best-performing model was selected for final evaluation on the 

held-out test sets (Figure 3.5D-E). 

For model evaluation, fitness prediction was assessed for single, double, and triple 

mutants across increasing training set sizes using ten independent 80/20 train–

validation splits, with performance averaged per input–model combination. The top-

performing model for each input type at training set sizes of N = 1,723 and N = 

8,609 mutants is shown in Fig. 3.6, alongside the best-performing unsupervised 

baselines from Figure 3.3. With small training sets, models incorporating 

evolutionary likelihoods or language model-derived representations outperform 

others in both Spearman ρ and mean squared error (MSE) for single and double 

mutant fitness prediction. Notably, the LMA-BiGRU model demonstrates superior 

performance in ranking triple mutant fitness, achieving a Spearman ρ of 0.38 ± 0.02 

with the smaller training set, which improves to 0.45 ± 0.03 with the larger set. For 

single  and double mutant prediction, the best models were P1H-FNN and LMA-

BiGRU (Figure 3.6). 
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While CNN and RNN models show performance gains with increased training data, 

the vector representation models (e.g., RR, FNN, RF) exhibit only marginal 

improvements, suggesting early performance saturation. Indeed, input–model 

combinations resembling low-N strategies (e.g., P1H-RR) show rapid gains with 

small datasets but quickly plateau with additional data. Furthermore, in the low-

data regime, these models perform only slightly better than simply using 

unsupervised EVE evolutionary index scores. Taken together, these results indicate 

that leveraging latent matrix representations from language models, particularly the 

LMA-BiGRU, are the most effective for generalizing to higher-order mutant fitness 

prediction, including extrapolation to triple mutants. 

 
Figure 3.6. Model performance for two of the training set sizes. (Top) Spearman 𝜌 of 
predicted vs. true fitness for the best performing models from each sub-type, trained on 
single and double mutants (Bottom) MSE of predicted and true fitness values for the best 
performing models of each subtype. 

 Comparisons with allele frequencies, low-throughput 

experiments, and literature values 

A desirable property of fitness predictors is the ability to reliably rank the effects of 

higher-order mutations and generalize to variants that differ substantially from the 

training set. In particular, predictors capable of generalizing to previously unseen 

regions could prove valuable for interpreting the functional consequences of human 
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genetic variants. Missense mutations in septin-12 cataloged in the Genome 

Aggregation Database (gnomAD), a large international compendium of exome and 

genome sequencing data, are shown in Figure 3.7A (188). While most are classified 

as variants of uncertain significance, two are known to be pathogenic and linked to 

male infertility. The T89M mutation is known to impair GTPase activity and is 

believed to disrupt septin filament formation by interfering with protein–protein 

interactions (PPIs) (172). Similarly, D197N disrupts both GTP binding and the 

septin-12–septin-1 interaction (172).  D197N was one of eight septin-12 mutations, 

spanning a range of allele frequencies, whose interaction effects were previously 

measured using Y2H assays (179). Six of these eight mutants fall within the 61-

amino acid region we targeted in our study (Figure 3.7B–C). Among these, five were 

found to disrupt septin-12 interactions with septin-1, -5, and -7, while one had no 

detectable effect. Notably, V169E and D197N were shown to disrupt PPIs without 

affecting protein stability (172,179). Fitness values from our MP3-seq assay for these 

six clinically relevant mutants are shown in Figure 3.7B. To verify the reproducibility 

of our high-throughput measurements, a low-replicate, plate-based Y2H assay was 

performed in parallel (Figure 3.7C), confirming the disruptive nature of these 

variants and demonstrating consistency between throughput scales. 
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Figure 3.7. Human septin-12 variants and positional extrapolation performance A) All 
gnomAD missense variants for septin-12, by location and number B) gnomAD allele 
frequency for human variants in the measured region vs. S1 fitness, red is a known disease 
associated variant, pink squares are Fragoza disruptive variants, blue square is Fragoza 
nondisruptive variant C) Low throughput results (left) of the Fragoza septin 12 mutants, 
correlation of low throughput and HT-Y2H S1 fitness D) Performance of top models on with 
test sets comprised of held out positions, where 8 positions were randomly selected from 162-
222 (top) or from the end of the measured region (bottom) to be held out for testing. The 
randomly selected positions were 166, 173, 192, 198 204, 213, 214, and 217. 

 Predictions in held-out regions of mutations 

The LMA and LME-based predictors trained above have the potential to predict the 

effects of mutations across the entire septin-12 sequence, as these models are trained 

using representations of the full protein. However, before applying these predictors 

to unmeasured regions, it is important to evaluate their ability to generalize to 

unseen positions rather than just unseen mutations. To this end, we modified the 

train/test paradigm used in earlier evaluations. Two new test sets were constructed, 

each comprising eight held-out positions: in one, eight random positions within the 

measured region were selected; in the other, the first eight positions in the assayed 

window (residues 162–168) were held out. Any sequence containing a substitution at 

one of the selected positions was assigned to the test set, while the remaining 

sequences were used for training. 

A subset of the best-performing models from each category was retrained on the new 

splits, and their performance on single mutant predictions at held-out positions was 

evaluated (Figure 3.7D–E). All models exhibited a substantial drop in predictive 

performance, even for randomly selected held-out positions. Performance was further 

degraded when the held-out positions were contiguous, suggesting difficulty 

extrapolating to unobserved sequence segments. This limitation in generalization to 

new positions has been observed in other deep mutational scanning modeling studies 

(158,189). These results suggest that applying predictors trained only on the 

measured 61-amino acid window—or trained on low-quality or incomplete datasets—
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to make predictions across the full length of septin 12, including unmeasured 

positions, would likely yield unreliable results. Also worth noting is that the LMA-

BiGRU model trained with the Bepler (153) representations has similar performance 

on the held-out position single mutants for randomly selected positions and the 

contiguous held-out positions at the end of the selection (Fig 5E). This may be 

because the Bepler representation has a signal spread out in the matrix when 

examining the difference between mutant and wild-type representations, while the 

MuPIPR LMA (1) has differences to wild-type localized around the mutated window. 
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Chapter 4: Interpreting neural networks for biological sequences 
by learning stochastic masks 

Understanding how and why neural networks arrive at their predictions is 

challenging, largely due to their complex structures and nonlinearities. Model 

interpretation is the subfield focused on understanding what has been learned by a 

trained model: it spans from understanding the model's global behavior to the 

specifics when making individual predictions. One popular method of interpreting 

more complex models, such as neural networks, is feature attribution, where scores 

are assigned to input features to represent their final 'contribution' to a model's end 

prediction. Global behavior patterns can often be drawn from examining feature 

attributes on a dataset scale. In sequence-to-function prediction, model 

interpretability and feature attribution techniques are key to connecting predictions 

to established biology, learning new regulatory rules, and validating sequence 

designs. 

In published work where I am the second author, I worked closely with Johannes 

Linder to develop and test a feature attribution method developed specifically for 

biological sequence inputs.  This work involved creating complex interpretation tasks 

involving recovering interdependent feature sets. My main contributions to the paper 

were the development of an upstream open reading frame attribution task, a 

permutation-test ΔΔG and HBNet recovery task for dimer prediction, and 

recovering Rosetta energy metrics for structural predictions to compare against 

structure attribution scores. 

 Feature attribution background for one-hot encoded sequence 

predictors  

 Methods for interpreting genomic regulatory predictors have been reviewed 

elsewhere (190–192), but some relevant background approaches are summarized here. 

A basic model interpretation approach for CNNs is visualizing what filters have 
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learned. The weights of first-layer filters can be visualized as sequence motifs similar 

to position weight matrices (PWMs), which sometimes correspond to known cis-

regulatory elements (70). This approach has been widely used to generate motif-like 

representations from MPRA-trained CNNs (73,76,193,194). Extensions to deeper 

layers have revealed combinations of motifs (74), and architectural modifications can 

encourage shallow filters to be more interpretable (195–197). 

However, understanding regulatory logic requires more than just motif identification. 

Nonlinear interactions between sequence features are common in biology, making it 

necessary to consider feature combinations and their context rather than treating 

features independently or observing filter weights for individual motifs. Neural 

network interpretation techniques—such as gradient-based methods, in silico 

mutagenesis, and SHAP—that assign importance scores to input features can be 

used to identify relevant elements across a sequence (198–201). These methods are 

particularly helpful when comparing wild-type and variant sequence predictions, 

revealing which features contribute to a change in predicted function (202). 

Nevertheless, many attribution methods rely on local perturbations and may fail to 

capture nonlinear dependencies. For example, 5′ untranslated regions (UTRs) can 

contain multiple upstream start codons (uAUGs)(203–205) before the primary start. 

Which AUG is chosen as the start of translation depends on how much the 

surrounding context represses its usage. Two nearby uAUGs may "hide" each other 

from methods using local gradient approximation, as each AUG can repress 

translation initiation at the primary start independently. Saturation mutagenesis, 

which systematically exchanges one nucleotide in the sequence and approximates its 

importance by change in prediction, also struggles with such nonlinearities. With 

two uAUGs, local methods and saturation mutagenesis could incorrectly conclude 

that neither uAUG would be repressive, as knocking down only one would not change 

the prediction (206,207) To address this limitation, model interpretation methods 

focusing on feature relationships across entire datasets have been developed. One 

such method is TF-MoDISco, which identifies recurring patterns in attribution scores 
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to reveal context-aware motif usage (208). These derived motifs can then be analyzed 

for cooperative or distance-dependent effects (199,209). For instance, De Almeida et 

al.  (210) used TF-MoDISco with a CNN trained on fly enhancer activity to identify 

developmental and housekeeping enhancer motifs and experimentally validated their 

positional dependencies using an MPRA. 

A common feature attribution method relevant to the work in (141) is mask-based 

methods, sometimes called removal-based methods.  These involve creating an input 

‘mask’, which is used to remove subsets of input features and summarize how each 

removed feature affects the model predictions (192,211).  Mask-based attribution 

methods prior to Scramblers can be seen in Table 4.1, along with a breakdown of 

the characteristics that differentiate their approaches.  The most important 

characteristics of a masking method are the form masked values take, the 

optimization algorithm for creating masks, and whether the original model is being 

interrogated or if a surrogate model must be trained.  Mask-based methods 

originated in computer vision, with early methods masking inputs by fading or 

blurring features.  While suited for visual inputs, fading and blurring nucleotide and 

protein sequences is inappropriate given their limited alphabets.  Similarly, some 

masking methods Pre-Scrambler replaced masked values with zeros, which is 

typically not in-distribution for sequence predictors that expect discrete one-hot 

encoded patterns as inputs.  This out of distribution effect often necessitates training 

a new predictor model capable of handling zeros to try and reconstruct the original 

predictions (201,212).  Finally, masked positions can be replaced with samples from 

the marginal distribution of that input, typically calculated from part of the training 

dataset.  Alternatively, it can be replaced with counterfactual samples generated in 

another manner, such as a generative network as in (213).    Many of the methods 

in Table 4.1 use per-example methods, such as per-example sampling. This is less 

efficient than parametric mask generation methods, which can be trained once and 

used for many attributions afterward. 
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Method Optimization Mask type Task Predictor 

Scramblers (141) Parametric model Samples C,B Existing 
Fong et al. 
(Torchray) (214) 

Per-example SGD Faded, Blurred C Existing 

Dabkowski 
(Saliency) (215) 

Parametric model Faded, Blurred C Existing 

Yoon (INVASE) 
(216) 

Parametric model  Zero C,N New 

Chen et al (L2X) 
(212) 

Parametric model Zero C,N New 

Carter et al (SIS) 
(201) 

Per-example recursion Mean, samples C,N,B Existing 

Zintgraf (217) Per-example sampling Samples C Existing 
Chang (213) Per-example SGD Counterfactual C Existing 

Table 4.1. Overview of relevant masking-based feature attribution method. 
Optimization refers to how masks are constructed (made with a parametric model, 
per-example approach). Mask refers to how masked features are replaces, or what 
they are replaced with. Task refers to what task(s) the method was demonstrated 
on (C = computer vision, N = natural language processing, B = biology).  
Predictor indicates if the method interpreted an existing predictor, or if a new 
predictor was trained as part of the attribution method.  

 Scrambler networks and the inclusion and occlusion 

objectives 

Scrambler neural networks are the mask-based feature attribution described in (141).  

As the majority of my contributions to this paper were in developing meaningful 

metrics for evaluating the function of predictors based on the known biology of their 

prediction subject, I will only give an overview of scramblers here. In brief, given a 

differentiable pre-trained predictor 𝒫 which takes in a one-hot encoded sequence 

input 𝑥 ∈ {0,1}(ே×ெ) the goal of the network, 𝒮, is to learn to output a set of real-

values importance scores 𝒮(𝑥) ∈ (0, ∞]ே such that when these scores can be used to 

produce a PSSM-like probability distribution 𝑥𝒮ෞ given in Equation 4.1 where  𝑏෨ ∈
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ℝே×ெ is  background distribution, σ is the SoftMax equation σ(𝑙)௜௝ =
௘

೗೔ೕ

∑ ௘೗೔ೖಾ
ೖసభ

, and 

𝒮̇(𝑥) ∈ (0, ∞]ே×ெ are the importance scores 𝒮(𝑥) broadcast at position 𝑖 to all 

channels 𝑗.  

𝑥𝒮ෞ = σ ቀlog 𝑏෨ + 𝑥 × 𝒮̇(𝑥)ቁ  (4.1)  

In practice, 𝒮 was a residual network with dilated convolutions, and 𝑏෨ was taken to 

be the mean input pattern across the training set of 𝒫.  When drawing samples 

from  𝑥ௌෝ , if 𝒮(x)୧is close to 0, x𝒮,నෞ  becomes  bన
෩  (the background distribution at 𝑖), 

and when  𝒮(𝒙)௜ is close to ∞, 𝒙𝒮,పෞ  becomes x୧ (the original input at 𝑖). 

     To train 𝒮 for one of the formulations of scramblers, inclusion, 𝐾 discrete samples 

would then be drawn from  𝒙𝑺ෞ . These samples would be given to the original 

predictor, to get 𝒫ቀ𝑥ௌ
(௞)

ቁ. By minimizing the Kullback–Leibler (KL)-

divergence between this and the original prediction, 𝒫(𝑥), we can force 𝒮 to learn to 

reconstruct the original prediction for the drawn sample.  To limit 𝒮 to learn masks 

which include a small set of features capable of preserving the original prediction, a 

conservation penalty term is necessary.  This penalty term is given by the KL-

divergence between the 𝑥𝒮ෞ and the background distribution 𝑏෨, which is fit towards 

a target conservation value 𝑡bits and weighted with a parameter λ.   The full inclusion 

objective is given in Equation 4.2.  During training, gradients are backpropagated to 

𝒮 using either Softmax Straight-Through estimation (218) or the Gumbel 

distribution (219). 

min𝒮 ቀ
ଵ

௞
Σ௞ୀଵ

௄ KL[𝒫(𝑥ௌ
௞) ∥ 𝒫(x)]ቁ + λ ⋅ ቀtbits −

ଵ

୒
⋅ KL[b෨ ∥ xො𝒮]ቁ

ଶ

 (4.2) 

In another formulation of scrambler termed occlusion, the goal is to find the smallest 

set of features in 𝑥 to randomize (i.e., maximize the conservation of 𝑥ௌෝ ) such that 

the KL-divergence of the sampled predictions and the input prediction is maximized.  

Equation 4.3 shows how 𝒙𝑺ෞ is calculated for the occlusion objective, and Equation 

4.4 gives the full training objective.  It is important to note that the sets of features 
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that the inclusion and occlusion scramblers find are not necessarily the same - as 

they were formulated to pick up different logical relations between features.  For 

features with an 'OR' type relationship, where the presence of either is sufficient to 

produce a prediction, occlusion would identify all features, while inclusion may only 

find some of the OR-relationship features.  Alternatively, with AND-relationship 

features, inclusion would identify all the features, while occlusion could potentially 

find some of the features.  The difference between these two scrambler formulations 

can be seen in Figure 4.1.  

𝑥𝒮ෞ = σ ቀlog 𝑏෨ + 𝑥/𝒮̇(𝑥)ቁ (4.3) 

min𝒮  − ቀ
ଵ

௞
Σ௞ୀଵ

௄ KL[𝒫(𝑥ௌ
௞) ∥ 𝒫(x)]ቁ + λ ⋅ ቀtbits −

ଵ

୒
⋅ KL[b෨ ∥ xො𝒮]ቁ

ଶ

 (4.4)  

 
Figure 4.1. Overview of the two scrambler formulations. Masked area is shown in orange 
on the output of the scramblers.  Left is the inclusion scrambler, which learns to minimize 
the conservation to find the smallest set of features to keep such that the prediction error is 
minimized.  Right is the occlusion scrambler, which learns to maximize the conservation of 
the original sequence and find the smallest set of original features to mask such that the 
prediction error is maximized.  
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 A benchmark for 5’ UTR translation efficiency rules 

Complex regulatory logic in the 5′ UTR controls mRNA translation efficiency. For 

example, an in-frame (IF) start and stop codon create an IF upstream open reading 

frame (uORF), which typically represses translation, while neither an IF upstream 

start nor upstream stop codon individually represses translation (NAND logic). 

Sequences with multiple IF starts and stops can further complicate translational 

logic by creating NAND-OR hybrid functions with overlapping IF uORFs.  As such, 

5'UTRs present an excellent benchmarking opportunity for mask-based attribution 

methods.   

The model selected for interpretation was the CNN Optimus 5-Prime (75), which 

was trained on 5' UTR MPRA data to predict mean ribosomal load (MRL).  MRL 

can act as a proxy for translation efficiency, as transcripts with a high MRL can be 

translated by the multiple ribosomes, while those with lower MRL have less 

ribosomes engaging in translation.  Inclusion scramblers were trained for this task 

on 10,000 UTRs.  Both a high conservation penalty (λ= 10) and a low conservation 

penalty (λ= 1) were trained to investigate the effects of encouraging scramblers to 

select a smaller feature set.  

To investigate the ability of different attribution methods to recover uORF logic, 

synthetic sequences were generated to have increasing numbers of uORFs.  Sequences 

with one uORF (1 upstream start, 1 upstream stop), two uORFS (1 upstream start, 

2 upstream stops and 2 upstream starts, 1 upstream stop), and four uORFS were 

generated (2 upstream starts, 2 upstream stops).  To generate these sequences, start 

sequences from the original Optimus 5-Prime dataset were selected (egfp_unmod_1, 

(75)).  Only sequences which contained no upstream starts or stops, with MRL that 

fell between the 5th and 10th percentile were selected.  This set of sequences, n = 537, 

then had the necessary number of IF positions sampled uniformly from all possible 

IF positions, with the rest of the sequence remaining fixed.   For each of the four 

datasets, n = 512 sequences were created by inserting ATG for the necessary 
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upstream stars, and TAG for the necessary upstream stops (see Figure 4.2A to see 

the structure of generated IF uORF sequences).  

 

Figure 4.2. Synthetic overlapping uORF sequence design and evaluation. A. IF positions 
for low MRL sequences from the original dataset were selected with no existing upstream 
starts or stops.  To create each set, 2, 3, 3, or 4 IF positions were sampled without 
replacement from all possible IF positions and then filled with ATG or TAG in the order 
shown in the figure to create the necessary overlapping reading frames. B. The MSE values 
of model predictions when keeping only the top N nucleotides fixed when making predictions 
C. MSE values of model predictions for L2X and INVASE trained on the full dataset to 
attempt to improve performance 
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Both scramblers and all other benchmarked methods were used to score the synthetic 

datasets.  These benchmarked methods consisted of an in silico mutagenesis method, 

Perturb, which exchanged the categorical value of one letter at a time and estimates 

the absolute value in model predictions as the importance score.  Also tested were a 

variety of gradient-based attribution methods,  Gradient Saliency (203), Guided 

Backprop (220), Integrated Gradients (221), DeepLIFT (200) (using Rescale from 

DeepExplain (222)), SHAP DeepExplainer(198), the preservation/perturbation 

methods of Fong et al. (TorchRay) (223), Dabkowski et al. (Saliency 

model)(215) and Carter et al. (sufficient input subsets or SIS)(201) and the feature 

selection methods L2X(212) and INVASE(216).  To determine if the inserted IF 

starts and stops were identified by the methods, we ranked the nucleotides by their 

importance scores.  Then, for each method, we kept only the top N scores (where N 

= 6, 9, or 12) fixed while all other positions were replaced with random samples from 

a background distribution.  The MSE of the predictions for these sequences versus 

the original synthetic set was then calculated, and can be seen in Figure 4.2B.  For 

the simplest case with one uORF, nearly all methods performed well.  As more IF 

elements were added, scramblers continued to perform well compared to most other 

methods.  In particular, the high penalty scrambler outperformed all methods in the 

most difficult MSE task, where only N = 6 positions were retained for the multi 

uORF datasets.  Additionally, as the L2X and INVASE methods performance 

depends on training an interpreter model, a benchmark where L2X and INVASE had 

access to the full 260K UTR dataset for training the interpreter was conducted.  

However, this did not improve L2X performance drastically and resulted in higher 

MSE values for INVASE (Figure 4.2C). 

To directly evaluate the models on their ability to recover the inserted starts and 

stops, we calculated the ability of the methods for ranking the inserted nucleotides 

as among the most important features.  The strictest version of this was referred to 

as ‘maximum solution’, where all stop and start codons had to be amongst the 

highest scored positions to count as successful identification for any given method.   

The inclusion scrambler performed well on this task across all benchmark sets – only 
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outperformed by DeepLIFT on the 2 start, 1 stop dataset.  The fraction of 

successfully ranked sequences can be seen in FIGX.   Another version of the recall 

task considered the minimum solution, where we counted a method successfully 

identifying at least three start and three stop nucleotides as a success. In that case, 

the fraction of correctly ranked sequences was higher for other methods, excluding 

L2X and INVASE which still largely failed the ranking tests (Figure 4.3A).   

Figure 4.3.  Nucleotide ranking tests and an example of targeted attribution explorations. 
A. The results of the maximum solution (max sol) and minimum solution (min sol) feature 
ranking tests.  Numbers shown are the ratio of sequences out of the total set (n = 512) 
correctly ranked by the attribution methods. B. An example sequence attribution of the low 
and high conservation penalty scramblers for one foteh 2 Start, 2 Stop designed sequences.  
The use of dropout scramblers allows the recovery of all four of the reading frames in the 
sequence.  

One of the advantages of Scramblers over the other compared methods, was that 

layers could be introduced to force certain features to be ignored or included in 

attribution. One such layer is the dropout layer, which introduces random dropout 

patterns to the training of the Scrambler.  Post-training, this layer can be used to 
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force the Scrambler to try and recover different feature sets.  Using the dropout 

layer, different uORFs can be individually extracted from the synthetic sequences.  

By adding an importance score dropout layer to the low penalty inclusion scrambler 

and training it with random dropout patterns, we could dynamically explore IF 

uORF sets.  For example, for the synthetic four uORF sequence in Figure 4.3B, the 

non-dropout low penalty scrambler finds all IF starts and stops, and the high penalty 

scrambler only finds one uORF.  By using dropout patterns to exclude either of the 

IF starts and stops, the dropout scrambler can be used to dynamically find the 

alternative uORFs in the synthetic sequence.  

 Recovering the binding determinants of designed 

heterodimers 

Interpreting the important features for protein-protein interactions can be difficult, 

given that protein sequence distributions have narrow manifolds for stably folded 

sequences. Therefore, any mask-based feature attribution method must ensure that 

masked sequences stay in distribution for predictions to remain accurate. For this 

attribution task, we used a set of rationally designed coiled-coil heterodimers as the 

training set, which were created to have networks for hydrogen bonds (HBNets) at 

the interface of the heterodimer to control binding specificity (149,224) (see Figure 

4.4A for an example dimer). A RNN was trained to classify two protomers as being 

designed to interact or not, using a set of 180k designed pairs as the positive training 

data and randomly paired protomers as the negative set. This model reached a high 

level of accuracy, AUC = 0.96, on n=26,459 test datapoints (Figure 4.4B).   
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Figure 4.4. Scramblers for understanding designed coiled-coil interactions. A. The 
structure of the designed coiled-coil heterodimers, showing the hydrogen bond networks 
buried at the interface. B. The structure and performance of the dimer classifier RNN, and 
its performance on a test set. C. The two options for scrambler architecture, given the paired 
nature of the inputs. D. The KL-divergence of sequences where the top X% most important 
positions identified by a given feature attribution were either kept fixed with the rest of the 
sequence being replaced from a background (inclusion) or had the X% positions replaced 
from a background while the rest of the protein sequences were kept fixed (occlusion).  E.  
The performance of the different methods in the ΔΔG and HB recovery challenges. F. The 
precision recall curve for E, used to calculate the average precision values.  
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Another interesting challenge for this feature attribution task is that the binder 

sequences have varying lengths. This is because the heterodimers generally follow a 

conserved heptad repeat structure to ensure coiledness, but this heptad pattern can 

have varying offsets. While this does not vastly change the behavior of attribution 

methods with per-input methods, it does introduce additional complications for those 

training attribution models, such as scramblers. When training scramblers for the 

classifier RNN, we used a separate background distribution for each sequence length 

in the dataset. An additional structural consideration for the scramblers for this 

RNN was that each prediction involved two input sequences, which meant there 

were two scrambler architectures to consider: one which would take in two input 

sequences at once (a joint architecture) and one which would take in one sequence 

at a time (a Siamese architecture) (Figure 4.4C). 

The best performing methods can be identified in several ways. The first is how 

important the features selected are for preserving/destroying the original predictions. 

Using a test set of 478 designed heterodimers, the KL-divergence of the original 

predictions and sequences randomized to test attribution method performance was 

calculated. These randomized sequences were generated by replacing all but the top 

X% most important amino acid residues in the test set sequences with random 

samples (inclusion) or, conversely, replacing the top X% amino acids with random 

samples and keeping the remaining sequence fixed (occlusion). Multiple scrambler 

versions were trained, and it was found that a Siamese inclusion scrambler 

(𝑡bits= 0.25) and joint occlusion scrambler (𝑡bits= 2.4) had the best (lowest and 

highest, respectively) median KL divergence for these tasks (Figure 4.4D). 

However, similar to the 5' UTR attribution task described above, this dataset was 

selected for study because pre-defined, performance-relevant features were known for 

the task: the HBNets. The HBNets were a key part of the design process outlined in 

(149), where dimers were designed to have a minimum of four residues involved in 

HBNets such that the net contacted all four helices and all heavy-atom donors and 

acceptors in the network were satisfied. However, in later steps in the design process, 
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the HBNets could become disrupted, which made their identification from the final 

designs difficult. Therefore, more relaxed criteria than the original design 

specifications were used to recover as many potential HBNet residues as possible 

from the test set structures (HBNetStapleInterface protocol with 

min_network_size = 3, min_helices_contacted_by_network = 3, hb_threshold = –

0.3, and find_only_native_networks = true and the ref2015 score function). Overall, 

the joint occlusion scrambler excelled at identifying HBNet positions compared to 

all other methods tested. One reason may be that the Siamese occlusion architecture, 

which saw only one input sequence at a time, was constrained to learn global, 

partner-independent features corresponding to potential HBNet positions. Examples 

of these attributions can be seen in Figure 4.5 and the positions identified as 

important by other methods. Meanwhile, the joint inclusion scrambler appeared to 

identify a subset of HBNet positions and hydrophobic residues at the interface 

necessary for binding specifically to the cognate partner. 

 
Figure 4.5. An example of the attributions for one of the designed pairs.  The boxed 
positions are recovered HBNet positions.  

To investigate how much important positions contributed to binding specifically to 

the cognate partner, another metric was calculated for each method. As all test set 

heterodimers included the predicted structure, it was possible to conduct energetic 

simulations to quantify how much each position contributed to the overall 
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interaction using in silico alanine scanning. Computational alanine scanning was 

carried out for all positions in a heterodimer pair using PyRosetta (4). Each position 

was mutated to alanine and repacked with the neighboring residues, which were 

prevented from designing and repacking. The InterfaceAnalyzerMover 

(set_pack_input=False, set_pack_separated=True) was used to calculate the 

mean mutation ΔΔG in REU at each position. Then, for each attribution method, 

the eight most important residues per dimer were selected, and the difference in the 

mean ΔΔG between the top residues and the mean ΔΔG between all other residues 

were computed. Higher ΔΔGs between the top residues and all other residues meant 

these positions were more important to the stability of the complex. In addition, 

permutation tests for n = 10000 eight-residue samples were conducted for the test 

set to verify that the top ΔΔG - other ΔΔG was significant for the different 

methods.   

The joint occlusion scrambler identified residues that destabilized the complex the 

most (mean difference ΔΔG = 2.20; Figure 4.4E), whereas the Siamese model 

discovered substantially more HBNet positions (AUPRC = 0.61, Figure 4.4F). These 

results support that the Siamese architecture learned discriminative features for 

interacting and non-interacting pairs (HBNet residues). In contrast, the join 

architecture led to identifying positions that were key for interacting pairs. Also of 

note is that some methods, like Integrated Gradients and DeepSHAP, return signs 

for their scores, with positive values indicating that the features contribute more to 

the prediction. Therefore, the same benchmarks were run, but only the positive-

valued scores for these methods were considered. These positive-only scores led to 

the methods having larger perturbations of model predictions than previously, but 

the scramblers still had better ΔΔG scores and HBNet discovery rates (Figure 4.4E). 

This suggests that using a parametric masking model results in more generalizable 

features, potentially by ignoring spurious RNN signals.   
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Chapter 5: Ongoing projects  

In this chapter, I outline recent work and work in progress.  In particular, I talk 

about a project I am involved in working with a large scRNA-seq dataset, where I 

work to condense human immune system literature databases.  In addition, I outline 

septin modeling update ideas.  

 The human immune cell dictionary – a massive scRNA 

experiment 

PPIs exist in the context of a system – these interactions drive programs of cellular 

behavior.  While being able to predict protein interactions or what perturbations on 

those interactions may do, it is only a fraction of the whole of their role in the cell.  

To understand the downstream effects of interactions, other types of experiments 

are often necessary.  An example of such interactions are cytokine-receptor 

interactions in the immune system.   

5.1.1. Background 

Cytokines are signaling proteins secreted by cells, often by cells of the immune 

system, which have effects on other cells .  They are a critical component of how 

immune cells communicate with each other, with immune cells often secreting 

cytokines that interact with receptor complexes on the surface of other immune cells, 

activating signaling cascades within the cell.  These cascades can then result in 

changes in cell behavior – such as by upregulating or downregulating the expression 

of certain genes or resulting in cell movement.  

Recently, Parse Biosciences used a new single-scaled up, automated workflow called 

GigaLab to collect scRNA-seq data for human immune cells exposed to 90 different 

types of cytokines (225).  Single cell RNA-seq (scRNA-seq) is a technique in which 

the expression profiles of single cells from a sample can be collected via high-
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throughput sequencing (226). Peripheral blood mononuclear cell (PBMC) samples 

from 12 donors were used, resulting in a huge dataset of over 10 million cells.  The 

sheer scale and number of treatments conducted in the experiment resulted in a 

massive dataset which is intrinsically difficult to analyze and extract new 

relationships from due to its scale.   This project is also being worked on currently 

by Lukas Oesinghaus in the Seelig Lab, members of the Theiss Lab, and employees 

of Parse Biosciences.  

My contribution to the project was to comb available human immune databases, 

determine which were helpful when evaluating immune cell treatment responses, and 

combine them into a reference format which would for easy comparison with the 

reference values.  To accomplish this, it was necessary to determine which immune 

cell types could potentially be present in PBMC samples.  It then had to be 

determined which of these cell types were present in the Parse data.  Finally, these 

cell types needed to be connected to known immune-cell specific and cytokine-specific 

information and compared qualitatively and quantitatively with the Parse values.   

5.1.2. Relevant databases for constructing an immune-cytokine reference 

Human immune system cells are defined mainly by their descent paths, programs of 

active genes, and their location of residence.  In adults, most immune cells originate 

from stem cells in the bone marrow and must travel out of it to mature fully.  In 

some cases, this involves travelling to highly specialized tissues and cell populations 

known as secondary lymphoid organs to mature into functional immune cells.  

Immune cell migration to and from different tissues typically occurs through two 

main paths: the lymphatic system, and the circulatory system.  Determining which 

immune cells can be present in PBMC samples, and potentially detected by the 

scRNA experiments, depends on identifying which immune cell populations present 

in the blood.  

Additionally, the technique through which the PBMC samples were collected 

contributes heavily to what cell types are present in the samples.  Different methods 
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exist for PBMC prep, but their end goal is to separate whole blood into layers 

containing different cell types, typically with some kind of gradient centrifugation 

(227).  This results in the components of blood being separated into several layers: 

plasma, multi-nucleated/multi-lobed nuclei cells, and mononuclear cells.  PBMCs 

consist of the extracted mononuclear cell layer.  Small amounts of non-mononuclear 

cells can end up in the PBMC sample as contaminants, typically consisting of 

platelets, red blood cells, or granulocytes (228). 

With these facts in mind, a starting point to identify which cell types are capable of 

traveling in the blood was identified.  The Cell Ontology (CL) (229) is a ontology 

resource with the goal of assigning every cell canonical, natural cell type a unique 

identifier, a brief description, and to store relationships between cells and other 

ontologies.  There are several subsets of the Cell Ontology based on expert selected 

subsets – one of these is referred to as blood_and_immune which was selected to be 

the starting set of cells for annotation.  Also of importance were other databases 

identified as key for creating a literature reference to compare the Parse data against. 

Other important databases are cell marker databases – specifically those which 

connect CL IDs to marker genes.  Marker genes are genes which are expressed in 

certain cell types, which allow cell types to be differentiated from one another in sc-

RNA studies by comparing their marker gene profiles.  These genes are typically 

identified by clustering cells, and determining which genes are differentially expressed 

in which clusters (230).  Typically, these are then manually verified by human 

experts or matched with common marker gene sets using specialized tools (231).  

Several works have compiled databases of marker genes connected specifically to CL 

IDs: including the human reference atlas (HRA) (232) and CellMarker2.0 (233).  

CellMarker2.0 is a manually curated collection of marker genes from over 24k 

published datasets for human and mouse cells, while the HRA is a multi-national 

consortium, working to map the locations of all the cell types in the human body at 

multiple organizational levels (i.e., tissues, organs, etc.).  The HRA resources include 
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a set of tables which provide standardized names for major anatomical structures, 

cell types, and biomarkers/marker genes known as ASCT+B tables. 

The other set of relevant databases are those storing connections between cells and 

cytokines.  Despite this being an important subject area, resources for this topic are 

significantly lacking.  Of relevance here are two systematic resources attempting to 

create overviews of expected general responses and effects in immune cells when 

cytokines bind to their receptors, with very different approaches to meeting their 

goal.  In one, ImmunoGlobe, immunologists combed a standard immunology 

textbook and created manual annotations for relationships between immune cell 

types and cytokines for humans and mice (234). The other systematic main database 

is ImmunExpresso, which was created through sentiment analysis on PubMed 

abstracts prior to July, 2017 (235).  This effort used vocabularies of cell types, 

cytokines, and verbs to identify subjects and actor relationships in the abstracts and 

determine the number of papers supporting said relationships.  For example, a 

cytokine actor with a cell subject and a ‘positive’ verb could mean a sentence where 

a cytokine promoted proliferation of a cell.  For the purpose of clarity, relationships 

in these databases where a cytokine interacting with a receptor and leading to a 

change in cell activity will be denoted as 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙, while relationships like 

excretion where a cell produces a cytokine will be denoted as 𝑐𝑒𝑙𝑙 → 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒. 

5.1.3. Constructing a reference human immune cell network  

To construct a unified immune cell reference using the data resources described 

above, the immune/blood subset of the Cell Ontology was used as a basis.  The union 

of all CL IDS in the subset, along with all CL IDs in the ACST+B tables, 

CellMarker2.0, ImmunExpresso, and ImmunoGlobe were taken.  The overlaps of 

these sets revealed that the blood/immune CL subset was missing relevant cell types, 

so under the assumption that other immune cell types were present in the CL graph 

but not captured in the union of CL IDs in identified resources, the nearest neighbors 

of the superset of CL IDS were added to the final set of potentially relevant CLI DS.  

This resulted in a directed CL graph with 578 nodes, 750 is_a edges (relationships 
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where a cell is a subtype of another cell, i.e., a CD4 T cell is a T cell), and 213 

develops_from edges (relationships where a cell develops from another cell type).  

Iterative steps were then taken to remove or reduce non-PBMC cells and merge cell 

nodes together for ease of analysis.  For example, all non-human cells were removed, 

and non-PBMC cells were removed such as endothelial and epithelial cells.  The next 

graph reduction step focused on identifying stages where tissue migration occurred 

during development through literature review.  Information from other large-scale 

PBMC based scRNA-seq studies (236,237) was used to identify cell types which may 

have been present in their PBMC samples.  As groupings were established, it became 

apparent that many is_a and develops_from relationships in the network were 

missing or needed modification.  These edges were inserted as needed. The most 

relevant stages in adult immune cell development are outlined below per cell type: 

 B cell: Common lymphoid progenitor (CLP) differentiate into transitional-B 
cells in the bone marrow, which then leave via the blood and head to 
secondary lymphoid organs for development to naïve B cells. Both naïve B 
cells and memory B cells can circulate in blood.  However, it is important to 
note that when B cells become active and turn into antibody secreting 
plasmablasts and plasma cells, plasma cells are primarily bone-marrow or 
secondary lymphoid tissue resident. (238–241). 

 T cell: CLP cells exit the bone marrow and arrive in the thymus via the 
bloodstream and become pro-T cells.  These cells become thymocytes, which 
are immature T cells which must go through stages of selection to become 
mature T cells.  The various T cell subsets exit the thymus.  These can be 
naïve T cells, or those which do not require stimulation to become active 
such as natural killer T (NKT) cells.  Some T cell sets reside mostly in 
tissues, and are not present in PBMCs, except perhaps when they travel to 
their tissues of residence from the thymus. (242–244) 

 Monocyte/macrophages: Classical monocytes (CD14 high) monocytes are 
thought to leave the bone marrow and can transition into intermediate and 
non-classical (CD16 high) monocytes.  Monocytes can become macrophages 
or dendritic cells after migration into tissues (245,246).   
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 ILC/NK cells: Innate lymphoid cells (ILCs) are thought to leave the bone 
marrow immature as innate lymphoid precursors and mature in tissues. 
Natural Killer (NK) cells are of the same general lineage, and are though to 
leave as partially mature NK cells/natural killer progenitor cells and mature 
outside of the bone marrow (247–249)  

 Dendritic cells: Dendritic cells (DCs) have a more complicated 
developmental pathway – for example, monocytes can turn into dendritic 
cells.  It is thought that conventional DCs (cDCs) leave the bone marrow in 
a more immature form, while plasmacytoid DCs (pDCs) leave in a more 
mature form (250,251).  

The final cell differentiation network possessed 105 cell type and grouped cell type 
nodes, 85 is_a relationships, and 46 develops_from relationships.  The individual CL 
IDs associated with the nodes were attached to their marker gene information, and 
the marker genes per a cell type could be gathered for different levels of analysis by 
selecting a node and all its descendants.   

5.1.4. Incorporating marker gene information 

Post-network completion, 118 cell types had marker gene information, and 839 of 

the marker genes appeared in the highly variable genes in the Parse data.  Dotplots 

showing the mean expression of a gene and the fraction of cells in a group were 

generated to double-check and support the assignments given by the Theiss lab.  For 

example, they were used to verify that no macrophages were present in the data, 

verify that small populations in the datasets matched granulocyte contamination, 

and identify additional markers which showed strong differences for the cell 

populations selected (see Figure 5.1 for additional marker genes suggested for the 

Parse clusters to support their identification).  
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Figure 5.1. Dotplot of marker genes to aid with cluster identification. Found via database 
merging with CL network, and manual examination of strongly expressed markers . Example 
made with four participants PBS control data.  

5.1.5. Comparing immune cell-type specific cytokine responses to literature 

values 

To compare the cytokine effect database values to the Parse responses, further 

compression of relevant cell types was needed, and the cytokines information had to 

be standardized.   The cell types used for analysis elsewhere in the currently ongoing 

Parse data paper included B cells, CD4+ T cells, CD8+ T cells, regulatory T cells 

(Treg), NKT cells, NK Low and NK Hi cells, ILC cells, pDCs, cDCs, CD14 

Monocytes, CD16 monocytes, and HSPC cells.  These clusters were used for 
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psuedobulking counts, and for calculating the differential expression between control 

conditions and the cytokine treatment conditions. Nodes in the network were selected 

to be grouped together for effect and secretion analysis (Figure 5.2).  Since the 

databases did not typically discriminate between NK subtypes or monocyte subtypes 

in annotations, these were grouped together.  For comparing sc-RNA data to the 

databases, the largest population group was used (NK low for NK cells, and CD14 

monocytes for the monocytes, respectively).  Post standardization of cytokines, the 

cytokine-effect databases could be merged, yielding the number of unique 

𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 and 𝑐𝑒𝑙𝑙 → 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 relationships shown in FIGX.  An immediate 

issue with the available data was that there is a lack of agreement in the databases 

for effect types in the non-secretion data, and multiple recorded labels per 

𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 effect. ImmunExpresso had a high degree of 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 

relationships with both negative, positive, and neutral labels. However, the number 

of negative and positive supporting papers was correlated (r2 = 0.64, n = 381) 

indicating that this was at least partially due to the research popularity of a 

𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 relation.  To simplify analysis, the supporting paper count was 

taken to be the sum of all papers for the 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 relation.  Similarly, there 

were overlaps in the labels assigned by the ImmunoGlobe curators per relationship.  

Relationships with multiple labels were grouped together depending on if they did 

or did not contain a ‘Inhibit’ label. (Figure 5.2). 
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Figure 5.2. Construction of the immune reference for cytokine and immune cell 
relationships.  A. The two databases Immunoglobe (234) and ImmunExpresso (235) were 
merged into a single resource of 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 (purple) and 𝑐𝑒𝑙𝑙 →  𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 (yellow) 
relationships.  These were the standardized to only include relationships for cells 
corresponding to the clusters in the Parse dataset. B. Upset plot of the ImmunExpresso 
categories.  Note that most relationships have all annotation types present. C. Upset plot of 
the expert-assigned annotations in ImmunoGlobe.  The final categories are the groupings 
which are used in heatmap visualization. 

To compare the Parse cytokine dictionary responses to this data, some kind of overall 

metric would be needed.  In a recent scRNA-seq paper investigating the effects of 

cytokine treatment at scale, mice were treated with different cytokines, and their 

draining lymph nodes collected for scRNA-seq measurement (237).  Since this is a 

very similar study to the Parse experiment, and a similar scale, much of the project 

analysis for the Parse human dictionary mirrors this paper.  However, the Mouse 
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dictionary did not conduct any large-scale literature comparisons to direct 

exploration of trends to differentiate new and unknown treatment effects. A global 

magnitude of cytokine response was calculated per cell type treatment using the 

Euclidean distance between the centroid vectors of cytokine-treated and PBS-treated 

clusters per cell type.  These values were then winsorized so that all values over the 

95th percentile were replaced with the 95th , and min-max scaled between 0 and 100.  

A similar metric was developed by Lukas Oesinghaus, winsorizing and min-max 

scaling cell cluster distances from the PBS control cluster to provide an overall effect 

score of the cytokine on a given cell type.  He also incorporated a second metric 

given by 𝑅strength = ∑ |logଶ FC௜|
ே
௜ୀଵ ⋅ − logଵ଴൫𝑝adj,௜൯, which scaled the LFC of each gene 

by its significance.  The final metric used was the average of the winsorized and min-

max normalized 𝑅௦௧௥௘௡௚௧௛ and Euclidean distance metrics, where winsorization and 

min-max scaling was done per cell type across the tested cytokines.  Operating under 

the assumption that the strongest general responses seen in the human and mouse 

scRNA-seq experiments would be more likely to have been noted at some point in 

the literature, the relationship between paper numbers and response magnitudes was 

investigated.   An immediate issue in doing so was extreme outliers of the paper 

values – therefore, the absolute value of supporting paper counts was similarly 

winsorized and min-max scaled per cell type.  Heatmaps of the shared cytokine and 

cell type relationships for the human and mouse experiments can be seen in Figure 

5.3, along with the immunoGlobe and ImmunExpresso combined values for said 

relationships.  
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Figure 5.3. Visualization of 𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 relationships.  From left to right, the 
ImmunoGlobe (234), ImmunExpresso (235), mouse response magnitude (237), and human 
response magnitude for cell types and cytokines shared between the human and mouse 
dictionaries. Boxed cells are those present in both databases.  

When considering the shared database annotations, there is a decent correlation for 

both human and mouse magnitudes with the paper values (ρ=0.42 for Parse data, ρ 
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= 0.33 for mouse data, Figure 5.3A.  Note that pDC, cDC, and HSPC cells were 

removed from correlation due to low number of literature annotations, and HSPC 

cells not being annotated in the mouse dataset).  As can be seen, there are multiple 

𝑐𝑦𝑡𝑜𝑘𝑖𝑛𝑒 → 𝑐𝑒𝑙𝑙 relationships with high magnitude for mice and human data 

(annotated on the plot).  Some of these, such as the strong effects of IL-4 on B cells, 

and IL-2 on NK and Treg cells, correspond to high numbers of supporting papers 

per cell type, verifying that these scRNA-seq studies match literature trends for well-

studied cytokines.  Perhaps more interesting are the effects where there was a strong 

response in both datasets but low supporting paper counts - IFN-𝛽 on NK cells and 

CD4 T cells, and IL-1-𝛽 on Tregs- as these correspond to less studied interactions 

and potentially new knowledge about immune responses uncovered by the scale of 

the Parse experiment and mouse experiments to guide further gene expression 

analysis. 

 
Figure 5.4.  Correlation of cytokine response magnitudes with supporting paper counts. A. 
Min-max scaled supporting paper counts versus magnitudes for relationships in both 
databases (note that pDC, cDC, and HSPCs were removed for low numbers of annotations). 
B. Diffference between human and mouse magnitude values, versus the scaled supporting 
papers for all cell types and all ImmunExpresso annotations. C. Spearman’s  ρ for human 
and mouse magnitudes versus the scaled paper count values (left), Spearman’s  ρ for human 
and mouse response magnitudes for each cell type.  Dashed line is overall correlation for all 
human and mouse values.  

In addition, pairs with large differences in the mouse and human magnitudes are 

interesting treatments for closer study (Figure 5.3B).  These differences may come 
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in part from the different timescales, concentrations, and the origins of the samples 

used in the scRNA experiments.  However, it is worth nothing that there is a decent 

correlation between the magnitudes for the two experiments either way (𝜌=0.32, n 

=729).  Finally, we can compare the overall trends per cell-type.   Some cell types 

behave closer to what is expected by the literature values for the human magnitudes, 

and some for the mouse. Additionally, we can see that overall correlations for mice 

and human response magnitudes disagree most in the monocyte and pDC cell types.  

For monocytes, this may be in part due having different roles in a lymph node 

context than in circulation (252). 

 Outline of septin-12 update plans 

In the gap of time since the completion of the initial septin-12 modeling work and 

the current day, the variant effect prediction field has continued to advance.  In 

particular, methods combining inputs have grown in popularity beyond the simple 

P1H input used in Chapter 3.  As such, works surveying the prediction aross datsets 

sizes and testing simpler representations are less needed.  Instead, the models will be 

replaced with those focused on structural predictor inputs, and pLM inptus. 

Given the lack of agreement about the utility of predicted mutant complexes in 

predicting PPI changes (139), predicting complexes for a set of representative wild-

type like and strongly detrimental mutations for analysis would be an interesting 

contribution to the literature.  The modeling work in Chapter 2 using simple AF 

metrics and energetic values offers one such avenue to train predictors, as well as the 

models which use structural inputs for ΔΔG prediction and decoy ranking (133–

137).  

The majority of the basic model types investigated previously will be removed – and 

instead, varieties of the LME and LMA inputs with current pLMs will be 

explored.  This choice is motivated by the performance of the BiGRU model trained 

with the Bepler (1) representations has similar performance on the held-out position 
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single mutants for randomly selected positions and the contiguous held-out positions 

at the end of the selection, and in part due to peculiarities in the representation 

space of pLM embeddings for the DMS set.  The Bepler representation had signal 

spread out in the LMA representation when examining the difference between 

mutant and wild-type representations, while the MuPIPR LMA (1) has differences 

to wild-type localized around the mutated window (Figure 5.4A-B).  While 

comparisons of pLM performance exist, not much work has been done evaluating the 

embedding spaces themselves when perturbed by mutations in the sequence.  It 

would be interesting to use a variety of LMA and LME representations and compare 

the performance of models trained on said representations with similarities in the 

perturbation of their embedding space between mutant and wild-type protein 

sequences. 

 
Figure 5.5.  Differences in wild type amd mutant septin-12 embeddings across the DMS 
window. A. MuPIPR (1)  mutant embedding differences from WT and their averages across 
septin-12 single mutants B) Bepler (153) mutant embedding differences from WT and their 
averages across septin-12 single mutants. 

However, there is one general effect prediction technique which would be interesting 

to replace some of the previous baseline predictors with.  Recent work claiming that 

epistasis is severely overestimated, and that DMS datasets should be modeled 

without a set wild type sequence.  This approach argues that a reference-free 
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approach should be taken with DMS datasets, and demonstrates good performance 

at predicting epistatic interactions with this new viewpoint for over 20 DMS datasets 

(18).  Reanalyzing the septin-12 dataset with this as a comparison to the other 

methods would provide a valuable benchmark, particularly for the held-out position 

tasks.  
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