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Abstract: Applying the iterative methodology for dimensionality reduction/feature selection using
categorical gradient boosted trees, as it has been defined in [1] and has been successfully applied on
similar datasets in [2] and [3], on a dataset consisted of 12708 gene expressions coming from 5052
individuals from 105 studies, we classify whether a person has acute myeloid leukaemia (AML) or is
healthy. A CatBoost model on a dataset with reduced dimensions of 72 genes reached a ROC-AUC
score of 0.9973 using ten fold cross validation (10CV) and ROC-AUC: 0.9988 on an inference dataset.
We further investigate the options of using less genes that potentially could be used in clinical practise
and genes than have not been associated to AML yet, or to blood cancer in general. On the same
folds of the 10CV and on the same inference dataset the performance of the tuned CatBoost models
show that it could be the case that not all genes with an association to AML have been found yet and
19 genes could be enough to predict AML: CatBoost63 (ROC-AUC: 0.9941, Test: 0.9942), CatBoost19:
(ROC-AUC: 0.9946, Test: 0.9941) and CatBoost15: (ROC-AUC: 0.9922, Test: 0.9900). In addition, our
results verify that a gene diagnostic test for AML could be possible in the future as well as further
research is needed on these 15 genes that it could lead to new and better drugs.

Keywords: acute myeloid leukemia; blood transcriptomics; machine learning; explainable artificial
intelligence; Catboost

1. Introduction

Acute myeloid leukaemia (AML) [4] is the most frequent sort of leukemia for adults, while having
the lowest survival rate of all leukemias [5]. When diagnosed with AML after the age of 65, mortality
exceeds 90% [6]. For AML in the majority of cases, no early detectable symptoms occur [6]. Meanwhile
not treating AML is fatal [5,7] and a quick prognosis can have a significant impact on overall survival,
even in an intensive care unit [8]. A study analyzing over 25 different gene expressions of AML has
shown that there are various genes associated to the disease [9]. In this paper gene expression data is
used to create a machine learning model which classifies AML versus healthy cases. We also created a
machine learning model which classifies AML versus healthy and patients from other diseases. We
sought to improve the identification of AML-related genes by generating a new model. Our work
could be seen as complementary to the work in [1,3] since 26 genes not associated to AML have already
been identified using probe-set dataset, where here we identify 63 more.

Using machine learning, the diagnosis of AML can be improved, essentially creating a screening
tool [10,11]. Here we present a newly-developed method to utilize machine learning in early diagnosis
of AML. The actual dataset that is used in this paper has been used before to predict the AML disease
[12]. In this paper, a new and different method will be used to exceed the prediction performance of
the previous work on the same dataset. In order to classify the actual cases of AML versus healthy;,
we follow the same methodology which has been defined in [1] and applied successfully in [1,3].
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Namely, starting from 12708 genes we tune a CatBoost model [13] and we used it as dimensionality
reduction technique taking into account features” importance for both predictability and loss function.
We identify the 100 most important features regarding both, predictability and loss function and we
compute the intersection of them. The intersection contains 57 genes. We know from [1] than there
are 26 genes which are highly correlated with AML. We take the intersection from this 26 genes and
the initial 12708. This leads as to 15 genes. We add these 15 genes to the 57 genes and we tune a new
CatBoost model on these 72 genes. Finally, similarly to [1,3] we keep only 62 genes for which there is
no bibliographic reference of them to AML; we add only one gene which is highly correlated to AML
and we end up to 63 genes.

To establish a gene set with potential diagnostic utility for AML, we aimed to limit our analysis to
no more than 20 genes. By selecting the top 19 genes based on their importance, we tuned a CatBoost
model, which demonstrated remarkable predictive performance, evidenced by a ROC-AUC of 0.9946
during 10CV and 0.9941 on the independent inference dataset. Further optimization led to a final model
configuration based on a subset of 15 genes from the initial 19, noteworthy for their lack of previous
association with any form of blood cancer. The adjusted model achieved a ROC-AUC of 0.9922 in
10CV and 0.9900 in the inference dataset, suggesting the potential for undiscovered gene associations
with AML. Our findings serve as a complementary extension to the research conducted by Angelakis
et al. [1,3], which utilized a larger feature space comprising probe-sets nearly fourfold greater in size.
The implications of our study extend to the delineation of a gene profile characteristic of AML and the
novel identification of genes implicated in AML that have not been previously associated with the
disease. Crucially, the discovery that genes not previously associated with AML can predict the disease
underscores the potential for groundbreaking advancements in drug discovery. This revelation opens
new avenues for therapeutic intervention, allowing for the exploration of novel targets that may offer
more effective or specific treatments for AML. By broadening the genetic landscape associated with
AML, our research paves the way for the development of innovative drugs that could significantly
enhance patient outcomes by targeting these newly identified genetic markers.

2. Materials and Methods

The initial dataset is a publicly available and contains three datasets, derived from 105 studies [12].
Each of these datasets contain blood transcriptomics data. The first dataset uses HG-U133A microarray to
asses 2500 samples of 2500 individuals. The second dataset uses HG-U133 microarray to asses 8348 samples
of 8348 individuals. The final dataset uses RNA-seq to asses 1181 samples of 1181 individuals. Combining
these datasets gives 12029 samples of 12019 individuals, each containing 12708 genes. From these 12029
samples, 907 are healthy, 4082 have the disease AML and 63 have the disease Acute megakaryoblastic
leukaemia (AMKL). AMKL is a rare sub-type of AML [14]. And is thus considered as AML for this study.
The samples with other diseases are dropped, giving a dataset containing 907 healthy cases (17.95%) versus
4145 cases of AML (82.05%). We did not use any other information as regards the individuals, like the age,
sex, etc. since this would drop the number of samples drastically. Age is highly correlated to AML and since
it has been proved [1,3] that its role is really important regarding the predictability of AML using CatBoost
and transcriptomics data, we believe that in the future we will be able to enrich this or similar dataset with
age so that the performance of our models to be higher.

For the problem of classification of AML vs. Healthy individuals the dataset contains 5052 data
instances which correspond to 5052 individuals, each containing 12708 genes. The dataset has been
randomly split in two sets, the training and the validation datasets. The training dataset contains 80% of the
data and the validation dataset 20%. The percentages of the AML and Healthy individuals are the same in
both datasets and close to 20% of healthy and 80% of AML. In order to do the parameter tuning we used 10
fold cross validation (10CV) [15]. Since we want our models to be machine’s agnostic (meaning we do not
want to add as feature if a data-instance comes from HG-U133A, HG-U133 or from RNA-seq) we used in
our dataset data-instances from the three different sources. CatBoost is a gradient boosting algorithm that
solves the prediction shift, which is present in other existing boosting techniques, by using ordered boosting
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with ordered target statistics. By doing so it outperforms other gradient boosting algorithms like XGBoost,
LightGBM, etc.. Even though CatBoost has been developed and it is recommended for tabular datasets
consisted of categorical features, various works on numerical features derived from utrasound B-mode and
shear wave elastography, as well as the parameters of FIB-4 score, has been shown that CatBoostcan has
great performance on numerical data without discretization techniques applied on them. As the datasets
are imbalanced, all of the models make use of the weight balance parameters offered by the CatBoost library.
The tuning of the models has to do mainly with the following parameters: the number of iterators, the
learning rate and the depth. All other tunable parameters have been kept similar to the default values
offered by the CatBoost library. The first model is used for dimensionality reduction, the other models are
used to do the actual classification of AML. Dimensionality reduction improves the time complexity of the
training phase of machine learning models [16]. This has the advantage of being able to create and tune
more complex models.

2.1. AML vs. Healthy

The dimensionality reduction CatBoost model, which is the first one in the whole methodology,
has been tuned using: 200 iterators, depth of 4 and a learning rate of 0.1. From this dimensionality
reduction CatBoost model, we obtain the feature importance for each of its 12708 features. This is
done for both the importance regarding the change of the loss function during the training phase
and the importance regarding the predictability of the model itself. We took the 100 most important
features (genes) for both the predictability and the loss function and we computed the intersection
of them. This lead us to only 57 features. The above steps are similar to the method from [3]. In the
already proven method 34 genes have been found to have good predictive importance as regards the
classification of AML vs. Healthy individuals using probe-set data. In order to take advantage of this
previous work, we find the genes which belong to the intersection of the 12708 genes and the 34 genes
of [1]. The idea is that using genes which they already have importance as regards the predictability
of CatBoost model in the same problem, will benefit the performance of our models. There are only
15 genes that belong to this intersection. These genes are the following, '"ADAMTS2’, 'CEACAM3’,
"CHRNAS3’, 'DSG2’, 'TEAM153B’, 'FNDC3A’, 'GATA3’, 'LMANY’, '"MAL’, 'PATJ’, 'RPL10’, 'SERPINIZ’,
"SH2D3A’,'SLC46A3’, 'TRIM45. These genes together with the 57 genes of the dimensionality reduction
CatBoost model leads us to 72 genes. These 72 genes will be used in both of our models below.

The first model that is created after the dimensionality reduction has occurred, is a model which
uses as features the 72 genes which belong to the above intersection. The tuned CatBoost model has
600 iterators, a depth of 6 and a learning rate of 0.2. This model from now on will be referred to as
CatBoost72. According to the methodology of [1] for the next CatBoost model first we keep only these
genes from the above 72 which are not associated to AML (there is no bibliographic reference); these
are 62 genes. In [1] other than the non associated to to AML genes, one more feature has been used
which is highly associated to AML, namely, the age. In our dataset not all data instances had the age
filled-in so we decided not to use the age. In order to continue our process we included one gene
which from bibliographic references is highly associated to AML: the 'FLT3’. The resulting 63 genes are
used for this final model which has been tuned with 400 iterators, a depth of 6 and a learning rate of
0.2; and from now on will be referred to as CatBoost63. The main purpose of the CatBoost63 model is
to show that there are genes that are associated to AML and prove for once more after [1] that machine
learning can help in the identification of genes which have not been yet associated to AML helping
to uncovering the gene profile of this specific disease.In the methodological framework of our study,
we strategically confined our analysis to a maximum of 20 genes with the goal of identifying a subset
with diagnostic relevance for AML. This constraint led to the initial selection of 19 genes, chosen for
their statistical and biological significance. These genes formed the basis for our predictive modeling
using the CatBoost algorithm. The CatBoost model, refined with these 19 genes, exhibited exceptional
predictive capabilities, as evidenced by achieving a ROC-AUC score of 0.9946 in a 10CV process and
0.9941 on an independent inference dataset.

doi:10.20944/preprints202402.0593.v1
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Subsequent iterations of model optimization were conducted, focusing on a more selective gene
set comprising 15 of the initially chosen 19 genes. This selection was particularly notable for including
genes with no prior associations to blood cancers, aiming to explore their predictive power in the
context of AML. The refined model, henceforth referred to as CatBoost15, demonstrated a robust
ROC-AUC of 0.9922 in 10CV and 0.9900 in the inference dataset, indicative of a strong predictive
performance and hinting at the existence of previously unrecognized genetic markers for AML. The
optimized parameters for CatBoost19 included 95 iterations, a tree depth of 6, and a learning rate of
0.5. In contrast, the CatBoost15 model was adjusted to 200 iterations, a tree depth of 5, and a learning
rate of 0.2, reflecting the tailored approach to model refinement.

This systematic approach not only underscores our study’s contribution to the existing body of
knowledge, as echoed by the work of Angelakis et al. [1,3], but also highlights the methodological
rigor applied in narrowing down the gene set. Our exploration extends beyond the conventional gene
profiles associated with AML, venturing into uncharted genetic territories with potential implications
for novel diagnostic markers and therapeutic targets. The discovery of predictive capabilities in genes
hitherto unassociated with AML not only enriches the genetic landscape pertinent to the disease but
also signifies a leap towards innovative drug discovery, opening pathways for the development of
new therapeutic strategies. This advancement, rooted in our methodical analysis, sets a precedent for
future research aimed at enhancing patient care through genetically informed interventions.

An overview of how the different models and datasets stack up can be found in Figure 1.

Figure 1. A flowchart of modules consisting of the different datasets and models used in this study for
the binary classification problem of AML vs. Healthy individuals. The "Previously found genes’ come
from a similar method used in this study on another dataset [1]
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2.2. AML vs. Healthy & Other Diseases

In this study we use the dataset of a previous work [12]. In this work the AML vs. Healthy
problem has not been explored so our focus here is on this particular problem. In addition though, we
want to see how the CatBoost algorithm and the methodology of [1] applies on the binary classification
problem of AMI vs. Healthy & Other Diseases individuals. In [12] it is stated that Lasso had the best
performance but it was taken into account the differentiation of the data-instances provided from
HG-U133A, HG-U133 or from RNA-seq. Since we want our model to be agnostic on HG-U133A,
HG-U133 or from RNA-seq we use all the data-instances from the initial dataset. Similar methodology
to the previous work subsection 2.1 has been conducted. However, instead of the Lasso model that had
the best performance in [12], we use again CatBoost models. This comparison model is made using the
whole dataset, containing all the diseases and healthy people. From there the AML and AMKL cases
are seen as one class. Whereas all other diseases and healthy is seen as the other class. This model is
created to question if CatBoost and the methodology of [1] are able to achieve good performance in a
different problem using blood transcriptomic data.

The initial dataset has 12029 data-instances and 12708 features. First, a CatBoost model is trained
on the whole dataset in order to do a dimensionality reduction on the number of the features. This
dimensionality reduction CatBoost model has 100 iterators, a depth of 5 and a learning rate of 0.2.
After the training and tuning using 10 fold cross validation, we take the 100 most important features
as regards the predictability and the 100 most important features as regards the loss function. We
compute the intersection of them which contains 60 genes. From these genes, a new dataset is created,
containing only these genes as features. Given this new dataset, a new CatBoost model is tuned using
10CV. This model from now on will be referred to as CatBoost60. It has 200 iterators, a depth of 6 and a
learning rate of 0.5.

3. Results

3.1. AML vs. Healthy

The dimensionality reduction model has been created using the method mentioned above. The
results of this model can be seen in Table 1. The feature importance of this model regarding the loss
function change and the model predictability can be seen in Figure 2 and Figure 3 respectively. From
these figures it is clear that there is one gene that has a high score for feature importance for both the
loss function change and the predictability of the model. This gene is the "WT1".

Table 1. Performance of the dimensionality reduction CatBoost model for the AML vs. Healthy
problem on ten fold cross validation and on the test set using 12708 genes.

METRICS 10CV TEST

SPECIFICITY 0.9796 0.9837
SENSITIVITY 0.9973  1.000

AUC 0.9915 0.9982
F1-SCORE 0.9964 0.9982
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Figure 2. The 100 most important features of the CatBoost [13] dimensionality reduction model
regarding the change of the loss function for the AML vs. Healthy problem.
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Figure 3. The 100 most important features of the CatBoost [13] dimensionality reduction model
regarding the predictability of the model, for the AML vs. Healthy problem.

The intersection between the feature importance regarding the loss function and predictability
result in 57 genes. Adding the 15 genes from previous work [1] results in a dataset containing 72
genes. These genes can be found in Table 8, together with their references to blood malignancies
in literature. These genes are the following, 'FNDC3A’, "ASAH1’, 'CCNA1’, 'ALDH1AY’, 'NUDT11’,
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"HBBP1’,'ENTPDY’, IGF1R’, 'IFI27’, 'PRAME’, 'CHRNA3’, 'SERPINI2?’, 'CXorf57’, "'VPREB3’,”AOAH’,
"HOXB6’, 'SH2D3A’, 'EPS8’, 'DAB1’,"GPKOW’, 'FLT3’, "AVP’,’NXF3’, 'CES1P1’, 'RLN2’, 'NDUFB7’,
"HHEX’, 'TCL1A’, "C30rf14’, '/RPL10’, 'PF4’, 'S1PR4’, 'WT1’, ’CTDSPL’, '"EGLN2’, 'TRIM45’, 'LMANT’,
"MAL’, "CHRM3’, 'TRBV21-1’, 'CCL5’, 'TUBB1’, ‘CRISP3’, 'CEACAM3’, 'CXCL5’, 'TRAV21’,’CDC14B’,
"PCDHY’, '/KDM7A’, 'ISG20°, 'NUP214’, 'SERPINA1’, "ANAPC15’, 'SYNET’, 'SPX’, 'PATJ’, 'LCN2’,
"AKTIP’, 'BACH2’, 'TIAM1’, 'PECR’, "APOC4-APOC2’, ‘GP1BB’, 'TFAM153B’, 'ADAMTS?2’, "TPD52’,
'DSG2’, 'SLC46A3’, 'TBC1D9B’, 'MAPK12’, 'MYBL2’, 'GATA3’. This dataset is used to train the
CatBoost72 model. The performance of this model can be seen in Table 2. When comparing the
CatBoost72 model to the dimensionality reduction model. It is clear that the CatBoost72 model has
a higher score for all the metrics. This shows that reducing the complexity of tuning a model using
less features has a positive impact on the performance of the new model. It shows also that the
dimensionality reduction using CatBoost as dimensionality technique works well. The genes that
contribute the most to the results can be seen in Figure 4 and Figure 5, here the features importance
of the model regarding the loss function and predictability of the model are shown. We observe at
both figures is that the ‘WT1’ gene is the most important for both manners of looking at the feature
importance. The top 5 most important features regarding the loss function are "WT1’, 'CCL5’, "CXorf57’,
'CHRM3’, 'TCL1A’. For the predictability of the model the top 5 are "WT1’, 'FLT3’, " APOC4-APOC2’,
"C3orf14’, 'CXorf57’.

Table 2. Performance of the CatBoost72 model for the AML vs. Healthy problem on ten fold cross
validation and on the test set on the set using 72 genes.

METRICS 10CV TEST

SPECIFICITY 0.9877 0.9891
SENSITIVITY 0.9994 1.000

AUC 0.9973 0.9988
F1-SCORE 0.9983 0.9988
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Figure 4. The most important features of the CatBoost72 model regarding the change of the loss
function.
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Figure 5. The 100 most important features of the CatBoost72 model regarding the predictability of the
model.

The genes that do not have a bibliograhic reference to AML are the following 62: 'FNDC3A’,
"ASAHY’, "ALDH1A1’, 'NUDT11’, "THBBP1’, 'IFI27’, 'CHRNA3’, 'SERPINI2’, 'CXorf57’, 'VPREB3’,
"AOAH’, 'SH2D3A’, 'EPS8’, 'DAB1’, 'GPKOW’, "AVP’, 'NXF3’, 'CES1P1’, 'RLN2’, 'NDUFB7’, 'TCL1A’,
"C3o0rf14’, 'RPL10’, 'PF4’, 'S1PR4’, 'CTDSPL’, ’EGLN2’, 'TRIM45’, 'LMAN1’, '"MAL’, '"CHRM3’,
'TRBV21-1’,"CCL5’, 'TUBBY’, 'CRISP3’, 'CEACAM3’, 'CXCL5’, "TRAV21’,'CDC14B’, 'PCDHY’, ' KDM7A’,
"ISG20’, 'SERPINA1’, "ANAPC15’, 'SYNE1’, 'SPX’, 'PATJ’, 'LCN2’, "AKTIP’, 'BACH?2’, 'TIAM1’, 'PECR’,
"APOC4-APOC2’, 'GP1BB’, 'FAM153B’, '"ADAMTS2’, 'DSG2’, 'SLC46A3’, 'TBC1D9B’, '"MAPK12’,
'"MYBL2’, 'GATAS3'. This results in a dataset containing 63 genes. Using this dataset the CatBoost63
model is trained. The performance of this model can be seen in Table 3. When comparing the
CatBoost63 model to the dimensionality reduction model, it is clear that the CatBoost63 model has a
higher score for all the metrics. However, when comparing to the CatBoost72 model, for all the metrics,
the CatBoost63 model scores are lower, but not significant lower. This shows that using uncorrelated
to AML genes and only one highly correlated to AML that the predictability differs only for a fraction.
When looking at Figure 6 and Figure 7, the feature importance of the CatBoost63 model can be found.
When looking at the most important feature, both for the loss function change and the predictability of
the model, it is the 'FLT3" gene as expected since this is the gene which is highly correlated to AML. For
the CatBoost63 model the top 5 most important genes regarding the loss function change are 'FLT3’,
"C3orfl4’, 'PECR’, 'CXorf57’, " APOC4-APOC?2’. Regarding the predictability of the CatBoost63 model
the top 5 are 'FLT3’, ‘C3orf14’, ’APOC4-APOC2’ 'SYNE1’, 'CXorf57".
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Table 3. Performance of the CatBoost63 model for the AML vs. Healthy problem on ten fold cross
validation and on the test set on the set using 63 genes.

METRICS 10CV TEST

SPECIFICITY 0.9836 0.9730
SENSITIVITY 0.9982 0.9988
AUC 0.9941 0.9942
F1-SCORE 0.9973 0.9964
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Figure 6. The most important features of the CatBoost63 model regarding the change of the loss function.
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Figure 7. The 100 most important features of the CatBoost63 model regarding the predictability of the
model.
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For a potential application in clinical trial of a diagnostic test using the above 63 genes, one
considerable obstacle could be the cost. In general, using no more than 20 genes is a good initial
point for any further research or application of a diagnostic test. For this reason we identify the 19
genes: 'MAL’, "C3orf14’,’APOC4-APOC2’, "'TCL1A’, "CES1P1’,'NUDT11’, 'TLCN2’, "AKTIP’, 'FNDC34’,
"PECR’, "'TUBBY’, 'ISG20’, ‘CCL5’, "'GPKOW’, "/EGLN2’, 'FLT3’, ‘CXorf57’, 'SYNEY’, "EPS8’, which are
the most important regarding the predictability and the training process, as we did before. We tuned a
CatBoost model, namely the CatBoost19, with the following parameters: iterators: 95, learning rate:
0.50 and depth: 6, and we show in Table 4 that the performance is similar to the performance of the
CatBoost63 (Table 3. This makes the CatBoost19 a potential candidate for a gene diagnostic test on
AML. At Figure 8 and Figure 9, the feature importance of the CatBoost19 model can be found.

Table 4. Performance of the CatBoost19 model for the AML vs. Healthy problem on ten fold cross
validation and on the test set on the set using 19 genes.

METRICS 10CV TEST

SPECIFICITY 1.0000 0.9943
SENSITIVITY 0.9892  0.9940
AUC 0.9946 0.9941
F1-SCORE 0.9945 0.9964
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Figure 8. The most important features of the CatBoost19 model regarding the change of the loss
function.
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Figure 9. The weights of the features of the CatBoost19 model regarding the predictability of the model.

In our final experiment we wanted to investigate if using genes that have never been
bibliographically associated to AML or any other type of blood cancer, we could be able to create
a CatBoost model that distinguishes if a patient has or not AML with a performance similar to
CatBoost19. We drop the following four genes: "TCL1A’, 'TENDC3A’, 'FLT3’, 'SYNEY’, which are
associated to blood cancer [24,40,42,47]. We tuned a CatBoost model, namely the CatBoost15, with
the following parameters: iterators: 200, learning rate: 0.20 and depth: 5, and we show in Table 5 that
the performance is relatively close to the performance of the CatBoost19 (Table 4. At Figure 10 and
Figure 11, the feature importance of the CatBoost15 model can be found. Regarding the predictability
the most important gene is the "APOC2-APOC4’ which is associated to liver cancer ??; On the most
important feature in the change of the loss function we observe that the 'EPS8’ is the one that is
associated to various cancers ??. The most weighted gene for both the predictability and the loss
change being on the 2nd place is the "C3orf14” which is associated to renal cancer [20].

Table 5. Performance of the CatBoost15 model for the AML vs. Healthy problem on ten fold cross
validation and on the test set on the set using 15 genes.

METRICS 10CV TEST

SPECIFICITY  1.0000 0.9857
SENSITIVITY 0.9843 0.9943
AUC 0.9922  0.9900
F1-SCORE 0.9921 0.9956
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Figure 10. The most important features of the CatBoost15 model regarding the change of the loss
function.
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Figure 11. The weights of the features of the CatBoost15 model regarding the predictability of the
model.

3.2. AML vs. Healthy & Other Diseases

For the dimensionality reduction model for the AML vs. Healthy & Other Diseases, the results
can be seen in Table 6. From this model, the most important features regarding the loss function
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change and predictability of the model are taken. The feature importance can be seen in Figure 12
and Figure 13. The intersection of these features results in 60 genes. For this model these genes are,
‘GLRX’, "AZU1’, 'FLT3’, 'HMGB2’, 'CYP4F3’, ’APOC4-APOC2’, 'TP53TG1’,'CEACAMS’, 'RHOH’, 'LCK’,
"ATP9A’, 'SLC27A5’, 'GP1BB’, 'LCN2’, "ACTA2’, ’”ARHGEFY9’, ’AKTIP’, 'ENDC3B’, 'IGF2BP2’, "'SERPINIZ’,
"MPST’, 'CALR’, 'CD19’, '"HOMERS3’, 'PF4’, 'BLVRA’, 'CAMP’, "ASAH1’, 'TMEM131L’, 'KIAA1456’,
'CFD’, 'GOLIM#4’, 'GP1BA’, "ARL4A’, 'BLK’, ' TMEM40’, "HIST2H2BE’, ' HMCES’, '"HLA-F’,"ELOVLY’,
"PRAME’, 'EDEMY’, 'DEPTOR’, 'HOXAY’, 'NUDT11’, ‘CCL5’, 'NPR3’, 'LRIG1’, "ZNF423’, ‘C3o0rfl4’,
"TPSB2’, 'MIME’, "CRISP2’, 'RYR3’, 'RPL13AP20’°, 'WIPI1’, "UBL5’, IGHA2’, "ORM2’, 'MORF4L2’.

Table 6. Performance of the CatBoost [13] dimensionality reduction model for the AML vs. Healthy &
Other Diseases binary classification problem on ten fold cross validation and on the test set on the set
using 12708 genes.

METRICS 10CV TEST

SPECIFICITY 0.9929 0.9890
SENSITIVITY 0.9545 0.9643
AUC 0.9810 0.9801
F1-SCORE 0.9704 0.9717
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Figure 12. The 100 most important features of the CatBoost [13] dimensionality reduction model for
comparison regarding the change of the loss function.

Using the 60 genes found from the dimensionality reduction model. The CatBoost60 model is
created. The performance of this model can be seen in Table 7. It is clear that the performance of this
model is better than that of the dimensionality reduction model, as it scores higher for all the metrics
except for the specificity score of the validation set. The feature importance for this model can be seen
in Figure 14 and Figure 15. The top 5 most important features regarding the loss function change are:
‘APOC4-APOC2’, ‘GLRX’, ‘'DEPTOR’, ‘GOLIM4’, 'IGHA2’. When looking at the feature importance
regarding the predictability of the model the top 5 is made up from the following genes: ‘DEPTOR’,
‘APOC4-APOC2’, ‘AZUY’, "AKTIP’, 'MME’.
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Figure 13. The 100 most important features of the CatBoost [13] dimensionality reduction model for
comparison regarding the predictability of the model.

Table 7. Performance of the CatBoost60 model for the AML vs. Healthy & Other Diseases binary
classification problem on ten fold cross validation and on the test set on the set using 60 genes.

METRICS 10CV TEST

SPECIFICITY  0.993 0.9887
SENSITIVITY 0.9727 0.9742
AUC 0.9861 0.9825
F1-SCORE 0.9797 0.9764
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Figure 14. The 100 most important features of the CatBoost60 model regarding the change of the loss function.
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Figure 15. The 100 most important features of the CatBoost60 regarding the predictability of the model.

When comparing the most important features to the CatBoost63 and CatBoost72 models, it
is clear that there exists a difference in importance. There is a slight overlap, as all models have
"APOC4-APOC?2’ in both their feature importance except the CatBoost72 loss function change feature
importance. When looking at the overlap between the CatBoost72 and CatBoost63, there is more
overlap between the top 5 genes in terms of feature importance. For both of these models and both of
the feature importance, the CXorf57 exists in all top fives. In three of the four top fives of this model,
the 'FLT3’, ‘CSorfl4’ genes exist. This is quite interesting, apparently when classifying in the case
of AML vs Healthy other genes are more important than in the case with AML vs Healthy & Other
Diseases. Finally, when looking at the dimensionality reduction overall, all models that are created
using a dataset coming from a dimensionality reduction, outperform the dimensionality reduction
models themselves. Showing that the dimensionality reduction itself using CatBoost is a success and
works for this dataset.
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Table 8. The 57 resulting genes from using the CatBoost dimensionality reduction model and
intersection the top 100 features importance of this model regarding the loss function change and
model predictability with the 15 genes found from previous work [1] added, and their relation to blood
malignancies in literature.

Gene Symbol/NCBI  Accesion Blood Malignancies

Number

GATA3 acute lymphoblastic leukemia (ALL)[21]

DSG2 -

SLC46A3 -

SH2D3A -

CEACAMS3 -

MAL -

LMANT1 -

PATL2 -

TRIM45 -

RPL10 RPL10 T-cell acute lymphoblastic leukemia (T-ALL)
[22,23]

PAT] -

FNDC3A FNDC3A multiple myeloma [24]

SERPINI2 chronic lymphocytic leukemia (CLL) [25]

ADAMTS2 mixed phenotype acute leukemias (MPAL) [26]

CHRNA3 T-cell acute lymphoblastic leukemia (T-ALL) [27]

ASAH1 -

CCNA1 AML [28]

ALDHI1A1 -

NUDT11 -

HBBP1 -
AML  [29], CLL  [30], adult  T-cell

ENTPDI leukaemia/lymphoma (ATLL) [31]

IGFIR AML [32], ALL [33]

IF127 -

PRAME PRAME AML [34], CML [35], ALL [36]

CXorf57 -

VPREB3 -

AOAH -

HOXB6 ! AML [37]

AML52 ALL [38]

DAB1 T-ALL [39]

GPKOW -

FLT3! AML, ALL, CML [40]

AVP -

NXF3 -

CES1P1 -
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Table 8. The 57 resulting genes from using the CatBoost dimensionality reduction model and
intersection the top 100 features importances of this model regarding the loss function change and
model predictability with the 15 genes found from previous work [1] added, and their relation to blood
malignancies in literature. (continued)

Gene Symbol/NCBI  Accesion
Number

RLN2 -

NDUEFB? -

HHEX T-ALL, AML [41]
TCL1A CLL, T-prolymphocytic leukaemia [42]
C3orfl14 -

PF4 -

S1PR4 -

WT1 AML, ALL, CML [43]
CTDSPL aml [44]

EGLN2 -

CHRM3 -

TRBV21-1 -

CCL5 -

TUBB1 -

CRISP3 -

CXCL5 -

TRAV21 -

CDC14B -

PCDH9 -

PCDH9 -

ISG20 -

NUP214 ! AML, ALL [45], T-ALL [46]
SERPINA1 -

ANAPC15 -

SYNE1 ALL [47]

SPX -

LCN2 -

AKTIP -

BACH2 -

TIAM1 -

PECR -
APOC4-APOC2 -

GP1BB -

TPD52 AML [48]
TBC1D9B -

MAPK12 -

MYBL2 -

Blood Malignancies

4. Discussion

As mentioned before a different study has been done using the same initial dataset as used in
this paper. However different machine learning techniques had been used in [12] and also the dataset
has been split differently. A different form of dimensionality reduction has been used using the Lasso.
The dataset is reduced to 35 genes. Interestingly only the 'GOLIM4’, "ACTA2’, 'FLT3’, 'TPSB2’,'NPR3’,
'DEPTOR’, "ARL4A’, ' APOC4-APOC2’, ' HOMERS3’ are in the intersection between the 35 found in the
previous paper and the 60 found by the CatBoost dimensionality reduction method.

Using that dataset the authors managed to obtain a scores between 0.90 and 0.96 for specificity
and between 0.94 and 0.98 for sensitivity. The most fair comparison is to compare the model from
the previous study to the CatBoost60 model, as the method is the most similar. The scores for the
CatBoost60 model are especially higher for the specificity score, where the CatBoost60 model scores
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0.993. When looking at the sensitivity, the scores are actually similar to the model of the previous
study. Meaning that the performance of the CatBoost60 model exceeds the performance of the model
used in the previous study. Proving that the model used in this paper is better suited for this problem.
However, when comparing the previous work of [1] to the CatBoost72 and CatBoost63, it is clear that
the models proposed by [1], provide better solutions. Both models score higher in terms of both the
specificity and sensitivity by quite a margin. Showing that the models of [1] this method is a better
pick for the classification of AML using this dataset. It is worth to mention that our approach and our
results, as regards the AML vs. Healthy problem cannot be directly compared to the work of [1] since
the datasets are different. It can be used as complementary studies. On the contrary, our approach as
regards the AML vs. Healthy & Other Diseases can be compared to the results of [12] since we use the
same dataset, even though we take different approach.

As this paper uses a method that is already showen interesting results [1], it is interesting how
the results of this paper stack up to the paper in which this method was first used. In the paper
proposing the method an F1-score of 0.9996 is reached for the final model using non associated to AML
probe-stes. This score is not matched by any of the models used in this paper. However the CatBoost72
and CatBoost63 models do come real close with an F1-score of 0.9988 and 0.9964 respectively. These
close scores between the papers shows that this method works for the dataset used in this paper. And
that the method is applicable for more than one dataset. From the results it is clear that using the
method proposed in this paper, it is possible to classify AML vs. Healthy and AML vs. Healthy &
Other Diseases in a robust manner. The high scores in both specificity and sensitivity showcase that.
When looking at the scores of all models. It is also clear that the dimensionality reduction has an
positive impact on the performance of the models. Both the CatBoost72 and CatBoost63 models are
able to outperform the dimensionality reduction model. The same phenomenon can be seen with the
CatBoost60 model and its dimensionality reduction model.

In conclusion, the predictive capabilities of the CatBoost63, CatBoost19, and CatBoost15 models
in identifying AML are noteworthy, especially given that genes traditionally linked to AML were
deliberately excluded from their datasets, with the sole exception of 'FLT3’. This exception
notwithstanding, the models” high performance underscores the presence of additional genetic markers
relevant to AML that lack explicit bibliographic ties to the disease. The CatBoost15 model, in particular,
demonstrates robust predictive accuracy even when restricted to genes previously unassociated with
any form of cancer, further emphasizing the potential of machine learning in uncovering novel disease
markers.

Our methodology has not only shown to surpass previous efforts in leveraging the same dataset
for AML prediction but also highlighted specific genes that play a pivotal role in distinguishing AML
from healthy cases, as opposed to AML versus healthy and other diseases scenarios. This distinction is
crucial for understanding the unique genetic signatures of AML and improving diagnostic accuracy.

This research contributes to the growing body of evidence that machine learning can be a powerful
tool in the identification of previously unrecognized genetic factors associated with diseases like AML.
By doing so, it lays the groundwork for future interdisciplinary collaborations among data scientists,
clinicians, and molecular biologists. The ultimate aim is to harness the power of transcriptomics in
disease research, offering new insights and pathways for the investigation of cancer and potentially
leading to groundbreaking advancements in diagnosis and treatment strategies. Our hope is that this
work will inspire further studies and foster collaborations that bridge the gap between computational
approaches and clinical applications in oncology.
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