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Abstract

Background In recent years, RNA-seq technology has gained widespread use in
diverse research and clinical applications. Alongside this expansion, machine learning
techniques have enabled accurate reconstruction of full transcriptomic signals from a
considerably reduced set of highly informative genes (e.g.,, S1500+).

Results We employ machine learning methods, specifically XGBoost (eXtreme
Gradient Boosting) a decision tree approach, to perform RNA-seq and transcriptomic
analyses across multiple tissues. Our goal is to identify a small subset of expressed
genes that can capture the complete tissue-specific transcriptomic profile. Using
public GTEx (Genotype Tissue Expression) data, we analyze each tissue separately and
discover the key fact that taking into account just the top 500 genes per tissue (ranked
by XGBoost feature importance) are sufficient to provide transcriptomic signatures that
match the performance of state-of-the-art gene sets (e.g.,, S15004). To further validate
our approach, we apply it to neuronal tissues by comparing samples from individuals
with neuropathic pain versus those without pain. In dorsal root ganglia (DRG) RNA-seq
data from patients experiencing varying levels of pain, our method suggests EGR1 as a
factor in radicular/neuropathic pain, thereby opening avenues on the development of
therapies that may alleviate pain by targeting EGR1 pathway.

Conclusions We demonstrate how to train and apply the XGBoost algorithm to

select a small gene set that can approximate the full transcriptomic signal with varying
accuracy depending on tissue type, generally achieving performance comparable

to S1500+ gene sets in GTEx data. This method focusses on one tissue at a time,

a different list of genes is selected for each tissue and ranked according to the
importance of each gene into the reconstruction of the transcriptomic signal. This
ranking also aids in highlighting specific genes that may be critical in predicting tissue-

specific pathologies.

1 Introduction

RNA sequencing new technologies (RNA-seq) and transcriptomic analysis are now
widely used to diagnose hereditary diseases and to assess general body health condi-
tions [1, 2]. Though in recent years the cost of genome expression profiles has greatly
decreased, the question of whether a reduced number of selected gene expression is able
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to successfully reconstruct the whole transcriptomic signal, via machine learning meth-
ods, remains interesting from both a practical and theoretical point of view [3-5]. In
particular, the growing focus on explainability in the machine learning algorithms [6]
is now providing new tools to understand the logic behind the choice of the reduced
set of genes effectively used in the predictions of the full signal [5]. Consequently, with
this added knowledge, we can address tissue-specific questions and gain insight into the
role and quantitative importance of each gene in the reconstruction of the full transcrip-
tomic signal in a tissue-specific manner. Moreover, our analysis and the resulting gene
ranking, based on their importance, can provide support in formulating new hypotheses
and validating findings.

In this paper, we draw inspiration from the seminal work [3] in which only about 2600
genes, known as S1500+, out of a set of approximately 18K were shown to be effective
in predicting adverse cellular responses induced by exposures to chemicals, drugs, and
other agents. It is now widely accepted that the transcriptional profiles of many genes
can be derived from the expression of a few key ones. This is indeed the main hypoth-
esis driving the study [3], where the authors combine a machine learning approach for
gene selection with a knowledge-driven one, leading to the identification of the senti-
nel genes, known as S1500+. This perspective was later pursued by others, in particu-
lar in [5], where the machine learning algorithm XGBoost (eXtreme-Gradient Boosting
[7]) was employed to furtherly reduce the selection, from S1500+ to a set of about 1000
genes. XGBoost is indeed a strong learner model based on multiple decision tree mod-
els, on the principle of the celebrated Random Forest [8]. Generally it surpasses the per-
formance of both Random Forest and the more standard methods including deep neural
networks and KNN for transcriptomic analysis, as detailed in the introduction of [5]. It
is now widely used in tandem with other methods for a variety of purposes [9-11], (see
also [12] for a generative Al approach to similar biomedical questions).

In our work, we begin by conducting the same investigation as in [3], but we sepa-
rately analyze the RNA-seq data from five different tissues: brain, skin, blood, esoph-
agus, and blood vessels. These tissues were selected based on the number of available
samples in the new publicly available dataset GTEx (Genotype-Tissue Expression) [13],
i.e. we choose the tissues with the most abundant samples. The GTex portal provides
RNA-seq mostly with Illumina technologies to create a uniform and reliable dataset
of human gene expressions. As described in [13], GTex is a visionary project collect-
ing multiple tissue types (up to 54) from about 960 deceased donors to study the rela-
tionship between genetic variation and gene expression and provides the whole genome
sequence and RNA-seq data generated from these tissues. We take the V10 version as
described in [14], where all protocols are clearly explained.

We train an XGBoost model, starting from the S1500+ information, to reconstruct the
whole transcriptomic signal with varying accuracy, depending on the chosen tissue, but
comparable with S1500+ selection as in [3]. Once the training is over, we take advan-
tage of the “feature importance’, an internal function of XGBoost, for the full explain-
ability of its inner working, and we rank the S1500+ according to it (see also [12] for a
recent report on such methods). We then show that the top 500 genes, ranked according
to their feature importance, separately for each tissue, can reconstruct, through a new
training the whole transcriptomic signal with accuracies comparable to the S1500+ one,
thus showing that our tissue specific selection of genes allows a reduction of roughly
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80%, from the 2600 genes as in [3] to 500 genes. These genes can successfully recon-
struct the full transcriptomic signal in a tissue-specific manner, thus represent a sub-
stantial improvement with respect to both [3] and [5]. We measure accuracy according
to several popular metrics as Mean Absolute Error (MAE), Mean Square Error (MSE),
etc. see Sect. 2. The selection of genes varies significantly across tissues, and the number
of selected common genes between two tissues (see also our Appendix).

We validate our selection by using the 500 genes we selected for brain tissue to pre-
dict the presence of radicular neuropathic pain, employing a completely different data-
set from GTEx. In [15] the authors showed, through a proof of concept study, how a
machine learning approach to RNA transcriptome analysis holds the potential for such
prediction. They first perform RNA-sequencing on dorsal root ganglia (DRG) samples,
taken from patients with variable presence of radicular/neuropathic pain. Then, using
such labeled data (pain versus no-pain), they applied a Random Forest model to classify
whether a sample belonged to the “pain” or “no-pain” category, achieving an accuracy
of approximately 90% on a small set of samples. We take a similar, yet subtly different
approach: we train an XGBoost model, starting with information from the top 100 genes
in our ranking, then adding the information of one gene at a time as the experiment
progresses, repeating the training as the information of each gene is added. We observe
that maximum accuracy is reached only after including the EGR1 gene, suggesting that
it plays a key role in the development of chronic pain, as independently confirmed by the
study in [16].

In summary, we developed a novel approach to introduce a data-driven concept of
gene importance in transcriptomic analysis, tailored to specific tissues. We demonstrated
that a relatively small set of 500 genes can successfully reconstruct the full transcrip-
tomic signal, achieving accuracies comparable to the S1500+ recognized set. Even using
a fraction of this set (250 genes) still yields a reasonable level of accuracy. We validated
our findings on a different dataset with binary labeling for the presence of radicular/
neuropathic pain. Our approach highlights the EGR1 gene, confirming independent
findings, and shows potential of our proof of concept method for future significant bio-
medical applications (e.g. cancer studies [17]), that should also be taking into account
possible bias inherent to transcriptomic data [18, 19].

2 Materials and methods

We describe in this section the datasets we use for our gene selection and predictions,
the machine learning algorithm for the gene selection (XGBoost) and the metrics we use
to establish the accuracy of our prediction.

2.1 Datasets

GTEx dataset. The Adult Genotype Tissue Expression (GTEx) Project [13, 14] is an
extensive public resource for researching human gene expression and regulation, as
well as its connection to genetic variation across various diverse tissues and individuals.
All the included individuals were densely genotyped to check for genetic variation by
Whole Genome Sequencing (WGS) [20]. Gene expression of each tissue was assessed
by RNA sequencing (bulk RNA-seq). In the present work, we focus on the Gene Expres-
sion Transcripts Per Million (TPM) data available for the GTEx V10 release (december
2024). The GTEx V10 release spans 31 generic tissue types divided in 54 specific tissues,
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for about 1000 adult individuals. For our analysis we focused on the most abundant 5 tis-
sues: brain, skin, blood, esophagus and blood vessels; their numerosity is given in Table
1.

$1500+ Genes. The S1500+ gene set [3] is a set of sentinel genes that adequately rep-
resents all canonical pathways from the Molecular Signature Database (MSigDB v4.0)
[21, 22] and can be used to infer expression changes for the remainder of the transcrip-
tome. The S1500+ set was obtained using first a data-driven computational model, then
augmenting it by the addition of a knowledge-driven selection of supplementary genes.
In this work, we use the S1500+ gene set as a starting point to rank gene importance
for each of the five tissues. We then select the top 500 genes from each list and, after a
second training, we measure the accuracy of full transcriptomic signal reconstruction,
using only the information from these 500 selected genes. We always focus on one tissue
at a time.

2.2 Algorithm and accuracy evaluation metrics

We briefly describe the algorithm XGBoost and the evaluation the performance of the
trained models using the metrics: Mean Absolute Error (MAE), Mean Squared Error
(MSE), R2 score and Fold metric. We shall describe just the R2 score and Fold metric,
MAE and MSE being standard.

Algorithm XGBoost. The Extreme Gradient Boosting (XGBoost), is a scalable distrib-
uted gradient-boosted decision tree (GBDT) machine learning algorithm [7]. XGBoost is
an ensemble classifier that uses the power of many weak learners working together, simi-
larly to the well known Random Forest algorithm [8]. XGBoost is considered the gold
standard machine learning algorithm for handling tabular data outperforming neural
networks [23] and other boosting methods [24]. Furthermore, being a Gradient Boost-
ing Method (GBM), during training, XGBoost calculates the relative importance of each
input feature. The importance of features computed by XGBoost can be used to rank
them by their impact on the output. We employed XGBoost native feature importance
function to rank the importance of each gene in the reconstruction of the full transcrip-
tome signal for each of the five examined tissues.

R2 score. The coefficient of determination, also known as R2 score and denoted by R2
is defined as:

R2—1_ Zi(yz - 33_1)2
>y —9)?
where y;, §; and ¥y are the ground truth, the predicted label and the sample average
respectively. It provides a measure of how well observed outcomes are replicated by the
model, based on the proportion of total variation of outcomes with respect to the model
prediction. Notice that the closer the R2 score is to 1, the better the prediction is. More
importantly, it indicates greater reliability in statistical terms. In fact, a prediction close
to the average of sample values will result in a large negative R2 value. Indeed, this met-
ric can also take on a negative value, unlike more popular metrics such as MAE and
MSE, highlighting, in such case, the poor statistical meaning of the prediction.

Table 1 Samples per tissue, we use from GTEx
Blood Brain Skin Esophagus Blood vessel
Number of samples 1130 3234 2057 1578 1431
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Ranking top 500 predictors by

$1500+ / —p B
First training loop —  Trained models |y ey T Second training loop —p  Trained models  __y,

evaluation

GTEx

Test data

Fig. 1 Flow chart of our algorithmic procedure to reach the transcriptomic signal prediction

Table 2 Metrics for the brain tissue: first training (S1500+)

Fold MSE MAE R2 FM Mean Variance
0 225789 1.902 0.770 0.853 18.848 6995.647
1 287.346 1913 0.529 0.853 18.948 6793.331
2 369.551 1.900 0.733 0.852 18.599 7401.000
3 292287 1.902 0.746 0.853 18.880 7618306
4 289.341 1.888 0.769 0.854 18.829 7536.330
Mean 292.863 1.901 0.709 0.853 18.821 7268923

Fold Metric. The Fold Metric is defined as:

FM(y, ) = { minty e iy > 0 )
1, ify=0 or g<t
where ¢ is the first non-zero percentile of data, e.g. if the first percentile of the data has
transcription expression value equal to zero we set ¢t = 0. This parameter takes into
account the fact that our dataset is sparse.

For simplicity we report the mean across samples of how many prediction fall within 2
folds. In other words we check, on average, on how many genes FM(y, §) < 2. The final
metric is normalized to obtain a number between 0 and 1 representing the fraction of
genes whose prediction is within two folds from ground truth. The closer this index is to
1, the better the prediction is.

3 Results and discussion

Our results are obtained as follows and the procedure is summarized in the flow chart
in Fig. 1. We first perform a standard training of the XGBoost algorithm, aiming at the
reconstruction of the full transcriptomic signal, starting from the information contained
in the S1500+ dataset. For this training, we take a standard 5-fold cross-validation on
each of the GTEx datasets of the five tissues as in Table 1. After such training, we achieve
the reconstruction of the full transcriptomic signal, as in the work [3], with similar accu-
racy. The accuracies resulting from this first training are reported for each fold and for
each tissue in Table 2 (brain), Table 4 (skin), Table 6 (blood), Table 7 (esophagus), Table
8 (blood vessels).

Once this first training is over, we compute the importance of each gene, using the fea-
ture importance function of XGBoost and taking the average of such importance across
the five folds, accounting also for the statistical relevance of the results in each fold, via
the R2 score. Our formula to compute the importance of a given gene G is:

5
1

n=1
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where Impg, ,, is the value of the feature importance function of XGBoost in the n'"
fold for a given gene G. We multiply Impg ,, by R2,, the R2 score in the n* fold, to
give more weight to the statistically relevant folds. The feature importances obtained by
XGBoost give a quantitative way to understand which are the feature that are more valu-
able in constructing the boosted decision trees part of the XGBoost model. In our case,
genes with an higher importance are deemed by the algorithm to have an higher expres-
sive power to predict the TPM values of the target genes. As these importances are more
informative the more effective the model is, we have weighted them using the R2 scores
obtained for each fold. This mechanism can be interpreted as an attention mechanism:
our modified importances pay more attention to the importances of the best perform-
ing models. We remark that this is very similar to XGBoost feature importance: it just
rewards the folds with more statistical significance.

We then proceed to rank genes according to their importance as computed in (1). For
each tissue we take the top 500 genes, that we shall call, from now on, the top predictors
and we retrain XGBoost to reconstruct the full transcriptomic signal, starting from this
information. This second training is conceptually the same as the first one, except that
we replace the S1500+ gene set with the 500 top predictors for each tissue. We report
the results of the second training in Table 3 (brain), Table 5 (skin), Table 9 (blood), Table
10 (esophagus), Table 11 (blood vessels), and we discuss them in detail below.

We explain graphically in Fig. 1 how our algorithm arrives to the predictions of the full

transcriptomic signal for each tissue using only the top 500 predictors.
We trained each XGBoost model using the hyperparameters shown below, resorting to
the default XGBoost library hyperparameters, when not specified. In particular, we take
as hyperparameters for XGBoost the ones found in [5], where the authors perform a grid
search to determine the optimal hyperparamenters to use for a gene expression value
prediction task very similar to ours. The only exception is the number of estimators: as
our dataset is smaller than the one used in [5], we used 150 instead of 300, to reduce
overfitting as we found that with both choices the algorithms achieve similar perfor-
mances on the validation set.

No. of Learning Max Training sub- Columns sub- Gamma Impor-

estimators rate depth sample ratio sample ratio tance
type

150 0.100 8 0.800 0.800 0.100 Total Gain

3.1 Transcriptome signal prediction in tissues

We now examine the predictive power of our trained XGBoost algorithm on the tran-
scriptome signal reconstruction after the first and then after the second training, when
we use just the top 500 predictors. We report our results separately for the various tis-
sues: brain, skin, blood, esophagus and blood vessels.

Table 3 Metrics for the brain tissue: second training (top 500 predictors)

Predictors MSE MAE R2 FM Mean Variance
S1500+ 292863 +45658 1901 +£0.008 0.709+0.091 0853+0001 18821+ 7268923
0.118 +319.964
top 500 784818 £345.112 2310+0.029 0641+0082 0.854+0001 20279+ 8199.891
0.173 +650.727
top 500* 409.656 £43.633  2.113+£0024 0.709+0.028 0854+0.001 20279+ 8199.891
0.173 +650.727
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Brain tissue. Brain tissue is one of the most represented tissue type in the Adult GTEx
dataset and the study of its transcriptome is a crucial step to answer several biological
and clinical questions (see also Sect. 3.2). In the first training, the model is trained with
the information of the S1500+ gene set and, at the end of the training, it achieves good
results, in reconstructing the full transcriptomic signal, as expressed in Table 2, for each
of the five folds according to the metrics described in Sects. 2, 2.2.

In fact, the model scores a median R2 of 0.7 and a mean MAE of 1.9 compared with
a mean testing data variance of 7268.92. Overall, the performances are stable across the
five folds. It is worth noting that, while the MAE is quite small across all the folds, the
MSE is significantly larger. This relation between MAE and MSE suggest that the model
performs quite well in regressing the expression profiles of most genes, hence the low
MAE, but it makes some significant errors on few genes, giving an higher MSE.

We then determine the top 500 predictors of the S1500+ ranked by importance as
computed in formula (1). Figure 2 expresses in a graph the importance of the top predic-
tor genes for the brain tissue.

Once the top 500 predictor list is determined, we proceed and perform the second
training. The average performance of the model trained with the information coming
just from the top 500 predictors in reconstructing the full transcriptomic signal is very
similar to the one obtained the S1500+ set as summarized by Table 3. This similarity in
performance clearly confirms that it is possible to reduce the number of predictors with-
out decreasing the performance on tissue-specific data. Hence the top 500 predictors
hold the capability to reconstruct the full transcriptomic signal.

In Table 3, we denote with 500* the predictions of the transcriptomic signal excluding
the S1500+ genes, to make the comparison between the S1500+ and the top 500 predic-
tors performances more fair. In any case we report in the table below the results of the
top 500 predictors on both the full transcriptomic signal (500 label) and the transcrip-
tomic signal where we remove the S1500+ set (500* label). More in general we denote
with V* the N top predictor genes excluding those in S1500+, to make a fair comparison
with the S1500+ performance.

Skin tissue. After the first training, the XGBoost model trained on skin data achieves
a lower performance than the one trained on brain data in the task of reconstructing
the full transcriptomic signal using the information of the S1500+. In fact in Table 4 we
notice higher MSE and MAE than the one reported in Table 2 on brain data, however
it must be noted tht the variance of skin data is significantly larger. Furthermore, the

1e10 Brain top predictors

] 50 100 150 200 250
ACAT2 GJB2 RAPGEF2 SPTAN1 SNRPA MPC2

Fig. 2 Importance of the top predictor genes for brain tissue
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Table 4 Metrics for the skin tissue: first training

Fold MSE MAE R2 FM Mean Variance
0 2519.287 3636 0.595 0.821 30.902 72573.096
1 2624.706 3.631 0.600 0.826 30.290 70782.972
2 2200413 3.522 0.592 0.822 30.681 70723.796
3 2395.010 3613 0.361 0.823 30.585 69129.999
4 2209.257 3.600 0.201 0.820 30.836 72261.590
Mean 2389.735 3.600 0470 0.823 30.659 71094.291
lell Skin top predictors
2.0
|

15 |

Lo

05 \

0.0 S — — — —

0 50 100 150 200 250
TNFRSF10B MAT2A CIR PPARD PIN1 MUC20

Fig. 3 Importance of the top 250 predictor genes for skin tissue

Table 5 Metrics for the skin tissue: second training (top 500 predictors)

Predictors MSE MAE R2 FM Mean Variance
S1500+ 2389.735+ 167593 3600+0041 0470+0.162 0.823+0002 30659+  71094.291
0.216 +1236.291
top 500 3823821 +101.667 4803+0.064 0435+0.154 0824+0.001 35770+  87331.877
0.107 +1568.660
top 500* 2946.035+160.183  4.023+0.058 0463+0.127 0824+0.001 35770+  87331.877
0.107 + 1568.660

model achieves lower R2 score and similarly lower FM with respect to the one trained
on brain tissue.

We report the results regarding the first training, that is the transcriptomic signal
reconstruction with the S1500+ information in Table 4 and the graph of the gene impor-
tance in Fig. 3.

As for the second training, we notice that, similarly to the brain tissue model, the
model trained using just the top 500 predictors achieved again comparable perfor-
mances with respect to the S1500+, as reported in Table 5. Thus, we confirm that the
information contained in the top 500 predictors can successfully reconstruct the full
transcriptomic signal also for the skin tissue.

Blood, esophagus, blood vessel tissues. In this section we report the results relative
to the first and second training of the model for the tissues: blood, esophagus, blood
vessels (Tables 6, 7, 8). Similar considerations as in the previous exposition of skin tissue
result hold for these results. In particular Tables 9, 10, 11, confirm the capability of the
top 500 predictors to reconstruct the full transcriptomic signal (See Figs. 4, 5, 6).

Notice that, as our tables show, the metrics for blood, esophagus and blood vessel tis-
sues appear more unstable, with respect to those regarding brain and skin tissues. This is
due to a reduced number of samples available for the training as our Table 1 shows. Since

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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Table 6 Metrics for the blood tissue: first training

Fold MSE MAE R2 FM Mean Variance

0 1317454 3.130 0323 0.740 21.920 31269.100
1 1338.857 3.175 0.297 0.739 22.146 31492.946
2 1232.518 3.124 0471 0.748 23.105 31687.549
3 1495.385 3.047 0.116 0.742 22.139 30260.275
4 1381.304 3.239 —0.043 0.741 23319 29799.153
Mean 1353.104 3.143 0.233 0.742 22.526 30901.804

Table 7 Metrics for the esophagus tissue: first training

Fold MSE MAE R2 FM Mean Variance

0 2315.095 3.557 -0.251 0.826 27487 60729.925
1 1814.509 3.465 -9.999 0.827 27316 62694.249
2 4557481 3.575 0378 0.826 27442 65742.101
3 1915.733 3.443 0.591 0.826 27018 55770.666
4 2078.051 3.573 0430 0.825 27416 58762.818
Mean 2536.174 3523 -1.770 0.826 27.336 60739.952

Table 8 Metrics for the blood vessel tissue: first training

Fold MSE MAE R2 FM Mean Variance

0 1542.074 4572 0.237 0.805 33.653 34300.505
1 1676.169 4460 —-1.088 0.808 33.524 35020.225
2 1598.693 4.544 0311 0.807 33.554 33921.032
3 1385.905 4.387 0.347 0.808 33474 33455.230
4 1493.017 4472 —1.547 0.808 33.789 34373410
Mean 1539.172 4487 —0.348 0.807 33.599 34214.080

Table 9 Metrics for the blood tissue: second training (top 500 predictors)

Predictors MSE MAE R2 FM Mean Variance
S1500+ 1353.104 3.143 0.233 0.742 22.526 30901.804
std 113.818 0.035 0.211 0.002 0.285 768.249
top 500* 1541.806 3.651 0.092 0.744 24631 33704.971
std 139471 0.030 0.374 0.002 0.294 721.852
top 500*tbf 292.863 1.901 0.709 0.853 18.821 7268923

Table 10 Metrics for the esophagus tissue: second training (top 500 predictors)

Predictors MSE MAE R2 FM Mean Variance
S1500+ 2536.174+1024.713 3523+0057 —1.770+4.125 0.826+0.001 27336+  60739.952
0.168 +3389.505
top 500 2367.105+951.715 3960+ 0060 —1.253+2.701 0.828+0.001 29026+  57517.187
0.185 +3021.023
top 500% 2409.652 +1078.885 3.662+0.054 1479+3038 0.828+0001 29026+  57517.187
0.185 +3021.023

the performance correlates with sample size, we expect a better performance with larger
datasets. Moreover the brain samples are more diverse, besides being more numerous,
thus helping XGBoost in the learning process and reaching a better generalization capa-
bility, for such tissue.

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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Table 11 Metrics for the blood vessel tissue: second training (top 500 predictors)

Page 10 of 15

Predictors MSE MAE R2 FM Mean Variance
S1500+ 1539.172+£97919 4487 +£0066 —-0.348+0.806 0.807+0.001 33599+  34214.080
0.112 + 518547
top 500 1588899 +113.820 4.830+0.074 —0599+0973 0.809 +0.001 34.730 £ 32529.391
0.115 + 438951
top 500* 1468360 + 88372 4607 £0064 —0.516+0903 0809+0.001 34730+  32529.391
0.115 +438951
1e10 Blood top predictors
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Fig. 4 Importance of the top predictor genes for blood tissue
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Fig. 5 Importance of the top predictor genes for esophagus tissue
1e10 Blood Vessel top predictors
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Fig. 6 Importance of the top predictor genes for blood vessel tissue
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3.2 Application for pain versus no pain prediction

We now examine a database consisting of the RNA-seq data from 21 DRG (Dorsal
Root Ganglia) samples from 15 patients as in [15]. We perform several experiments
with XGBoost, following the same pattern as in [15], where they train a Random For-
est algorithm with cross-validation method that leaves out one sample at each run. We
take advantage of our 500 top importance gene selection of the brain tissue, as explained
in the previous section, see Table 3, since we expect the gene ranking for this tissue to
contain the key information for the pain versus no pain prediction for DRG samples of
selected patients [15]. These are the top 500 genes according to our ranking, and they
allowed us to obtain a full transcriptomic signal reconstruction with accuracy compa-
rable to the S1500+ as expressed in Table 3.

As for the present question, we perform via XGBoost a binary pain versus no-pain
classification by taking a varying number of genes starting from 100 up to the full
S1500+ set, following the order of importance (Fig. 7). We describe in more detail our
procedure, exemplified in the flow chart given below. To start with, we rank the S1500+
gene list to obtain an ordered list. We then choose the fist 100 genes of this ordered
list as predictor genes and we perform a Leave One Out Cross Validation (LOOCYV) of
an XGBoost binary classifier using as features only the seleected predictor genes. The
performance of the LOOCYV is evaluated computing the accuracy, precision, recall and
F1 score metrics, (see also the procedure found in [15] for more explaination). The pro-
cess is then repeated selecting as predictor genes the first 101, 102, 103, ...genes of our
ordered list until we use as predictor genes all the S1500+ genes for which we have data.
For our XGBoost classifier, we set the n_estimators, max_leaves and max_depth to be
equal to 25, 10 and 5 respectively following the choices made in [15] for the parameters
of the random forest algorithm they employ. We used a learning rate of 0.01 and left the
other hyparparameters as the default ones for this task. Finally, in each LOOCYV fold,

Ranked gene list

s

LOOCYV using LOOCYV using LOOCYV using

as predictor as predictor the fiirst LOOCYV using
genes the genes the 102,103,... alle the
(ERNY first 101 fth 51500

genes of the irs genes genes of the + genes

list of the list list
y
Compute Compute Compute Compute
Accuracy, Accuracy, Accuracy, Accuracy,
Precision, Precision, Precision, Precision,
Recall, F1 Recall, F1 Recall, F1 Recall, F1
SCOlS score score score
L

l

Merge scores and
visualize results

Fig. 7 Flow chart of our gene addition procedure. Starting from the S1500+ gene list ranked using the feature
importances we perform and evaluate a LOOCV on our dataset using the first 100, 101, 102, ... genes of our list
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Fig. 8 Pain classification accuracy

we modified the parameter scale_pos_weight of XGBoost as described in the XGBoost
documentation to address the class imbalance. We report accuracies in Fig. 8 and also in
a section in the appendix.

Notice also, that for this part, our training method is substantially different than the
one used in the previous section. It is also important to take into account that our data-
base is not balanced and contains only 25% of no pain labels. Consequently, the accu-
racy achieved by a weighted random guess is 62.5%, while the accuracy achieved by a
naive majority-class prediction is 75%. We can use these two accuracies as a baseline for
our evaluations, [25]. Indeed, the accuracy of a binary classifier on an unbalanced set is
obtained by the formula

accuracy = P(class = 0) = P(prediction = 0) + P(class = 1) * P(prediction = 1) = 0.62
since in our case,

P(class = 0) = P(prediction = 0) = 0.75
and

P(class = 1) = P(prediction = 1) = 0.25

This is the accuracy obtained by a weighted guess on a data with the given imbalance
(0.75 and 0.25) and we take it as baseline for our reasoning on accuracies.

Figure 8 represents the accuracy of the model on the y axis and the number of predic-
tors on the x axis. We also report in our appendix more graphs regarding other metrics
for our result.

We notice the following remarkable fact: we reach maximum accuracy, once we
include the gene EGR1 (ranked as the 164" most important regressor for the brain tis-
sue). Indeed, there is a growing consensus [26] on the fact the EGR1 gene may play a
critical role in the development of chronic pain. In both animal and human studies [16],
EGR1 has been found to be upregulated in pain-processing brain regions and the spinal
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cord following nerve injury or inflammation [27-29]. Despite the fact we cannot claim
EGRI1 to be a definite biomarker for chronic pain based solely on our study, our method
supports the conclusions and it is in accordance with the findings of the above men-
tioned bibliography.

Hence, our machine learning method demonstrates merit in the following ways:

o It successfully predicts pain versus no pain by analyzing a small subset of genes,
thereby confirming the findings of [15], which, although limited in statistical power,
address a highly relevant topic.

«+ It suggests a potential correlation between the EGR1 gene and the presence of
chronic pain in a limited number of patients, as also indicated in [15].

Although such a small sample size cannot provide statistically significant results, our
gene-ranking approach offers valuable insights into potentially relevant genes for the
biomedical question and calls for a further investigation on this topic with larger and
more statistically balanced datasets. Furthermore, it corroborates the findings of other
studies [15] based on the same limited dataset, thereby supporting the potential for fur-
ther investigation using similarly reduced datasets.

4 Conclusions

We show that the XGBoost algorithm can be effectively trained to reconstruct with
accuracy comparable to the state of the art algorithms, the full transcriptome gene
expression in selected tissues, using the information relative to our selection of top 500
predictor genes, ranked via the importance feature in XGBoost. The ranking of the genes
and the accuracies are strictly tissue dependent. By exploiting the information regarding
the order of importance of the top 500 predictor genes from the brain tissue, we examine
a pain versus no-pain labelled dataset. Our method is highlighting the EGR1 gene as a
possible indicator for pain versus no-pain conditions, hence confirming preliminary in
vitro studies with our in silico methods. The pain case study exemplifies how our rank-
ing based on gene importance in XGBoost can drive hypotheses (e.g. EGR1 related to
pain mechanism), however larger validations are essential to confirm our proof-of-con-
cept method.
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