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Identification of a novel unfolded
protein response related signature
for predicting the prognosis of
acute myeloid leukemia

Long Fei'3, Lu Wenjiel3, Chu Yanan?*! & Xiong Hao'**

The unfolded protein response (UPR) plays a pivotal role in the pathogenesis and progression of acute
myeloid leukemia (AML). This study aims to investigate the prognostic value of UPR-related genes
(URGS) and establish a UPR-related gene signature (URGsig) to enhance prognosis prediction and guide
therapeutic decision-making in AML. Gene expression profiles of AML patients were obtained from

the GDC and GEO databases. Cox regression and LASSO regression analyses were applied to identify
key genes for the construction of URGsig. Comprehensive bioinformatics analyses were conducted to
elucidate the biological and clinical implications of URGsig. A nomogram integrating URGs and clinical
prognostic features was developed to predict survival probability for AML patients. Additionally, the
differential expression of core genes within the URGsig was validated in clinical samples. Notably,

two distinct UPR-related subtypes were identified, and they displayed significant heterogeneity in
clinical outcomes and tumor microenvironment (TME). The URGsig, comprising six URGs, showed a
strong correlation with survival outcomes and exhibited robust predictive capabilities. Importantly,
patients categorized into the high-risk subgroup based on URGsig were predicted to show lower
chemosensitivity but a better response to immunotherapy. The nomogram performed well in prognosis
prediction, with an area under the curve (AUC) of 0.912 for 5-year overall survival. In summary, our
findings highlight the URGsig as a promising prognostic biomarker and provide novel insights into

the mechanism by which UPR influences the immune landscape of AML. This paradigm may lay a
foundation for the development of personalized treatment strategies for AML patients.

Acute myeloid leukemia (AML) represents a highly aggressive hematopoietic malignancy characterized by
the uncontrolled expansion of undifferentiated and immature myeloid cells'. Current classification and risk
stratification schemes for AML predominantly depend on genetic and clinical parameters>*. However, a subset
of AML patients fails to achieve satisfactory outcomes under existing stratification frameworks, calling for more
refined and personalized risk assessment models to optimize therapeutic strategies and clinical managements.
Growing evidence has substantiated the predictive value of novel molecular biomarkers in the outcomes of AML
patients*S. Thus, there is an urgent necessity for more comprehensive prognostic models that integrate these
molecular markers with conventional predictors, aiming to facilitate more accurate prognosis prediction and
provide more effective treatment guidance for AML patients.

Cell proliferation and growth are heavily dependent on increased protein synthesis, which often leads to
endoplasmic reticulum (ER) overload, the accumulation of unfolded or misfolded proteins within this cellular
compartment, and ultimately ER stress. Under ER stress, protein homeostasis is finely regulated by a mechanism
known as the unfolded protein response (UPR), which involves the activation of signaling pathways mediated by
three stress sensor proteins, namely PERK, IREla, and ATF6’. Notably, IRE1a signaling is the most conserved
UPR axis in eukaryotic cells. Activated IRE1a catalyzes the unconventional splicing of XBP1 mRNA, generating a
potent transcriptional activator that drives the expression of UPR target genes’. Under steady state, IRE1a-XBP1
signaling repress the pro-leukemogenic transcriptome and safeguard against the onset of myeloid leukemogesis
in hematopoietic stem and progenitor cells (HSPCs)®. Proliferating HSPCs utilize the activated IRE1a-XBP1
signaling pathway to cope with ER stress and sustain their survival®.
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Leukemic stem cells emerge from accumulation of genetic alteration in HSPCs and these cells often exploit
UPR to fuel leukemogenesis and disease progression. The IRE1a-XBP1 pathway has been demonstrated to be
significantly activated in both cell lines and primary patient samples'®-*2. Pharmacological inhibition of XBP1
has been shown to induce AML cell apoptosis and significantly extends disease latency'®!!. UPR activation also
trigger calreticulin expression, which subsequently suppresses CEBPA, a critical transcription factor governing
myeloid differentiation!®>. Moreover, numerous UPR-regulating molecules have been identified as being
associated with treatment response and clinical outcomes in AML, including VCP'4, DDIT3'5, DNAJC10'¢, and
HMGCS1". Beyond its cell-intrinsic effects, the UPR pathway also modulates immune cells function within
the tumor microenvironment by impairing antigen-presentation cell function'®, activating myeloid-derived
suppressor cells (MDSCs)'?, and promoting T cell exhaustion'®.

Recently, a growing number of studies have uncovered the prognostic utility of UPR-related gene signature
(URGsig) in various solid cancers. These findings underscore the potential clinical applicability of URGsig in
AML-22, However, the specific roles of UPR-related genes (URGs) in AML prognosis prediction, immune
regulation and drug resistance remain largely elusive. In this study, we identified and validated a robust URGsig
that efficiently predicts prognosis in AML patients. The URGsig enabled stratification of patients into two
distinct high- and low-risk subgroups, which exhibited significant differences in survival outcomes, tumor
immune landscape, immunotherapy responsiveness, and chemotherapy sensitivity profiles. To enhance clinical
applicability, we also constructed a prognostic nomogram by integrating the URGsig with established clinical
prognostic factors, providing a reliable tool for individualized survival prediction in AML patients.

Methods

Data acquisition and analysis of expression profile of URGs

Gene expression profiles and corresponding clinical data for 151 AML patients in were obtained from the The
Cancer Genome Atlas Acute Myeloid Leukemia (TCGA-LAML) cohort through the Genomic Data Commons
(GDC) portal website (https://portal.gdc.cancer.gov/). After quality control and data filtering, 132 patients with
complete RNA sequencing data and comprehensive clinical annotations were retained as the training cohort for
subsequent analyses. Additionally, somatic gene mutation and copy number variation data were retrieved from
the same GDC repository to perform comprehensive molecular characterization of the cohort.

Five independent cohorts (GSE9476, GSE71014, GSE12417, GSE37642, GSE66525) were acquired from the
Gene Expression Onmibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/) and one independent cohort
(Beat AML 1.0) was obtained from the GDC portal website. For GEO cohorts, we directly downloaded the
already standard matrix files. RNA-sequencing profiles of the TCGA-LAML and Beat AML 1.0 were transformed
into transcripts per million (TPM) for subsequent log2 transformation. The overall survival (OS) was defined as
the duration from initial diagnosis to death from any cause or until the censoring date of the last follow-up. The
Table S1 shows sample information for all cohorts.

All the transcriptional profiles analyzed in this study were derived from bone marrow samples. The GSE9476
dataset, comprising 10 normal and 26 AML samples, was utilized to compare URGs expression patterns
between healthy individuals and AML patients. The Beat AML dataset was employed to examine differential
URGs expression between complete-remission (n=115) and refractory (n=47) patient groups. The prognostic
performance and generalizability of the URGsig-based prognostic model were validated using three independent
AML cohorts (GSE71014, GSE12417, and GSE37642). Additionally, the GSE66525 dataset, containing 11
matched diagnosis-relapse sample pairs, was analyzed to investigate the association between URGs-based risk
scores and disease relapse.

Identification of prognostic URGs and URGs-related molecular subtypes

The URGs were accessed from GeneCards website (https://www.genecards.org/) using key words “unfolded
protein response”. The genes with relevance scores more than 5 were selected for subsequent analysis. Then,
univariate Cox regression analysis was conducted to identify genes associated with prognosis, and genes with p
value less than 0.01 were identified as candidate URGs. Finally, consensus clustering was performed to identify
UPR-related molecular subtypes using the R package “ConsensusClusterPlus”. In order to obtain reliable and
stable clustering results, iteration was set as 1000 times. ¢-distributed stochastic neighbor embedding (¢-SNE)
was also used to validate the classification using R package “Rtsne”

Construction of a prognostic UPR-related gene signature

The AML samples in TCGA-LAML dataset were chosen as the training cohort. The least absolute shrinkage and
selection operator (LASSO) Cox regression analysis was performed to select significantly prognostic URGs using
the “glmnet” R package. Then, multivariate Cox regression analysis was carried out to screen independently
prognosis-associated genes to further generate the URGsig. Subsequently, each AML patient was assigned the
risk score using the expression level and regression coefficient of the finally selected URGsig genes based on the
formula:

Risk score = Z Coef(Gene;) x Exp(Gene;)

1

Depending on the calculated median risk scores, these AML patients were categorized into low- and high-
risk subgroups. Scatter plots and risk score distribution plots were generated to describe sample characteristics,
and heatmaps were drew to visualize gene expression profiles. The R package “timeROC” was used to plot the
receiver operating characteristic (ROC) curves for assessment of the predictive capability of the URGsig.
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Subgroup analysis

The patients in TCGA-LAML cohort were grouped according to clinical features, including age (<60 years
and > 60 years), sex (male and female), race (white and other), white blood cell count (<30 x 10° and > 30 x 10°),
cytogenetic risk grade (good, intermediate and poor), gene mutation burden (low and high), and FLT3,
DNMT3A, NPM1, TP53, IDH1/2 mutation status to further evaluate prognostic differences between high- and
low-risk subgroups.

Functional enrichment analyses and genomic alterations analyses

The R package “DESeq2” 2* was used to identify differentially expressed genes (DEGs) between low- and high-
risk subgroups, with filtering thresholds as follows: (1) |log,FC|> 1; (2) P<0.05. Then, Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomics (KEGG)**-2® enrichment analysis was performed by utilizing the
“clusterProfiler” R package?”. Also, GSEA analysis was employed to investigate the differentially enriched GO
and KEGG pathways between low- and high-risk subgroups®”. The differences of somatic mutation between
the two subgroups were investigated using “maftools” package®®, and the top 20 frequently mutated genes
were visualized by the heatmap. For CNV data analysis, the genomic identification (GISTIC) algorithm? was
employed to estimate CNVs at each core gene of URGsig. The protein—protein interaction was evaluated using
STRING tools (https://cn.string-db.org/)*.

Immune microenvironment analysis

The CIBERSORT algorithm was conducted to evaluate the proportion of immune cells in AML samples®'.
The ESTIMATE algorithm was adopted to calculate the immune, stromal and ESTIMATE scores of each AML
samples*. The scores of immune related pathways were estimated by principal component analysis (PCA) and
showed by the heatmap. All above calculations were performed using the R package “lOBR” *.

Prediction of chemotherapy sensitivity and immunotherapy response

The Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/) database provides
comprehensive information on drug sensitivity in AML cells and matched transcriptional data of molecular
markers of drug response. Using the R package “pRRophetic”, we predicted drug sensitivity for each patient
cluster based on the expression profiles of drug-response-related markers, with the half maximal inhibitory
concentration (IC50) serving as the quantitative measure of therapeutic response*. Lower IC50 values indicate
greater drug sensitivity. For immunotherapy response prediction, we implemented Tumor Immune Dysfunction
and Exclusion (TIDE) tool (http://tide.dfci.harvard.edu/) to estimate the TIDE score of each AML sample®.
Moreover, the Submap algorithm (https://cloud.genepattern.org/gp) was employed to predict the response of
different risk subgroups to immune checkpoint inhibitor therapy with anti-PD-1 and anti-CTLA4%°.

Quantitative real-time PCR

Total RNA was extracted from bone marrow samples using the TRIzol reagent (Thermo Fisher Scientific, USA).
cDNA was synthesized from the total RNA using BeyoRT™ II First Strand cDNA Synthesis Kit. RT-qPCR was
conducted using BeyoFast™ SYBR Green One-Step qRT-PCR Kit on the StepOnePlus™ instrument. $-actin was
used as experimental reference. Each sample was measured three times. All PCR primers used in this study are
listed in Table S2.

Ethical approval

The collection of clinical specimens was approved by the Ethics Committee of Wuhan Children’s Hospital.
Informed consents were signed for all patients. All methods were performed according to the relevant guidelines
and regulations.

Statistical analysis

Survival curves were depicted using Kaplan-Meier method and log-rank test was used to compare the differences
of survival outcomes. The Wilcoxon test was adopted to compare the differences of gene expression levels
between the two groups. The relationships between parameters were estimated using Spearman’s correlation test.
Chi-square test was used to compare the differences of gene mutation profiles between the two risk subgroups.
P<0.05 was considered statistically significant unless stated otherwise (*p <0.05, **p<0.01, *** p<0.001, ****
Pp<0.0001). All statistical analyses were conducted with the use of R software, version 4.4.

Results

The gene expression and genomic alteration landscape of URGs in AML

This study was conducted according to the systematic workflow as shown in Fig. S1. A total of 163 URGs were
obtained from the GeneCards (https://www.genecards.org/) website (Table S3). Then, 22 significantly prognostic
URGs were identified through univariate Cox regression (P<0.01) (Table S4). The differential analysis revealed
distinct expression patterns: CALR, CREB3, DNAJC10 and VCP were up-regulated in AML samples compared
to normal controls, while DNAJB11, ELANE, SODI and TRAPI were down-regulated (Fig. 1A). Additionally,
CALR, DNAJC10 and VCP were more highly expressed in complete-remission samples than in refractory cases,
whereas DNAJBI1, MBTPSI and SODI showed the reverse expression pattern (Fig. 1B). The protein—protein
interaction network analysis using STRING identified VCP, SODI, CALR and DNAJCI0 as hub genes among
22 prognostic URGs (Fig. 1C). Gene mutation analysis using R package “maftools” revealed a relatively low
mutation frequency of URGs across the cohort (Fig. S2A). Besides, copy number variation analysis using
GISTIC algorithm identified recurrent genomic amplification in several URGs, particularly CALR, CHCHDI0,
ELANE, and SOD1 (Fig. S2B).
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Fig. 1. Gene expression and protein-protein interaction analysis of selected 22 URGs. (A) Differential
expression profiles of URGs between AML samples (n=26) and healthy donors (n=10) in GSE9746 cohort.
(B) Differential expression profiles of URGs between complete-remission patients (n=115) and refractory
patients (n=47) in Beat AML cohort. (C) The protein—protein interaction network of these 22 URGs. *p <0.05,
p<0.01,** p<0.001.

Identification of URGs-related molecular subtypes

To identify distinct molecular subtypes associated with URGs expression patterns, we performed consensus
clustering analysis on AML patients in the TCGA-LAML cohort. The optimal clustering (k=2) revealed two
robust URGs-related subtypes (Fig. 2A), with clear separation confirmed by t-SNE visualization and differential
gene expression patterns illustrated in the heatmap (Fig. 2B, C). Survival analysis demonstrated significantly
poorer outcomes in Cluster B compared to Cluster A (Fig. 2D). We subsequently explored TME of two subtypes
using ESTIMATEScore, ImmuneScore and StromalScore algorithm. As shown in Fig. 2E, cluster B displayed
higher stromal scores, immune scores, and microenvironment scores than cluster A (Fig. 2E), with particular
enrichment of B cells, CD4* T cells, CD8" T cells, endothelial cells, macrophages and NK cells (Fig. 2F). Further,
analysis of immune checkpoint molecules showed elevated expression of PDCD1, CTLA4, and LAG3 in cluster
B (Fig. 2G). Notably, the increased immune escape potential observed in Cluster B was also evidenced by lower
TIDE scores in Cluster B (Fig. 2H), indicating a good response to immune-check-point targeted therapy for this
subtype. These findings collectively imply a strong association between URGs-related molecular subtypes and
immunotherapy responsiveness in AML.

Construction and validation of the UPR-related gene signature in AML

To systematically evaluate the prognostic impact of URGs in AML, we first employed LASSO Cox regression
analysis to identify 12 clinically relevant URGs from TCGA-LAML cohort (Fig. 3A, B). Subsequent multivariate
Cox regression analysis refined this selection to six statistically significant prognostic genes (DNAJC10, DNAJBI 1,
ANXA11, MBTPS1, SODI and VCP), which were used to construct the URGsig (Fig. 3C). Using the median risk
score as the cutoff, we stratified patients into high- and low-risk subgroups (Fig. 3D). The high-risk subgroup
showed significantly higher mortality rates during follow-up compared to low-risk subgroup (Fig. 3E), with
differential expression pattern of key signature genes, particularly downregulation of DNAJBI11 and MBTPSI in
high-risk patients (Fig. 3F).

Survival analysis showed that patients in high-risk subgroup had a significantly shorter overall survival
compared to those in low-risk subgroup (Fig. 3G). The URGsig displayed robust prognostic performance, with
area under the curve (AUC) value of 0.775, 0.804, and 0.828 for 1-, 3-, and 5-year OS prediction, respectively
(Fig. 3K). To validate these findings, we assessed the URGsig’s performance in three independent GEO cohorts
(GSE71014, GSE12417 and GSE37642), consistently observing strong prognostic predictive ability across all
validation sets (Fig. 3H-], L-N). Furthermore, we compared the performance of URGsig-risk classification with
that of ELN-2022 risk stratification system, and found that most of favorable risk and adverse risk patients in
ELN system were assigned into low-risk and high-risk subgroups, respectively (Fig. S3).
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Fig. 2. Identification of URGs-related molecular subtypes and differential analysis of immune
microenvironment between subtypes. (A) Consensus clustering and (B) t-SNE analysis showing that

AML patients were classified into two molecular subtypes named cluster A (n=77) and cluster B (n=55),
respectively. (C) Heatmap showing the differential expression profiles of 22 URGs between the two molecular
subtypes. (D) Survival outcomes, (E) TME scores, (F) immune cell infiltrations, (G) expression levels of
immune check point genes and (H) TIDE scores were compared between the two molecular subtypes.
*p<0.05, *p<0.01, ** p<0.001, *** p<0.0001.

The relationship of URGsig with clinical characteristics in AML

To investigate the performance of URGsig in different clinical contexts, we conducted stratified analyses in the
TCGA-LAML cohort based on various clinicopathological features. The URGsig-risk scores served as a good
prognostic risk predictor regardless of age, sex, race, white blood cell count, gene mutation burden, FLT3 status,
IDH1/2 status, and NPM1 status (Fig. 4A-D, Fig. $4). Notably, patients in high-risk subgroup had significantly
shorter OS in DNMT3A_wt and TP53_wt subgroups (DNMT3A_wt, P<0.001; TP53_wt, P<0.001). However,
this prognostic stratification was less pronounced in DNMT3A_mut and TP53_mut subgroups (DNMT3A_
mut, P=0.089; TP53_mut, P=0.157) (Fig. 4B, C).
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Fig. 3. Construction and validation of the URGsig-risk-score model. (A-B) LASSO coefficient profiles and
the tuning parameter (A) were calculated, and the best-fit profile was used to select URGsig. (C) Forest plot
showing the hazard ratio of URGsig in TCGA-LAML cohort. (D-E) Survival time distribution and survival
status between low- and high-risk subtypes. (F) Heatmap showing the differential expression profiles of
URGsig between low- and high-risk subtype. (G-J) Survival analysis between low- and high-risk subtype in
(G) TCGA-LAML, (H) GSE71014, (I) GSE12417, and (J) GSE37642 cohort. (K-N) Time-dependent ROC
curve analysis of the URGsig based on overall survival in (K) TCGA-LAML, (L) GSE71014, (M) GSE12417,
and (N) GSE37642 cohort.

Analysis of biological differences and gene mutation landscapes between URGsig subgroups

To dissect the biological mechanisms underlying prognostic differences between risk subgroups, we performed
comprehensive pathway enrichment analyses. The URGsig-related differentially expressed genes (DEGs) were
mainly enriched in immune system process, cell adhesion, cell proliferation, cytokine production, leukocyte
migration, phagosome, efferocytosis, B cell receptor signaling pathway, and neutrophil extracellular tap formation
(Fig. 5A-C). GSEA further revealed significant enrichment of immune-related pathways in low-risk subgroup,
particularly in antigen process and presentation, cell killing, phagocytosis, regulation of T cell proliferation
(Fig. 5D). Moreover, the high-risk subgroup showed relatively higher mutation frequency of FLT3 (P=0.007),
NPMI1(P<0.001) and DNMT3A (P=0.007), while exhibiting reduced prevalence of favorable cytogenetic
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Fig. 4. Stratified survival analysis of URGsig-related subgroups in clinical subtypes. (A-C) Kaplan-Meier
survival curve displaying the differences of clinical outcomes between the two URGsig-related molecular
subgroups. Samples were stratified by (A) age at diagnosis, (B) DNMT3A status, and (C) TP53 status. (D)
Forest plot showing the results of univariate Cox regression that analyze the relationship of URGsig-risk scores

with overall survival in different clinical subgroups.

alterations (P=0.026) (Fig. 5E). Taken together, these results suggest that the URGsig captures distinct immune
microenvironment features, with impaired immune surveillance and enhanced immune escape mechanisms
potentially contributing to the poor prognosis observed in high-risk subgroup.

The immune landscape heterogeneity between URGsig-based subgroups

Given the established correlation between URG-related molecular subtypes and TME characteristics in AML,
we further investigated the immune microenvironment heterogeneity between two risk subgroups in the TCGA-
LAML cohort. Significant enrichment in immunosuppressive signature in high-risk subgroup was noted in T
cell exhaustion, immune checkpoint blockade resistance, myeloid-derived suppressive cell, and tumor associated
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Fig. 5. Differential analysis of biological and genetic characteristics between low- and high-risk subgroups. (A)
Volcano plot showing the differential gene expression profiles between the two subgroups. (B-D) Illustrations
of the results of (B) GO, (C) KEGG, and (D) GSEA enrichment analysis. (E) The landscape of gene mutations
and cytogenetic alterations in the two subgroups.

macrophage (Fig. 6A). Immune cell infiltration analysis revealed increased presence of monocytes and M2
macrophages in the high-risk subgroup, indicating an immunosuppressive microenvironment conducive to
immune evasion (Fig. 6B). Strikingly, we also found significant correlations between URGsig gene expression
levels and M2 macrophage infiltrations (Fig. 6C). Furthermore, URGsig-risk scores were significantly associated
with the expressions of immune checkpoint genes such as CTLA4, SIRPA, LAG3, and PDCDI (Fig. 6D). TIDE
scores also had a significantly negative correlation with URGsig-risk scores (Fig. 6E). Besides, the higher TME
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Fig. 6. Differences of TME characteristics between the low- and high-risk subgroup. (A) Heatmap showing the
differences of immune-related signature scores between the two subgroups. (B) Comparison of the differences
of immune cells infiltrations between the two subgroups. (C) Lollipop plot displaying the correlations between
the URGsig-risk scores and M2 macrophage infiltrations. (D) Radar plot displaying the correlations between
the expression levels of immune-check-point genes and URGsig-risk scores. (E) Illustration of correlations
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cohort. *p<0.05.
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scores, including immune, stromal, and ESTIMATE scores were observed in high-risk subgroups (Fig. 6F-H).
These findings collectively suggest that high-risk AML patients subgroup are characterized by a more profoundly
immunosuppressive tumor microenvironment, potentially contributing to their poorer clinical outcomes.

The response to chemotherapy and immunotherapy between URGsig-based subgroups

To comprehensively evaluate the therapeutic implications of URGsig, we investigated its association with
chemotherapy and immunotherapy response patterns in AML patients. Drug sensitivity analysis revealed
significant correlations between URGsig-risk scores and predicted IC50 for 50 therapeutic drugs (Fig. 7A).
Specifically, high-risk patients demonstrated reduced sensitivity to several conventional chemotherapeutic
agents, including cytarabine and etoposide, as well as targeted therapies such as obatoclax (BCL-2 inhibitor)
and lestautinib/midostaurin (tyrosine kinase inhibitors) (Fig. 7B-D). Conversely, high-risk patients showed
increased sensitivity to sorafenib (Fig. 7D). Analysis of other targeted therapies revealed that high-risk patients
were more responsive to bortezomib (proteasome inhibitor) but less responsive to vorinostat (HDAC inhibitor)
compared to low-risk patients (Fig. 7E-F). Additionally, high-risk patients exhibited reduced sensitivity to
metformin (Fig. 7G). Moreover, in Beat-AML cohort, we observed that non-responders to standard induction
chemotherapy had significantly higher URGsig-risk scores compared to patients having achieved complete
remission (Fig. 7H). In GSE66525 cohort, patients at relapse had higher URGsig-risk scores than those at initial
diagnosis (Fig. 7I). Furthermore, as Fig. 7] shown, patients in high-risk subgroup were predicted to exhibit
higher responsiveness to immunotherapy (Fig. 7]), particularly to anti-CTLA4 treatment (Fig. 7K), potentially
attributable to their elevated expression of immune checkpoint molecules. These findings suggest that URGsig
may serve as a valuable tool for guiding personalized treatment strategies in AML.

Construction of nomogram based on URGsig-risk scores and clinical features

To enhance the practicality of our URGsig model, we developed a comprehensive prognostic nomogram by
integrating the URGsig-risk scores with independent clinical prognostic factors identified through multivariate
Cox regression analysis, including age, cytogenetic risk grade, FLT3 status, DNMT3A status, and TP53 status
(Fig. 8A and Table 1). The nomogram demonstrated strong predictive performance, with higher total points
correlating significantly with poorer OS of AML patients (Fig. 8B). Comparative analysis revealed superior
discriminative ability of the nomogram over individual predictors, as evidenced by higher AUC values and
concordance indices (Fig. 8C-F). The calibration curve visually indicated goodness of fit between the predicted
and observed outcomes in nomogram (Fig. 8G). Both DCA and clinical impact curve analysis demonstrated
the clinical usefulness and applicability of the nomogram with the best diagnostic value (Fig. 8H-K). The
clinical impact curve showed that the nomogram had a good benefit with the wide range and practical ranges
of threshold probabilities impacted the patients’ outcomes. When the risk threshold reaches 0.4, the cost benefit
ratio reached its peak and the patients obtained best clinical net benefit (Fig. 8K). These analyses collectively
establish the nomogram as a valuable tool for risk stratification and treatment planning in AML patients.

Validation for expression of URGsig-consisting genes in AML clinical samples

To experimentally validate our bioinformatic findings, the expression levels of URGsig core genes (DNAJCI0,
DNAJB11,ANXA11, MBTPS1,SODI, and VCP) were examined in bone marrow of AML patients, using immune
thrombocytopenia patients as controls (Fig. 9). AML patients showed higher levels of DNAJC10, VCP, ANXA11
than control patients. However, there was no significant differences of the expression of MBTPS1 between AML
patients and control patients. Moreover, the mRNA expression of DNAJC10 was higher in relapse patients than
initially diagnosed patients, whereas, DNAJBI11 showed the opposite expression trend.

Discussion

Current risk assessment strategies for AML patients primarily rely on clinical characteristics, genetic alterations,
and minimal residual disease (MRD) monitoring’. Treatment of patient with AML is directed by such risk
stratification scheme if timely available. Recent advances have highlighted the prognostic significance of
molecular markers in understanding tumor progression mechanisms®”*®. Among these, URGs have emerged
as crucial factors in leukemogenesis and disease progression’. In this study, we have identified distinct URGs-
related molecular subtypes and developed a URGsig that effectively predicts clinical outcomes, immunotherapy
response, and chemotherapy sensitivity in AML patients.

Our analysis of the TCGA-LAML cohort revealed two distinct molecular clusters based on URGs expression
patterns, demonstrating significant survival differences that may be attributed to variations in UPR activation
states and immune microenvironment composition. The favorable prognostic significance of UPR activation
in AML is well-established, with sustained UPR activation during chemotherapy often leading to AML cell
apoptosis'>*. Notably, Cluster A patients exhibited elevated expression of CLAR and improved survival
outcomes. CLAR, beyond its role as an endoplasmic chaperon, functions as a nuclear RNA-binding protein
that blocks the translation of CEBPA*’. CEBPA serve as a crucial factor for survival and differentiation of AML
cells'. Conversely, Cluster B patients showed increased expression of DNAJC10, which prevents the PERK-
EIF2a-ATF4 branch of UPR and confers resistance to daunorubicin and cytarabine'®. The immunosuppressive
role of UPR activation is particularly intriguing, with XBP1 upregulation associated with reduced infiltration of
T cell infiltration, impaired MHC-I expression, and MDSCs activation'*!2, However, XBP1 deficiency in T
cells enhances anti-tumor immunity, delays tumor progression, and prolongs survival in mouse models*>. In our
findings, Cluster B demonstrated higher immune checkpoints gene expression (PDCD1, CTLA4 and LAG3) and
increased T cell infiltration, the overall immune microenvironment remained suppressive, suggesting potential
benefit from immune checkpoint inhibition therapy.
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Fig. 7. Heterogeneities of drug sensitivity and immunotherapy response in URGsig-based subgroups. (A)
Lollipop plot displaying the relationships between the risk scores and drug sensitivity in TCGA-LAML cohort.
The color of the lollipop indicates whether the risk scores are related to drug resistance (red) or drug sensitivity
(blue). (B-G) Comparisons of predicted IC50 of commonly used drugs between the low-risk (n=66) and
high-risk (n=66) patients in TCGA-LAML cohort. (H) Comparison of the URGsig-risk scores between
complete-remission patients (n=115) and refractory patients (n=47) in Beat AML cohort. (I) Comparison of
the URGsig-risk scores between newly-diagnosed patients (n=10) and relapsed patients (n=10) in GSE66525
cohort. (J) TIDE analysis predicting the difference of response to immunotherapy between the two risk
subgroups in TCGA-LAML cohort. (K) Submap analysis predicting the difference of response to anti-PD1
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Fig. 8. Establishment of a novel nomogram incorporating of the URGsig-risk scores. (A) The novel nomogram
for each AML patients in TCGA-LAML cohort was constructed based on gene mutation status, cytogenetic
risk grade, age, and URGsig-risk scores. *** p <0.001. (B) Kaplan-Meier curve showing the difference of overall
survival between the low- and high-point subgroups. (C-E) Comparisons of time-dependent ROC curve of the
nomogram and other risk models. (F) Comparisons of C-index of the nomogram and other risk models. (G)
Calibration curve of the nomogram. (H-J) Comparisons of DCA curve between the nomogram and other risk
models. (K) Clinical impact curves for the nomogram.

Our URGsig, derived from statistically significant prognostic URGs, demonstrated robust predictive accuracy
for AML patient outcomes, with AUC values exceeding 0.7 for prediction of 1, 3, and 5-year OS. The patients
in the high URGsig-score subgroup exhibited worse clinical outcomes, consistent with findings from previous
studies in solid tumors?*-22. The prognostic value of URGsig was also validated in multiple independent AML
cohorts. Moreover, the performance of our URGsig was comparable to that of the ELN risk-stratification scheme
in prognostic prediction®, underscoring its robustness and reproducibility. Furthermore, the development of
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Univariable Multivariable
Characteristic |N | HR! [ 95% CI' | Pvalue | HR' | 95% CI' | Pvalue
Age 132 <0.001 <0.001
Age<60 1.00 | - - -
Age>60 2.72 | 1.74,4.24 | <0.001 | 3.02 | 1.83,5.00 | <0.001
Sex 132 >0.9
Female 1.00 | -
Male 0.99 | 0.64,1.54 | >0.9
Race 132 0.9
White 1.00 | -
Other 0.96 | 0.49,1.88 | >0.9
Cytogenetic Risk | 130 <0.001 0.13
Good 1.00 | - - |-
Intermediate 3.45 | 1.69,7.07 | <0.001 | 1.44 | 0.65,3.20 0.4
Poor 4.20 | 1.90,9.31 | <0.001 | 2.40 | 0.99,5.82 0.053
FLT3 132 0.030 0.13
WT 1.00 | - - -
Mutation 1.73 | 1.07,2.78 0.025 | 1.53 | 0.89,2.63 0.13
WBC 132 0.2
Low WBC 1.00 | -
High WBC 1.39 | 0.89,2.18 0.15
Mutation burden | 132 0.4
Low 1.00 | -
High 1.23 | 0.79,1.91 0.4
NPM1 132 0.3
WT 1.00 | -
Mutation 1.28 | 0.79,2.08 0.3
DNMT3A 132 0.002 0.040
WT 1.00 | - - -
Mutation 2.34 | 1.42,3.85 | <0.001 | 1.82 | 1.04,3.19 0.035
TP53 132 <0.001 0.009
WT 1.00 | - - -
Mutation 4.64 |2.17,9.90 | <0.001 | 3.56 | 1.48,8.59 0.005
IDH1/2 132 >0.9
WT 1.00 | -
Mutation 1.02 | 0.60,1.75 | >0.9
URGsig-risk 132 <0.001 <0.001
Low 1.00 | - - -
High 3.94 | 2.44,6.37 | <0.001 | 3.44 | 2.02,5.87 | <0.001

Table 1. Univariate analysis and multivariate analysis of the relationships of URGsig-risk scores with overall
survival. 'HR = Hazard ratio, CI = Confidence interval
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Fig. 9. The differential expression profiles of 6 URGsig genes in clinical bone marrow samples. Control,
patients with immune thrombocytopenia (n=7). AML-D, initially diagnosed AML patients (n=4). AML-R,
relapsed AML patients (n=4). *p <0.05, **p <0.01, *** p<0.001.
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a comprehensive prognostic nomogram incorporating URGsig and clinical features provides a practical tool
for prognosis prediction. Genetic analysis revealed distinct molecular profiles between risk subgroups, with
the high-risk subgroup showing increased FLT3 mutations and reduced favorable cytogenetic alterations. Of
note, DNMT3A and TP53 mutations significantly impacted outcomes in low-risk patients. DNMT3A and TP53
mutations lead to genome instability and increase the clone heterogeneity of AML cell, which are associated with
relapse and poor prognosis**~¢. These results suggest that it is not sufficient to predict prognosis solely based on
single signatures due to the complexity of AML. However, targeted therapies against these specific mutations still
have potential to provide some benefits to AML patients regardless of their risk subgroups.

Therapeutic response analysis revealed differential drug sensitivity patterns between risk subgroups. Low-risk
patients demonstrated greater sensitivity to conventional chemotherapies, consistent with their heightened UPR
activation state'>!®. High-risk patients, while generally less responsive to standard therapies, showed particular
sensitivity to sorafenib, potentially related to DNAJC10 overexpression'®. Similarly, we found the elevated
expression of DNAJC10 in high-risk subgroup, highlighting its crucial role in targeted therapy. Additionally, the
AML patients in high-risk subgroup were predicted to respond to anti-PD1 and anti-CTLA4 treatment, which
may be attributed to higher expression of inhibitory immune check point genes. The predicted responsiveness
of high-risk patients to immune checkpoint inhibitors (anti-PD1 and anti-CTLA4) offers promising therapeutic
avenues for this challenging subgroup.

Taking together, while our study establishes URGsig as a valuable independent prognostic factor and treatment
guidance tool, several limitations warrant consideration. Only through bioinformatics analyses of public data
revealed the expression characteristics and prognostic value of URGsig. Additionally, the heterogeneity of
clinical and gene expression data obtained from different source may have affected the accuracy of results. Most
importantly, the prognostic value of URGsig requires validation through multicenter, large-scale real word
cohort studies. Future researches should focus on functional validation of these findings and elucidation of the
mechanistic roles of URGsig in AML pathogenesis to fully realize their clinical potential.

Data availability
All data are available from the Genomic Data Commons (GDC) (https://portal.gdc.cancer.gov/) and GEO
(https://ncbi.nlm.nih.gov/geo/) database within the article.
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