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Background: The impact of CD8" T cell differentiation along the paths of exhaustion and senescence states on clinical out-
comes of patients with Acute myeloid leukemia (AML) after induction therapy has been characterized by immunophenotyping,
gene expression, and functional studies. The results of the preceding studies show that the relative frequencies of naive T cells,
early memory T cells, terminally differentiated effector T cells (Term), exhausted cells and senescent-like cells are correlated
with CR and non-response after induction therapy.

Methods: We assumed that distinct profiles of T cell differentiation states before and after induction therapy for patients with
AML, that is, the cellular states at initial diagnosis and complete remission are based on distinct dynamics of transcription factor
network motifs. We selected seven transcription factors and PD-1 as key components of network motif controlling CD8" T dif-
ferentiation by literature review. Selected seven transcription factors (BATF, IRF4, NFATC1, TCF-1, EOMES, T-bet, TOX) and
PD-1 were validated by examining whether the expressions of these encoding genes are effective for the classification between
newly diagnosed patients and CR patients with AML by use of an artificial neural network model.

Results: The expressions of the corresponding eight genes as input features were effective for classification between newly dia-
gnosed patients and CR patients after induction therapy with high accuracy.

Conclusion: The high accuracy of classification between newly diagnosed and complete remission (CR) patients after induction
therapy suggests that these two disease states exhibit distinct expression patterns of the selected eight genes. The corresponding
transcription factors may play a role in regulating CD8" T cell differentiation in response to chronic antigen stimulation and its

interruption by treatment in AML.
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Introduction

Although a majority of diagnosed patients with acute myeloid
leukemia (AML) attain complete remission (CR) with first-line
high dose chemotherapy following consolidation chemotherapy,
the relapse rate is still high. The application of immunotherapy
such as immune checkpoint blockade (ICB) agents'), bispecific
antibodies (bsAb)*” and genetically engineered T cells express-
ing chimeric antigen receptors (CAR)"! has also shown limited
effects on achieving durable CR in AML.

There is accumulating evidence that the development of cyto-
toxic T cell dysfunction, especially exhaustion and senescence
contribute to the disease progression through persistence of anti-
gen stimulation by AML blast™. T cell differentiation and the
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resulting extent of intratumoral T cell heterogeneity influenced by
mutational burdens of AML blasts have been suggested to be rel-
evant in eliciting clinical outcomes, that is, sustained responses or
non-responses after chemotherapy and immunotherapy. T cell
activity after antigen recognition is regulated by co-stimulatory or
co-inhibitory ligand/receptor interactions known as immune
checkpoints. While the expression of multiple co-inhibitory mo-
lecules such as the programmed cell death 1 (PD-1), T cell im-
munoglobulin and mucin protein 3 (Tim-3) and 2B4 on T cells is
crucial for maintaining self-tolerance and minimizing inflammat-
ory damage under physiological conditions, sustained overex-
pression of them is frequently observed as a response to chronic
antigen exposure in cancer including AML and recognized as
markers for exhausted T cells'™. Exhausted T cells display an im-
paired ability to secrete effector cytokines such as interleukin-2
(IL-2), tumour necrosis factor (TNF) and interferon-y (IFNy) and
to exert cytotoxic functions. While senescent T cells undergo cell
cycle arrest and they are still metabolically active and can pro-
duce cytokines including TNF-a and IFN-y, the production of
cytotoxic factors such as GZMB is repressed™®. Mazziotta et al.
reported the relationship between T-cell senescence and clinical
outcomes of patients with AML after induction therapy'”’. Bone
marrow (BM) CD8" T cells were sorted from diagnosed patients
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and induction therapy treated patients. They found that the fre-
quencies of naive T cells and early memory T cells (CXCR3"
stem cell memory T cells (Tscm)) in responders to the treatment
were significantly increased compared with those in non-respon-
ders and conversely the frequencies of terminally differentiated
effector T cells (Term) and senescent-like cells (SenL) with signi-
ficantly expressed senescence-associated genes like killer cell
lectin like receptor F1 (KLRF1) increased compared with those in
responders”. In addition, the high ratio of naive T cells and early
memory T cells (Tscm) / Term cells and SenL cells was found in
patients with mutated NPM1 of AML blast and low ratio in pa-
tients with mutated TP53, ASXL1, and RUNX1, suggesting an
association between gene mutations of AML blasts and T-cell
senescence which is in line with the finding of AML cells dir-
ectly inducing their senescence™. The impact of CD8" T cell dif-
ferentiation along the paths of exhaustion and senescence states
on clinical outcomes after induction therapy has been also charac-
terized by studies examining gene expression profiles™”. Knaus
et al. found that peripheral blood (PB) CD8" T cells from initial
diagnosed AML patients before induction chemotherapy consist
of two populations of the senescent cells with high production of
proinflammatory cytokine and low PD-1 expression and the ex-
hausted cells with low production of proinflammatory cytokine
and high PD-1 expression™. Next, they found that PB CD8" T
cells of patients who achieved CR after induction therapy display
similar profiles of the immune-related gene expression with those

from healthy controls and PB CD8" T cells of non-responders to
induction therapy did not have similar profiles, suggesting that
transient reduction of AML cell frequency by cytotoxic effects of
induction chemotherapy could induce the change of gene expres-
sion profile underlying the control of CD8" T cell differentiation
toward that of healthy controls and explaining the finding of
AML cells directly inducing their senescence™. In addition, they
found that the frequencies of CD8' Term cells of newly dia-
gnosed AML patients have lower levels when CR was achieved
and the frequencies of CD8" Term cells of non-responders main-
tain higher levels, consistent with the result of Mazziotta et al'”.
In the setting of the treatment with bispecific antibodies (bsAb)
for AML patients, Kazerani et al. assessed BM CD8" cells based
on the immune-related gene expression profiles at initial diagnos-
is, CR and first relapse after the treatment and also found that the
dysfunction of BM CD8" cells in AML consists of senescense
and exhaustion, whereas BM CD8" cells senescence is prominent
from newly diagnosed patients and BM CD8" cells from non-re-
sponders after treatment show gene expression profiles of ex-
haustion”. In addition, they found that a higher frequency of
Term cells was observed at initial diagnosis compared to CR and
conversely a higher frequency of naive T cells was observed at
CR than at initial diagnosis, consistent with the result of Mazzi-
otta et al’”. The results of these previous studies”” regarding
CDS8" T cell frequencies at initial diagnosis, complete remission,
and relapse are summarized in Table 1.

Table 1. Summary of CD8" T cell frequency at initial diagnosis, complete remission (CR) and relapse after induction therapy, based on previ-

ously published studies”™".

Patients

Cell Frequency

Response Group Naive T Cells Ear!lygleeilr:ory E)frhg:Isltsed Termérfifaeltl:):ol?'i-frfeéeelrll;iated Sene;(z;:l:::-like
Responders (CR) high™” hight! low!™ low!™

After high®®! low®
Induction Therapy low!
Non-Responders

After low!™ low!™ high®! high!” high”
Induction Therapy high®!

Initial Diagnosis

Before low™ high®! high”! high®

Induction Therapy high!®

Taken together, deciphering network motifs underlying the
control of CD8" T cell differentiation along the paths of exhaus-
tion and senescence is essential for confining cellular state of
AML to durable complete remission after induction therapy. In
this study, we focused on gene expression of transcription factors
relating to exhaustion and senescence!'™'"! which could be com-
ponents of network motifs underlying the control of CD8" T cell
differentiation.

Methods

We assumed that distinct profiles of T cell differentiation states

before and after induction therapy for patients with AML, that is,
the cellular states at initial diagnosis and complete remission are
based on distinct dynamics of transcription factor network motifs.

Given that the studies described in Introduction section sug-
gest that the relative frequencies of naive T cells, early memory T
cells, terminally differentiated effector T cells (Term), exhausted
cells and senescent-like cells are correlated with CR and non-re-
sponse of patients with AML after induction therapy, genes in-
volved in the bifurcation point between effector T cells, memory
T cells and exhausted T cells could be potential targets. In set-
tings of persistent antigen exposure, T cell factor 1 (TCF-1)"
CDS8" T cells are located at the bifurcation point, where precursor
exhausted T cells (Tpex) can differentiate into stem-like early
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memory T (Tscm) cells or CX3CR1™ cytotoxic effector T cells
which can further progress toward terminally differentiated ef-
fector cells (Term) or senescent-like (SenL) phenotypes. A sub-
set of CD8" T cells expressing CX3CR1 has been reported to be
associated with terminal effector (Term) and senescent-like
(SenL) phenotypes in AML. Recent work by Chen et al.
demonstrated that the basic leucine zipper ATF-like TF (BATF)
facilitates the differentiation of TCF-1" progenitors, including
precursor exhausted T cells (Tpex), into CX3CR1" effector cells
by binding to regulatory elements near the TBX21 locus, which
encodes T-bet!"”. Broomfield et al. showed that Tpex cells can re-
versibly transition into Tscm cells in an antigen load—dependent
manner'”!. These findings suggest that Tpex may represent a
physiological precursor state of Tscm and that this plasticity is
disrupted upon antigen clearance!”. These findings provide in-
sight into how transcription factor networks regulate the balance
between Tpex and Tscm maintenance versus progression toward
T cell exhaustion and senescence, depending on antigen load and
consequent TCR engagement frequency.

Under conditions of persistent antigen stimulation, a network
of transcription factors responsive to TCR signaling plays a
pivotal role in both the differentiation of effector CD8" T cells
and the progression toward CD8" T cell exhaustion. This net-
work includes interferon regulatory factor 4 (IRF4), nuclear
factor of activated T cells cytoplasmic 1 (NFATC1), BATF, and
thymocyte selection-associated high mobility group box protein
(TOX), which collectively contribute to the upregulation of inhib-
itory receptors such as programmed cell death protein 1 (PD-
D', Man et al. showed that NFATC1 promotes the gene expres-
sion of IRF4, and the resulting transcription factor IRF4 and
BAFT cooperate to enhance the gene expression of NFATCI1. As
a result, NFATC1 and IRF4 form a positive loop with BAFT!",
which may function as a bistable switch'® and play a role in de-
coding antigen load and consequent TCR engagement frequency.

There is growing evidence that PD-1 and TOX are not solely
associated with T cell exhaustion, but also play critical roles in
maintaining progenitor-like (Tpex) and stem cell-like (Tscm)
CDS8" T cell populations. PD-1 has been shown to upregulate
BATF, which in turn enhances TCF-1 expression. Conversely,
BATF may also function downstream of TCF-1 within the Tpex
compartment, implying a potential bidirectional regulatory loop
between PD-1 and TCF-1 mediated by BATF!>'"'¥! that controls
the balance between the persistence of Tpex and Tscm cells and
exhaustion progression. Moreover, TOX has been reported to in-
teract directly with TCF-1""" and is essential for the establish-
ment of progenitor-like CD8" T cells during chronic infection™”.
These findings suggest that TOX also contributes to the long-
term maintenance of the TCF-1" stem-like CD8" T cell pool un-
der sustained antigen exposure. The critical role of this network
consisting of TCF-1, BATF, TOX and PD-1 for regulating the
balance of the persistence of Tpex and Tscm cells, exhaustion
progression and the differentiation into terminal effector (Term)
cells and senescent-like (SenL) cells is likely to need the regula-
tion of the T-bet to EOMES transition. In Tpex cells, TCF-1 me-
diates the transition by promoting the expression of EOMES
through binding its regulatory gene and in turn opposes the ex-
pression of T-bet. T-bet induces the differentiation of Tpex cells
toward the CX3CR1" effector cells by BATF binding to regulat-
ory elements near the TBX2/ locus described above'” and by in-

hibition of the transcription of PDCDI, which encodes PD-1%".
In addition, the finding that TOX may have a direct inhibitory ef-
fect on the expression of T-bet™ suggests the existence of mutu-
al inhibition motif regulating the balance of the persistence of
Tpex and Tscm cells, exhaustion progression and the differenti-
ation into terminally differentiated effector T cells (Term) and
senescent-like (SenL) cells.

Based on the findings of the aforementioned studies, we hypo-
thesized a regulatory network involving transcription factors that
govern CD8" T cell differentiation under chronic TCR stimula-
tion, as illustrated in Fig. 1.

Tscm
»
K\IE‘OMES T-bet
=N

BATF/IRF4

L PD-1/TOX
\

NFATc1 \/

Fig. 1. Hypothetical regulatory network comprising transcription
factors proposed to control CD8" T cell differentiation under chronic
TCR stimulation. The processes of activation and inhibition are in-
dicated by solid lines with arrowheads and blunt bars, respectively.

TCR

To assess the separability of initial diagnosis and complete re-
mission groups, t-distributed stochastic neighbor embedding (t-
SNE) was performed based on the gene expression profiles of the
seven transcription factors (BATF, IRF4, NFATCI1, TCF-1, EO-
MES, T-bet, TOX) and PD-1 as shown in Fig. 1. The t-SNE ana-
lysis was conducted using the tsne function which is a part of the
Statistics and Machine Learning Toolbox in MATLAB R2022a,
with the number of dimensions set to 2, perplexity set to 30, and
data standardization enabled.

The seven transcription factors (BATF, IRF4, NFATC1, TCF-
1, EOMES, T-bet, TOX) and PD-1 as shown in Fig. 1 were valid-
ated by examining whether the expressions of these encoding
genes are effective for the classification between initial dia-
gnosed patients and CR patients with AML by using an artificial
neural network model. The gene expression profiles of
GSE134589 datasets were obtained from Gene Expression Omni-
bus (GEO)™!. We fitted an artificial neural network model to the
relationship between expression data of the eight genes (BATF,
IRF4, NFATCI, PDCDI1, TCF7, EOMES, TBX21, and TOX) and
two disease states, that is, newly diagnosed state and CR state.
The input features to the neural network model were obtained as
log,-transformed and normalized gene expression values. The fit-
ting was performed by using patternnet function in MATLAB
2022a neural network toolbox. Fitting artificial neural networks
to data is to find model parameters including weights that attain
the best classification performance. A fully connected network
was used and the node weigths were updated using Levenberg-
Marquardt algorithm based back propogation method, and it has
seven hidden layers as shown in Fig. 2.

Diseases & Research, 2025, vol. X: X—X 3



RESEARCH ARTICLE

100 neurons

80 neurons
60 neurons
40 neurons
20 neurons (()IUttpult
10 neurons nitia

Input _ _
(8 ggnes) ( ) diagnosis/
5 neurons Complete
remission)

Fig. 2. Architecture of the fully connected neural network model with
seven hidden layers.

The input layer consists of eight features corresponding to log2
normalized count of the RNA from eight genes (BATF, IRF4,
NFATCI1, PDCDI, TCF7, EOMES, TBX21, TOX). The first,
second, third, fourth, fifth, sixth, and seventh hidden layers in-
clude 100, 80, 60, 40, 20, 10, 5 neurons, respectively. The output
layer is composed of two neurons representing the two target
classes (Initial diagnosis encoded as [1 0], Complete remission
encoded as [0 1]).

We extracted a total of 432 gene expression profiles of AML
patients from GSE134589 datasets™™. Among them, 368 samples
were obtained from newly diagnosed patients before induction
therapy, 29 samples from patients who had achieved complete re-
mission (CR) after induction therapy, and 43 samples from re-
lapsed patients. For the present study, we used only the 397
samples obtained from patients in the newly diagnosed and CR
state. Due to the considerable class imbalance between these two
groups, we performed stratified random sampling based on class
labels to divide the dataset into the training data (70%, n = 247)
and the testing data (30%, n = 150), while ensuring that the ori-
ginal class distribution was preserved in both data subsets. To
further mitigate the class imbalance within the training data, we
applied random oversampling to the minority class (CR group).
Samples from the CR group were duplicated to match the num-
ber of samples in the newly diagnosed group, resulting in a bal-
anced training dataset. This oversampling was applied only to the
training set, while the testing set remained untouched to preserve
its representativeness. The model was trained on the training data.
During training using MATLAB's patternnet function, the 70%
training data is further automatically subdivided into training,
validation, and internal test sets in a 70:15:15 ratio. The valida-
tion set is used for purposes such as early stopping to prevent
overfitting. For the final model evaluation, we used the 30% test-
ing data that was completely independent and not involved in any
part of the training process. Early stopping was employed based
on the validation loss, with a maximum of 6 validation failures.
In addition, we applied L2 regularization by setting the paramet-
er net.performParam.regularization = 0.15 in the patternnet mod-
el, while dropout was not applied in this implementation.

The training and testing with the same ratio of data division
were repeated 20 times with randomly chosen values of paramet-
ers. Classification performance into two classes of newly dia-
gnosed state and CR state was evaluated using the accuracy from
a confusion matrix.

For data visualization, the figures were created using Python

3.12 via the Spyder IDE (Anaconda distribution), employing mat-
plotlib (v3.9.2) and seaborn (v0.13.2) libraries.

Results

As shown in Fig. 3, the t-SNE plot demonstrates a clear separa-
tion between samples from the initial diagnosis and complete re-
mission groups, suggesting the distinct gene expression patterns
of the seven transcription factors (BATF, IRF4, NFATCI1, TCF-
1, EOMES, T-bet, TOX) and PD-1 between the two groups.

As artificial neural networks are a class of non-linear regres-
sion methods which can be used to classify via regression, we
validated the relationship between the selected eight gene expres-
sions and two distinct disease states of initial diagnosis and com-
plete remission by classification accuracy for two classes, that is,
the output layer of the artificial neural network model described
in Method section. The classification accuracy as a performance
measure of the neural network model was used via a confusion
matrix. As a representative example among the 20 independent
runs, one trial yielded the accuracies of 99.2% for training and
95.8% for testing. The corresponding confusion matrices are
shown in Fig. 4 (training) and Fig. 5 (testing) and the receiver op-

25F

R ....:n.q. * Diagnosis
20 | . ,.:.G-}i.,:‘: . *Complete remission
150 0t (e, .,

t-SNE 2

t-SNE 1

Fig. 3. t-SNE plot of samples from initial diagnosis and complete re-
mission groups based on the expression of eight genes.

Predicted: Predicted:
Initial Complete
diagnosis remission Total
—7100
Actual: | 254 4 258
Initial diagnosis (98.4%) (1.6%) 80
9
Actual 60 o
ctual: o)
0 258 5|
Complete 258 <
remission | (0-0%) (100.0%) 3
40 3
ol
| Accuracy 20
Total 254 262 (99.2%)
0

Fig. 4. Confusion matrix for the training set in a representative run
(accuracy = 99.2%).
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erating characteristic (ROC) curve is shown in Fig. 6. In the con-
fusion matrices, the counts of correct predictions are represented
in the main diagonal cells and incorrect predictions are in the non-
diagonal cells. Classification accuracy is obtained by considering
the count of correctly classified data to the ratio of the total count
of training or testing data. As described in Method section, the
training and testing with the same ratio of data division were re-
peated 20 times with randomly chosen values of parameters. The
present neural network model achieved the average accuracies
99.2 £ 0.4% of training and 93.8 + 2.3% of testing (mean + SD
over 20 runs). This result of highly accurate classification sug-
gests the distinct expression patterns of selected eight genes are
underlying in initial diagnosis and complete remission.

Predicted: Predicted:
Initial Complete
diagnosis remission Total
— 100
Actual: 106 4 10
Initial diagnosis (96.4%) (3.6%) 80
S
160 o
Actual: 1 8 qéu
Complete 9 2
remission %) () 8
t40 ©
o
Accuracy +20
Total 107 12 (95.8%)
L0

Fig. 5. Confusion matrix for the testing set in a representative run
(accuracy = 95.8%).
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o ¥ --=- No skill

0 0.2 0.4 0.6 0.8 1.0
False positive rate

Fig. 6. ROC curve for the testing set in a representative run.

Discussion

T cell is a critical component of the anti-cancer immune microen-
vironment in AML. The trajectories of CD8" T cell differenti-
ation from naive cells to effector cells, memory cells, exhausted

cells and senescent cells are influenced by the diversity and
abundance of neoantigens originating from gene mutations in
AML blasts, and the duration of the antigen exposure. In our
present study, we assumed that transient interruptions of AML
antigen exposure by cytotoxic effects of induction therapy could
induce the change of transcription factors profile underlying the
control of CD8" cell differentiation leading to CR and we valid-
ated eight encoding genes using an artificial neural network mod-
el. On the other hand, the impact of AML gene mutations on
achieving CR with induction therapy was identified and evalu-
ated by use of machine learning models including neural net-
work models. Eckardt et al. reported that gene expression pro-
files of BM or PB samples from AML patients before induction
therapy were obtained and genes were selected as input features
applied to nine machine learning classifiers including an artifi-
cial neural network model by use of five selection methods®".
They identified 14 mutated genes including inversion, transloca-
tion and deletion as predictors of CR by validation using the ma-
chine learning classifiers”®”. Besides validation of mutated genes,
machine learning technics were applied for prediction of CR
achievement in AML. Gal et al. analyzed gene expression pat-
terns obtained from BM of pediatric patients with AML before
induction therapy and identified the genes which were differen-
tially expressed between responder achieving CR and non-re-
sponder after treatments. Using the selected top 50 genes as in-
put features, a machine learning technique, the k-nearest neigh-
bors algorithm (K-NN) model was applied to the classification
between patients achieving CR and non-responders after induc-
tion therapy™. Given the preceding studies showing the useful-
ness of machine learning technics to predicting the likelihood of
achieving CR, we focused on transcription factors underlying T
cell differentiation as input features for an artificial neural net-
work model. In the present study, the classification models effect-
ively discriminated between patients with newly diagnosed dis-
ease and those in complete remission (CR), indicating that these
clinical states are associated with distinct transcriptional patterns
of the selected eight genes. These findings imply a potential regu-
latory role of the corresponding transcription factors in CD8" T
cell differentiation under continuous versus interrupted antigen
stimulation in AML. However, the limitations of our study should
be acknowledged. First, the patient data was derived from a
single public dataset that lacks information on gene mutations in
AML blasts. As described in the Introduction, the extent of mod-
ulation in the cell frequency ratio between naive T cells and stem-
like early memory T cells (Tscm) versus terminally differenti-
ated effector T cells (Term) and senescent-like (SenL) T cells in-
duced by induction therapy was reported to depend on the specif-
ic gene mutations present in AML blasts'”. Furthermore, as men-
tioned above, gene mutations of AML blasts were identified as
predictive features in machine learning models for complete re-
mission and 2-year overall survival®., In our further work, it will
be important to investigate whether the distinct difference in gene
expression profiles between initial diagnosis and complete remis-
sion are attributable to specific gene mutations in AML blasts
and/or to changes in antigenic stimulation caused by treatment.
Second, although the neural network model achieved high classi-
fication performance, the validation with separate datasets was
not performed. External validation should be performed in our
further work. Despite these limitations, our findings provide a

Diseases & Research, 2025, vol. X: X—X 5



RESEARCH ARTICLE

basis for future investigation into transcriptional signatures asso-
ciated with disease state and treatment response in AML.

Conclusion

We assumed that transient interruptions of AML antigen expos-
ure by cytotoxic effects of induction therapy could induce the
change of transcription factors profile underlying the control of
CDS8" T cell differentiation leading to CR. We selected transcrip-
tion factors as key components of network motif controlling
CD8" T differentiation by literature review. Using an artificial
neural network model, the expressions of the corresponding eight
genes as input features were effective for classification between
newly diagnosed patients and CR patients after induction therapy
with high accuracy, suggesting that the two states have distinct
expression patterns of the eight genes and their possible involve-
ment in the modulation of CD8" T cell differentiation in response
to therapy. These insights may inform future targeting and thera-
peutic strategies in AML.
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