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ABSTRACT

This paper investigates the impact the LASSO, mRMR, SHAP, and Reinforcement Feature
Selection techniques on random forest models for the breast cancer subtypes markers ER, HER2,
PR, and TN as well as identifying a small subset of biomarkers that could potentially cause the
disease and explain them using explainable Al techniques. This is important because in areas such
as healthcare understanding why the model makes a specific decision is important it is a diagnostic
of an individual which requires reliable Al. Another contribution is using feature selection methods
to identify a small subset of biomarkers capable of predicting if a specific RNA sequence will have
one of the cancer labels positive. The study begins by obtaining baseline accuracy metric using a
random forest model on The Cancer Genome Atlas’s breast cancer database to then explore the
effects of feature selection, selecting different numbers of features, significantly influencing model
accuracy, and selecting a small number of potential biomarkers that may produce a specific type
of breast cancer. Once the biomarkers were selected, the explainable Al techniques SHAP and
LIME were applied to the models and provided insight into influential biomarkers and their impact
on predictions. The main results are that there are some shared biomarkers between some of the
subsets that had high influence over the model prediction, LASSO and Reinforcement Feature
selection sets scoring the highest accuracy of all sets and obtaining some insight into how the
models used the features by using existing explainable Al methods SHAP and LIME to understand

how these selected features are affecting the model’s prediction.
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INTRODUCTION

This research will explore biomarker identification for breast cancer subtypes focusing on
feature selection techniques the Random Forest, LASSO, Maximum Relevance Minimum
Redundancy (mRMR), and reinforcement feature selection methods on the TCGA breast cancer

dataset to then obtain an explainable result by applying Explainable Al methods SHAP and LIME.

This paper covers two important topics. The first one is biomarker selection using feature
selection methods. This topic has been researched before, but here the focus will be on the different
biomarker subsets selected by the algorithm and how they compare in a random forest model. Once
the models are trained, explainable Al will be applied to them. This relatively new concept pursues

a human interpretation of how the model manages the data.

Cancer
Cancer is a well-known disease that has been affecting humanity for years. It is an
expression of genetic mutation with more than two hundred types [1]. The cancer organization
organized the TCGA to make an atlas of cancer information to be used and studied, containing
over five hundred test cases, and being used widely to research the properties of the disease. Breast
cancer-specific can be divided into four subtypes depending on the affected receptor hormone. ER:
receptor hormone, HER2 Receptor hormone, PR, and triple-negative TN [1]. In this paper, these

are the labels the models will try to predict.



Biomarkers
The TCGA data contains many different data: DNA, DNA-meth, and RNA sequences [3].
This paper will focus on RNA sequences that represent the genetic sequences of each sample.
Biomarker refers to specific RNA sequences related to the presence of something, the breast cancer

type. The TCGA BRCA dataset has 90 thousand RNA sequences for each sample.

Machine Learning
Machine learning is using algorithms for machines to recognize patterns mimicking
learning. It can be divided into supervised learning, where the machine learns with the data, and
prediction and unsupervised learning, where the machine only has the data instead of learning a

pattern, so it tries to group data into clusters. This paper will only go over the supervised approach.

Feature Selection
In machine learning, feature selection refers to finding an optimal subset of features, or in
this case biomarkers, which will improve the accuracy and efficacy of a machine learning model.
The approaches to feature selection important for this paper are LASSO or least absolute shrinkage
and selection operator where coefficients are reduced and values of zero dropped, minimum
Redundancy Maximum Relevance, which focus on feature correlation, and Reinforcement
learning feature selection [2], which applies reinforcement learning concepts into the process of

feature selection.



Explainable Al
Explainable Al refers to the process by which humans can interpret a model's reasoning
and logic. The importance of explainable Al has surged over recent years. Explaining a model
validates and provides reassurance on how it works, allowing it to be used in more sensitive topics
like biomarker identification. Explainability or referred to as transparency in literature [6],
specifically aims to explain how Al models work as they are black boxes; what exactly the model
does with the data, and how each feature used to influence the prediction is unknown without

explainable Al For this paper, we will focus on two explainable Al techniques SHAP and LIME.

Starting with how features are used, we have the SHAP or SHapley Additive
exPlanation[7]. SHAP is an algorithm that provides a value that shows how each feature impacts
the prediction from class-wise impact or an overall subset of features. The next one is LIME, Local
Interpretable Model-Agnostic [8]. It is a surrogate model evaluator. It calculates prediction
probabilities and a class feature weight. This technique does not look into the model but learns

from modifying the input and checking how the output behaves.



HYPOTHESIS

This section provides a hypothesis and goes over the study's objectives and the process that will

be used. This study has two stages. The identification of biomarkers and the explainability of them.

Identification
Reinforcement Feature selection will select a subset of biomarkers that will produce a higher
accuracy score than the baseline Random Forest score, LASSO, mRMR, and SHAP feature

selection techniques to classify breast cancer subtypes.

Explainability
Applying SHAP and LIME techniques to the models from the identification set will provide an
explanation that will connect some of the biomarkers selected by the different feature selection

methods.

Contributions
e A comparison between LASSO, mRMR, and SHAP feature selection techniques against
Reinforcement feature selection using health care data.
e Comparison of the accuracy of random forest model and different feature subsets using the
different selected biomarkers.
o Explain reasons for model prediction in biomarker selection of TCGA breast cancer
subtype using explainable Al techniques SHAP and LIME.

e Provide common biomarkers that have a high influence in prediction models.



METHODOLOGY

This study will be performed in a Python environment. The random forest and LASSO are
the implementations defined in the scikit-learn library. The mRMR implementation will be the one
used in the source paper [9]. The Reinforcement Feature Selection model will follow the one in
the NN implementation from the source paper [2]. During the identification phase, SHAP will also
be applied to the entire dataset to use its feature evaluation to select the top k features. The last
model used will be a Pytorch neural network. On the explainable step, the SHAP and LIME

implementation will be the ones from their respective libraries.

Of the 411 data samples available the data will be broken down into 70% (288 samples)
into the training set, 21% (86 samples) into the test set, and 9% (37 samples) into the validation
set. Because there can be multiple positive labels for a single sample there will be a model for each

label, treating it as a binary classification problem.

For each feature selection technique, a new random forest model will be created, trained,
and optimized using specific subsets of features. The main metric used to evaluate the model will
be the accuracy score. Initial testing will be done with only the test set and the final comparison

will be done based on the validation set.

Once the subset of features is selected for each model SHAP will be applied to obtain the
average impact of the feature on the model output. Then the LIME algorithm[10] will be applied

and used to compare with the SHAP table. Once both the LIME and SHAP table are obtained they



will be used to analyze the model: Look at common features between different models and which

features have higher influence over the model.

Data Sources
The data used is the TCGA breast cancer dataset. This is the most TCGA dataset used for research.

The RNA seq data of the TCGA can be found here [4]. The labels used are here [5].



RESULTS

Selected Subsets

The objective of these subsets is to get the highest accuracy possible by using the least
number of biomarkers. Taking this into account, some of the feature selection algorithms
automatically select some features, which was the case for LASSO, in which the algorithm selected

61 features for its final set for each of the labels.

The next model was mRMR. This algorithm requires the user to define the number of
features to pick to be defined. The procedure was to pick one as a starting k, evaluate the accuracy,
and then increase k by one until the accuracy stopped increasing. The accuracy fluctuated after
passing the 10-feature mark. Even after using 61 features, it only slightly increased the accuracy
compared to the ten feature sets for some labels. The feature set containing ten elements was the
one chosen for mRMR. For the SHAP model, the same technique was applied, and its score kept

increasing until the 60th feature.

Lastly, the RFS algorithm resulted in a set of 461 features. A high number of features
compared to the other algorithms. This might be because of the nature of the algorithms. RFS
focuses on selecting an optimal set of features to achieve the highest accuracy possible while

tending to be computationally inefficient.



Test Set
The following table contains the accuracy score of a random forest model using the specific
feature selection method on the test set. It also contains the accuracy score of a neural network to
compare it to a black box neural network performance. Note that this neural network is taking the

entire feature set.

Table 1: Accuracy percentage of models using different feature selection methods on the data labels for the test data.

LABELS NO FS LASSO MRMR SHAP RFS NN
ER 90.7 93.0 90.7 93.0 93.0 80.2
HER2 88.4 91.9 90.7 90.7 90.7 83.7
PR 83.7 86.0 60.5 86.0 88.4 70.9
TN 90.7 90.7 88.4 90.0 91.9 82.5

Starting with the baseline model using the full set of genetic sequences, it already got scores
around 90%, which is surprisingly high considering the number of features against the number of
samples. Another thing to note is that the labels are not uniform in terms of score. The ER label
yielded the highest accuracy out of all the labels, with PR being the lowest. The Reinforcement
feature selection set achieved the highest accuracy overall, only falling behind LASSO in the
HER?2 label by 1.2%. LASSO was the second-best performing set. Another notable fact is that the
PR label accuracy using the mRMR set was extremely low compared to the others, which could
mean that the nature of the mRMR algorithm goes against the pattern of the PR label. The worst-
performing model is the neural network model, which is not surprising. The data have an extremely

high dimensionality and a low sample size.



Validation Set
The following are the results using the validation set. Note that the tests using the validation

set were run once.

Table 2: Accuracy percentage of models using different feature selection methods on the data labels for the
validation data.

LABELS NO FS LASSO MRMR SHAP RFS NN
ER 94.7 94.7 92.1 94.7 94.7 92.1
HER2 89.5 94.7 89.5 89.5 92.1 89.5
PR 86.8 92.1 73.7 89.5 92.1 81.5
TN 92.1 89.4 89.5 92.1 94.7 94.7

On the validation set, the same label trends can be seen, but overall, the accuracy scores
were higher than on the test set. Also, many of the sets got the same score. This could be due to
the small set size of the validation set, only containing 37 samples. Some notable facts from this
table are that the base random forest model with no feature selection matched the highest
accuracy for the ER label. The Lasso set scored remarkably similar to the RFS set. Lastly, the
neural network scored considerably higher than the test set score, matching the highest accuracy

obtained for the TN label.



Exploring Selected Features

This section will go over the most important features selected for every label starting with

the SHAP values for each feature and followed by an analysis of these graphs. Next will the LIME

explanation of a prediction of single test sample with values of ER positive, HER2 negative, PR

positive and TN negative.
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Figure 1: SHAP feature values for LASSO set on the ER label.
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Figure 2: SHAP feature values for mRMR set on the ER label.
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Figure 3: SHAP feature values for SHAP set on the ER label.

ENST00000339994.4
ENSTO00000507861.5
ENSTO0000361131.4
ENSTO0000291525.11
ENST00000479013.6
ENSTO0000272233.5
ENSTO0000358776.6
ENST00000419304.6
ENST00000424390.1
ENSTO0000316902.11
ENST00000425707.7
ENSTO0000536551.5
ENSTO0000396123.2
ENST00000225171.6
ENST00000291527.2
ENST00000409373.5
ENSTO00002334708.3
ENSTO00000433971.5

ENST00000319694.2
mmm Class 0

ENSTO0000361439.8 mmm Class 1

0.000 0.005 0.010 0.015 0.020 0.025 0.030
mean(|SHAP value|) (average impact on model output magnitude)

Figure 4: SHAP feature values for RFS set on the ER label.
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These tables show the SHAP values of the top features to show the effect they have on the
decision of the model. Some features are shared in the LASSO, MRMR, and SHAP. These are
highly active biomarkers and have high values on all the models they appear on. The following

table shows some of the most shared biomarkers between the different sets:

Table 3: Shared features between feature selection methods for ER label.

BIOMARKER LASSO MRMR SHAP RFS
ENST00000310398.6 X X X
ENST00000443427.5 X X

ENST00000291525.11 X X

These shared features were some of the most influential in their respective models. Overall,
there were not many features shared between the sets, but Lasso, nRMR, and SHAP had a few in
common, while RFS had only one high importance feature shared, and it was only contained in
the LASSO set. The next set of tables are the LIME results of the ER label. The LIME
representation is based on a sample-by-sample basis and the sample used for this is ER positive.

The following are the LIME explanations of the same sample on the different feature sets.

12
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Figure 7: LIME table for SHAP ER label
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Figure 8: LIME table for RFS ER label.

2.95 <ENST00000443
4.73 <ENST00000310...
756 <ENSTO0000311_.
3.59 < ENST00000360...
4.29 < ENSTO0000178__.
3.57 <ENST00000342...
0.16 < ENST00000239__.
3.90 < ENSTO0000033%._.

0.59 < ENST00000305__.

-9.97 < ENST0000045_.

-2.31 < ENST0000036...
732 <ENST00000272..
4.19 < ENST00000358..
2.50 < ENST00000339..

3.90 < ENST00000479..

ENST00000443427.5
ENST00000310395.6
ENST00000311672.9

ENST00000360971.6

ENST000001786358.7

ENST00000342537.7
ENST00000239374.7
ENST(00000339834.9
ENST00000305641.6

ENSTQ0000307861.5

Feature

ER 000541158.6
ENST00000450950.6
ENST00000507861.5
ENST00000425707.7
ENST00000361703.7
ENST00000361131.4
ENST00000272233.5

ENST00000358776.6

ENST00000339994 4




The most interesting data from the LIME tables is the entire feature set prediction
probability. For this sample, every model calculated that the ER label was 100% there. LIME also
provides a different explanation for the features, showing if the value of a specific feature is making
the model lean toward an optimistic prediction or a pessimistic prediction. In this case, for this
sample, most of the features on all models contribute some value towards predicting a positive

presence of the ER label.

Label HER2
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Figure 9: SHAP feature values for LASSO set on the HER?2 label.
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Figure 10: SHAP feature values for mRMR set on the HER?2 label.
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Figure 11: SHAP feature values for SHAP set on the HER?2 label.
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Figure 12: SHAP feature values for RF'S set on the HER?2 label.

Table 4: Shared features between feature selection methods for HER?2 label.

BIOMARKER LASSO MRMR SHAP RFS
ENST00000541774.5 X X X
ENST00000336308.9 X X

There were fewer features shared in this label, but the ones that are shared between the
LASSO, mRMR, and SHAP sets were the most important out of all the others of the set. Also, note
that for this label, and this is the label that has an extremely high importance score over the rest

for the models that selected it.

The following are the LIME tables using same sample for the previous section. This sample

is HER2 negative.
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Prediction probabilities Negative Positive

_ ENST00000541774.5... Feature Value
Negative [N 0.75 o3
ENSTO00000541774.5
Positive 0,95 ENSTO0000336308.9.
ENST00000460648.5 SRS TRE0REESER0E S
0.02
ENSTO0000460648 5
ENST00000462434.5...
0.01 ENST00000462434 5
ENST00000394287.7...
0.01 ENSTO00000394287.7
ENST00000505221.5...
001 ENST00000505221 5
ENST00000489552.1 ..
001 ENSTO00000489552.1
ENSTO00005620451... e
ENSTOO'OO“SZ'%S-?HI- ENST00000521935 5
9 97 < ENST0000038_. <
001

Figure 13: LIME table for Lasso set on HER?2 label.

Prediction probabilities Negative Positive
] ENST00000541774.5_ ENSTO00000541774.5
Negetve 5o
Positive 0.21 _6.04 < ENSTO000028 ENSTO0000288710.6
- 0.08
IENST:}00:10330293_3___ e UL et
03 i
ENSTO00000396028.6... S
0.02
ENST00000422233 5
0.02 ENST00000380620.8
ENST00000380620.8...
001 ENSTO00000463473.2
ENST00000463473.2...
0.01 EMNST00000250055.2
-2.63 < ENST0000025___ o )
o ENST00000548698.5
ENSTOOOOI]S48698_§J.].1. e
ENST00000542429.2 .
0.00

Figure 14: LIME table for mRMR HER? label
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Prediction probabilities

Negative [N 0.74

Positive 0.26

Prediction probabilities

Negative [N 0.5

Positive 0.25

Negative

3.78 < ENSTO00000300..
0.04
0.13 <ENSTO00000415__
0.03

4.52 <ENSTO00000374.
0.02
-2.55 <ENSTO0000030._.
0.01
510 <ENST00000394...
0.01

Negative

-9.97 <ENSTO0000053...
0.04

ENSTO00000264639.8...
0.01

ENST00000432900.06...
0.01

ENSTO00000619426.4...
001

Positive

ENST00000541774.5...

036

ENST00000336308.9...

013

ENST00000539002.5 _..

011

ENST00000620309.4_.

0.06

ENST00000443521.1...

Figure 15: LIME table for SHAP HER? label

Positive

ENSTO0000579685.1...
0.01

ENSTO00000529500.5...
0.01

ENSTO00000441605.1...
0.01
ENSTO0000366636.8...
0.01
ENSTO00000264645.11...
0.01

ENST00000266039.7_..
o

Figure 16: LIME table for RF'S HER? label

Feature Value

ENST00000541774.5
ENST00000336308.9

ENST00000539002.5

ENST00000620309.4

ENSTOO0000300658 8

ENST00000415496.5

ENST00000443521.1

ENST00000374524.1

ENST00000309880.2

Feature Value

ENST00000537340.6
ENST00000579685.1
ENSTO00000264639.8
ENST00000432900.6
ENST00000529506.5
ENSTO00000619426.4
ENST00000441605.1

ENST00000366636.8

ENST00000264645.11

Each feature set has a different feature structure and feature values as they do not share

many features however the final probabilities are similar for all the models.
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PR label
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ENST00000178638.7
ENST00000443427.5
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mean(|SHAP value|) (average impact on model output magnitude)

Figure 17: SHAP feature values for LASSO set on the PR label.
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Figure 18: SHAP feature values for mRMR set on the PR label.

20
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Figure 19: SHAP feature values for SHAP set on the PR label.
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Figure 20: SHAP feature values for RFS set on the PR label.
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The PR label has been the least stable of all the labels, having low and fluctuating
accuracies. There is only a single feature shared feature between the mRMR sets and the SHAP
for the PR label which are the lowest scoring feature sets of all, and it did not score a high
importance value. Every model has different feature importance, from depending mainly on a

single feature to three.

The following are the LIME tables using same sample for the previous section. This sample

is PR positive.

Prediction probabilities Negative Positive Feature Value
] ENST00000616316.1 ...
Negative 00
Positive [N .87 ENST00000409063.5... AR LB AR
- 0.01 .
ENST00000434277.6... ERSTOM000S0S0635
0.01 e
ENST00000434277.6
ENST00000571207.5...
-0 ENST00000571207.5
-9.97 < ENST0000025...
0.01 ENST00000259455.2
ENST00000259748.6 ...
0.01 ENST00000259748.6
ENSTO00000259043.11...
0.01 ENST00000259043.11
020915 <ENSTO00000443. ENST00000443427 5
ENSTOO’OOOS‘HQOO'E'&) ENST00000341900.6
ENST00000518077.5...

0.00

Figure 21: LIME table for Lasso set on PR label.

Prediction probabilities Negative Positive Teature Value
) ENST00000325455.9...
Negative 012
ENST00000325455.9
Positive [T 0.98 ENST00000262643,0705,,, 325433,
251 < ENSTO0000524.. ENST00000262
0.03
ENST0000052
[ENST00000350316.2...
0.03 ENST00000390316.2
-9.97 < ENST0000029..
.02 ENST00000290759.8
2 41 < ENSTD000D508.

.02 ENST00000508540.5
[ENST00000377184.7...
.02 ENST00000377184.7

]il:zSTOODOO%3 1941 ENSTO0000463194.1
-1.21 < ENST0000053 .
0.02
-9.97 < ENST0000047._..
0.02

ENST00000533895.5

Figure 22: LIME table for mRMR PR label
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Prediction probabilities Negative Positive
ENSTO00000380620.8...

Negative 0.8
Positive [N 0.75

Feature Value

ENST00000380620.8

ENST00000250055.2

-6.04 <ENST0000028._.
0.03
ENST000003%26028.6...
0.03

ENST00000288710.6

ENST00000396028.6

ENST00000463473.2...

0.03 ENST00000463473.2
ENSTO00005424292 ..

0.02 ENST00000542429 2
ENST00000422233.5...

0.0 ENSTO00000422233.5

ENST000003 8“293'3_ I ENST00000380293.3
ENST00000548698.5...

.00 ENST00000348698.5

ENST00000351072.5...
0

Figure 23: LIME table for SHAP PR label.

Positive CTTTTT
4 43 <ENSTO0000307_..
008
4 80 <ENSTO0000375...
0.07
295 <ENST00000443_ ..
.06
6.03 <ENSTO0000520...

Prediction probabilities Negative
Negative
Positive [T 0.98

ENST00000307719.8

ENST00000375469.5

ENST00000443427.5

ENST00000520271.5

0.04
flo.os

Jl0.03

3.83 <ENST00000375...
3.90 < ENST00000339...

2.82 <ENST00000243_.

ENSTO00000375472.7

ENST00000339834.9

ENST00000243501.9

002 ENST00000268251.12
<
;_b? ENST0000026. ENST00000507861.5

-0.42 <ENSTO000005_.

ENST00000178638.7

0.0
|;1_29 <ENSTO0000178...
L

Figure 24: LIME table for RF'S PR label

The effects of each set being a completely different feature set can be observed on the
LIME tables. While every model produces a high probability for positive, the probability and the

feature distribution are different for every feature set.
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TN label

ENST00000443427.5
ENST00000310398.6
ENST00000250448.2
ENST00000260746.5
ENST00000507861.5
ENST00000291525.11
ENST00000375562.8
ENST00000316738.11
ENST00000407540.7
ENST00000618550.4
ENST00000370079.3
ENST00000533625.5
ENST00000215582.7
ENST00000245957.9
ENST00000378246.6
ENST00000268035.10
ENST00000356535.4
ENST00000361066.6
ENST00000520876.7

s Class 0
ENST00000256720.6 - Class 1
0.00 0.01 0.02 0.03 0.04 0.05 0.06

mean(|SHAP value|) (average impact on model output magnitude)

Figure 25: SHAP feature values for LASSO set on the TN label.
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Figure 26: SHAP feature values for mRMR set on the TN label.
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Figure 27: SHAP feature values for SHAP set on the TN label.
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Figure 28: SHAP feature values for RFS set on the TN label.
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Table 5: Shared features between feature selection methods for TN label.

BIOMARKER LASSO MRMR SHAP RFS
ENST00000443427.5 X X X
ENST00000310398.6 X X

For the first time there is a feature that is in the LASSO and SHAP set on top of also
showing up in the RFS set. Another thing to note is that each model has a different feature
distribution. mRMR is essentially relying on a single feature and that feature is not present in any

of the other models.

The following are the LIME tables using same sample for the previous section. This sample

is TN negative.

Prediction probabilities Negatwe Positive Feature Value
_ 2.95 < ENST00000443...
Negatve NN 1.00
0.0z
-9.97 < ENST0000037... ENSTORINOEAS TS
0.02 —
ENSTO00003 700793
ENST00000345080.4... ¢ :
0.01 ENST00000345080 4
425 < ENST00000215._.
0.01 ENSTO0000215582.7
ENST00000573619.1...
0.01 ENST00000573619.1
0.78 < ENST00000520.__
0.01 ENSTO0000520876.7
ENST00000361443 4.__

oo ENST00000361443 4

3.09 <ENST00000361...
0.01

ENST00000361066.6

ENSTO00000322343.11 <
0.01

Figure 29: LIME table for Lasso set on TN label.
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Negative Positive

Prediction probabilities

. ENST00000250448.2...
Negative _ 0.99 014
Positive ENSTOU-OOOSSG&ZG_%;_

0.

0.02

-2.63 < ENSTO0000025_..
0.02

0.01
ENST00000396028.6...

0.01
ENSTO00000548698.5...

001

0.01

0.00

Figure 30: LIME table for mRMR TN label.

Negative Positive

ENSTO00000378116.8 ...

Negative [N 1.00 o0s
Positive 2.95 <ENST00000443...

0.0
473 <= ENSTO0000310...
0.030

390 <ENSTO0000339___
0.02

359 < ENSTO0000360__.
0.01

240 = ENSTO0000225...
0.01

0.16 = ENSTO0O0000239 .
0.01
ENSTO00000338010.9...
0.01

492 < ENSTO0000401__.
0.01

-0.42 <= ENSTO00005__.
0.01

Prediction probabilities

Figure 31: LIME table for SHAP TN label.
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ENST00000422233.5...

ENST00000463473.2_.

ENST00000380293.3 ...

ENST00000542429.2 .

-6.04 < ENST0000028...

Feature

ENST00000250448.2
ENST00000380620 8
ENST00000422233.5

ENST00000250055.2

ENST00000463473.2

ENSTO00000396028.6
ENSTO00000548698.5
ENSTO00000380293 .3

ENSTO00000542420.2
<

Feature
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ENSTO0000443427.5
ENSTO0000310398.6
ENSTO0000339834.9
ENSTO0000360071.6
ENSTO0000225171.6
ENST000002393

ENSTO0000338010.9

ENSTO0000401412.5

Value

Value




Prediction probabilities Negauve rosive Feature Value
_ ENST00000541158.6 <...
Negative _ 1.00 0.03
Positive ENST00000420316.6... SRS HENSSIEES
0.03
3.46 < ENST00000414. ENST00000420316.6
001 ;
ENST00000414935.1
ENST00000405109.5...

0.62 < ENST00000566...
001
483 < ENST00000442_..
0.01

Joom

ENSTO00000428713.5...

ENST00000405109.5

ENST00000566432.1

ENST000004422672

001 ENSTO00000428713.5
ENST00000401827.7.. TN

419 < ENST00000338... ENST00000358776.6
ENST00000605656 2.

0.01

Figure 32: LIME table for RFS TN label

The LIME tables are similar except for the SHAP set, which considers all features to
indicate a negative prediction. This label is a particular case because the TN label is used when all
the other labels are negative. Because the same test sample was used for all explainable steps and
at least one of the previous labels was predicted positive, it would make sense to expect the TN
predictor to be negative. This is interesting as the different labels and models are entirely

disconnected, yet the results obtained for this label are straightforward.
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CONCLUSION

This paper went over application of LASSO, mrMR, SHAP, and RFS feature selection
algorithms and their impact on predictive models for the breast cancer biomarkers ER, HER2, PR,
and TN labels. Even with the high-dimensional feature space relative to the sample size, the
baseline model achieved high accuracy in predicting labels. From the explored feature selection
methods RFS scored the highest accuarcy at a high but still reduced number of features and while
that helps when seeking the highest accuarcy it produced a large set. On the other hand, the LASSO
set scored results close to the ones from RFS, It also did it with just 13% of the feature set size
allowing for easier feature set analisys. Because not all labels yielded the same performance it’s
important to consider working with them individualy. The ER label outperformed others, while PR
exhibited the lowest accuracy across different feature selection methods and the HER2 and TN
labels scoring high accuracy around the 90% mark. The evaluations of the explainable techniques
of SHAP values and LIME tables highlighted features with high influence and their impact on
model predictions giving an idea of how each biomarker was being evaluated by the model and
allowed to observe some similarities between sets. Shared influential features across different
feature selection methods were identified for most labels making them a good target for future

research.

Some future research areas to explore with this would be to test these feature sets to a
diferent database to ensure reability, and use the lime tables on more samples to gain more

information on possible patterns on a case by case basis.
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