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Establishment and validation
of a carbohydrate metabolism-
related gene signature for
prognostic model and

iImmune response in acute
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Introduction: The heterogeneity of treatment response in acute myeloid
leukemia (AML) patients poses great challenges for risk scoring and
treatment stratification. Carbohydrate metabolism plays a crucial role in
response to therapy in AML. In this multicohort study, we investigated
whether carbohydrate metabolism related genes (CRGs) could improve
prognostic classification and predict response of immunity and treatment in
AML patients.

Methods: Using univariate regression and LASSO-Cox stepwise regression
analysis, we developed a CRG prognostic signature that consists of 10 genes.
Stratified by the median risk score, patients were divided into high-risk group
and low-risk group. Using TCGA and GEO public data cohorts and our cohort
(1031 non-M3 patients in total), we demonstrated the consistency and
accuracy of the CRG score on the predictive performance of AML survival.

Results: The overall survival (OS) was significantly shorter in high-risk group.
Differentially expressed genes (DEGs) were identified in the high-risk group
compared to the low-risk group. GO and GSEA analysis showed that the DEGs
were mainly involved in immune response signaling pathways. Analysis of
tumor-infiltrating immune cells confirmed that the immune
microenvironment was strongly suppressed in high-risk group. The results of
potential drugs for risk groups showed that inhibitors of carbohydrate
metabolism were effective.
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Discussion: The CRG signature was involved in immune response in AML. A
novel risk model based on CRGs proposed in our study is promising prognostic
classifications in AML, which may provide novel insights for developing
accurate targeted cancer therapies.

KEYWORDS

acute myeloid leukemia, carbohydrate metabolism, prognosis, immune response,
therapeutic response

Introduction

Acute myeloid leukemia (AML) is a highly genetically,
epigenetically, and clinically heterogeneous disease characterized
by clonal expansion of undifferentiated myeloid precursors,
resulting in impaired hematopoiesis and bone marrow failure (1,
2). AML is more common in middle-aged and older adults, with a
median age at diagnosis of 68 years (3). Standard curative
treatments for AML include chemotherapy alone and allogeneic
stem cell transplantation in combination with chemotherapy (4).
The long-term survival probability ranges from approximately 35%
to 40% for AML patients under the age of 60 and from 5% to 15%
for patients over the age of 60. Relapse is common in majority of
elderly AML patients (5, 6). Occurrence, development and
prognosis of AML is complicated and need to be continuously
explored. The long-term survival and continuous proliferation of
cancer cells are the prerequisites for the development of cancers. To
meet the growing bioenergetic and biosynthetic demands for
survival and proliferation, cancer cells autonomously regulate
fluxes of metabolites through various metabolic pathways,
including fatty acid metabolism, amino acid metabolism, and
carbohydrate metabolism (7-9).

Carbohydrate is one of the most important biomolecules in
living organisms. In addition to providing biological energy for
physiological activities, carbohydrate metabolism also produce
abundant metabolites for biosynthesis (10). Based on their
structures, carbohydrates are divided into simple sugars, complex
carbohydrates and glycoconjugates, which exert different biological
functions through different metabolic pathways (10). Simple sugars
and complex carbohydrates can enter glycolysis for energy
metabolism (10, 11), while glycoconjugates, such as glycolipids
and glycoproteins, are involved in many complicated biological
processes (12). Numerous research has reported that carbohydrate
metabolic activities and products are involved in critical process in
cancers, including tumor initiation, angiogenesis, angiogenesis,
metastasis to distant organs, invasion, and therapeutic resistance
(10, 13-16). In addition, carbohydrate metabolism also plays a key
role in influencing and predicting tumor prognosis (17). It has been
reported that carbohydrate metabolism is significantly enhanced in
AML cells, and glycolysis inhibitor R-2-hydroxyglutarate has anti-
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tumor activity in AML (18). MCL-1 inhibitors resensitizes AML to
BCL-2 inhibition by regulating leukemia cell bioenergetics and
carbohydrate metabolism, including the TCA cycle, glycolysis and
pentose phosphate pathway and modulating cell adhesion proteins
and leukemia-stromal interactions (19). Inhibition of oxidative
phosphorylation (OXPHOS) causes energy deprivation and
impaired nucleotide biosynthesis, which ultimately leads to
inhibition of AML cell proliferation, induction of apoptosis, and
prolonged survival in mouse models (20). It has been reported that
inhibition of Nrf2-mediated glucose metabolism sensitizes AML to
Ara-C (21). Previous work of carbohydrate metabolism in AML is
mainly focused on preclinical studies. However, the relationship
between carbohydrate metabolism and immunity, gene mutation,
and prognosis in AML has not yet been clinically reported.

In the present study, we analyzed samples from 1031 AML
patients for the relationship of carbohydrate metabolism-related
genes with prognosis and drug responses. To systematically
describe our study, the flowchart was presented (Figure 1). By
utilizing the AML training cohort from the Cancer Genome
Atlas (TCGA) database, we performed the least absolute
shrinkage and selection operator (LASSO) Cox analysis (22)
and constructed a carbohydrate metabolism-related gene (CRG)
signature related with prognosis. Prognostic value of the CRG
signature was internally validated in the TCGA training set, and
was further externally validated in the GEO testing cohort and
our own cohort. Based on the CRG signature, we explored
characteristics of mutation and immune cells by CIBERSORT
(23) and Maftools package (24). Furthermore, we evaluated the
ability of the CRG signature to predict patient response to
chemotherapeutic drugs by OncoPredict (25).

Material and method

Publicly available datasets
and preprocessing

The RNA sequencing profiles, single nucleotide

polymorphism (SNP) profiles and detailed clinical data of AML
datasets were downloaded from public databases. Raw microarray
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FIGURE 1

Flowchart of the study. (A) Identification of OS-related CRGs in AML. (B) Combined approaches were used to establish a robust CRG signature
for prognosis. (C) Prognostic value of the CRG signature was validated in different cohorts. (D) Clinical features and application of the risk group

LASSO, least absolute shrinkage and selection operator.
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datasets of GSE37642 (GPL 570, n = 140), GSE37642 (GPL 96, n =
422), GSE71014 (GPL 10558, n = 104), GSE12417 (GPL 96, n =
162) and GSE12417 (GPL 570, n = 78) were downloaded from the
GEO (https://www.ncbi.nlm.nih.gov/geo/) and normalized by
normalizeBetweenArrays function using the limma package (26)
between array. The AML RNA-seq dataset was downloaded from
The Cancer Genome Atlas (TCGA) database (https://portal.gdc.
cancer.gov/repository). 151 AML patients were included in the
TCGA database. M3-AML is a relatively well-characterized
subtype of AML. The etiology, molecular mechanisms, and
treatment of M3-AML have been comprehensively studied.
Therefore, this type of AML was excluded from the clinical
specimens of this study. Non-M3 AML patients were finally
selected to further analysis. 925 AML patients were enrolled
(Figure 1). The available clinical information of AML patients
was listed in Supplementary Table S1-6. The pbmc3k dataset was
downloaded from the 10X Genomics website (https://satijalab.
org/seurat/articles/pbmc3k_tutorial.html).

Our cohort

AML patients were diagnosed based on WHO 2008 criteria
and classified according to FAB classification. The treatment of
AML patients is mainly based on the Chinese guidelines for
diagnosis and treatment of adult AML (not APL) (2017) (27) at
the time of admission. ELN Criteria were used for prognostication
and of AML patients. Briefly, 106 newly diagnosed AML patients
(non-M3 subtype) were finally selected in Affiliated Hospital of
Southwest Medical University from January 2019 to June 2022.
The detailed clinical information was obtained. The study
approved by the Affiliated Hospital of Southwest Medical
University was conducted in accordance with the Declaration of
Helsinki. The available clinical information and critical gene
alterations of AML samples in our cohort were listed in
Supplementary Table S7.

Acquisition of CRGs

A total of 355 CRGs were derived from the
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway database (https://www.genome.jp/kegg/pathway.
html#global). They were available Supplementary Table S9.
The KEGG pathway database constitutes the reference
knowledge base for understanding higher-level systemic
functions of the cell and the organism, including
metabolism, other cellular processes, organismal functions
and human diseases (28).
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Identification of OS-related CRGs

To explore the potential prognostic significance of these CRGs
in AML patients, the TCGA cohort (n = 117) was applied as a
training set to identify OS-related CRGs with P-values less than
0.01 by univariate Cox proportional hazards regression analysis.

Construction and validation of CRG
prognostic signature for AML patients

Based Cox regression, the least absolute shrinkage and
selection operator (LASSO) (29) was used to get the most
significant features within the OS-related CRGs. Next, based
on the Akaike information criterion, a multivariate Cox
proportional hazards regression was performed on these
candidates with the stepwise selection of variables (30). Risk
score for final prognostic features were calculated as follows:

n
Risk score = > Coefi x A;
i

where Coef is the regression coefficient, “i” represents the
CRG that composed of the CRG signature, “A” represents the
relative expression value of the individual CRG, and “n”
represents the number of genes in the signature. Patients were
divided into high-risk and low-risk groups according to the
median risk score as a cutoff value. Kaplan-Meier analysis and
log-rank test were used to assess differences in the OS of patients.
The predictive capacity of the CRG signature was evaluated by
the time-dependent receiver operating characteristic (ROC)
curve (31).

To test the predictive accuracy of the CRG signature, three
external AML cohorts — GSE37642 (GPL 570, n=140),
GSE37642 (GPL 96, n=422), and our cohort (n = 106) — were
used as validation sets. Based on the CRG signature, the risk
score of each patient was calculated, and Kaplan-Meier curve
was used to reflect its survival performance.

Identification and enrichment analysis of
differentially expressed genes

The DEseq2 package was applied to identify the differentially
expressed genes (DEGs) between the high- and low-risk groups
(32).Heatmap for the DEGs was generated via ‘pheatmap’
package (33).

Though the clusterProfiler package, the gene o ntology (GO)
functional enrichment analysis and GSEA analysis were utilized
to better understand the functions of the DEGs in AML (34, 35).
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Development of carbohydrate
metabolism clinicopathologic nomogram

To predict the OS of each AML patient, a carbohydrate
metabolism nomogram that incorporated the CRG signature
into the clinicopathologic parameters available in the training set
was conducted through the rms package (36). The predictive
discrimination of the CRG signature for AML patients was
assessed by calibration curve (37).

AML-immune microenvironment
landscape and potential implications
defined by the CRG signature

After selecting the 117 training samples, we extracted the
transcriptome data and then calculated the immune purity and
immune infiltration (based on the ImmuneScore, StromalScore,
and ESTIMATEScore of the expression matrix using the
“estimate” R package (38).

The proportions of 22 immune cell types (i.e., TICs) in each
of the 117 AML samples (with immune infiltration scores) were
calculated using the CIBERSORT algorithm and visualized using
bar charts (23). Samples with P< 0.05 were chosen for further
analysis. The proportions were then compared between tumor
tissues with low- or high-risk group using Wilcoxon rank sum
test, and Pearson’s correlation was assessed between the
proportions. The results were presented in histograms,
boxplots and heatmap, respectively, using the “ggplot”,
“corrplot”, and “corrplot” R packages.

Prediction of clinical
chemotherapeutic response

OncoPredict is an R package for predicting the drug
response (25), by which the associations of risk groups with
the sensitivities to the commonly utilized chemotherapy and
molecular targeted drugs were investigated. The results were
presented in boxplots, using the “ggplot2” R packages.

Gene expression levels were obtained by
quantitative real-time PCR

RZ solution (Transgen, China) was used to extract total
RNA from peripheral blood mononuclear cells (PBMCs) of 106
newly diagnosed AML patients in our hospital. cDNA was
synthesized using a TranScript All-in-One First-Strand cDNA
Synthesis SuperMix for qPCR kit (Transgen, China), and
TranStart Tip Green Qpcr SuperMix (Transgen, China) was
used to assay the HOXA5 mRNA levels. The amplification
proceeded as follows: 94°C, 30 seconds, 1 cycle; 94°C, 5
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seconds, 60°C, 30 seconds, 40 cycles. The primers were listed
in Supplementary Table S8. The 2—AA CT method was used to
calculate relative mRNA expression.

Statistical analysis

Statistical analyses were performed using R software version
4.2.0 (https://www.r-project.org/). OS were estimated according
to the Kaplan-Meier method and log-rank test were performed.
The code had been submitted to github (https://github.com/
jmzengl314/TCGA_AML_Glycolysis). Statistical differences
between risk groups were determined using %® Mann-
Whitney, or Fisher’s exact tests when appropriate. The
comparison of indicated two groups was performed by
Student’s t-test (two tailed, unpaired): *p< 0.05; **p< 0.01;
***p< 0.001; ns, not significant.

Results

Identification of survival-related CRGs
in AML

Gene expression profiles of 117 non-M3 AML samples in
TCGA dataset were selected and defined as the training set. We
obtained 355 CRGs from the KEGG dataset and performed
univariate Cox proportional hazards regression analysis to explore
the potential prognostic value of each CRG. We found 15 CRGs
that were significantly associated with OS (Figure 2A). Among these
15 genes, four genes (CYB5R4, MLYCD, PIK3CA and PTEN) were
protective factors, and the rest 11 genes were risk factors
(Figure 2A). More importantly, survival analysis showed that high
expression of these four genes was significantly correlated with
better prognosis, while high expression of the rest genes was
significantly correlated with worse prognosis in AML (Figure S1),
which confirmed the results of the univariate cox analysis.

Development and validation of
CRG signature

To avoid potential overfitting, 10 key OS-related CRGs were
further screened from the 15 CRGs by minimum lambda using
the LASSO regression algorithm (Figures S2A, B). Followed by
multivariate Cox proportional hazards regression analysis, the
regression coefficients of these 10 CRGs were obtained and used
to develop an optimal CRG signature for the OS of patients
(Figure S2C). Based on expression levels and regression
coefficients, a patient’s risk score was defined as follows: Risk
score = [Expression level of PFKL * (0.3589)] + [Expression level
of IDH3G * (-0.6482)] + [Expression level of G6PD * (0.5188)] +
[Expression level of DCXR * (-0.4617)] + [Expression level of
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group (Figures 2B, C). With regard to expressions of the 10
model CRGs, IDH3G, G6PD, DCXR, CYB5R3, ACADS, PFKL,
and CDIPT were highly expressed in the high-risk groups
(Figures 2D, S3A-E, G, J), while CYB5R4, MLYCD, and
PIK3CA were highly expression in the low-risk group
(Figures 5C, S3F, H, I).

Next, we performed Kaplan-Meier analysis to verify the
validity of the CRG signature for prognosis prediction in
AML. The results showed that patients in the high-risk group
had significantly shorter OS compared with those in the low-risk
group (Figure 3A), suggesting that the CRG signature could
effectively predict the prognosis of AML. Furthermore, the area
under curve (AUC) of the CRG signature for 1-, 3-, and 5-year
OS was 0.80, 0.74, and 0.87, respectively (Figure 3B). Compared
with immune checkpoint-related gene signature, autophagy-
related signature, and other signatures (39-42), the AUC
values in CRG signature are larger at 1 year, 3 years and 5
years (Figures S4A-C), indicating that the CRG signature had an
accurate predictive capacity for prognosis prediction in AML.
We performed univariate Cox regression analysis to calculate the
predictive independence of the CRG signature for AML patients,
and found that age and risk score were significantly correlated
with OS of the patients (Figure 3C). The risk score was
confirmed to be an independent predictor for AML patients
by the multivariate Cox regression analysis after adjusting for
these clinical parameters (Figure 3D).

To evaluate the CRG signature more accurately, a
nomogram combining the risk score and age was constructed
(Figure 3E). The calibration curves suggested that the utility of 1-
and 3-year OS could be more accurately predicted in AML
patients compared with the utility of 5-year OS (Figures S5A-C),
indicating that the integration of our risk score and age may
improve OS prediction.

External verification of the
CRG signature

The scRNA-seq dataset (pbmc3k) was used to verify the
expression of CRGs in specific cell types. Most of the CRGs were
highly expressed in myeloid cells and hardly expressed in
lymphocytes (Figures S6A, B), indicating that these CRGs may
play a significant role in myeloid cells. To further validate the
predictive utility of the CRG signature for patient OS, we calculated
the risk scores for each patient in the GEO cohorts (GPL570 and
GPL96 platforms of GSE37642 and GSE12417, GPL10558
platforms of GSE71014) and our own our cohort by the CRG
signature formula. Patients were then divided into high- and low-
risk groups according to the median risk score. Similar findings
were obtained in the 6 external test sets: there were more patients
alive in the low-risk group than in the high-risk group (Figures S7-
12), and patients in the high-risk group had significantly shorter OS
consistency compared with the low-risk group (Figures 4A-C, G-I).
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These results demonstrated that the CRG signature was valid in the
prediction of AML prognosis. More importantly, the AUC values of
the 1-, 3-, and 5-year OS in GPL570 platform of GSE37642 were
0.73,0.73, and 0.72, respectively (Figure 4D). In the GPL96 platform
of GSE37642, the AUC values of the 1-, 3-, and 5-year OS were 0.64,
0.73 and 0.73 (Figure 4E). In GSE71014, the AUC values of the 1-,
3-, and 5-year OS were 0.69, 0.73 and 0.61 (Figure 4F). the AUC
values of the 1-, 3-, and 5-year OS in GPL570 platform of GSE12417
were 0.72, 0.68, and 0.65, respectively (Figure 4]). In the GPL96
platform of GSE12417, the AUC values of the 1-, 3-, and 5-year OS
were 0.65, 0.65 and 0.63 (Figure 4K). Similar trend was observed
from patients in our own cohort. The AUC values of the 1-, and 2-
year OS were 0.79 and 0.75 (Figure 4L). The AUC values in the 6
test sets validated the accuracy of the CRG signature for predicting
AML prognosis. Furthermore, the CRG signature was shown to be
an independent predictor of AML patients by univariate and
multivariate Cox regression analysis (Figures S13-18).
Additionally, expression of the 10 key genes were verified in the 3
test sets, and similar expression trends were obtained (Figures S13-
15). Overall, these results suggested that the CRG signature could be
used to independently predict OS for AML patients.

Identification and enrichment of
differentially expressed genes

To delineate the potential molecular mechanisms through
which CRGs are involved in the regulation of OS in AML
patients, we analyzed different gene expression patterns in the
high- and low-risk groups using the DEseq2 package. We
identified 699 DEGs, with 457 up-regulated genes and 242
down-regulated genes in the high-risk group compared with
low-risk group (Figures 5A, B). The enrichment analyses of GO
and GSEA showed that these DEGs were significantly enriched
in immune responses and carbohydrate metabolism
(Figures 5C-E). Moreover, the results showed that
carbohydrate metabolism pathways were up-regulated in the
high-risk group, and the immune response pathways were up-
regulated as well (Figure 5D). These results suggest that CRG
signature may play significant roles in the activation of immune
responses in AML.

Immune cell proportion and correlation
analyses for different risk groups

To further explore the immune status of high- and low-risk
groups, we calculated stromal score, immune score and estimate
score by ESTIMAT software, and found that they were higher in
the high-risk group than those of low-risk group, suggesting that
there were more immune infiltrating cells and stromal cells in
the microenvironment of the high-risk group than the low-risk
group. (Figures 6A-C). Compared to the low-risk group, the

frontiersin.org


https://doi.org/10.3389/fimmu.2022.1038570
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Yang et al. 10.3389/fimmu.2022.1038570
A B C
GSE37642 (GPL 570) GSE37642 (GPL 96) GSE71014 (GPL 10558)
Risk level = Low - High Risk level < Low - High Risk level = Low - High
1.00 1.00 1.00
2z Z 2z
F 075 F 075 Z 075
? S S
2 2 2
° ° °
5 0.50 5 0.50 4 0.50
£ £ s
2 2 2
a3 025 p =0.00 a 025 p<o0!l @ 028 p =0.0025
0.00 0.00 0.00
0 25 5 75 10 0 5 10 15 0 15
Time(year) Time(year) Time(year)
§ § Number at risk ] Number at risk
2 20 13 1 2 Low 1 174 61 23 3 Low 1 5; 6 g 1
% 6 5 1 % Hioh {174 23 9 0 3 High .5 9 0
4 5 75 10 4 0 5 10 15 © 0 15
Time(year) Time(year) Time(year)
D E F
1.00 GSE37642 (GPL 570) 1.00 GSE37642 (GPL 96) . 1.00 GSE71014 (GPL 10558) A
0.75 0.75 0.75
2 2 Z
3 2 3
2 kS S
£0.50 20.50 'g 0.50
o 3 o
»n » @
0.25 0.25 0.25
AUC of 1-year survival: 0.73 / AUC of 1-year survival: 0.64 AUC of 1-year survival: 0.69
AUC of 3-year survival: 0.73 I AUC of 3-year survival: 0.73 AUC of 3-year survival: 0.73
— AUC of 5-year survival: 0.72 4 — AUC of 5-year survival: 0.73 — AUC of 5-year survival: 0.61
0.00 0.00
0.00 025 050 075 700 000 025 050 075 Too 000
1 - Specificity 1 - Specificity 0.00 0.25 i gl.’Se(:;mc"y 0.75 1.00
G GSE12417 (GPL 570) H GSE12417 (GPL 96) I Our cohort
Risk level = Low - High Risk level = Low - High Risk level == Low - High
1.00 1.00 1.00
Z075 Z 075 % 0.75
] ® S
o Q K
[ 2 °
5 0.50 5 0.50 2050
3 2 3
2025 £ 0.25 2025
@a p =0.00029 17} p=0.013 3 p=0.013
0.00 0.00 0.00
0 1 2 3 4 0 1 3 0 1 15 2 25
Time(year) Time(year) Time(year)
] Number at risk T Number at risk 5 Number at risk
3 low {39 30 21 13 ks Low1 81 38 27 18 B Lowd 53 1 6 3 1
% Hioh {39 16 9 7 2 % Hon 81 28 19 13 2 1 23 i 2 3 )
[ 0 1 2 3 4 [ 0 1 2 3 2 ) 1 15 2 25
Time(year) Time(year) Time(year)
J K L
1.00 GSE12417 (GPL 570) 1.00 GSE12417 (GPL 96) L 100 Our cohort ‘ ‘
0.75 0.75. 0.75.
2 2 2
2 2 2
2050 @050 @0.50
o o o
o » o
0.25 0.25. 0.25.
AUC of 1-year survival: 0.72 AUC of 1-year survival: 0.65 . -
AUC of 2-year survival: 0.68 AUC of 2-year survival: 0.65 :ﬂg 0; ;_year Survaa:: g;g
— AUC of 3-year survival: 0.65 — AUC of 3-year survival: 0.63 of 2-year survival: 0.
0.00 0.00 0.00
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - Specificity 1 - Specificity 1 - Specificity
FIGURE 4

Validation of the CRG signature. (A-C, G-1) Kaplan—Meier curve of the CRG signature in the GEO cohorts and our cohort. (D-F) The ROCcurves
of the CRG signature for 1-, 3-, and 5-years in the GEO cohorts. (3, K) The ROCcurve of the CRG signature for 1-, 2-, and 3-year in GEO
cohorts. (L) The ROC curve of the CRG signature for 1- and 2-year in our cohort.

tumor purity was lower in high-risk group (Figure 6D),
suggesting that AML with low tumor purity had a worse
prognosis. These results implied that the CRG signature was

closely related to the immune microenvironment.
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Subsequently, we investigated immune cell properties of
22 immune cell types in the training set (Figures 6E-F) her by
using the CIBERSORT algorithm of 1000 permutations (43).
We found that the proportion of resting memory CD4+ T
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cells in the low-risk group was significantly higher than that
in the high-risk group, while the proportion of monocytes in
the low-risk group was significantly lower than that in the
high-risk group (Figures 6G, H). Monocytes were negatively
associated with eosinophils, resting memory CD4+ T cells,
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resting NK cells, naive B cells, and plasma cells, and resting
memory CD4+ T cells was positively correlated with resting
NK cells, and naive B cells in both groups (Figure 10I).
Resting memory CD4+ T cells were positively correlated
with eosinophils in the low-risk group (Figure 6I). Resting
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mast cells were positively correlated with eosinophils in the
low-risk group, while plasma cells were positively correlated
with resting memory CD4+ T cells and naive B cells in the
high-risk group (Figure 6I). These results confirmed that in
AML the CRG signature played significant roles in
immune responses.

Mutation characterization for risk groups

To investigate relationship between the CRG signature and
AML mutations, we analyzed SNP profiles using the Maftools R
package. The most common type of gene mutation in high- and
low-risk groups was missense mutation (Figures 7A-C). Gene

10.3389/fimmu.2022.1038570

mutations of patients in the high-risk and low-risk groups were
different. The incidence of NPM1, DNMT3A and FLT3 mutations
was high in both groups (Figures 7A-C). However, RUNXI,
IDH2, WT1, and KRAS mutations were more frequently in the
low-risk group (Figure 7B), and TP53, KIT, and TTN mutations
were more common in the high-risk group (Figure 7C).
Compared with the high-risk group, patients in the low-risk
group had a higher tumor mutational burden (Figure 7D).

Potential drug susceptibility

Next, potential clinical responses to chemotherapy based on
the CRG signature was calculated by the oncoPredict R package.

Frontiers in Immunology

Mutation characterization for different risk groups. (A) Gene mutations in AML patients. (B) Gene mutations in low-risk group. (C) Gene
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The predicting drug response function of oncoPredict R package
implements the pipeline for the prediction of clinical
chemotherapeutic response by using only baseline tumor gene
expression data (25), and drugs with a P value less than 0.05 were
selected (Figure S25). These drugs mainly targeted the PI3K/
AKT/mTOR signaling pathway, carbohydrate metabolism, DNA
synthesis and damage, epigenetics and apoptosis (Figure 8,
Figure S26-29). The low-risk group was more sensitive to most
of the carbohydrate metabolism inhibitors (Figures 8A-D).

Discussion

Targeted therapy and immunotherapy have played crucial
roles in the treatment of AML patients, but the 5-year survival
rate of AML remains disappointing due to high relapse rate. By
classifying patients into high- or low-risk group based on robust
RNA-seq and clinical data signatures, accurate prediction of
prognosis and drug response may improve physicians’ decision-
making ability to select personalized treatment. In this study,
OS-related CRGs were identified by using profiles from TCGA
AML patients, and a CRG signature consisted of 10 CRGs that
can accurately evaluate the OS of AML patients was developed.
The validation results of GEO database and our data confirmed
that the CRG signature was a steady and independent predictor
for the risk stratification of AML patients. In addition, we
investigated the clinical relevance and integrated risk groups
with underlying gene expression programs that can play
significant roles in AML biology, distinct tumor-immune
infiltrating landscapes, clinical outcome, and potential
drug susceptibility.

The complicated carbohydrate metabolism-related
mechanism assembled by large amounts of proteins with clear
functions plays a critical role in maintaining essential functions
and homeostasis of cells (10). Carbohydrate metabolism-related

10.3389/fimmu.2022.1038570

activities in cancer cells provide sufficient energy and metabolic
substrates for cell proliferation and division. The disordered
carbohydrate metabolism can be a primary event in
oncogenesis, and many carbohydrate metabolism-related
oncogenes and signaling pathways have been considered as key
regulators in tumor progression (44-46). One well-studied link
between tumorigenesis and carbohydrate metabolism is the
phosphoinositide 3-kinase (PI3K)/serine and threonine kinase
AKT/mammalian target of rapamycin (mTOR) signaling
pathway, which upregulates glucose intake and metabolism via
various mechanisms (47, 48). In addition, carbohydrate
metabolism is positively regulated by KRAS and MYC (49), and
negatively regulated by P53 (44). Drugs targeting carbohydrate
metabolism- related oncogenes and pathways have been applied
in cancer treatment (44). APR-246 was a safe p53 wild-type
restoration compound with a favorable pharmacokinetic profile,
and it was found glucuronidation metabolites increased in a phase
IT clinical trial after injection 1-2 hours (50). Carbohydrate
metabolism has been highlighted in AML and is a valuable
potential target for therapy. Many molecular targets and
carbohydrate metabolism inhibitors have been identified (21, 44,
51). However, the relationship between carbohydrate metabolism
and prognosis was rarely reported in AML. Our analysis of CRGs
in AML contributed to the discovery of additional prognostic
biomarkers and classification of high- and low-risk patients.
Transcriptome-based gene profiling is a promising approach
to monitor prognostic risk in cancer (52). Signatures related to
the prognosis of AML have been developed (53). However, the
CRG signature in AML has rarely been developed so far. Given
our discovery of important roles for CRGs in AML OS and the
key role of carbohydrate metabolism in cancers, we developed a
CRG signature composed of 10 OS-related CRGs to evaluate
patients’ prognosis. It was found that patients in the low-risk
group had significantly longer OS than those in the high-risk
group. Additionally, the AUC values of the ROC curves for 1-
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year, 3-year and 5-year OS were 0.80, 0.74 and 0.87, respectively.
As an independent predictor, the CRG signature was verified not
only in public datasets, but also in AML data collected at our
center. These results indicate that the CRG signature was a stable
and reliable model to evaluate prognosis in AML. A nomogram
integrating risk score and age further provided the possibility of
individualized utility to monitor patients’ outcomes.

AML has high genetic heterogeneity, and gene mutation
plays a pivotal role in the occurrence, development, treatment
and prognosis of AML (54). So, we analyzed gene mutation
status of high- and low-risk groups. Somatic heterozygous
RUNXI1 mutations occurred in approximately 10-32% of AML
patients and were associated with unfavorable prognosis (55,
56). The overall RUNX1 mutation rate in AML patients in our
study was 14%, which is consistent with the previous reports.
RUNXI mutation was the most common mutations in the low-
risk group (21%), while the mutation rate of TP53 (19%) was
higher than other mutations in high-risk group. It was reported
that about 13% of AML patients are accompanied by TP53
mutation, and the prognosis with TP53 mutation was poor (57).
In addition, mutations in IDH2, FLT3, and DNMT3A were
present in 10%, 30%, and 20.9% of AML patients, respectively
(58-60). And these mutations were common in both risk groups
in our study. It was found that AML patients with NPM1
mutation belong to the (European LeukmiaNet) ELN favorable
risk category (61). In this study, similar result was obtained that
the incidence of NPM1 mutations was higher in low-risk group
compared to the high-risk group. These results validated the
reliability of the CRG signature.

We identified differentially expressed genes in high- and
low-risk groups which were significantly enriched in regulation
of immune responses, including T cell activation and
proliferation, leukocyte migration, receptor ligand activity,
immune receptor activity, ligand—gated channel activity, and
cargo receptor activity. The related pathways mainly focused on
B cell receptor signaling pathway, neutrophil extracellular trap
(NET) formation pentose phosphate pathway, and carbohydrate
metabolism (fructose and mannose metabolism, galactose
metabolism, glycosaminoglycan degradation). These results
revealed that carbohydrate metabolism may play a crucial role
in the immune status of high- and low-risk groups. B cell
receptor (BCR) signaling pathway was crucial for immunity by
recognizing a variety of antigen and passing relevant signals (62).
Inhibition of the key modulation factor of the B cell receptor
signaling pathway have been proven to be an effective
therapeutic approach for AML (63). In addition, NET has
been implicated in a variety of pathologies from autoimmunity
to cancer, and its release was impaired in AML (64). It may
contribute to the increased susceptibility of this population (64).
CAR-T cell therapy has been used for the treatment of AML
(65), which induces T cell activation, proliferation, and effector
function through the binding of reprogrammed T cells to
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relevant antigens on the surface of tumor cells, ultimately
leading to tumor cell death (66). Interestingly, T cell activation
and proliferation were observed in our study, which suggested
that the CRG signature may be helpful to assess the prognosis
immunotherapy of AML. A growing body of preclinical studies
have shown that tumor-infiltrating lymphocytes (TILs) have a
large impact on disease progression, response to therapy, and
prognosis in many cancers (67-69). It was found that there were
more immune infiltrating cells and stromal cells in the
microenvironment of the high-risk group than the low-risk
group by the stromal score, immune score and estimate score.
In addition to CAR-T, the current main immunotherapy
methods for AML include naked antibodies and conjugated
monoclonal antibodies, immune checkpoint inhibitors,
and bispecific T cell-engaging antibodies (70). These
immunotherapy methods mainly target CD7, CD33, CD45,
CD56, CD133, CD123 and CLECI2A (70-73). Immune
checkpoints inhibitors mainly target CTLA4, PD1/PD-LI.
Through different targets, these immunotherapies resulting in
tumor cells being attacked and disrupted by cytotoxic agents or
the patient’s own activated immune system. However, the
proportion analysis of tumor-infiltrating immune cells
revealed a significantly lower abundance of resting CD4+ T
memory cells in the high-risk group. These results suggest that,
based on the CRG signature, the suppressed immune
microenvironment potentially contribute to poor responses to
immunotherapy in high-risk patients. However, the proportion
analysis of tumor-infiltrating immune cells revealed a
significantly lower abundance of resting CD4" T memory cells
in the high-risk group. These results suggest that, based on the
CRG signature, the suppressed immune microenvironment
potentially contribute to poor responses to immunotherapy in
high-risk patients.

The ‘oncoPredict’ R package was used to assess clinical drug
response in AML patients. High- and low-risk groups responded
differently to chemotherapy drugs. These drugs mainly focused
on PI3K/AKT/mTOR signaling pathway and carbohydrate
metabolism. About one-fifth of these drugs were inhibitors of
PI3K/AKT/mTOR signaling pathway. These inhibitors (74-76)
were effective for AML of both high- and low-risk groups, and
most of them had lower ICs in high-risk groups, suggesting that
inhibition of the PI3K signaling pathway may provide a new
potential approach for AML treatment. At present, pre-clinical
studies have shown that these inhibitors could reduce the
proliferation and induce apoptosis, and reverse the multidrug
resistance of AML (77-79). Therapeutic effect of these inhibitors
in AML confirmed our previous inference that the PI3K/AKT/
mTOR signaling pathway was activated in AML. In addition,
AML patients were sensitive to carbohydrate metabolism
inhibitors. Previous research found that inhibition of insulin
receptor isoform A and insulin-like growth factor-1 receptor can
inhibit proliferation and promote apoptosis in AML (80). It was
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reported GSK3 inhibition primes a pro-differentiative/apoptotic
transcription program (81). Our results and these reports
implied that inhibition of carbohydrate metabolism may
become a new breakthrough in the treatment of AML.
However, more in-depth work is needed to explore and verify
this observation.

Our study systematically analyzed carbohydrate metabolism-
related transcriptomic profiles and developed a risk-prognostic
signature based on survival-related CRGs in AML patients. We
validated the CRG signature in publicly accessible, retrospective
datasets, and used our own independent external validation to
assess its potential clinical relevance. Based on the CRG signature,
mutations, immune, and drug sensitivity were analyzed. The
results showed that the CRG signature was reliable and may
provide theoretical support for AML prognostic judgment and
treatment. Our research mainly focused on clinical bulk gene
expression data. Further work is required to fully understand the
role of CRG in AML. Combined scRNA-seq data with clinical
bulk gene expression data, a study had developed a computational
pipeline for identifying the prognostic and predictive signature
that connects cancer cells and microenvironmental cells (82, 83).
It can help us gain a more comprehensive understanding of the
role of the CRG signature.
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