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Abstract
Background

Relapse is the leading cause of mortality in acute lymphoblastic leukemia (ALL) patients. Minimal
residual disease (MRD) detection is effective for bone marrow relapse (BMR) but less so for central
nervous system relapse (CR) and combined bone marrow-central nervous system relapse (BMCR).
Furthermore, there remains an unmet need for more effective therapeutic targets tailored to distinct
relapse outcomes in ALL. Consequently, the identification of minimally invasive, serological biomarkers
capable of monitoring diverse relapse outcomes, coupled with the exploration of hub genes underlying
these outcomes, holds significant clinical relevance.

Methods

Clinical (n = 927), whole-exome mutation (n = 618), copy number variation (CNV, n = 250), and
transcriptomic (n = 343) data were collected from the TARGET database for ALL patients with four
outcomes: no relapse (NR), BMR, CR, and BMCR. The characteristics of each dataset were analysed.
Serological panels and monitoring models for each relapse outcome were screened and constructed
using optimized XGBoost and SHAP algorithms, with 50 random training iterations and top 5 indicator
combinations. Hub genes were identified via the STRING database and Boruta algorithm (50 iterations).
Functional impacts of representative hub genes on ALL progression were validated in cellular models.

Results

Multi-omics analysis showed higher mortality in relapse groups than in NR, with BMCR posing the
highest risk. Elevated mutation burden in BMCR was linked to poor survival. Distinct mutational profiles,
CNV signatures, and transcriptomic dysregulation patterns were observed across groups, contributing to
heterogeneous relapse outcomes. Optimal serological panels and monitoring models were constructed
for each group: NR (LRBA/SH2B1A/IL36G/ADH1A/CEP85, AUC = 0.985), BMR
(CD22/CRMP1/EPHA2/KLK14, AUC = 0.997), CR (ACVRL1/FAT3/SKAP1, AUC = 0.990), and BMCR
(AGRN/CP/EFEMP1/LGALS7/ST6GAL2, AUC = 0.999), all superior to existing models (AUC < 0.903). Hub
gene screening yielded 18 candidates for BMR (e.g., VAMP2, EFNB2), 13 for CR (e.g., MT-ATP8, CXCR3),
and 3 for BMCR (e.g., TGFB1, PLCG1). Experimental validation demonstrated that knockdown of CD74
(BMR) and TGFB1 (BMCR)-highly expressed hub genes-significantly inhibited ALL cell proliferation and
induced apoptosis, whereas knockdown of MT-CO1 (CR)-a low-expressed hub gene-produced the
opposite effect.

Conclusion

This study established serological panels for diverse ALL relapse outcomes and identified hub genes
with therapeutic potential, providing a foundation for early relapse surveillance and targeted
interventions in ALL.
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Introduction
Relapse remains a pivotal challenge impacting long-term survival and quality of life in acute
lymphoblastic leukemia (ALL), a malignancy originating from lymphoid progenitor cells with complex
pathogenesis involving dysregulated gene expression networks. Despite therapeutic advances, 15–30%
of ALL patients experience relapse, with post-relapse 5-year survival rates plummeting to 36% (1–2).
Relapse manifests in diverse anatomical patterns, including isolated bone marrow relapse (BMR, 70–
80% of cases), isolated central nervous system relapse (CR, ~ 10–15% of cases), and combined bone
marrow-central nervous system relapse (BMCR, ~ 5% of cases) (3). Notably, adult ALL patients with
central nervous system (CNS) relapse involvement exhibit dismal prognoses, with a median survival
duration of less than one year (4–8). The heterogeneity of relapse patterns and persistent high relapse
rates pose a significant challenge to improving ALL patients survival outcomes. Consequently,
monitoring different recurrence outcomes and identifying hub genes from networks holds critical
implications for early therapeutic intervention and survival improvement in high-risk ALL populations.

Minimal residual disease (MRD) detection, currently the cornerstone of ALL relapse surveillance,
demonstrates high sensitivity in monitoring BMR. However, its performance declines in CR and BMCR,
with reduced sensitivity and specificity for distinguishing distinct relapse outcomes (9–10). Furthermore,
MRD assessment requires invasive bone marrow aspiration, posing procedural risks and patient
discomfort while risking false-negative results due to sampling variability in timing and anatomical
location (11–12). Serological biomarkers, as a non-invasive alternative, could circumvent these
limitations (13–17), yet no validated serological monitoring tool exists for ALL relapse. Consequently, the
development of minimally invasive, outcome-specific serological models with high predictive accuracy
remains an unmet clinical need. Beyond diagnostic limitations, the pathophysiological mechanisms
underlying ALL relapse outcomes remain poorly characterized. Although mutations in TP53, NOTCH1,
and epigenetic alterations have been implicated in relapse pathogenesis (18–23), these studies
predominantly adopt single-omics approaches or focus on isolated genes, lacking multidimensional
integration and systemic network analysis (24). This fragmented perspective hinders comprehensive
understanding of relapse heterogeneity. To address this limitation, multi-omics integration and holistic
network modeling are essential to delineate relapse-specific molecular signatures and identify hub
genes regulating these distinct outcomes. Such insights would enable precision intervention strategies
targeting relapse-driving genes, thereby improving clinical outcomes in high-risk ALL.

The Therapeutically Applicable Research to Generate Effective Treatments (TARGET) database
integrates multi-dimensional datasets across seven malignancies, including ALL, providing a critical
resource for identifying predictive, therapeutic, and prognostic targets in cancer progression (25–26).
This study utilized clinical, whole-exome mutation, copy number variation (CNV), and transcriptomic data
from ALL patients to systematically investigate the biological foundations of four relapse outcomes: no
relapse (NR), BMR, CR, and BMCR. Specifically, we firstly elucidated associations between clinical
variables and relapse outcomes, alongside survival prognosis evaluation for each relapse group.
Simultaneously, our research characterized molecular alterations across genomic, epigenomic, and
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transcriptomic layers to delineate relapse-specific patterns. Subsequently, following the selection of the
optimal parameters for the XGBoost training model using 5-fold cross-validation and grid search, the
prioritisation of features through SHAP interpretability analysis, the evaluation of the model's
discrimination and calibration using AUC and HL p-values, the 50 random trainings based on optimised
algorithm (27–31), and the further training of the top five indicators in various combinations, the optimal
serum panels for monitoring different recurrence outcomes were screened. Ultimately, we constructed
protein-protein interaction networks and applied the Boruta algorithm to identify hub genes significantly
associated with each relapse group, and the functional validation of candidate hub genes (e.g., CD74,
TGFB1, MT-CO1) was performed using in vitro cellular assays to confirm their biological relevance in ALL
pathogenesis. Our research employs a multi-omics perspective to analyze clinical issues, constructing
serological models for minimally invasive relapse monitoring and seeking mechanistic insights into
relapse outcomes. These findings hold significant potential to transform clinical management strategies
by enabling early relapse detection and precision targeting of relapse-driving pathways in ALL.

Materials and methods

1. Clinical Data Acquisition
Data for this study were sourced from the Therapeutically Applicable Research to Generate Effective
Treatments (TARGET) database (https://portal.gdc.cancer.gov/analysis_page?
app=CohortBuilder&tab=general). We retrieved open-access samples with a primary diagnosis of acute
lymphoblastic leukaemia (ALL) from the TARGET-ALL-P1, TARGET-ALL-P2, and TARGET-ALL-P3 datasets
in this database. The samples encompassed clinical, whole-exome mutation, CNV, and transcriptomics
data. Following the processes of data merging and collation, samples that satisfied the subsequent
criteria were selected for further analysis. Firstly, the cancer type was primary blood-derived cancer.
Secondly, the primary tumor site was bone marrow. Thirdly, the follow-up recurrence outcomes were
clearly classified as one of the following four types: NR, BMR, CR, and BMCR. Ultimately, a total of 927
clinical samples met these inclusion criteria, including 618 with whole-exome mutation data, 250 with
CNV profiles, and 343 with transcriptomic data. With the exception of transcriptomics data, the sample
sizes for the remaining data were consistent with the number of clinical cases. The detailed clinical
characteristics are summarized in supplementary materials.

2. Clinical Data Analysis
The clinical dataset comprised seven categorical variables, including Gender and Race. We tabulated the
frequency of each categorical variable across the four relapse outcomes and quantified significance and
strength of association using the  function from the R package . Pearson's chi-squared
test was employed for contingency tables with sample sizes ≥ 40 and all cell counts ≥ 5 to analyse the
association significance. While the likelihood ratio chi-squared test was used for tables containing cell
counts < 5 to analyse the association significance. The chi-square test p < 0.05 denoted statistical
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significance. Association strength was measured using the Contingency Coefficient and Cramer's V, with
values approaching 1 indicating stronger associations and values near 0 suggesting weaker
associations.

3. Genomic Mutation Analysis
To investigate mutation profiles across ALL relapse outcomes, whole-exome mutation data were
analyzed using the R package . After importing data via the  function, mutation
burden was compared between ALL relapse groups and TCGA pan-cancer cohorts using 
. Differential mutation burden across relapse groups was assessed with the  function, and mutation
summary plots were generated using . Mutational signature analysis was
performed using cosine similarity scoring against 60 COSMIC mutational signatures (v3.2), incorporating
the  reference genome and  package. Pathway
enrichment analysis evaluated the contribution of mutated genes to 24 established oncogenic signaling
pathways using the  function. The mutant data are available in the supplementary materials.

4. CNV Analysis
To analyze CNV differences across ALL relapse outcomes, genes with a copy number of 2 were labeled
as "neutral", while those with copy numbers other than 2 were classified as "change". Four pairwise
comparisons were performed: NR vs. Other (non-NR samples), BMR vs. Other (non-BMR samples), CR
vs. Other (non-CR samples), and BMCR vs. Other (non-BMCR samples). For each comparison, 2×2
contingency tables (rows: CNV status; columns: relapse groups) were constructed, and chi-squared tests
were applied to identify differentially altered CNV genes. Additionally, genes were categorized as "loss"
(copy number < 2), "neutral" (copy number = 2), or "gain" (copy number > 2). The frequency of gain/loss
events was calculated as the proportion of affected samples within each relapse group to quantify
genomic instability patterns. The CNV data are available in the supplementary materials.

5. Transcriptomic Differential Expression Analysis
RNA-seq count data were normalized and analyzed for differential expression using the R package
DESeq2. Pairwise comparisons (NR vs. Other, BMR vs. Other, CR vs. Other, BMCR vs. Other) identified
differentially expressed genes (DEGs) with thresholds of p < 0.05 and |log₂FC|>1. The RNA-seq data are
available in the supplementary materials.

6. Principal Component Analysis (PCA)
To visualize transcriptomic heterogeneity across relapse groups, DESeq2-normalized counts underwent
log₂(x + 1) transformation. Dimensionality reduction and visualization were performed using PCA from
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the R package factoextra, with the  function generating PCA plot to illustrate sample
clustering patterns.

7. Gene Biotype Annotation
Gene biotypes for DEGs were obtained using the  function from the R package AnnoProbe,
enabling functional classification of differentially expressed transcripts (e.g., protein-coding, lncRNA,
pseudogene).

8. Enrichment Analysis
For differentially altered CNV genes, chromosome enrichment was assessed using the

 file and the  function from the R package
clusterProfiler. Gene Ontology(GO) enrichment was performed via the DAVID database
(https://david.ncifcrf.gov/) with parameters counts = 2 and ease = 0.1. Both adopt over-representation
analysis (ORA) for enrichment. For DEGs, GO and Reactome pathway enrichments were conducted using
MSigDB's  and

 files, respectively, with Gene Set Enrichment
Analysis (GSEA). This approach enabled assessment of pathway activation or inhibition status and
quantification of effect magnitude via normalized enrichment scores (NES): NES > 0 indicates pathway
activation, NES < 0 indicates suppression, and absolute NES values positively correlate with effect
strength. To characterize genes in optimal monitoring panels, we retrieved functional annotations from
the GeneCards database (https://www.genecards.org/) and highlighted representative GO pathways
from the 'Pathways' section. To explore regulatory roles of hub genes, GO ORA were conducted through
DAVID database with parameters counts = 1 and ease = 1.

9. Plasma Protein Curation and Data Integration
Plasma protein-coding genes were compiled from the Human Protein Atlas (HPA,
https://www.proteinatlas.org/) and the Human Plasma Proteome Project (HPPP,
https://www.hupo.org/plasma-proteome-project/). The union of these datasets was used to filter plasma
protein-coding candidates from DEGs. The plasma protein-coding genes are available in the
supplementary materials.

10. Disease Database Mining
The MalaCards human disease annotation database (https://www.malacards.org/) was queried to
assess associations between hematopoietic malignancies and genes in optimal panels/hub gene sets,
utilizing gene-disease association scores.
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11. Optimal Panel Selection and Monitoring Model Development
Four relapse outcomes (NR vs. Other, BMR vs. Other, CR vs. Other, BMCR vs. Other) were modeled as
binary endpoints, with upregulated plasma protein-coding DEGs serving as predictive features. Pre-
trained XGBoost models were optimized via 5-fold cross-validation and grid search for hyperparameter
tuning. Feature importance was quantified using SHAP values from the R package SHAPforxgboost.
Model discrimination (AUC) and calibration (Hosmer-Lemeshow p-value) were evaluated with the
tidymodels and PredictABEL packages. To enhance robustness, pre-training was repeated across 50
random seeds and results were retained with criteria of AUC < 0.95 and HL p < 0.05. Genes were ranked
in descending order by mean SHAP values calculated under retention criteria, and the top 5 genes from
each group were combined to generate 31 candidate panels. Each panel underwent retraining under
reserved pre-training seeds with optimal parameters, The optimal panel for each relapse outcome was
selected based on maximum mean AUC with mean HL p > 0.05. The training data are available in the
supplementary materials.

12. Hub Gene Identification
Interaction networks for DEGs in each relapse group were constructed using the STRINGdb package
(STRING database version 12.0, Homo sapiens, minimum interaction score threshold of 700). Degree
values (number of direct interactions) for each gene node were calculated using the igraph package. For
BMR vs. Other, CR vs. Other, and BMCR vs. Other comparisons, DEGs with degree > 10 were selected as
input features for the Boruta algorithm. To enhance stability, Boruta training was repeated across 50
random seeds, with features classified as "Confirmed" (definitively important), "Tentative" (potentially
important), or "Rejected" (not important) based on variable importance. Genes that were classified as
"Confirmed" in all 50 iterations and were unique to one group were retained as group-specific hub
genes.The networks and Boruta results are available in the supplementary materials.

13. Quantitative real-time PCR (qPCR)
Total RNA was isolated by TRIzol® Reagent (Tiangen, China) and converted to cDNA using a reverse
transcription kit (Tiangen, China). Then, the expression of target gene was detected by real-time PCR
(SYBR green) with specific primers. The PCR reaction conditions were as follows: 95°C for 3 min,
followed by 40 cycles of 95°C for 15s, 60°C for 15s, and 72°C for 20 s, concluding with an extension step
of 72°C for 5min. The data were analyzed using 2−∆∆Ct method. Primers were listed in the supplementary
materials.

14. Cell lines and culture conditions
The human Ph + ALL cell line SUP-B15 and human embryonic kidney cell line 293FT were purchased
from the American Type Culture Collection. SUP-B15 cells were cultured in Iscove's modified Dulbecco's
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medium (IMDM) (Cytiva, Cat# SH30228.FS) supplemented with 1% penicillin-streptomycin, 20% FBS
(Gibco; Thermo Fisher Scientific, Inc.), and 0.05 mM β-mercaptoethanol (Gibco, Cat# 21985-023). 293FT
cells were cultured in DMEM (HyClone, Cat# SH30022.01) with 10% FBS. All cells were maintained in a
humidified incubator at 37°C in an atmosphere of 5% CO₂.

15. Lentivirus Production and Cell Transduction
ShRNA sequences targeting CD74, MT-CO1, and TGFB1, along with a negative control sequence, were
respectively cloned into the pLKO.1 lentiviral vector (addgene, #8453). Lentiviral particles were produced
by co-transfecting 293FT cells with the lentiviral vector, pMD2.G, and psPAX2 viral packaging plasmids
using Lipofectamine 3000 (Invitrogen, USA) according to the manufacturer's protocol. Viral supernatants
were harvested at 48 h and 72 h post-transfection, and viral titers were determined before storage at
-80°C. For cell infection, SUP-B15 cells were incubated with viral culture medium supplemented with 10
µg/mL polybrene. Stably transduced cells were selected using 2 µg/mL puromycin for 14 days.

16. Cell Proliferation Assay
Stable SUP-B15 cell lines were seeded at 2,000 cells/well in 96-well plates (30 replicates per sample).
Cell viability was measured daily for 5 days using the Cell Counting Kit-8 (MCE, HY-K0301) according to
the manufacturer's instructions, with five wells measured per day.

17. Flow Cytometry Analysis
For S-phase analysis, stable cells were pulsed with 100 µM 5-bromo-2'-deoxyuridine (BrdU, Thermo
Fisher Scientific) for 1 h at 37°C before harvesting. Then cells were fixed with 70% ethanol at 4°C
overnight. Next, permeabilized with 0.3% Triton X-100 for 30 min, and stained with FITC-anti-BrdU
(Thermo Fisher Scientific) for 1 h at room temperature. Finally, cells were labeled with 50 ng/mL
propidium iodide (PI, Thermo Fisher Scientific) and 10 µg/mL RNase A (Thermo Fisher Scientific) for 30
min at 37°C, and then analysed by flow cytometry. For apoptosis analysis, cells were stained with PI and
APC-conjugated annexin V (BestBio, C1062) according to the manufacturer's protocol prior to flow
cytometry. Data acquisition was performed on a CytExpert flow cytometer (Beckman Coulter, Inc), with a
minimum of 20,000 events analyzed per sample.

Results
1. Clinical Characteristics of ALL Relapse Outcomes 

To investigate clinical features associated with distinct relapse outcomes in ALL, we analyzed clinical
data from 927 TARGET-ALL patients categorized into four groups: 708 cases in the NR group, 167 with
BMR, 30 with CR, and 22 with BMCR (Fig. 1A). Assessment of the significance and strength of
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associations between categorical clinical variables and various recurrence outcomes revealed no
significant intergroup differences in Race, MLL status, and Down syndrome. However, Gender, CNS status
at diagnosis, ETV6/RUNX1 fusion status, TRISOMY 4/10 status, and TGF3 PBX1 status differed
significantly across groups (Fig. 1B), suggesting these differential variables may contribute to relapse
heterogeneity. Additionally, Vital status showed significant difference among groups and the strongest
association with relapse outcome, with BMCR patients exhibiting the highest mortality rate (77.3%,
17/22), followed by BMR (61.1%, 102/167) and CR (43.3%, 13/30) (Fig. 1B). Survival analyses also
confirmed that BMCR patients had the poorest overall survival (OS) and event free survival (EFS)
outcomes (Fig. 1C). The findings emphasize the significance of recurrence patterns, particularly BMCR,
in determining prognosis, further highlighting the urgent need for early detection and intervention in ALL
recurrence.

2. Exome-Wide Mutation Analysis in ALL Relapse Outcomes 

618 ALL samples with mutation data and varying relapse outcomes from the TARGET database were
analyzed to characterize mutation profiles (Fig. 1A). Pan-cancer mutation burden comparison revealed
that ALL relapse groups exhibited lower overall mutation rates compared to most solid tumors but
higher than acute myeloid leukemia (LAML), suggesting relatively elevated genomic instability in ALL
among hematologic malignancies (Fig. 2A). Notably, the BMCR group displayed the highest differential
mutation burden (Fig. 2B), aligning with its poorest survival outcomes. These suggest a potential link
between elevated genomic alterations and ALL malignant progression. Mutation signature analysis
presented high similarity among groups in terms of variant classification, variant type, and SNV class but
divergent top 10 mutated genes (Fig. 2C, Fig. S1). Mutational etiology assessment indicated similar
exposure profiles among NR, BMR, and BMCR groups, with the exception of the CR patients, implying
that mutation triggers do not explain group mutation heterogeneity (Fig. 2D, Fig. S2). Pathway
enrichment analysis revealed group-specific oncogenic signaling alterations: MAPK signaling (25.22%
mutation frequency) in NR, genome integrity pathways (13.51%) in BMR, NOTCH signaling (35.29%) in
CR, and chromatin regulation/NOTCH/ubiquitin-proteasome systems (40% combined frequency) in
BMCR (Fig. 2E, Fig. S3), suggesting that distinct oncogenic pathway dysregulation may drive relapse-
specific outcomes in ALL.

3. CNV Analysis in ALL Relapse Outcomes 

250 ALL samples with CNV data from the TARGET database were analyzed to characterize CNV profiles
across relapse outcomes (Fig. 1A). Differential CNV analysis identified 2,414, 924, 3,212, and 43
significantly altered CNV genes in the NR, BMR, CR, and BMCR groups, respectively (Fig. 3A, Fig. S4). The
limited number of differential CNVs in BMCR may be influenced by its smaller sample size.
Chromosomal enrichment, gene biotype annotation, and GO enrichment analyses were performed to
interpret group-specific CNV patterns. Notably, NR and CR groups exhibited similar CNV profiles in
chromosomal distribution, gene biotype composition, and functional enrichment, whereas BMR and
BMCR groups showed distinct patterns (Fig. 3B-D). Comprehensive analysis of the top 30 differential
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CNVs revealed predominant CNV loss in NR and CR groups, contrasting with CNV gain in BMR and
BMCR groups. However, comparisons to control cohorts indicated increased loss frequency in NR,
reduced loss frequency in CR, decreased gain frequency in BMR, and elevated gain frequency in BMCR
(Fig. 3E). These findings elucidate CNV characteristics associated with distinct relapse outcomes,
providing novel insights into the mechanisms driving ALL relapse heterogeneity.

4. Transcriptomic Analysis of ALL Relapse Outcomes 

A comprehensive transcriptomic analysis was performed on 343 ALL samples with RNA-sequencing
data and relapse outcomes from the TARGET database (Fig. 1A). PCA plots revealed group-specific
expression patterns. However, the NR and CR groups exhibited high similarity, as did the BMR and BMCR
groups (Fig. 4A). This transcriptional similarity aligns with previous CNV-based group characterizations,
suggesting potential regulatory links between genomic alterations and gene expression profiles.
Differential expression analysis identified group-specific DEGs (Fig. 4B, Fig. S5), which were subjected to
biotype annotation and functional enrichment analysis using GO and Reactome databases. The biotype
classification exhibited diversity, yet protein-coding genes were confirmed as the predominant DEG
category across groups (Fig. 4C). GO enrichment revealed distinct biological processes. NR group
showed suppressed immune response, cell differentiation, and apoptosis pathways. BMR exhibited
enhanced cell activation, adhesion and oxidative phosphorylation. CR displayed activated type II
interferon production and mitochondrial functions. BMCR demonstrated augmented cell activation and
adhesion, leukocyte chemotaxis, and B-cell activation (Fig. 4D). Reactome pathway analysis
corroborated these findings, showing predominant pathway suppression in NR versus activation in other
groups (Fig. 4E). These transcriptomic disparities provide novel mechanistic insights into the molecular
drivers of relapse heterogeneity in ALL.

5. Optimized XGBoost Combined with SHAP Algorithm Identifies Optimal Serum Monitoring Panels for
ALL Relapse Outcomes 

Current ALL relapse monitoring primarily relies on MRD detection, which is mainly applied to BMR
surveillance but shows limited efficacy for CR/BMCR monitoring and requires invasive bone marrow
sampling. Development of minimally invasive serological panels capable of accurately monitoring
diverse relapse outcomes holds significant clinical value. To achieve this, we intersected plasma protein-
coding genes from the HPA and HPPP databases with group-specific upregulated genes to identify
candidate biomarkers for panel screening (Fig. 5A-B, Fig. S6A). Heatmaps revealed marked expression
differences in the top 10 candidate genes across groups, suggesting their potential as relapse-specific
markers (Fig. S6B). We optimized XGBoost models using 5-fold cross-validation and grid search,
followed by SHAP analysis to rank feature importance. Fifty iterations of model pre-training were
performed, with AUC values and Hosmer-Lemeshow (HL) test p-values used to filter suboptimal results
and ensure robustness (Fig. S7). Mean SHAP values from retained iterations were calculated for final
feature ranking (Fig. 5C). Combining top 5 features from each group generated 31 candidate panels,
which were evaluated through iterative pre-training. Optimal panels satisfied with HL p<0.05 included: NR
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panel (LRBA, SH2B1A, IL36G, ADH1A, CEP85, AUC=0.985); BMR panel (CD22, CRMP1, EPHA2, KLK14,
AUC=0.997); CR panel (ACVRL1, FAT3, SKAP1, AUC=0.990); and BMCR panel (AGRN, CP, EFEMP1,
LGALS7, ST6GAL2, AUC=0.999) (Fig. 5D). 

Genomic analysis of panel genes revealed significant expression differences across groups but rare
mutations (1% missense in FAT) and limited CNV alterations (statistically significant only in SH2D1A),
suggesting expression regulation of panel genes caused by non-genomic factors (Fig. S8A-C).
Functional characterization using the HPA protein class identified cancer/disease-associated genes
(e.g., LRBA, SH2D1A) and FDA-approved drug targets (e.g., ADH1A, CD22) within optimal panels,
supporting therapeutic relevance. Protein half-life predictions via ExPASy ProtParam indicated serum
suitability of panel genes (>30 hours). Malacards analysis linked most panel genes to hematologic
disorders, while GeneCards GO enrichment highlighted cell adhesion/migration pathways in
BMR/CR/BMCR panels and CNS development processes in CR/BMCR panels, aligning with clinical
relapse phenotypes (Fig. S8D). Survival analysis revealed poor prognosis associations with elevated
levels of panel genes (CD22, LGALS7, CRMP1, AGRN, and KLK14), suggesting dual monitoring and
prognostic potential (Fig. S9).

6. Identification and Validation of Hub Genes in ALL Relapse Outcomes 

To identify hub genes driving ALL relapse progression and potential therapeutic targets, we constructed
protein-protein interaction networks using the STRING database and group-specific DEGs from BMR, CR,
and BMCR groups. Subnetworks were extracted with nodes exhibiting degree>10, representing 14.44%,
5.62%, and 10.56% of total nodes in BMR/CR/BMCR groups, respectively. These subnetworks governed
39.23%, 15.42%, and 50.41% of total interactions, highlighting their regulatory importance (Fig. S10).
Boruta algorithm was applied across 50 iterations to identify group-specific hub genes with confirmed
importance scores of 50, yielding 18, 13, and 3 hub genes for BMR, CR, and BMCR groups, respectively
(Fig. 6A). 

Multi-omics analysis revealed downregulated hub genes in CR and upregulated hub genes in BMCR,
while BMR showed both up- and downregulated patterns. Notably, only ITPR2, ADCY5, and HLA-DRA
exhibited missense mutations in NR samples, and CXCR3 was the sole hub gene with CNV differences
across groups, suggesting expression regulation of hub genes caused by non-genomic factors (Fig.
S11A, S11C-D). Functional characterization via HPA protein classes classified 28 hub genes (including
ADCY5) as cancer/disease-related and 17 (including CD19) as FDA-approved/potential drug targets.
Malacards analysis confirmed hematologic disease associations for all hub genes, underscoring their
therapeutic relevance (Fig. S11B). DAVID GO enrichment of subnetwork-regulated hub genes revealed
pathway convergence on signal transduction, biological function, immune responses, DNA replication,
and transcription in BMR/BMCR groups, with additional CNS-related pathway enrichment in CR group
(Fig. S12). 

Representative hub genes CD74 (BMR), MT-CO1 (CR), and TGFB1 (BMCR) were selected for functional
validation. CD74 and TGFB1 demonstrate elevated levels of expression in the BMR and BMCR groups,
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respectively, while MT-CO1 exhibits reduced expression in the CR group (Fig. 6B). Consistent with
expression profiles, shRNA-mediated knockdown in SUP-B15 cells (Fig. 6C) demonstrated that
CD74/TGFB1 depletion enhanced proliferation and inhibited apoptosis, while MT-CO1 knockdown
showed opposite effects (Fig. 6D-F). These results confirm the regulatory roles of identified hub genes in
ALL pathogenesis, validating the screening approach.

Discussion
Relapse remains a critical cause of mortality in ALL, with distinct outcomes including BMR, CR, and
BMCR (32). Current clinical surveillance predominantly relies on MRD monitoring, which is primarily
limited to BMR detection and requires invasive bone marrow aspiration (11–12). Consequently, there is
an urgent clinical need to develop minimally invasive serological biomarkers capable of monitoring
diverse relapse outcomes. Furthermore, mechanistic insights into ALL relapse heterogeneity remain
insufficient, necessitating the identification of hub genes driving relapse processes to enable early
targeted interventions (33). Leveraging multi-omics data from the TARGET database, we systematically
characterized clinical, genomic, CNV, and transcriptomic features across ALL relapse outcomes. This
analysis yielded optimal serological monitoring panels and predictive models for each relapse group,
alongside the identification of group-specific hub genes, thereby establishing novel pathways for early
relapse detection and intervention in ALL.

Utilizing machine learning algorithms and transcriptomic data, we identified serological monitoring
panels tailored to ALL relapse outcomes. Predictive models constructed using these panels achieved
mean AUC values of 0.985, 0.997, 0.990, and 0.999 for distinguishing NR, BMR, CR, and BMCR groups
from their respective controls. These panels outperform existing models such as the Seven-lncRNA-
mRNA Signature (AUC = 0.901) (34) and clinical variable-based models incorporating age, WBC count,
and hemoglobin levels (AUC = 0.902) (35), demonstrating superior discriminatory capacity. The high AUC
values underscore the panels' efficacy in identifying distinct relapse outcomes, offering clinicians a more
precise monitoring tool. Compared to conventional MRD detection methods, serum-based panels avoid
invasive bone marrow sampling, reduce procedural costs, and facilitate broader clinical implementation,
highlighting their significant translational potential. Notably, several panel genes (e.g., CD22, CRMP1,
KLK14, AGRN, LGALS7) exhibit prognostic relevance in ALL patients. Targeted therapies against CD22
have demonstrated efficacy in refractory/relapsed ALL (36–37), validating the therapeutic relevance of
our findings and prompting similar potential for other panel components. Additionally, through network
analysis and Boruta algorithm training, we identified hub genes significantly associated with ALL relapse
outcomes, including VAMP2 and EFNB2 in BMR, MT-ATP8 and CXCR3 in CR, and HLA-DRA and HLA-F in
BMCR. CR-associated hub genes showed enrichment in mitochondrial functional pathways, aligning with
reported alterations in mitochondrial DNA levels in cerebrospinal fluid from patients with CNS relapse
(38), implicating mitochondrial dysfunction in ALL CNS relapse pathogenesis. Functional validation
experiments confirmed that knockdown of representative hub genes (CD74, MT-CO1, TGFB1)
significantly impacts ALL cell proliferation and apoptosis, further emphasizing their critical roles in ALL
progression. The identification of these hub genes not only advances mechanistic understanding of ALL
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relapse but also provides actionable therapeutic targets for early intervention, particularly for
mitochondrial dysfunction-related strategies in CNS relapse management. Furthermore, our
methodology incorporated algorithmic optimizations, including 50 randomized pre-trainings, 5-fold
cross-validation, and grid search parameter tuning (39–41), which substantially enhanced the
performance and stability of XGBoost models and Boruta algorithms compared to non-optimized
approaches. This study establishes a robust framework for biomarker discovery in heterogeneous
diseases, offering clinically translatable solutions for precision oncology (34–35).

This study has several limitations. First, the data were sourced from the TARGET database, which
contains relatively fewer samples in the CR and BMCR groups compared to the NR and BMR cohorts. To
mitigate overfitting risks associated with small sample sizes, we did not partition internal
training/validation sets. Furthermore, no external validation datasets containing ALL relapse outcomes
were identified in public repositories beyond the TARGET database. To partially address this limitation,
we employed 5-fold cross-validation to enhance model robustness. Fusion genes have been reported to
play significant roles in ALL pathogenesis and relapse (42–43). However, due to data type limitations in
the TARGET database, we were unable to investigate their specific contributions across relapse
outcomes. Additionally, this study did not validate the serological panels using clinical samples or
establish primary ALL cell lines from relapse-specific cohorts for functional hub gene verification.
Nevertheless, functional assessments in ALL cell lines partially compensated for these experimental
gaps.

Conclusions
In conclusion, this study analyzed multi-omics characteristics of ALL relapse outcomes from the
TARGET database and developed optimized algorithms to construct serological monitoring panels and
identify therapeutically relevant hub genes. While clinical and experimental validations remain limited,
multi-dimensional data analysis, literature corroboration, and preliminary functional experiments suggest
strong translational potential for the identified panels and hub genes, providing novel theoretical
foundations for early relapse monitoring and precision interventions in ALL. Future studies should
incorporate multi-center clinical trials to validate panel external validity, elucidate hub gene regulatory
mechanisms, and explore targeted therapeutic strategies based on these genes, with the ultimate goal
of improving clinical outcomes for ALL patients.
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Figure 1

Clinical Characteristics of ALL Relapse Outcomes

(A) Sample distribution of ALL patients across relapse outcomes in the TARGET multidimensional data.
(B) Association significance and strength between clinical features and ALL relapse outcomes. (C) OS
(top) and EFS (bottom) curves for ALL patients across relapse groups.
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Figure 2

Exome-Wide Mutation Analysis in ALL Relapse Outcomes

(A) Comparative mutation burden profiles of ALL relapse groups and pan-cancer cohorts. (B) Mutation
burden analysis of ALL samples across relapse outcomes. (C) Mutation type distribution and top 10
mutated genes in ALL relapse groups. (D) Cosine similarity analysis of mutational signatures in each
relapse group. (E) Oncogenic pathway alteration profiles (mutation frequency>0) across relapse groups.

TMB: Tumor mutation burden; SKCM: Skin Cutaneous Melanoma; LAML: Acute Myeloid Leukemia; ONP:
Oligonucleotide Polymorphism
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Figure 3

CNV Analysis in ALL Relapse Outcomes

(A) Bar plot displaying the number of differential CNV genes in ALL relapse outcome groups. (B) Network
plot illustrating chromosomal enrichment results of differential CNV genes per group. (C) Heatmap
showing biotype classification of differential CNV genes in each group. (D) Bubble plot of top 10 GO
enrichment terms for differential CNV genes in each group, ranked by p-value. (E) Heatmap depicting
gain/loss frequencies of top 30 differential CNV genes (ranked by p-value) across groups.
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Figure 4

Transcriptomic Characterization of ALL Relapse Outcomes

(A) PCA plot displaying global expression pattern differences among ALL relapse groups at the
transcriptomic level. (B) Bar plot showing the number of DEGs in each group. (C) Heatmap illustrating
biotype distribution of DEGs across groups. Bubble plots of top 10 pathways from GO (D) and Reactome
(E) GSEA analyses, ranked by absolute NES scores.
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Figure 5

Optimized XGBoost Combined with SHAP Algorithm Identifies Optimal Monitoring Panels for ALL
Relapse Outcomes

(A) Network plot showing union of plasma protein-coding genes from HPA and HPPP databases. (B)
Venn diagram illustrating intersections between plasma protein-coding genes and group-specific
upregulated genes. (C) Bubble plot displaying final SHAP values of top 10 candidate genes per group
after pre-training. (D) Bar plot showing mean AUC values and HL p-values for candidate panels in each
group.
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Figure 6

Identification and Validation of Hub Genes in ALL Relapse Outcomes

(A) Bar plot showing hub gene screening results using the Boruta algorithm in each group. Group-
specific genes with confirmed importance scores of 50 were designated as hub genes. (B) Bar plot
displaying differential expression fold changes of representative hub genes (CD74, MT-CO1, TGFB1)
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across ALL relapse outcomes. (C) QPCR validation of stable CD74, MT-CO1, and TGFB1 knockdown
efficiency in SUP-B15 cells. Functional validation through CCK8 proliferation assays (D), BrdU
incorporation assays (E), and apoptosis assays (F) post-knockdown. All experiments were performed in
triplicate with paired t-test statistics. Data are presented as mean ± SD. *: p<0.05; **: p<0.01; ***:
p<0.001.
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