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Abstract 13 

Background: Acute myeloid leukemia (AML), one of the most common 14 

malignancies of the hematologic system, has progressively increased in incidence. 15 

Aging is present in both normal tissues and the tumor microenvironment. However, 16 

the relationship between senescence and AML prognosis is still not elucidated. 17 

Methods: In this study, RNA sequencing data of AML were obtained from TCGA, 18 

and prognostic prediction models were established by LASSO-Cox analysis. 19 
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Differences in immune infiltration between the different risk groups were calculated 20 

using the CIBERSORT and ESTIMATE scoring methods. The KEGG and GO gene 21 

enrichment and GSEA enrichment were also used to enrich for differential pathways 22 

between the two groups. Subsequently, this study collected bone marrow samples 23 

from patients and healthy individuals to verify the differential expression of 24 

uncoupling protein 2 (UCP2) in different populations. Genipin, a UCP2 protein 25 

inhibitor, was also used to examine its effects on proliferation, cell cycle, and 26 

apoptosis in AML cell lines in vitro. 27 

Results: It showed that Aging-related genes (ARGs) expression was correlated with 28 

prognosis. And there was a significant difference in the abundance of immune 29 

microenvironment cells between the two groups of patients at high risk and low risk. 30 

Subsequently, UCP2 expression was found to be elevated in AML patients. Genipin 31 

inhibits UCP2 protein and suppresses the proliferation of AML cell lines in vitro. 32 

Conclusion: ARGs can be used as a predictor of prognosis in AML patients. 33 

Moreover, suppressing UCP2 can reduce the proliferation of AML cell lines, alter 34 

their cell cycle and promote apoptosis in vitro. 35 

Keywords: Acute myeloid leukemia1, Aging2, Biomarker3, UCP24, Genipin5, 36 

Prognosis6. 37 

1 Introduction 38 

AML, one of the most common hematologic malignancies, is usually characterized by 39 
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the accumulation of myeloid progenitor cells in the bone marrow and peripheral blood 40 

and has a very poor prognosis. Although many different treatments are available, 41 

studies have shown that the five-year survival rate for AML is only 24%. The main 42 

treatment remains chemotherapy, but resistance mechanisms are very common in AML, 43 

and the transition to drug resistance in patients after chemotherapy is a major focus and 44 

difficulty in the treatment of AML, and there is now a lot of literature on the different 45 

resistance mechanisms(1). However, the prognostic guidelines for AML are not 46 

uniform, and this calls for research to explore more prognostic signatures. With the 47 

development of bioinformatics, we can use new methods to provide more clinical 48 

guidance for survival prediction and therapeutic target selection(2, 3).  49 

Prolongation or blockage of the cell cycle caused by various factors such as 50 

hypoxia, injury, and cancer is defined as cellular senescence(4). Indeed, cells undergo 51 

senescence regardless of their age. Although cellular senescence in tumors can also play 52 

a role in tumor suppression and tissue repair, studies have also demonstrated that this 53 

process can promote tumor proliferation, invasion, etc(5, 6). Senescent cells can secrete 54 

more cytokines, chemokines, growth regulators, and other factors(7). This feature 55 

mediates many of the physiological and pathological effects of senescent cells. 56 

ARGs remain unstudied in AML, although they have been used to predict disease 57 

prognosis(8). The prognostic role of ARGs and their mechanism of action remain 58 

unclear. 59 

UCP2 is a mitochondrial protein that controls the production of reactive oxygen species 60 

(ROS) and regulates mitochondrial function(9). It is commonly studied in non-tumor 61 
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diseases such as diabetes and obesity. Recently, it has been shown to have antitumor 62 

effects in a variety of cancers(10-12). However, there is still a gap in the field of 63 

research on AML. 64 

This study investigated the prognostic value of ARGs in AML. Transcriptomic 65 

datasets of AML were downloaded from The Cancer Genome Atlas (TCGA) as well as 66 

Gene Expression Omnibus (GEO) databases. The prognostic impact of ARGs on AML 67 

was first assessed using a one-way Cox regression analysis. The least absolute 68 

shrinkage and selection operator (LASSO) Cox regression was performed to construct 69 

risk profiles associated with ARGs in AML patients. The accuracy of the risk profile 70 

was also verified, and the results showed that it was a valid predictor of patient 71 

prognosis. According to the risk grouping, the abundance of tumor-infiltrating immune 72 

cells differed significantly among different groups. The results of the validation 73 

analysis were analyzed and drugs targeting one of the UCP2 proteins were identified. 74 

2 Article types 75 

ORIGINAL RESEARCH 76 

3.1   Materials and Methods 77 

3.1.1   Acquisition of ARGs 78 

ARGs were collected from the GeneCards database (https://www.genecards.org/), 79 

which provides comprehensive information on human genes. The term "aging" was 80 

used as a keyword search, and genes with a correlation score >8 were filtered as ARGs 81 
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in the results. 82 

3.1.2   Collection of data sets 83 

We collected 200 available samples from The Cancer Genome Atlas (TCGA), 84 

including level three RNA-seq expression data from 132 patients. All samples enrolled 85 

in the cohort ensured appropriate prognostic data and other clinical information. These 86 

data were used as a training cohort. The microarray data and corresponding survival 87 

information for the remaining 510 samples were obtained from 2 different Gene 88 

Expression Omnibus (GEO) datasets. 510 samples from GSE12417 and GSE71014 89 

were included and again ensured that the corresponding clinical information and 90 

prognostic data were included for all samples before use. 91 

3.1.3   DEG Analysis 92 

First, 9325 genes were found to be associated with prognosis in AML by univariate 93 

COX regression. And then the intersection of differential genes with the collected aging 94 

genes was taken to obtain 75 aging genes associated with AML prognosis. 95 

3.1.4   Building and validating the risk model 96 

Then we used the LASSO regression method to construct the obtained prognosis-97 

related ARGs as a multivariate model of ARGs. Risk scores were calculated for each 98 

patient in the training and validation cohorts. Median values were used to classify 99 

patients into high or low-risk groups. Meanwhile, Kaplan–Meier survival analysis was 100 

constructed and the log-rank test was used to assess overall survival (OS) between 101 
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groups. The sensitivity and specificity of prognostic performance were viewed by 102 

receiver operating characteristic (ROC) curves. The area under the curve (AUC) values 103 

indicated discrimination. 104 

3.1.5   Tumor immune microenvironment landscape and its potential impact on 105 

immunotherapy 106 

CIBERSORT was used to calculate the infiltration abundance of 22 immune cell types 107 

in AML patients, grouped according to high-and low-risk populations. ESTIMATE 108 

scores of immune cells, stromal scores, immune scores, and tumor purity in AML 109 

patients were estimated using the ESTIMATE algorithm. Six immune cell abundances 110 

were also calculated using the EPIC score. Samples with P < 0.05 were selected for 111 

further analysis. 112 

3.1.6   Functional enrichment analysis 113 

Gene enrichment analysis is an important tool to integrate genes with function, and 114 

gene set enrichment analysis (GSEA) annotation was used to find potential mechanisms 115 

of aging-related genes in AML. We used both gene ontology (GO) and the Kyoto 116 

encyclopedia of genes and genomes (KEGG) to identify which molecular mechanisms 117 

differ between high-risk and low-risk patients. 118 

3.1.7   UCP2 pan-cancer analysis 119 

We downloaded the uniformly normalized pan-cancer dataset: TCGA TARGET GTEx 120 

(PANCAN, N=19131, G=60499) from the UCSC (https://xenabrowser.net/) database, 121 



7 

 

from which we further extracted the expression data of ENSG00000175567 (UCP2) 122 

gene in each sample. And further, we screened the samples from the following sources: 123 

Solid Tissue Normal, Primary Solid Tumor, Primary Tumor, Normal Tissue, Primary 124 

Blood-Derived Cancer - Bone Marrow, and Primary In addition, we filtered samples 125 

with an expression level of 0 and further log2(x+0.001) transformed for each expression 126 

value, and finally, we eliminated those with less than 3 samples in a single cancer 127 

species to obtain expression data for 34 cancer species. We then analyzed the 128 

relationship between UCP2 and the prognosis of various tumors and the correlation 129 

with immunomodulatory genes, respectively. Then, we calculated the relationship 130 

between gene expression and tumor stemness(13). 131 

3.1.8   Reverse transcription-polymerase chain reaction (RT-PCR) 132 

Total RNA extraction using Trizol reagent (Life Technologies) for reverse 133 

transcription-polymerase chain reaction (RT-PCR). Transcription amplification was 134 

performed using an RT-PCR kit (Life Technologies). PCR amplification was 135 

performed using the following primers: UCP-2, forward: 5′-136 

CCCCGAAGCCTCTACAATGG-3′, reverse: 5′-CTGAGCTTGGAATCGGACCTT-137 

3′, GAPDH, forward: 5′-GGAGCGAGATCCCTCCCCAAAAT-3′ and reverse: 5′- 138 

GGAGCGAGATCCCTCCAAAAT -3 '. 139 

3.1.9   Clinical samples and qRT-PCR analysis 140 

Bone marrow samples were obtained from 19 AML patients and 19 healthy donors 141 

from the First Hospital of Wenzhou Medical University. Our study was approved by 142 
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the ethics committee of the First Hospital of Wenzhou Medical University1. 143 

Quantitative real-time PCR (qRT-PCR) total RNA was extracted using TRIZOL 144 

reagent (Life Technologies). reverse transcription was then performed using the 145 

HiScript Q RT SuperMix kit (Vazyme, Nanjing, China). qRT-PCR was performed on 146 

an Applied Biosystems Quantstudio 6Flex qRT-PCR using a SYBR probe (Applied 147 

Biosystems, Foster City, CA, USA). then, qRT-PCR was performed to assess mRNA 148 

expression using SYBR Green Master Mix (CWBIO, Jiangsu, China) in an Applied 149 

Biosystems QuantStudio 3 Real-Time PCR System (Thermo Fisher Scientific, MA, 150 

USA) as previously described. 151 

3.1.10   Cell culture 152 

Cell culture of human leukemia cells HL-60, Kasumi-1 cell line was purchased from 153 

BNCC (Henan, China) and maintained according to the manufacturer's instructions. We 154 

have confirmed the cell lines used in the experiments by specialized STR analysis and 155 

tested them for mycoplasma contamination. Cells were grown in RPMI1640 medium 156 

(meilunbio, Dalian, China) containing 10% fetal bovine serum (FBS, meilunbio, Dalian, 157 

China).  158 

3.1.11   Cell viability assay 159 

Cell proliferation was determined by Cell Counting Kit-8 (meilunbio, Dalian, China) 160 

assay. Cells were inoculated in 96-well plates at a density of 1 × 104 cells per well. 161 

Cells were treated with Genipin for 48 hours, followed by CCK-8 solution at 37°C for 162 

3 hours. The absorbance at 595 nm was measured using an enzyme marker 163 
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(SPECTRA190, Molecular Devices, Sunnydale, CA, USA). 164 

3.1.12   Colony formation assay 165 

Cells were inoculated at a low density of approximately 1 × 103 cells per well into 6-166 

well plates lined with methylcellulose. Cells were cultured for 7 days. Photographs 167 

were taken under an inverted microscope lens. 168 

3.1.13   Apoptosis analysis (flow cytometry) 169 

Cells were untreated or treated with Genipin for 48 hours. With 5 μL Annexin V-170 

fluorescein isothiocyanate reagent and 10 μL 7-Aminoactinomycin D (7-AAD) reagent 171 

for 30 min at room temperature and protected from light. Cells were analyzed by flow 172 

cytometry (Beckman Coulter, Brea, CA, USA) immediately after termination of 173 

staining. 174 

3.1.14   Cell cycle analysis 175 

For cell cycle assays, cells were treated with Genipin for 48 hours. Cells were then 176 

stained with propidium iodide at a final concentration of 0.05 mg/mL and incubated at 177 

4°C for 20 minutes in the dark. Data were collected and analyzed using flow cytometry. 178 

3.1.15   Incorporation of mitochondrial reactive oxygen species (ROS)  179 

HL-60, Kasumi-1 cells were inoculated in 6-well plates and treated with Genipin for 6 180 

hours. After incubation with MitoSOX (Thermo Fisher Scientific) at 37 °C for 30 min, 181 

cells were collected by centrifugation and analyzed for mitochondrial ROS using flow 182 
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cytometry. 183 

3.1.16   Statistical analysis 184 

All RNA-seq expression data were log2 normalized for further analysis. At the same 185 

time, some of the figures are made by the SangerBox Website 186 

(http://sangerbox.com)(14). Results with p-values less than 0.05 were considered 187 

significantly different. R (version 3.6.1) and GraphPad Prism (version 8.0.1) were used 188 

for statistical analysis. 189 

3.2   Results 190 

3.2.1    Identification Analysis of OS-Related ARGs in AML 191 

Univariate COX proportional risk regression analysis was used to screen for ARGs with 192 

P values less than 0.05 to help identify potential ARGs associated with AML prognosis. 193 

The expression of 75 of these AGRs in AML patients was considered to be 194 

meaningfully correlated with OS (Figure 1A). To further improve the precision and 195 

reduce the number of genes, we integrated the survival time and survival status of AML 196 

patients, together with the ARGs expression data, and performed regression analysis 197 

using the LASSO-Cox method. We finally took the lambda minimum 198 

value:0.136228890858806 and screened out 12 genes (Figures 1B, C). 199 

The model equation constructed was: RiskScore =0.278283555346816* AIFM1 -200 

0.0475492647482181* DLL3 -0.0014067701404597* GDF11 201 

+0.0542005253161292* GH1 - 0.195140667960413* HBP1 -0.0498890983609883* 202 
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INSR +0.243526421013745* PTPN1 +0.0251203847594925* SOCS2 203 

+0.0864246729795927* TERF2 + 0.0656487992927026* TGFB1 -204 

0.167371227915521* TPP2 +0.18031172128784* UCP2 205 

3.2.2    Validation of ARG-related prognostic features in the training set 206 

AML patients were divided into two groups, high-and low-risk, by median risk score. 207 

Kaplan–Meier survival analysis demonstrated significant differences in OS between the 208 

two groups (Figure 1D). Next, we used time-dependent ROC curves to assess the 209 

predictive efficacy for different time points in the training set (Figure 1F). the AUC 210 

values at 1, 3, and 5 years were 0.82, 0.83, and 0.90 (Figure 1F). Respectively, they 211 

indicated that the predictive efficacy of the feature was high. As the risk score increased 212 

in the high-risk versus low-risk group, the survival time decreased gradually in both 213 

groups. The expression profile heat map of the 12 ARGs is shown in Figure x. In the 214 

high-risk group, AIFM1, PTPN1, SOCS2, TERF2, TGFB1, UCP2, and GH1 were 215 

highly expressed, while DLL3, GDF11, HBP1, INSR, and TPP2 in the low-risk group 216 

expression was higher (Figure 1E). 217 

3.2.3    Patients at different risks showed different immune status 218 

Next, this study further explored the differences in immune status between patients in 219 

different risk groups. First, the CIBERSORT algorithm was used to assess the 220 

percentage of immune cell types in each patient. The results show the percentage of 221 

immune cells in AML patients in the low-risk group versus the high-risk group (Figure 222 

2A). In particular, patients in the high-risk group had elevated proportions of T-cells-223 
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regulatory-(Tregs), NK-cells-activated, and Monocytes, while the low-risk group 224 

showed higher proportions of T-cells-CD4-memory-resting, Macrophages-M0 225 

Dendritic-cells-activated, and Mast-cells-resting (Figure 2B). The figure below also 226 

shows the correlation between different types of immune cells (Figure 2C). 227 

Subsequently, the ESTIMATE algorithm was used to assess the immune differences 228 

between the two groups of patients with different risks. The results showed that patients 229 

in the high-risk group had higher immune scores, stromal scores as well as assessment 230 

scores, and lower tumor purity compared to the low-risk group (Figure 2D). In addition, 231 

the EPIC score was also used to assess immune differences, and the results showed a 232 

higher proportion of B-cells, Endothelial, and Macrophages, and a lower proportion of 233 

Other cells in the high-risk group compared to the low-risk group, with no significant 234 

differences in other types of immune cells (Figures 2E, F). 235 

3.2.4    DEG and Functional Analyses 236 

The genes were grouped according to high- and low-risk, and differentiated genes were 237 

identified. A total of 906 differential genes were screened, of which 578 genes were up-238 

regulated and 328 genes were down-regulated in the high-risk group compared to the 239 

low-risk group (Figure 3A). Figure 3B shows the Protein-Protein Interaction (PPI) 240 

Networks between differential genes. GO gene enrichment analysis showed that DEGs 241 

were mostly enriched in biological processes such as the immune system process, 242 

immune response, and cell activation (Figure 3C). In terms of cellular components, 243 

DEGs were mainly enriched in the vesicle, cytoplasmic vesicle part, cytoplasmic 244 
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vesicle, and intracellular vesicle (Figure 3D). Meanwhile, In molecular functions, 245 

DEGs mainly showed cytokine binding, cargo receptor activity, and peptide binding 246 

(Figure 3E). In the KEGG enrichment analysis, DEGs were mainly enriched in the 247 

pathways of Phagosome, Hematopoietic cell lineage, Tuberculosis, Staphylococcus 248 

aureus infection, and Rheumatoid arthritis (Figure 3F). 249 

On this basis, GSEA was used to obtain the enrichment of DEGs in different 250 

pathways in this study, and the results showed that the high risk was mainly associated 251 

with ALZHEIMERS DISEASE (NES=2.0537, NP=0.0081), VIRAL MYOCARDITIS 252 

(NES=2.0457, NP=0.0020), ANTIGEN PROCESSING AND PRESENTATION 253 

(NES=2.0617, NP=0.0020), VASOPRESSIN REGULATED WATER 254 

REABSORPTION (NES=1.9877, NP=0.0020), APOPTOSIS (NES= 2.0676, 255 

NP=0.0020), ADIPOCYTOKINE SIGNALING PATHWAY (NES=1.9919, 256 

NP=0.0021), B CELL RECEPTOR SIGNALING PATHWAY (NES=2.1087, 257 

NP=0.0020), NATURAL KILLER CELLMEDIATEDCYTOTOXICITY 258 

(NES=2.0052, NP=0.0040) pathways were associated (Figure 3G). These results 259 

demonstrate that are mainly associated with immune-related pathways. 260 

3.2.5    Validation of ARG-related prognostic features in an external dataset 261 

To further validate the predictive efficacy of ARG-related prognostic features in the 262 

external dataset. The risk scores of different datasets (GSE12417, GSE71014) were 263 

calculated according to the feature formula. To calculate the optimal cut-off value of 264 

the risk score, patients were divided into two cohorts. In the GSE12417 cohort, OS 265 
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showed differences between the high- and low-risk groups, with an AUC value of 0.61 266 

for 1-year OS and 0.53 for 3-year AUC in this cohort (Figure 4A, B); meanwhile, the 267 

high-risk group in the GSE71014 set had worse OS than the low-risk group, with a 1-268 

year AUC of 0.58 and a 3-year AUC of 0.55 (Figures 4C, D). The above suggests that 269 

this feature can be used to predict the prognosis of AML patients. 270 

3.2.6    UCP2 expression levels are elevated in AML patients 271 

We selected bone marrow samples from four healthy individuals and five AML patients 272 

and examined their gene expression. Subsequently, the experiment showed that AML 273 

patients expressed higher UCP2 in bone marrow compared to healthy individuals 274 

(Figure 4E). And the expression levels of UCP2 also differed in different cell lines. 275 

(Figure 4F) 276 

3.2.7    UCP2 pan-cancer immunoassay 277 

Subsequently, this study calculated the difference in expression between normal and 278 

tumor samples in each tumor in the TCGA database and performed differential 279 

significance analysis 24 tumors were observed to be significantly upregulated as shown 280 

in Figure 5A and significant downregulation was observed in 3 tumors. Subsequently, 281 

Cox, proportional hazards regression mode was used to analyzing the prognostic 282 

relationship between UCP2 expression and various tumors, and finally, it was observed 283 

that high expression in TCGA-LAML (N=209, p=2.7e-4, HR=1.47(1.20,1.81)) in 7 284 

tumor types had a poor prognosis, and low expression in 5 tumor types had a poor 285 

prognosis. The prognosis was poor for low expression in five tumor types (Figure 5B). 286 
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We next calculated the Pearson correlation between ENSG00000175567 (UCP2) and 287 

marker genes of the five types of immune pathways as shown in Figure 5C. Obtaining 288 

DNAss tumor stemness scores calculated by methylation profiles in each tumor and 289 

calculating their Pearson correlation, we observed significant correlations in 16 tumors, 290 

including in 11 tumors significant positive correlations and in 5 tumors significant 291 

negative correlations (Figure 5D). 292 

3.2.8    Genipin can effectively inhibit cellular activity in vitro 293 

To further investigate the role of UCP2 in AML, we selected Genipin as a protein 294 

inhibitor. It inhibits UCP2 in cells. It is now often used in studies of type 2 diabetes and 295 

has been reported to act in breast cancer cells in oncology. To clarify whether Genipin 296 

kills AML cells, two common AML cell lines (Kasumi-1, HL-60) were used in this 297 

study, and cell proliferation activity was assayed after 48 hours of treatment with 298 

Genipin. The results showed that Genipin inhibited the proliferative activity of AML 299 

cells in a dose-dependent manner (Figure 6A). Afterward, the proliferative passaging 300 

ability of Genipin-treated cells was assessed by colony formation assay, as shown in 301 

Figures 6B, C. Genipin treatment at 200 μM significantly reduced the number of colony 302 

formation of AML cells on day 7. 303 

3.2.9    Genipin blocks the AML cell cycle in vitro and promotes apoptosis 304 

Cell cycle distribution plays a significant role in cell growth and proliferation, and the 305 

cell cycle distribution of each group was examined by flow cytometry after treatment 306 

of different cell lines with different concentrations of Genipin for 48 hours. As shown 307 
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in Figure 6C, in the HL-60 and Kasumi-1 cell line, Genipin significantly increased the 308 

proportion of G2 phase cells compared to the control, while the proportion of G1 phase 309 

cells was not reduced or slightly reduced, and the proportion of S-phase cells also 310 

decreased gradually with Genipin dose (Figure 6D, E). These data suggest that Genipin 311 

may stunt the proliferation of AML cells by altering their cycle. Next, to investigate 312 

whether Genipin can cause apoptosis while reducing cell viability, this study also used 313 

flow cytometry to examine the number of Annexin V/7AAD-stained cells. The results 314 

showed that in both cell lines, apoptotic cells gradually increased with increasing doses 315 

of Genipin after 48 hours of treatment. It indicates that Genipin can increase AML cell 316 

apoptosis in a dose-dependent manner (Figure 7A). 317 

3.2.10   Genipin affects the level of reactive oxygen species in AML cells 318 

Reactive oxygen species (ROS) levels in cells are thought to be associated with 319 

cellular activity, and in this study, a dose-dependent decrease in ROS levels was 320 

found in the HL-60 cell line 6 hours after Genipin treatment (Figure 7B). In contrast, 321 

the Kasumi-1 cell line did not show significant changes in ROS levels, suggesting that 322 

UCP2 may not affect cellular activity by altering its ROS levels. The above suggests 323 

that Genipin may affect the cellular activity of some AML cell lines by altering their 324 

reactive oxygen species levels. 325 

3.3   Discussion 326 

AML is the most common neoplastic disease of the hematologic system, and despite 327 

the many studies and results available, the prognosis for patients with AML remains 328 
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poor. Worse, although most patients improve with treatment, a significant number of 329 

patients eventually relapse, which contributes to the low survival rate of AML. In recent 330 

years, there has been a lot of interest in predictive models for predicting the prognosis 331 

of AML(15, 16). While the role of ARGs in AML and their potential mechanisms are 332 

still not elucidated, this study constructed and validated ARG risk models and predicted 333 

their potential impact on the prognosis of AML patients. And we discovered that 334 

Genipin, a drug that inhibits UCP2 protein, can kill AML cells in vitro. 335 

Certain injuries or physiological processes that lead to prolongation or blockage 336 

of the cell cycle are called cellular senescence. Cellular senescence is found in different 337 

tumors because of its anti-proliferative effect and is also considered a new anti-tumor 338 

mechanism and has the potential to develop novel therapies accordingly. Cellular 339 

senescence is also frequently mentioned in AML, and it has been shown that 340 

senescence-related factors can regulate the transition from acquired aplastic anemia 341 

(AA) and paroxysmal nocturnal hemoglobinuria (PNH) to secondary myelodysplastic 342 

syndromes (MDS) and AML(17). Genetic targets commonly used to treat leukemia, 343 

such as BCL-2 and P53, can also act by regulating cellular senescence(18, 19). 344 

The immune microenvironment is present in various tumors and is strongly associated 345 

with tumor prognosis(20), while cellular senescence is also present in the bone marrow 346 

immune microenvironment, and it has been shown that T cell senescence and prognosis 347 

can be used to predict the prognosis of patients with AML(21), which has important 348 

roles in inducing drug resistance and mediating immune escape(22, 23). Another study 349 

showed that a higher proportion of Tregs in AML patients compared to healthy donors 350 
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can also affect AML prognosis(24, 25). Activated NK cells kill cancer cells, and there 351 

and various related products are currently used to adjuvantly target cancer therapy(26-352 

28). Resting CD4+ T cells, and resting mast cells are associated with tumor cell killing. 353 

In contrast, activated dendritic cells activate T cells in the tumor microenvironment and 354 

modulate the immune response. Macrophages also play an important role in the tumor 355 

microenvironment, and our study shows that the tumor microenvironment differs 356 

significantly between high- and low-risk groups, suggesting that immunotherapy 357 

remains largely unexplored and may become a new therapeutic tool(29, 30). 358 

UCP2 belongs to the family of mitochondrial anion carrier proteins located on the 359 

inner mitochondrial membrane(31). Many reports have shown that it can induce 360 

adaptive responses to prevent oxidative stress(32). Tumor cells attenuate the toxic 361 

effects of ROS by regulating the expression of UCP2, which leads to an increase in 362 

their proliferation(33). A recent study showed that AML cells exhibit high ROS levels 363 

and regulate UCP2 expression upregulation(34). ROS are mainly produced by 364 

mitochondria to maintain redox homeostasis in the body, and ROS are not only essential 365 

for the normal organism but also play a key role in tumors. A strong association 366 

between ROS and AML cell proliferation has been reported in the literature(35). And 367 

either too high or too low ROS affects AML cell proliferation(36, 37). In this study, 368 

UCP2 levels were found to be closely associated with the prognosis of AML. Genipin 369 

is a specific UCP2 inhibitor that is derived from plants(38). Its mechanism of action 370 

has been recently explained(39, 40). We used Genipin to act on AML cell lines in vitro. 371 

In this study, in vitro experiments showed that Genipin induces antitumor activity 372 
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against AML by inhibiting cell proliferation and cell cycle, while also inducing 373 

apoptosis and scavenging high ROS levels in AML. This suggests that drugs targeting 374 

UCP2 protein, especially Genipin, may become new targets for the treatment of AML. 375 
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 507 

6    Figures 508 

Figure 1. Identification Analysis of OS-Related ARGs in AML and Validation of 509 

ARG-related prognostic features in the training set  510 

(A) Prognosis-related genes that overlap between TCGA and ARGs.  511 

(B) Selection of optimal parameters (lambda) in the least absolute shrinkage and 512 

selection operator (LASSO) model; dashed vertical lines are drawn at the optimal 513 

values using the minimum criterion.  514 

(C) LASSO coefficient curves for 75 prognosis-related ARGs with nonzero coefficients 515 

determined by the optimal lambda.  516 

(D) Overall survival curves stratified by the low- and high-risk group.  517 

(E) Distribution of risk scores calculated from risk scores. and the distribution of 518 

patients in low- and high-risk fractional groups based on survival status. A heat map of 519 

the ARGs expression chart is shown below.  520 

(F) ROC curves for ARG-based overall survival prediction. 521 

 522 

Figure 2. Patients at different risks showed different immune status 523 
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(A) Immune cell type percentages in the low- and high-risk groups.  524 

(B) Differences in the abundance of immune cells between the high- and low-risk 525 

groups. 526 

(C) Correlation matrix of immune infiltrating cells. 527 

(D) stromal score, immune score, ESTIMATE score, and tumor purity calculated by 528 

ESTIMATE algorithm 529 

(E) the abundance of six immune filtrating cells evaluated by EPIC 530 

(F) EPIC assesses immune cell type differences in low and high-risk groups. 531 

 532 

Figure 3. DEGs and Functional Analyses 533 

(A) Volcano plot showing the DEGs between the two risk groups. 534 

(B) PPI of differential genes between the two groups. 535 

(C)(D)(E) GO gene enrichment analysis of differential genes in (C)BP,(D)CC, and (E) 536 

MF enrichment results. 537 

(F) KEGG gene enrichment analysis of differential genes. 538 

(G) Major pathways of biological significance in GSEA, ranked by NES. 539 

 540 

Figure 4. Validation of ARG-related prognostic features in an external dataset and 541 

finding that UCP2 expression levels are elevated in AML patients 542 

(A)(B) Overall survival curves by low- and high-risk groups for the (A)GSE12417, and 543 

(C)GSE71014 datasets. 544 

(B)(D) ROC curve plot based on ARGs of patients in validation dataset (B) GSE12417, 545 
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(D) GSE71014. 546 

(E) Differences in the relative expression levels of UCP2 between healthy individuals 547 

and patients with newly diagnosed AML. 548 

(F) Differences of the relative expression levels of UCP2 in four cell lines. 549 

 550 

Figure 5. UCP2 pan-cancer immunoassay 551 

(A) Differential expression of UCP2 in multiple tumors. 552 

(B) Prognostic relevance of UCP2 in multiple tumors. 553 

(C) Pearson correlation between UCP2 and marker genes of five types of immune 554 

pathways. 555 

(D) Correlation between tumor stemness and UCP2 expression. 556 

 557 

Figure 6. Genipin can effectively inhibit cellular activity in vitro and Genipin blocks 558 

the AML cell cycle in vitro 559 

(A) The effect of Genipin on the viability of HL-60, and Kasumi-1 cells was measured 560 

by CCK-8 assay. 561 

(B)(C) A colony formation assay was performed to examine the effect of Genipin on 562 

the proliferation of HL60, and Kasumi-1 cells. 563 

(D)(E) Flow cytometry assay of the effect of Genipin on HL-60, Kasumi-1 cell cycle. 564 

 565 

Figure 7. Genipin reduces the level of reactive oxygen species in AML cells and 566 

promotes apoptosis. 567 
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(A) Flow cytometric detection of the effect of Genipin on the apoptosis of HL-60, 568 

Kasumi-1 cells. 569 

(B) Flow cytometry was performed to detect intracellular ROS levels in HL-60, 570 

Kasumi-1 cells after 6 hours of Genipin treatment. 571 



Figures

Figure 1

Identi�cation Analysis of OS-Related ARGs in AML and Validation of ARG-related prognostic features in
the training set



(A) Prognosis-related genes that overlap between TCGA and ARGs.

(B) Selection of optimal parameters (lambda) in the least absolute shrinkage and selection operator
(LASSO) model; dashed vertical lines are drawn at the optimal values using the minimum criterion.

(C) LASSO coe�cient curves for 75 prognosis-related ARGs with nonzero coe�cients determined by the
optimal lambda.

(D) Overall survival curves strati�ed by the low- and high-risk group.

(E) Distribution of risk scores calculated from risk scores. and the distribution of patients in low- and
high-risk fractional groups based on survival status. A heat map of the ARGs expression chart is shown
below.

(F) ROC curves for ARG-based overall survival prediction.



Figure 2

Patients at different risks showed different immune status

(A) Immune cell type percentages in the low- and high-risk groups. 

(B) Differences in the abundance of immune cells between the high- and low-risk groups.



(C) Correlation matrix of immune in�ltrating cells.

(D) stromal score, immune score, ESTIMATE score, and tumor purity calculated by ESTIMATE algorithm 

(E) the abundance of six immune �ltrating cells evaluated by EPIC

(F) EPIC assesses immune cell type differences in low and high-risk groups.



Figure 3

DEGs and Functional Analyses

(A) Volcano plot showing the DEGs between the two risk groups. 

(B) PPI of differential genes between the two groups.

(C)(D)(E) GO gene enrichment analysis of differential genes in (C)BP,(D)CC, and (E) MF enrichment
results. 

(F) KEGG gene enrichment analysis of differential genes. 

(G) Major pathways of biological signi�cance in GSEA, ranked by NES.



Figure 4

Validation of ARG-related prognostic features in an external dataset and �nding that UCP2 expression
levels are elevated in AML patients

(A)(B) Overall survival curves by low- and high-risk groups for the (A)GSE12417, and (C)GSE71014
datasets.



(B)(D) ROC curve plot based on ARGs of patients in validation dataset (B) GSE12417,

(D) GSE71014.

(E) Differences in the relative expression levels of UCP2 between healthy individuals and patients with
newly diagnosed AML.

(F) Differences of the relative expression levels of UCP2 in four cell lines.



Figure 5

UCP2 pan-cancer immunoassay

(A) Differential expression of UCP2 in multiple tumors.

(B) Prognostic relevance of UCP2 in multiple tumors.

(C) Pearson correlation between UCP2 and marker genes of �ve types of immune pathways.

(D) Correlation between tumor stemness and UCP2 expression.



Figure 6

Genipin can effectively inhibit cellular activity in vitro and Genipin blocks the AML cell cycle in vitro 

(A) The effect of Genipin on the viability of HL-60, and Kasumi-1 cells was measured by CCK-8 assay.



(B)(C) A colony formation assay was performed to examine the effect of Genipin on the proliferation of
HL60, and Kasumi-1 cells.

(D)(E) Flow cytometry assay of the effect of Genipin on HL-60, Kasumi-1 cell cycle.

Figure 7



Genipin reduces the level of reactive oxygen species in AML cells and promotes apoptosis.

(A) Flow cytometric detection of the effect of Genipin on the apoptosis of HL-60, Kasumi-1 cells.

(B) Flow cytometry was performed to detect intracellular ROS levels in HL-60, Kasumi-1 cells after 6 hours
of Genipin treatment.


