
Deep Learning in Olfactory Learning

A thesis submitted in partial fulfillment of the requirements for Honors in the
Department of Computer Science at Brown University

Sean Yu

Ritambhara Singh, Ph.D(Advisor)

Alexander Fleischmann, Ph.D(Second Reader)

April 18, 2025



Acknowledgements

My deepest gratitude goes to Professor Singh for her careful and attentive guidance throughout
my time in the Singh Lab. She welcomed me without hesitation and taught me so much, and
none of this project or what I’ve learned about deep learning and research would have been
possible without her support and mentorship. Tuan, my Ph.D student mentor in the Singh
Lab, has also been instrumental in showing and teaching me what research looks like, helping
me debug, interpret and ideate research ideas. In the Fleischmann lab, I’m so grateful for
Professor Fleischmann, Keeley Baker, and Tuan Pham (neuro) for their support in teaching
me the biology of olfactory learning and showing me what productive interdisciplinary research
looks like. Finally, I have been deeply blessed by my friends and family for their unwavering
and constant support throughout my time doing research at Brown. Without a single one of
these people above, this thesis would not have been possible.

1



Deep Learning in Olfactory Learning

Sean Yu

Ritambhara Singh, Ph.D
Alexander Fleischmann, Ph.D

Abstract
Given the recent ”AI Boom” and advances in single-cell RNA-sequencing (scRNA-seq), appli-
cations of AI, specifically deep learning (DL), to scRNA-seq data have become increasingly
popular. Even with this growing popularity, however, there exist gaps in this scRNA-seq/DL
intersection, two of which this study focuses on. (1) Most applications of DL to scRNA-seq
data seek to impute, cluster, annotate, or clean scRNA-seq datasets, and DL is rarely used
to directly uncover biological insights. (2) Secondly, most current models fail to allow for pri-
mary objectives (e.g. predicting experimental conditions, cell cycle stage, etc) to be built upon
secondary objectives like cell-type embedding. This limits our ability to use DL in more con-
strained circumstances where, for instance, cell-type-based analysis is required. As such, this
study builds a multi-label model that can predict experimental condition exposure with 77%
and 88% accuracy in two samples of mouse piriform cortex neurons while simultaneously main-
taining an accurate cell-type embedding, evidenced by distinct UMAP clustering and positive
silhouette scoring. The model is then used to perform SHaply Additive exPlanation (SHAP)
analysis to understand influential features in the model’s decision making, which in theory
translate to genes that are biologically significant to the process of olfactory learning. SHAP
analysis yielded the top 40 most influential genes in the model’s decision making, but significant
validation is needed to elucidate the uncovered genes’ biological relation to olfactory learning.
All in all, this study shows that a multi-label model can be used to effectively retain cell-type
embeddings during scRNA-seq/DL analysis, and that SHAP analysis applied to such models
may yield biologically significant findings.
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1 Introduction

The sense of smell is a powerful gateway
through which we understand the world
around us. Walking in and around this cam-
pus, I can smell the fresh cut grass of the main
green, the fragrant stir-fries of the wok sta-
tion at Andrews Dining Hall, and the pungent
stench of the CIT bathrooms. But how does
my brain know what these smells are and how
to associate them with the main green, food,
or the bathroom? How does the brain learn
and change, specifically the piriform cortex,
when exposed to a variety of olfactory stimu-
lants? In this study, I approach this question
through a computational lens, applying deep
learning to shed more light on the biological
pathways that facilitate olfactory learning.

1.1 Background

1.1.1 Olfaction

In mammals, olfaction is unique among the
senses in that it bypasses the thalamus,
achieving processing by different means. [12;27]

When scent molecules are inhaled through the
nose, they’re received by the olfactory epithe-
lium, which then carries signals to the olfac-
tory bulb. From the olfactory bulb, signals are
then passed into the piriform cortex, which
then passes signals to higher-order processing
units. [7] Within the piriform cortex, a great
deal of processing takes place, and it has even
been implicated in studies related to mem-
ory and learning. [21;13] Specifically, it has been
found that odors’ molecular features and qual-
ity (i.e., the “perceptual character” of a smell)
are encoded in the anterior and posterior re-
gions of the piriform cortex. [10]

The mammalian piriform cortex is primarily
broken down into three layers [36] that contain
different types of neurons: pyramidal cells,
semilunar cells, and inhibitory cells. [7] While
the function of each layer may not be entirely

discrete or unique, layer 1 is generally respon-
sible for carrying signals from the olfactory
bulb into layer 2. [31] In layer 2 and 3, these sig-
nals are processed and encoded by a combina-
tion of excitatory and inhibitory cells. [31] The
signals from layer 2 are then bilaterally pro-
jected on to various parts of the olfactory tract
(olfactory bulb, piriform cortex), and the sig-
nals from layer 3 are projected to regions of
the amygdala [25].

There are two main excitatory cells in layer 2:
pyramidal cells and semilunar cells. Pyrami-
dal cells form large interconnected networks
that fire in conjunction with each other, as-
sociationally and recurrently projecting on to
each other. [13] These networks of pyramidal
cells can reach deep into layer 3, where further
associational projection occurs. [13] Semilunar
cells, on the other hand, are also equally exci-
tatory in layer 2 but differ in connectivity in
that they receive strong afferent input from
the olfactory bulb but do not participate in
associational or recurrent circuits. [31] As such,
while both pyramidal and semilunar cells play
excitatory roles in the piriform cortex, they
serve in distinct roles in signal processing and
learning. [31]

In addition to these two types of cells, in-
hibitory cells in the piriform cortex can be
found across all layers. [33] In response to pyra-
midal cell excitation, inhibitory cells inhibit
pyramidal cell firing to temper and avoid run-
away excitation in response to odor. [9] To-
gether, the activation of excitatory cells and
their inhibition by inhibitory cells shape odor
representation in the piriform cortex. [9]

Overall, depending on where a cell lies in the
layers of the piriform cortex, its role varies,
which leads to further variability in the cell’s
plasticity. Shallower (layer 1a/1b) cells tend
to be less plastic and act more as transduc-
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ers of signals, whereas deeper cells (layer 2/3)
tend to be more plastic and influenced by dif-
ferent scents. [7] More plastic cells develop dif-
ferent gene expression patterns with learning,
and the converse is true for less plastic cells. [26]

In approaching olfactory learning from a
broader biological perspective, I aim to under-
stand how olfactory experiences influence gene
expression at the cell-type level, leading to
functional changes in specific cell-types that
ultimately drive behavior. Additionally, I in-
vestigate how behavioral states reciprocally
impact cellular function and gene regulation.

1.1.2 Single-cell RNA Sequencing
(scRNA-seq)

(Bulk) RNA sequencing (RNA-seq) is a
method that enables high-throughput se-
quencing of the RNA transcriptome of a pop-
ulation of cells. [17] Since its inception, [35] it’s
become a standard method that’s been used
to make advances in everything from agricul-
ture to cancer biology. [34] The typical RNA-
seq procedure involves collecting a sample of
cells, which then undergo RNA isolation as a
whole sample, destroying any granularity in
the data beyond the sample level (i.e., cell-
types cannot be distinguished from a tradi-
tional RNA-seq analysis). [4] This RNA isolate
is then sequenced and aligned, quantifying the
expression of mRNA within the cell sample. [4]

Single Cell RNA-sequencing is a newer type of
RNA-seq that follows a similar procedure to
measure gene expression, but scRNA-seq pre-
serves the single-cell granularity within a po-
tentially diverse group of cells within a sam-
ple. [14] As a result, scRNA-seq can be used
to distinguish cell-types within heterogeneous
samples, [8] which opens the door for numerous
other routes of downstream analysis, includ-
ing cell-type-specific analyses and more com-
putationally intensive analyses.

1.1.3 Deep Learning (DL)

DL is the backbone of the recent “AI Boom”
and is responsible for technology like Chat-
GPT and Alpha Fold. As a subset of ma-
chine learning, DL is particularly effective in
analyzing and processing large amounts of
data. DL is built on the premise of trying
to (loosely) mimic the processing capability
of neurons that exist in our brains, such that
DL models can be collectively referred to as
neural networks (NN). NNs are fundamentally
built upon the premise that large collections
of nodes exist in layers (analogous to neu-
rons), which each feed forward to the next
layer, relaying a signal that has been modi-
fied in some calculated manner. After being
forwarded through a number of layers, the sig-
nal that started out as a raw input vector and
has fully propagated through the network can
be used as a classification or regression signal.
Due to its wide applicability from language to
images to even molecules, DL has become an
increasingly popular tool for synthesizing bi-
ological data like magnetic resonance imaging
scans, RNA-seq data, [6] and even scRNA-seq
data. [8]

Along with NNs’ ability to synthesize large
datasets, the problem of interpretability also
arises: on what basis is an NN making its
decisions? How is the model making sense
of the data? NNs are also known to be
black-box models: models that we cannot
reason about without specific interpretation
methods, due to the complex patterns they
learn and the millions of parameters they’re
built on. This has driven the development
of model interpretation algorithms like LIME,
SmoothGrad and SHaply Additive exPlana-
tions (SHAP). [19] For the purposes of this
study, I utilize SHAP, which is a model-
agnostic algorithm based in game-theory that
calculates the importance of each feature for
a given prediction. [22]
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1.2 Related Works

Within the realm of current research being
done on the piriform cortex, the majority of
existing literature relies on wet lab techniques
and in-vivo animal models. [5;37;18] Not much
has been done with deep learning, especially.
Outside of the realm of piriform cortex and ol-
factory learning research, however, there are
a couple DL-related works that I draw inspi-
ration from: [24]

Deep generative modeling for single-cell
transcriptomics: [20]

In this paper, Lopez et al. construct an NN
that is able to impute single-cell sequencing
data on the order of hundreds of thousands
of single-cell samples. They achieve this by
building out a variational autoencoder that
first encodes the raw data and the batch id as
a low-dimensional vector of random variables.
They then feed this vector into a decoder that
then batch-corrects, de-noises, or provides a
reconstruction of the data, depending on the
use case.

The main finding I seek to expand on in this
study is the inclusion of batch id in encoding
cells. While I don’t seek to decode the results
of our model as Lopez et al. do in their model,
I do wish to incorporate cell-type information
into my model, which in theory functions sim-
ilarly to batch id. Specifically, I seek to recre-
ate the inclusion of a one-hot encoding of cell-
type in my raw data, emulating the strategy
Lopez et al. employ.

CAMML: Multi-Label Immune Cell-
Typing and Stemness Analysis for
Single-Cell RNA-sequencing: [30]

Schiebout and Frost developed a multi-label
classification model to predict cell-type given
scRNA data taken from immune cell sam-
ples. In particular, they posit that immune
cell types exist as more of a continuous spec-
trum as opposed to a set of discrete cell-types,
and this makes single-label classification mod-
els incomplete in predicting cell-type within
this context. To address this, they create a

multi-label classifier that can take in a second
cell-type label for each data point to provide
the model with additional phenotypic context.
This additional phenotypic context allows the
model to learn more from each sample than
a traditional single-label model would enable,
hence leading to a more nuanced understand-
ing of the data by the model.

This work is related to my project in that in-
cluding a second label as a means to add phe-
notypic context to inform the model’s training
is something I seek to replicate. If I were to
adapt this approach to my project, my ap-
plication would be slightly different in that
my two labels wouldn’t exist in the same do-
main(i.e., both labels are not cell-types). In-
stead, I would use a second label to ensure
that the model learns cell-type information in
addition to gene expression patterns that re-
sult from different condition exposures. Given
the cell-type-specific nature of the analysis in
this project, the model must retain cell-type
information in addition to the primary condi-
tion information in order for any interpretive
analysis to be biologically meaningful.

Comprehensive SHAP Values and
Single-Cell Sequencing Technology Re-
veal Key Cell Clusters in Bovine Skele-
tal Muscle: [11]

Guo et al. utilize Random Forest models
trained on bovine and porcine skeletal muscle
single-cell transcriptome data to make pre-
dictions about 14 possible cell-types. They
then employ SHAP analysis to extract the
top genes on a cell-type basis, which they
then further analyze to identify critical genes
in muscle growth and development across cell-
types.

This workflow is very similar to the pipeline
I hope to build out in my own study, only I
hope to apply my pipeline to a mouse scRNA
dataset and use NNs as opposed to random
forest models. Moreover, Guo et al. do not
seem to take into account cell-type when ar-
chitecting their models, which is something I
wish to do in this study.
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1.3 Motivation

Upon surveying the current literature, my
proposed pipeline and application is novel. In
the piriform cortex literature space, there ex-
ists a lack of research that utilizes computa-
tional methods, specifically machine and deep
learning-based methods, to analyze and pro-
duce new insights. And from a computational
biology perspective, I seek to fill two gaps. (1)
Most DL pipelines that are applied in the con-
text of scRNA-seq datasets seek to impute,
annotate, or clean data [24]as opposed to us-
ing DL to directly uncover biological insights,
especially via model interpretation. (2) The

second gap is that not many current models
unify both cell-type information and a sepa-
rate predictive category as a means of making
cell-type-informed predictions.

As such, I fill these gaps by constructing a
multi-label model that intakes scRNA data,
sourced from mouse piriform cortex neurons,
and makes predictions about cell-type and ol-
factory experience (i.e. what scent a mouse
has learned). I then seek to use this model and
interpretive methods like SHAP to uncover in-
sights into genes that might play a significant
role in how olfactory experiences translate to
functional and behavioral changes in a cell-
type specific manner.

2 Methods

2.1 Dataset Curation

In collaboration with the Fleischmann Lab in
the Department of Neuroscience, I received an
scRNA-seq dataset comprising 103,987 sam-
ples, each with expression data for 17,089
genes. These samples were harvested from
mouse (mus musculus) piriform cortices af-
ter in-vivo experiments wherein the mice
were exposed to either no olfactory stimu-
lants (bored), sucrose (positive valence), qui-
nine (negative valence), or a naive stimulant
(no valence). Mice that were exposed to any
of sucrose, quinine, or naive were exposed 5
times to promote learning before a final ex-
posure, after which cells were harvested ei-
ther 30 minutes post-exposure or 90-minutes
post-exposure (figure 1). In total, the con-
ditions resulting from these experiments were
as follows: bored (no exposure, no learning),
naive30, naive90, sucrose30, sucrose90, qui-
nine30, quinine90.

After the dataset was harvested, the Fleis-
chmann Lab then carried out further anal-
ysis to harmonize, cluster and annotate
the dataset. The cell-types included in
the dataset are as follows: IN CGE-NPY,

IN CGE-VIP, IN MGE-Pvalb, IN MGE-SST,
Pyrlayer2a/b, Pyrlayer3, SL1, SL2, Vglut2.
Cell-types that begin with ‘IN’ are consid-
ered to be inhibitory-type cells, SL refers to
semilunar, and cells that begin with Pyr-
layer refer to pyramidal cells. Further stud-
ies were done to identify immediate early
genes (IEGs), which are most likely to be at
the peak of their expression 30-minutes post-
exposure, and late response genes (LRGs),
which are most likely to be at the peak of their
expression 90-minutes post-exposure, within
both the dataset and current literature.

2.2 Preprocessing

In this project, the primary goal was to study
olfactory learning, so I focused on the naive,
quinine and sucrose groups. As such, I took
a subset of all naive, sucrose, and quinine-
conditioned cells in the dataset, yielding a to-
tal of ∼ 61, 000 effective samples. From here,
given that the original feature space of the
dataset is ∼ 17000 genes large, I sought to
reduce this space to simplify the training pro-
cess and also enable clearer interpretation of
the models downstream. As such, from this
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Figure 1: this graphic visually shows the in-vivo procedure done to facilitate learning in the mice
neuron cells harvested. Figure made by Keeley Baker using BioRender.

subset of all naive, sucrose and quinine cell
samples, I generated the top 3000 most vari-
able genes, excluding mitochondrial genes and
genes that do not have a canonical name, and
reduced the feature space to these 3000 genes.
For the labels of this dataset, I designated the
condition (either naive, sucrose, or quinine) as
the label. In choosing condition as a label, I
sought to mimic the mice’ learning process in
having the model predict the condition cells
were exposed to. From here, the dataset was
then split into a training-test split of 80/20,
stratified across the conditions. I saved all
data (training and test sets) as pickle files to
be used in later analyses.

2.2.1 Feature Selection

In designing this experiment, I separated the
30 and 90 minute models, since the patterns
learned from the 30 minute data might inter-
fere with patterns learned from the 90 minute
data and vice-versa. This potential interfer-
ence would likely lead to inaccurate or inef-
fective interpretation results. As such, in or-

der to compare the 30 and 90 minute mod-
els effectively, as well as their results, it was
important to have them share the same fea-
ture space. To ensure that I was building
my model on impactful features for both 30
and 90 minute models, I conducted an over-
lap analysis across the top 3000 variable genes
from just the 30 minute naive, quinine and su-
crose cells (n/q/s); the top 3000 variable genes
from just the 90 minute n/q/s cells; and the
top 3000 variable genes from the set of set of
all 30 and 90 minute n/q/s (figure 2). From
this study, I found that generating the top
3000 variable genes from the collection of all
30 and 90 minute n/q/s cells was sufficient
in creating a feature space that was at least
2/3 highly variable across both the 30 and 90
minute time intervals.

2.3 Models

The basic architecture of all models in this
project is a multilayer perceptron (MLP).
MLPs are the most basic form of neural net-
work, where the basic building block is a dense
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Figure 2: 30-minute naive, quinine and sucrose (n/q/s) samples were subsetted out and the top 3000
most variable genes were generated. The same was done with the 90-minute (n/q/s) samples and the
subset of both 30 minute and 90-minute n/q/s samples. This venn diagram was then generated to
show how many genes overlap between each subset. 1855 genes are shared between all three groups,
and there are only 29 genes that are in the 30 and 90-min n/q/s subset that are not shared with any
of the other subsets, making it the ideal candidate for our feature space.

layer that comprises a number of nodes that
each take in an input and feed it into ev-
ery node in the next layer. All models were
trained using Tensorflow 2.18.0 [1], ADAM op-
timizer and a sparse categorical entropy loss
function [15].

2.3.1 Cell-type oblivious model

As a baseline, I first created 30min and 90min
MLPs that were oblivious to any explicit cell-
type information, outside of what was already
implicitly encoded into the raw data. I con-
structed both models as 4-layer perceptrons.
Each layer in each model comprised a dense
layer followed by a rectified linear unit layer
(ReLU) [2]. These dense layers were then fol-
lowed by a final dense layer with 3 units, rep-
resenting the three conditions, followed by a
softmax [28] activation function. In training
these models, I fed in the preprocessed data as
above, and trained for 10 epochs at a learning
rate of 0.0003.

1. 30min model architecture (figure 3a):
Dense(1024)→ReLU→Dense(512)→
ReLU→Dense(640)→ReLU→

Dense(256)→ReLU→Dense(3)→Softmax

2. 90min model architecture (figure 3a):
Dense(1024)→ReLU→Dense(512)→
ReLU→Dense(896)→ReLU→
Dense(128)→ReLU→Dense(3)→Softmax

2.3.2 18-model cohort

To instill cell-type information into my mod-
els, I then opted to create a cohort of 18
4-layer MLPs for each cell type in each
timepoint. This resulted in models for
the following subgroups: 30minIN CGE-
NPY, 30minIN CGE-VIP, 30minIN MGE-
Pvalb, 30minIN MGE-SST, 30minPyr-
layer2a/b, 30minPyrlayer3, 30minSL1,
30minSL2, 30minVglut2, 90minIN CGE-
NPY, 90minIN CGE-VIP, 90minIN MGE-
Pvalb, 90minIN MGE-SST, 90minPyr-
layer2a/b, 90minPyrlayer3, 90minSL1,
90minSL2, and 90minVglut2. For each of
these models, I took the preprocessed data
prior to splitting into training and test
datasets and segmented out each cell-type
and timepoint to create the same time/cell-
type combinations listed above. For each sub-
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(a) Single-label model (b) Double-label model

Figure 3: Visual representation of the single-label and double-label models. n1 is a dimension be-
tween 1024 and 2048, n2 and n3 are dimensions between 512 and 1024, and n4 is a dimension between
128 and 256.

set, I then performed an 80/20 train-test split
and trained. Each model comprised four lay-
ers in the same configuration as the baseline
model with varying numbers of output units
in each Dense layer (figure 3a). In training
this model, I trained for 10 epochs at a learn-
ing rate of 0.0003 as well.

2.3.3 Multi-label model

To reconcile the baseline model and 18-model
cohort, I then forced the model to predict both
condition and cell-type. During preprocess-
ing, in addition to the condition as a label,
I then added cell-type as an additional la-
bel. When architecting my model, I used the
same 4-layer perceptron architecture as in the
base model, except when defining the termi-
nal classification layers, I added both a condi-
tion head that comprised a Dense layer with
3 units feeding into a final softmax function
in addition to a cell-type head that comprised
a Dense layer with 9 units feeding into a fi-
nal softmax function (figure 3b). I then also
designed a total loss function for this model,
weighting the loss from the condition head
with a weight of 0.9 and the loss from the
cell-type head with a weight of 0.1. In train-

ing this model, I trained for 10 epochs at a
learning rate of 0.0003.

2.4 Fine-tuning

Each model was then further fine-tuned using
the KerasTuner package [29], and each model
was fine-tuned over 10 trials. For each model
trained, the number of output units in each
layer in the network was fine-tuned. The num-
ber of output units in first dense layer (appli-
cable to all models in the project) was tuned
to a value between 1024 and 2048 with the
tuner stepping in intervals of 512, the second
dense layer was tuned to a value between 512
and 1024 with intervals of 128, the third dense
layer was tuned to a value between 512 and
1024 with steps of 128, and the fourth dense
layer was tuned to a value between 128 and
256 with steps of 128. Other fine-tuned vari-
ables included the batch size, which was at
minimum 32 and at maximum 256 with tun-
ing intervals of 32. For all hypertuning exper-
iments, in the base model and the 18-model
cohort, validation accuracy was used as the
tuning metric, and in the multi-label model,
total loss was used as the tuning metric.
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2.5 SHAP Analysis

All SHAP analysis was performed using ver-
sion 0.46.0 of the SHAP library [23]. I
used the SHAP library’s DeepExplainer ob-
ject to explain the model, and I instanti-
ated this object with a background context
of max(1000, len(Xtrain)) randomly selected

data points from the training set. I then ran-
domly selected max(300, len(Xtest)) test sam-
ples from the test set to have the explainer
produce explanations for. After generating
the SHAP values, they were then saved in
pickle files to be used in visualization and fur-
ther experiments.

3 Methods

3.1 Multi-label model can ac-
curately predict conditions
and cell-types

I measured the performance of each of the
base, 18-cohort, and multi-label models using
testing accuracy and compared them against
the base MLP classifier predicting condition
only. Overall, the baseline model performed
the best on the task of purely predicting
conditions with 80% and 88% accuracy in
the 30 and 90-minute time points, respec-
tively. Comparatively, the multi-label model
performed almost as well as the base model
with 30 and 90-minute condition accuracies
of 77% and 88%. On the task of predict-
ing cell-type, the multi-label models also per-
formed extremely well at 88% and 91% in
the 30 and 90-minute timepoints. Lastly, the
18-model cohort performed with varying ac-
curacy across cell-types, ranging from 60%
to 88%. In the 18-model cohort, there is a
0.5090 Pearson correlation between accuracy
and sample training-set size. Overall, there is
a general trend in that models trained on the
90-minute data are more accurate (Table 1).

3.2 UMAP shows simultaneous
cell-type and condition em-
beddings being learned

I visualized the UMAP of the output of the
fourth dense layer (penultimate layer, right
before classification occurs) of both the base
model and multi-label model to see how well

the model had learned both cell-type and con-
dition information. I then also calculated the
silhouette scores for both UMAPs; the cell-
type silhouette score was based solely on the
nine cell-type clusters. For condition, I calcu-
lated the silhouette score based on the three
condition clusters in addition to a silhouette
score calculated on a collection of 18 unique
clusters associated with each possible (cell-
type, condition) tuple. In choosing to calcu-
late the silhouette scores in this manner, I no-
ticed that a given cell-type cluster in the cell-
type UMAP would be broken up into three
clusters in the analogous condition UMAP,
with each cluster representing one of the three
conditions within the same cell-type. As a re-
sult, I reasoned that each (cell-type, condi-
tion) tuple exists as a discrete cluster in the
condition UMAP (Table 2).

As expected, the base model without any ex-
plicit cell-type influence entirely lost any un-
derstanding of a cell-type embedding in the
UMAP representation. This is evident by the
approximate -0.1 silhouette score for both 30-
minute and 90-minute base model cell-type
UMAPs. Conversely, the condition UMAP
is highly clustered in both the 30-minute and
90-minute base models, with silhouette scores
over 0.150 in both models.

In the multi-label models, I observed that
there is a fine balance between the silhouette
scores for the cell-type and condition UMAPs.
In both 30 and 90-minute multi-label cell-type
UMAPs, there are visually observable discrete
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clusters, despite the modest ∼ 0.05 silhouette
score, which indicate that the model is able
to maintain an accurate representation of cell-
type information while simultaneously learn-
ing a strong condition embedding, evident by
high condition silhouette scores and condition

accuracy. Finally, the cell-type/condition sil-
houette scores also remain positive, indicating
that the cells of the same (cell-type, condi-
tion) tuple exist in loosely defined clusters in
the condition UMAPs.

Model Condition Accuracy Cell-type Accuracy
Base model 30-min 0.8032 NA
Base model 90-min 0.8824 NA
IN CGE-NPY 30-min 0.7071 NA
IN CGE-NPY 90-min 0.7387 NA
IN CGE-VIP 30-min 0.6919 NA
IN CGE-VIP 90-min 0.6997 NA
IN MGE-Pvalb 30-min 0.7082 NA
IN MGE-Pvalb 90-min 0.7463 NA
IN MGE-SST 30-min 0.6083 NA
IN MGE-SST 90-min 0.6771 NA
Pyrlayer2a/b 30-min 0.6463 NA
Pyrlayer2a/b 90-min 0.7867 NA
Pyrlayer3 30-min 0.7586 NA
Pyrlayer3 90-min 0.8839 NA
SL1 30-min 0.7070 NA
SL1 90-min 0.7860 NA
SL2 30-min 0.6497 NA
SL2 90-min 0.7667 NA
Vglut2 30-min 0.6078 NA
Vglut2 90-min 0.7500 NA
Multi-label 30-minutes 0.7728 0.8805
Multi-label 90-minutes 0.8786 0.9130

Table 1: Condition and cell-type accuracy for all evaluated models.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Table 2: UMAP visualizations of the penultimate Dense layer in all 30 and 90-min base and multi-
label models before data is fed into the classification heads. Cell-type UMAPs are in the left column,
and Condition UMAPs are in the right column. (a) and (b) are from the 30-minute base model, (c)
and (d) are from the 90-minute base model, (e) and (f) are from the 30-minute multi-label model, and
(g) and (h) are from the 90-minute multi-label model
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(a) The top 40 most influential features in the 30-min
multi-label model.

(b) The top 40 most influential features in the 90-min
multi-label model.

Figure 4: SHAP Plots show the amount of influence each feature has in the models’ decision making.

3.3 SHAP Analysis identifies
potential genes of inter-
est in the models’ decision-
making

After training my multi-label model, I per-
formed SHAP analysis on both 30-minute and
90-minute models to generate the top 40 most
influential genes across all cell-types in the
model’s decision making when predicting con-
dition (figure 4). Across the top 40 genes
from both 30 and 90-minute models, there is
only an overlap of 15 out of 40 genes, suggest-
ing that there is a distinction between what
the model is learning at both time points. I
then performed gene ontology (GO) profiling
on the two lists provided and received no sig-
nificant results [16].

Despite potential limitations that I will dis-
cuss below, my model consistently identifies
AC149090.1 as a top 5 important gene in the
30-minute model and the most important gene
in the 90-minute model. Though significantly
more research is needed to understand what
the role of AC149090.1 in the piriform cor-
tex is, in literature, it has been implicated in
biological clocks and aging [3]. Another exam-
ple of a potentially significant gene is Fstl4,
which was identified as a top 5 influential
gene in both 30 and 90-minute multi-label
models. In literature, Fstl4’s mouse ortholog,
Spig1 has been implicated as a regulator of
brain-derived neurotrophic factor-driven long
term potentiation and extinction of inhibitory
avoidance memory [32].
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4 Discussion

In this study, I developed a multi-label clas-
sifier to successfully combine the task of cell-
type prediction and condition prediction into
a single model that performs with high ac-
curacy. I then used UMAP to visualize the
embedding space of the model before predic-
tions were made, and UMAP showed distinct
embeddings on both a cell-type and condition
level. This allowed me to capture condition
embeddings in a cell-type specific manner. I
then utilized this model to perform SHAP
analysis to reveal potentially biologically sig-
nificant genes that might play a role in how
behavior changes with learning.

4.1 Biological Significance and
Applications

These findings are significant in two ways. (1)
By creating a model that predicts both cell-
type and condition, I show that a multi-label
model is an effective way to ensure that cell-
type embeddings are maintained throughout
training, even when a single-label model tra-
ditionally loses such embeddings. Given the
rise of scRNA-seq experiments, this type of
model paradigm, combining cell-type with an
additional task, might be increasingly useful
for cell-type-specific analysis. Furthermore,
through my model’s accuracy in comparison
to a standard single-label base model, I show
that my model can perform well while still
maintaining cell-type embeddings in its train-
ing.

(2) Secondly, by using such a model to gener-
ate SHAP values and further investigate the
top most influential genes in the model’s de-
cision making, I have found genes that are
potentially, and still unknown to be, signifi-
cant in olfactory learning. Though perform-
ing GO profiling on the gene lists generated
yielded no results, I speculate that the top

features that the model is using to make deci-
sions may not be very interrelated, resulting
in a lack of GO hits. Furthermore, there are
many non-canonical genes like AC149090.1
and AA465934 that the model seems to be
dependent on that are not even found in the
GO profiler, which may require further liter-
ature search to reason about. Overall, while
I only present an extremely preliminary lit-
erature search on two influential genes in my
results, many of the genes identified in the
SHAP analysis need further vetting to under-
stand their relation to the piriform cortex and
olfactory learning. SHAP analysis, therefore,
has the potential to be useful in finding pre-
viously non-canonical genes in many different
applications, especially olfactory learning.

4.2 Limitations

There are a couple limitations with this study:
namely dataset balance and SHAP analysis
methodology.

4.2.1 Dataset Balance

With regards to dataset balance, while the
dataset is equally balanced across the 30 and
90 minute time points, the balance between
each cell-type is quite skewed. In the dataset,
there are significantly more pyramidal 3 cells
than any other cell-type in both the 30 and
90-minute time points (supplementary figure
1 shows this disparity in the training set). Es-
pecially when training the 18-model cohort,
this presented many difficulties in creating
equally reliable models to be used in further
SHAP analysis. The fact that there is a ∼ 0.5
positive Pearson correlation between training
set size and model accuracy in the 18-model
cohort is concerning. Furthermore, the cell-
type disparity could also cause present issues
with the multi-label model as well. Especially
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when distinguishing between pyramidal 3 and
pyramidal 2a/b cells, the model might be in-
clined to predict a cell as pyramidal 3, simply
because of this imbalance, skewing the embed-
ding learned.

4.2.2 SHAP Analysis Methodology

While it’s general practice to randomly select
a small random sample, in my case 1000 sam-
ples, from the training data to serve as the
background data for the SHAP explainer, in
addition to a further select number of random
test samples to have the explainer explain,
this has led to some instability in my SHAP
results. Upon generating SHAP values across
multiple trials with the same trained model,
the model produced different results every
couple trials. I speculate that this is likely
a combination of the dataset being skewed by
cell-type, so it may be the case that data needs
to be sampled in a more stratified or uniform
manner in future SHAP experiments. As a
result of this instability, however, some of my
findings that are built on my SHAP analysis
pipeline have been moved to my supplemen-
tary figures section. All SHAP analysis results
that I have included in my results section have
proven to be stable across multiple trials of
SHAP analysis.

In supplementary figure 2, I created an over-
lap matrix of the top 40 genes in each time and
cell-type, along with a dendrogram (supple-
mentary figure 3) that shows how related two
cell-types might be with one another. In gen-
erating this figure, I first initiated my SHAP

explainer with a random 1000 cells from my
testing set. I then fed in a maximum of 300
cells of each cell type to generate my SHAP
values, and then extracted the top 40 most in-
fluential genes from the SHAP values. From
there, I took the intersection between each
possible (time, cell-type) tuple combination
and plotted their rate of overlap. To gener-
ate supplementary figure 3, I calculated the
distance/dissimilarity by performing 1 - rate
of overlap, and then I plotted the distances in
a dendrogram.

Had my SHAP analysis been stable, I would
have expected to have seen higher overlap
between the 30SL1/2 and 90SL1/2 groups,
based on their expected lower plasticity as
semilunar cells. I would have also expected to
have seen the 30SL1 group be more related to
30SL2, but instead the 30SL1 group was found
to be most related to 90Pyrlayer3 in the den-
drogram, which is unexpected and may point
to instability in the SHAP results. These are
just a few of the findings that I found to be
unstable and counter to my hypothesis.

4.3 Future Work

At its core, my project is aimed at provid-
ing insights into genes that might be of inter-
est in the context of olfactory learning. After
reevaluating my SHAP analysis methodology,
the next step after discovering that certain
genes might be implicated in olfactory learn-
ing would be to conduct wet-lab studies, ei-
ther in-vitro or in-vivo, to empirically study
their behavior and function in live models.
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5 Appendix

Supplementary Figure 1. This histogram shows the distribution of cells across the cell-types within
the training data. Training and testing data were split in a stratified manner.
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Supplementary Figure 2. An overlap matrix that shows the rate of overlap between the top 40
genes of each cell-type after SHAP Analysis was done on the multi-label model.
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Supplementary Figure 3. A dendrogram that shows how related cell-types are based off on the
overlap matrix
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