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Abstract

Background and Aims: Early predictors of 6-month non-
recovery in drug-induced liver injury (DILI) remain limited. 
Genetic variants are stable host characteristics that may 
complement baseline clinical variables. We aimed to de-
velop and validate an interpretable, clinical-genetic machine 
learning model for predicting 6-month non-recovery in pa-
tients with DILI. Methods: This retrospective, single-center 
study included 338 patients with DILI, who were classified 
as recovered (n = 171) or non-recovered (n = 167) at 6 
months. Candidate single-nucleotide polymorphisms and 
baseline clinical variables were collected during initial hos-
pitalization. Features were selected using complementary 
screening approaches. Multiple machine learning models 
were developed and compared. Model discrimination, cali-
bration, clinical utility, the incremental value of genetic pre-
dictors, and interpretability using SHapley Additive exPlana-
tions (SHAP) were assessed. Results: Five predictors were 
consistently retained for model development: rs72631567, 
rs28521457, alanine aminotransferase, monocyte percent-
age, and low-density lipoprotein. Among the candidate algo-
rithms, the light gradient boosting machine model showed 
the best performance, with area under the receiver operat-
ing characteristic curve (AUC) values of 0.92 (95% confi-
dence interval [CI] 0.89–0.95) in the training set and 0.81 
(95% CI 0.70–0.91) in the validation set. The model showed 
acceptable calibration and favorable decision-curve perfor-
mance. In ablation analysis, the clinical-only model showed 
limited discrimination (AUC 0.57, 95% CI 0.43–0.71). SHAP 
analysis identified rs72631567 as the most influential pre-
dictor. Conclusions: An interpretable model that integrates 
host genetic variants with baseline clinical variables dem-
onstrated good internal performance for early prediction of 
6-month non-recovery in DILI. These findings support ex-
ternal validation of genotype-informed risk stratification in 
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Introduction
Drug-induced liver injury (DILI) is a major challenge in hepa-
tology and remains an important cause of abnormal liver 
biochemistry, post-marketing drug withdrawal, and acute 
liver failure.1,2 Its clinical course is highly heterogeneous. 
Although most patients recover after withdrawal of the im-
plicated agent, a substantial proportion develop persistent 
liver test abnormalities beyond 6 months, a phenotype com-
monly regarded as DILI chronicity.3,4 Some patients who do 
not recover may remain at risk of prolonged morbidity and 
progressive liver disease.2 Early identification of individuals 
at increased risk of non-recovery could therefore help guide 
the intensity of follow-up and clinical management.

Current reliable prediction tools for non-recovery after 
DILI are limited and have largely relied on clinical laboratory 
parameters, imaging features, or selected biomarkers.5–7 
However, these phenotypic markers are dynamic and may 
be influenced by the timing of assessment, disease stage, 
treatment, and comorbid conditions. Due to their relatively 
stable nature, genetic variants may provide complementary 
information for early risk prediction. In other disease set-
tings, incorporating genetic information has improved the 
performance of clinical prediction models.8,9

Genetic studies of DILI have mainly focused on suscep-
tibility rather than disease course.10–12 In a large, interna-
tional, multicenter genome-wide association study, Nicoletti 
et al13 identified three non-HLA genetic signals (HLA, hu-
man leukocyte antigen) associated with DILI susceptibility: 
rs114577328, rs72631567, and rs28521457. Whether these 
variants are also associated with subsequent non-recovery 
after DILI onset remains unclear.

In the present study, we examined the associations of 
these candidate single-nucleotide polymorphisms (SNPs) 
with 6-month non-recovery in a real-world cohort. We then 
developed an interpretable machine learning model that inte-
grated genetic variants with baseline clinical variables avail-
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able during the initial hospitalization. We aimed to improve 
early prediction of non-recovery and provide a framework for 
future genotype-informed risk stratification of DILI.

Methods

Study design and patient selection
This retrospective, single-center cohort study was conducted 
at Ruijin Hospital, Shanghai, China. Patients hospitalized with 
suspected DILI between May 2018 and May 2023 were con-
secutively screened. The study was approved by the institu-
tional ethics committee of Ruijin Hospital (Ethics Approval 
No. 11-2017) and conducted in accordance with the princi-
ples outlined in the Declaration of Helsinki.

Patients were eligible if they met all of the following cri-
teria: age ≥18 years, documented exposure to a suspect-
ed drug, fulfillment of biochemical criteria for acute DILI, a 
Roussel Uclaf Causality Assessment Method (RUCAM) score 
≥6, and available follow-up data for at least 6 months after 
DILI diagnosis. The biochemical criteria for acute DILI were 
defined as alanine aminotransferase (ALT) ≥5 × the upper 
limit of normal (ULN), alkaline phosphatase (ALP) ≥2 × ULN 
with bone disease excluded, or ALT ≥3 × ULN together with 
total bilirubin (TBil) ≥2 × ULN.14 Patients were excluded if 
they were lost to follow-up or if liver injury could be attrib-
uted to other definite causes, including viral hepatitis, auto-
immune hepatitis, liver tumors, obstructive jaundice, or liver 
injury secondary to systemic disease. The final cohort com-
prised 338 patients, including 171 in the recovery group and 
167 in the non-recovery group.

Outcome definition
The primary outcome was 6-month non-recovery after DILI 
diagnosis, representing DILI chronicity in this study.15 Non-
recovery DILI was defined as persistent abnormalities in any 
of the following liver biochemical indices at 6 months after 
DILI diagnosis: ALT, AST, ALP, or TBil.

Clinical variable collection
Baseline clinical data were extracted from electronic medi-
cal records within the first 24 h of hospitalization. Candidate 
variables included demographic characteristics, lifestyle fac-
tors, comorbidity burden, biochemical indices, lipid and iron 
metabolism markers, coagulation parameters, hematologic 
indices, autoantibodies, immunoglobulin levels, and lympho-
cyte subsets. The collected variables included sex, age, BMI, 
smoking status, alcohol consumption history, Charlson Co-
morbidity Index (CCI), fasting glucose, ALT, AST, ALP, gam-
ma-glutamyl transferase (GGT), TBil, direct bilirubin (DBil), 
total bile acids (TBA), albumin (ALB), prealbumin (PAB), cre-
atinine (Cr), triglycerides (TG), total cholesterol (TC), high-
density lipoprotein (HDL), low-density lipoprotein (LDL), free 
fatty acids (FFA), serum iron (SI), total iron-binding capacity 
(TIBC), ferritin (SF), transferrin saturation (TSAT), alpha-
fetoprotein (AFP), prothrombin time (PT), activated partial 
thromboplastin time (APTT), international normalized ratio 
(INR), D-dimer,  white blood cell (WBC) count, monocyte 
percentage (Mono), eosinophil percentage (Eos), hemo-
globin (Hb), platelet (PLT) count, antinuclear antibody (ANA), 
immunoglobulin G (IgG), and lymphocyte subsets including 
CD3+, CD3+CD4+, and CD3+CD8+ T cells. Culprit drugs were 
also recorded and descriptively categorized.

The pattern of liver injury was classified according to the 
R value as hepatocellular (R ≥ 5), mixed (2 < R < 5), or 
cholestatic (R ≤ 2). DILI severity was graded from Grade 1 to 
Grade 4 according to criteria established by the International 

DILI Expert Working Group.16 Grade 1 DILI was defined as 
ALT ≥5 × ULN or ALP ≥2 × ULN with TBil <2 × ULN. Grade 2 
DILI was defined as ALT ≥5 × ULN or ALP ≥2 × ULN with TBil 
≥2 × ULN, or symptomatic hepatitis. Grade 3 DILI was de-
fined as ALT ≥5 × ULN or ALP ≥2 × ULN with TBil ≥2 × ULN 
and at least one of the following: INR ≥1.5, ascites or hepatic 
encephalopathy within 26 weeks in the absence of cirrhosis, 
or other organ failure attributable to DILI. Grade 4 DILI was 
defined as death or liver transplantation due to DILI.

SNP genotyping
Three candidate SNPs, including rs114577328, rs72631567, 
and rs28521457, were selected from a previous genome-
wide association study that identified host genetic variants 
associated with DILI susceptibility.13 These loci were evalu-
ated as candidate host genetic markers for association with 
6-month recovery status after DILI onset. Genotyping was 
performed using Sanger sequencing. Genomic DNA was ex-
tracted from peripheral blood samples, and regions flank-
ing each candidate locus were amplified by conventional PCR 
with locus-specific primers. The primer sequences are listed 
in Supplementary Table 1. Genotypes were assigned by com-
paring sequencing results with the corresponding reference 
sequences and identifying the nucleotide at each candidate 
SNP position.

Data preprocessing
The cohort was split into training and validation sets at an 
8:2 ratio using stratified sampling according to non-recov-
ery outcome status. After this split, feature selection, hy-
perparameter tuning, and model selection were performed 
exclusively on the training set, whereas the validation set 
was used solely for final model evaluation. Missing values 
were imputed using multiple imputation by chained equa-
tions (MICE) with predictive mean matching.17 Five imputed 
datasets were generated with 10 iterations under a fixed ran-
dom seed, and one completed dataset was used as the pri-
mary analytic dataset for model development and validation. 
SNPs were additively encoded as 0, 1, or 2 according to the 
number of effect alleles. Categorical variables were dummy-
coded when required for model development.

Feature selection
To reduce redundancy and improve robustness, three com-
plementary feature selection methods were applied to the 
training set: least absolute shrinkage and selection operator 
(LASSO),18 support vector machine–recursive feature elimi-
nation (SVM-RFE),19 and Boruta.20 For LASSO, the optimal 
penalty parameter was selected using cross-validation ac-
cording to the λ.1se criterion. For SVM-RFE, the optimal 
feature subset was defined as the set achieving the highest 
classification accuracy. Boruta, a random forest (RF)–based 
algorithm, was used to identify all relevant predictors by 
comparing observed variables with shadow features. Pre-
dictors consistently selected by all three methods were re-
tained through intersection analysis for subsequent model 
construction.

Model development
Based on the selected predictors, six machine learning mod-
els were developed using the training set: Light Gradient 
Boosting Machine (LightGBM),21 logistic regression (LR), RF,22 
support vector machine (SVM),23 eXtreme Gradient Boosting 
(XGBoost),24 and multilayer perceptron (MLP).25 Model con-
struction and hyperparameter tuning were performed using 
the “tidymodels” R package. Five-fold cross-validation was 



Journal of Clinical and Translational Hepatology 2026 3

Jiang J. et al: Predicting DILI non-recovery

conducted in the training set to optimize the model parame-
ters and compare candidate models. The tuned models were 
then evaluated in the validation set.

Model performance evaluation
Model performance was assessed using receiver operating 
characteristic (ROC) curves and area under the curve (AUC). 
Additional metrics derived from confusion matrices included 
accuracy, sensitivity, specificity, positive predictive value, 
negative predictive value, and F1 score. Decision curve analy-
sis (DCA) was used to evaluate net clinical benefit across a 
range of threshold probabilities,26 and calibration curves were 
used to assess agreement between predicted and observed 
probabilities. The final model was selected based on overall 
performance in discrimination, clinical utility, and calibration.

Ablation analysis for incremental predictive value of 
genetic variants
Ablation analyses were performed within the final LightGBM 
framework to evaluate the incremental predictive contri-
bution of genetic variants. Five models were compared: a 
full model including rs72631567, rs28521457, ALT, Mono, 
and LDL; a genetic-only model including rs72631567 and 
rs28521457; a clinical-only model including ALT, Mono, and 
LDL; and two reduced models combining clinical variables 
with either rs72631567 or rs28521457. Model discrimination 
was assessed using AUC, and AUC differences were com-
pared using DeLong’s test.27 In addition, log loss was cal-
culated to evaluate the effect of removing individual genetic 
variables on probabilistic prediction performance.28

SHapley Additive exPlanations (SHAP)-based model 
interpretation
SHAP values were used to quantify the contribution of each 
predictor to model output.29 Global model interpretation was 
performed using SHAP summary plots and mean absolute 
SHAP value rankings. SHAP dependence plots were used to 
evaluate relationships between individual predictor values 
and model output. Representative force plots were gener-
ated to illustrate how the final model produced predictions 
for individual recovery and non-recovery cases.

Statistical analysis
Baseline characteristics were summarized and compared 
between the recovery and non-recovery groups for de-
scriptive analyses. Continuous variables were expressed as 
mean ± standard deviation or median (IQR), as appropri-
ate. Categorical variables were expressed as counts and 
percentages. Normality was assessed using the Shapiro–
Wilk test. Continuous variables were compared using Stu-
dent’s t-test or the Mann–Whitney U test, as appropriate, 
whereas categorical variables were analyzed using the chi-
square test or Fisher’s exact test, as appropriate. Baseline 
comparisons were performed for descriptive purposes and 
were not used as the sole basis for predictor selection. All 
statistical analyses were performed using R (version 4.5.1). 
All tests were two-sided, and P < 0.05 was considered sta-
tistically significant.

Results

Study cohort and baseline characteristics
Among the 430 patients with DILI initially screened, 338 ad-
mitted between 2018 and 2023 with a RUCAM score ≥6 were 
ultimately included in this study. The final cohort comprised 

171 patients in the recovery group and 167 patients in the 
non-recovery group (Fig. 1). Herbal and dietary supplements 
constituted the largest category of culprit drugs (Supplemen-
tary Fig. 1).

Baseline characteristics are summarized in Table 1. 
Among the three candidate SNPs, rs28521457 (P = 0.001) 
and rs72631567 (P < 0.001) differed significantly between 
the groups, whereas rs114577328 showed no variation in 
this cohort and was excluded from subsequent analyses. In-
jury grade distribution also differed between the groups (P 
= 0.035). Patients with non-recovery DILI had lower base-
line ALT levels (P = 0.005), lower LDL levels (P = 0.023), 
lower WBC counts (P = 0.005), and a higher Mono level (P 
= 0.001) than those with recovery DILI. No significant differ-
ences were observed in age, sex, BMI, clinical type, bilirubin-
related indices, coagulation parameters, or most immune-
related variables (all P > 0.05).

The cohort was split at an 8:2 ratio, stratified by non-
recovery outcome, into a training set (n = 269) and a vali-
dation set (n = 69). Baseline characteristics were generally 
balanced between the two sets, except for the proportion 
of CD3+CD8+ T cells (Table 2). The distribution of missing 
values across candidate variables is summarized in Supple-
mentary Tables 2 and 3.

Feature selection identified an integrated five-pre-
dictor panel
Boruta, SVM-RFE, and LASSO were applied to the training 
set for feature selection and retained 6, 8, and 10 candi-
date variables, respectively (Fig. 2A). Detailed outputs of 
the individual feature-selection procedures are provided in 
Supplementary Figure 2. Intersection analysis showed that 
rs72631567, rs28521457, ALT, Mono, and LDL were consist-
ently selected by all three methods (Fig. 2B). These five vari-
ables were used as the final integrated predictors for subse-
quent model construction.

LightGBM demonstrated the best overall predictive 
performance among candidate algorithms
Using the five integrated predictors, six candidate algorithms 
(LightGBM, LR, RF, SVM, XGBoost, and MLP) were developed 
and compared. LightGBM achieved the highest discrimina-
tory ability in both the training and validation sets, with AUCs 
of 0.92 (95% confidence interval (CI), 0.89–0.95) and 0.81 
(95% CI, 0.70–0.91), respectively (Table 3; Fig. 3A and B). 
Although some models achieved comparable performance 
for individual metrics, LightGBM showed the most favorable 
overall balance. In the validation set, its accuracy, sensitiv-
ity, specificity, positive predictive value, negative predictive 
value, and F1 score were 0.72, 0.79, 0.66, 0.69, 0.77, and 
0.74, respectively (Table 3). Calibration analysis showed 
good agreement between predicted and observed prob-
abilities for the LightGBM model (Fig. 3C). DCA showed that 
the LightGBM model provided a positive net benefit across 
a broad range of threshold probabilities in both the training 
and validation sets (Fig. 3D and E). In addition, the LightGBM 
model showed stable discrimination in cross-validation and 
good calibration in the training set (Supplementary Fig. 3).

Detailed hyperparameter settings and confusion matrices 
are provided in Supplementary Table 4 and Supplementary 
Figures 4–5. Given its superior overall performance, Light-
GBM was selected as the final model for further analyses.

Genetic variants provided incremental predictive 
value beyond clinical variables
To further assess the incremental predictive value of ge-



Journal of Clinical and Translational Hepatology 20264

Jiang J. et al: Predicting DILI non-recovery

netic variants, we performed an ablation analysis within the 
LightGBM framework by comparing the full model with a 
genetic-only model, a clinical-only model, and two reduced 
models combining clinical variables with either rs72631567 
or rs28521457 (Fig. 4A; Supplementary Table 5). In the vali-
dation set, the full model achieved the highest AUC (0.81, 

95% CI 0.70–0.91), whereas the clinical-only model showed 
markedly poorer discrimination (AUC = 0.57, 95% CI 0.43–
0.71). The genetic-only model retained good predictive 
ability (AUC = 0.79, 95% CI 0.69–0.90), approaching that 
of the full model. Consistently, DeLong’s test showed that 
the full model significantly outperformed the clinical-only 

Fig. 1.  Flowchart of the study. RUCAM, Roussel Uclaf Causality Assessment Method; LASSO, least absolute shrinkage and selection operator; SVM-RFE, support vector 
machine-recursive feature elimination; LightGBM, Light Gradient Boosting Machine; XGBoost, eXtreme Gradient Boosting; ROC, receiver operating characteristic; AUC, area 
under the curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive value; SHAP, SHapley Additive exPlanations.
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Table 1.  Baseline characteristics of patients with recovery and non-recovery DILI

Characteristics Total (N = 338) Recovery (N = 171) Non-recovery (N = 167) P-value

rs28521457, N (%) 0.001

    GG 222 (66) 128 (75) 94 (56)

    AG 108 (32) 40 (23) 68 (41)

    AA 8 (2) 3 (2) 5 (3)

rs72631567, N (%) < 0.001

    AA 151 (45) 105 (61) 46 (28)

    AG 152 (45) 64 (37) 88 (53)

    GG 35 (10) 2 (1) 33 (20)

rs114577328, N (%) 1

    GG 338 (100) 171 (100) 167 (100)

Injury grade, N (%) 0.035

    Grade 1 129 (38) 67 (39) 62 (37)

    Grade 2 182 (54) 84 (49) 98 (59)

    Grade 3 25 (7) 18 (11) 7 (4)

    Grade 4 2 (1) 2 (1) 0 (0)

Gender, N (%) 0.395

    Female 231 (68) 121 (71) 110 (66)

    Male 107 (32) 50 (29) 57 (34)

Age (years) 55 (44.25, 64) 55 (43.5, 63) 55 (45, 65) 0.351

BMI (kg/m2) 23.39 ± 3.28 23.42 ± 3.07 23.36 ± 3.49 0.867

Smoking, N (%) 0.08

    NO 286 (85) 151 (88) 135 (81)

    YES 52 (15) 20 (12) 32 (19)

Drinking, N (%) 0.081

    NO 297 (88) 156 (91) 141 (84)

    YES 41 (12) 15 (9) 26 (16)

CCI 2 (1, 4) 2 (1, 4) 2 (1, 3.5) 0.634

Clinical type, N (%) 0.48

    Hepatocellular DILI 240 (71) 126 (74) 114 (68)

    Cholestatic DILI 55 (16) 24 (14) 31 (19)

    Mixed DILI 43 (13) 21 (12) 22 (13)

Glucose (mmol/L) 4.81 (4.5, 5.51) 4.79 (4.47, 5.46) 4.82 (4.54, 5.54) 0.693

PAB (g/L) 112.5 (69.25, 171) 119 (70.5, 171) 108 (69, 171) 0.797

ALT (IU/L) 562 (380, 1,026.25) 671 (401.5, 1,199.5) 485 (372.5, 887.5) 0.005

AST (IU/L) 399.5 (172, 728.75) 408 (170, 749.5) 397 (173, 717.5) 0.439

ALP (IU/L) 155.5 (116, 222.5) 155 (123.5, 213) 156 (112.5, 237.5) 0.964

GGT (IU/L) 166 (92, 276.5) 161 (99, 261.5) 171 (85.5, 283) 0.566

TBil (µmol/L) 60.35 (21.33, 168.98) 66.8 (21.85, 148.05) 53.3 (20.5, 177.7) 0.75

DBil (µmol/L) 29.45 (6.3, 88.67) 31 (6.4, 80.85) 28.9 (5.75, 98.15) 0.985

ALB (g/L) 36 (32, 39) 36 (32, 39) 35 (32, 39) 0.476

TBA (µmol/L) 44.9 (12.3, 158.52) 41.8 (11.85, 156.75) 58 (14, 159.05) 0.45

Cr (µmol/L) 60 (54, 74.75) 60 (54, 71) 61 (54, 77) 0.313

TG (mmol/L) 1.54 (1.12, 2.26) 1.53 (1.15, 2.08) 1.55 (1.11, 2.37) 0.644

(continued)
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model (P = 1.8 × 10−4), whereas no significant difference 
was observed between the full and genetic-only models (P 
= 0.7965) (Fig. 4B).

Detailed results of the reduced models are provided in Sup-
plementary Table 5. Adding rs28521457 to the clinical vari-
ables increased the AUC from 0.57 to 0.65, whereas adding 
rs72631567 increased it from 0.57 to 0.76; inclusion of both 
variants further increased the AUC to 0.81. This pattern was 
consistent with the log loss analysis (Supplementary Table 6). 
The full model showed the lowest log loss (0.552), whereas 
omitting rs28521457 and rs72631567 increased the log loss 
to 0.608 and 0.662, respectively, again suggesting a greater 
contribution of rs72631567 to overall model performance.

DCA showed greater net benefit for the full and genetic-

only models than for the clinical-only model across a broad 
range of threshold probabilities (Fig. 4C). Calibration anal-
ysis showed acceptable agreement between predicted and 
observed probabilities across models, with the full model 
maintaining a favorable balance between discrimination and 
calibration (Fig. 4D).

SHAP-based interpretation of the LightGBM model
To improve interpretability of the LightGBM model, SHAP 
analysis was performed to quantify each predictor’s contri-
bution to model output. The SHAP summary plot showed the 
effects of the predictors on model output (Fig. 5A and B). 
Features were ranked by mean absolute SHAP value, with 
rs72631567 being the most influential predictor, followed by 

Characteristics Total (N = 338) Recovery (N = 171) Non-recovery (N = 167) P-value

TC (mmol/L) 3.88 (3.12, 4.79) 3.97 (3.14, 4.84) 3.8 (3.09, 4.75) 0.424

HDL (mmol/L) 0.84 (0.51, 1.26) 0.86 (0.52, 1.23) 0.83 (0.48, 1.29) 0.823

LDL (mmol/L) 2.14 (1.46, 2.77) 2.33 (1.64, 2.79) 1.97 (1.07, 2.7) 0.023

FFA (mmol/L) 0.73 (0.52, 0.94) 0.76 (0.54, 0.99) 0.7 (0.51, 0.91) 0.125

SI (µmol/L) 27.1 (18.85, 38.55) 26 (18.75, 38.05) 28 (19, 39.15) 0.52

TSAT (%) 53.2 (36, 84.72) 53.4 (34.55, 82.4) 53 (36.6, 85.3) 0.535

TIBC (µmol/L) 51 (42.52, 58.1) 51 (42.95, 61.5) 51.1 (42.35, 56.9) 0.577

APTT (s) 31.8 (29.3, 34.5) 31.2 (28.9, 35.1) 32 (29.6, 34.35) 0.344

PT (s) 12.4 (11.6, 14) 12.3 (11.6, 14.4) 12.5 (11.7, 13.7) 0.612

INR 1.06 (0.99, 1.18) 1.04 (0.98, 1.25) 1.06 (1, 1.17) 0.667

D-dimer (mg/L FEU) 0.36 (0.25, 0.56) 0.36 (0.25, 0.65) 0.36 (0.25, 0.54) 0.264

ANA, N (%) 0.114

    0 243 (72) 128 (75) 115 (69)

    1:80 48 (14) 19 (11) 29 (17)

    1:160 28 (8) 15 (9) 13 (8)

    1:320 15 (4) 5 (3) 10 (6)

    1:640 3 (1) 3 (2) 0 (0)

    1:1,280 1 (0) 1 (1) 0 (0)

AFP (ng/mL) 5.62 (2.89, 16.13) 5.61 (2.89, 15.87) 5.64 (2.9, 16.28) 0.952

SF (ng/mL) 652.6 (263.38, 1,216.65) 678.9 (285.35, 1,374.95) 642.6 (239.65, 1,089.2) 0.232

WBC count (×109/L) 4.81 (3.83, 5.98) 5.13 (4, 6.38) 4.5 (3.53, 5.66) 0.005

Mono (%) 9 (6.8, 11.2) 8.1 (6.35, 10.6) 9.5 (7.5, 11.5) 0.001

Eos (%) 2.15 (0.83, 3.6) 2.1 (0.9, 4.05) 2.2 (0.8, 3.5) 0.348

Hb (g/L) 126 (118, 137) 126 (116.5, 137) 126 (119, 137.5) 0.724

PLT count (×109/L) 181 (137.25, 231) 182 (145, 236.5) 180 (127, 228) 0.223

IgG (mg/dL) 1,310 (1,110.25, 1,576) 1,310 (1,115.5, 1,654.5) 1,310 (1,108.5, 1,528) 0.29

CD3+ T (%) 74.55 (66.8, 79.97) 74.8 (66.3, 81) 73.9 (67.3, 79.5) 0.702

CD3+CD4+ T (%) 40.37 ± 10.12 40.77 ± 9.97 39.96 ± 10.29 0.466

CD3+CD8+ T (%) 28.1 (22.22, 35.77) 28.3 (22.6, 35.95) 27.3 (21.75, 35) 0.599

Data are presented as mean ± standard deviation (SD), median (Interquartile range, IQR), or number (percentage). BMI, body mass index; CCI, Charlson Comorbidity 
Index; PAB, prealbumin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT, gamma-glutamyl transferase; TBil, total 
bilirubin; DBil, direct bilirubin; ALB, albumin; TBA, total bile acids; Cr, creatinine; TG, triglycerides; TC, total cholesterol; HDL, high-density lipoprotein; LDL, low-density 
lipoprotein; FFA, free fatty acids; SI, serum iron; TSAT, transferrin saturation; TIBC, total iron-binding capacity; APTT, activated partial thromboplastin time; PT, pro-
thrombin time; INR, international normalized ratio; FEU: Fibrinogen Equivalent Units; ANA, antinuclear antibody; AFP, alpha-fetoprotein; SF, ferritin; WBC, white blood 
cell; Mono, monocyte percentage; Eos, eosinophil percentage; Hb, hemoglobin; PLT, platelet; IgG, immunoglobulin G.

Table 1.  (continued)
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Table 2.  Baseline characteristics of the training and validation sets

Characteristics Training (n = 269) Validation (n = 69) P-value

Status, N (%) 1

    Recovery 136 (51) 35 (51)

    Non-recovery 133 (49) 34 (49)

rs28521457, N (%) 0.888

    GG 177 (66) 45 (65)

    AG 86 (32) 22 (32)

    AA 6 (2) 2 (3)

rs72631567, N (%) 0.201

    AA 124 (46) 27 (39)

    AG 121 (45) 31 (45)

    GG 24 (9) 11 (16)

Injury grade, N (%) 0.196

    Grade 1 96 (36) 33 (48)

    Grade 2 152 (57) 30 (43)

    Grade 3 19 (7) 6 (9)

    Grade 4 2 (1) 0 (0)

Gender, N (%) 0.631

    Female 186 (69) 45 (65)

    Male 83 (31) 24 (35)

Age (years) 55 (43, 64) 56 (49, 63) 0.332

BMI (kg/m2) 23.31 ± 3.29 23.69 ± 3.24 0.387

Smoking, N (%) 0.146

    NO 232 (86) 54 (78)

    YES 37 (14) 15 (22)

Drinking, N (%) 0.088

    NO 241 (90) 56 (81)

    YES 28 (10) 13 (19)

CCI 2 (1, 4) 3 (1, 4) 0.23

Clinical type, N (%) 0.202

    Hepatocellular DILI 196 (73) 44 (64)

    Cholestatic DILI 39 (14) 16 (23)

    Mixed DILI 34 (13) 9 (13)

Glucose (mmol/L) 4.79 (4.49, 5.42) 4.95 (4.52, 6.68) 0.1

PAB (g/L) 112 (71, 166) 119 (62, 185) 0.705

ALT (IU/L) 594 (392, 1,086) 496 (349, 771) 0.053

AST (IU/L) 413 (188, 730) 301 (129, 658) 0.065

ALP (IU/L) 152 (113, 220) 168 (130, 242) 0.147

GGT (IU/L) 161 (90, 275) 176 (104, 277) 0.315

TBil (µmol/L) 66.2 (22.1, 160.5) 50.1 (16.8, 181.4) 0.444

DBil (µmol/L) 32.2 (6.6, 85.3) 13.4 (5.4, 94.8) 0.483

ALB (g/L) 36 (32, 39) 36 (32, 38) 0.478

TBA (µmol/L) 44.9 (13.3, 156.9) 45.4 (9, 164.9) 0.509

(continued)
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ALT, Mono, LDL, and rs28521457.
SHAP dependence plots further illustrated the relationships 

between individual feature values and model output (Sup-
plementary Fig. 6). For both rs72631567 and rs28521457, 
the presence of effect alleles was associated with higher 
SHAP values, with a clearer allele-dose-dependent pattern 
observed for rs72631567. In contrast, ALT and LDL levels 
showed inverse associations with model output, with lower 
values contributing positively to the prediction of non-recov-
ery DILI. Mono showed a positive association with SHAP val-
ues, with higher values corresponding to a higher predicted 
probability of non-recovery DILI.

To further illustrate individual predictions, SHAP force 
plots were generated for two representative patients. In a 
representative recovery case, the absence of effect alleles at 
rs72631567 and rs28521457, together with relatively high 
ALT, higher LDL, and lower Mono levels, contributed nega-
tively to model output, thereby reducing the predicted prob-
ability of non-recovery DILI (Fig. 5C). In contrast, in a repre-
sentative non-recovery case, carriage of one effect allele at 
rs72631567 and two effect alleles at rs28521457, together 
with lower ALT and higher Mono, contributed positively to the 
model output and jointly increased the predicted probability 
of non-recovery DILI (Fig. 5D).

Characteristics Training (n = 269) Validation (n = 69) P-value

Cr (µmol/L) 60 (54, 73) 64 (54, 80) 0.085

TG (mmol/L) 1.53 (1.11, 2.23) 1.66 (1.23, 2.34) 0.315

TC (mmol/L) 3.87 (3.15, 4.78) 3.97 (3.01, 4.79) 0.905

HDL (mmol/L) 0.84 (0.54, 1.27) 0.77 (0.4, 1.15) 0.181

LDL (mmol/L) 2.14 (1.42, 2.78) 2.09 (1.59, 2.7) 0.859

FFA (mmol/L) 0.75 (0.52, 0.94) 0.68 (0.49, 0.95) 0.497

SI (µmol/L) 26.5 (18.2, 38.8) 29.3 (19.2, 35.2) 0.937

TSAT (%) 52.5 (35.6, 82.6) 57 (39.7, 88.8) 0.347

TIBC (µmol/L) 51.2 (44.4, 57.8) 49.4 (39.1, 58.2) 0.235

APTT (s) 31.8 (29.5, 34.3) 31.7 (28.7, 36) 0.833

PT (s) 12.3 (11.5, 13.9) 12.8 (11.8, 14.6) 0.203

INR 1.05 (0.98, 1.18) 1.09 (1, 1.25) 0.218

D-dimer (mg/L FEU) 0.35 (0.25, 0.53) 0.4 (0.28, 0.79) 0.139

ANA, N (%) 0.579

    0 193 (72) 50 (72)

    1:80 41 (15) 7 (10)

    1:160 21 (8) 7 (10)

    1:320 10 (4) 5 (7)

    1:640 3 (1) 0 (0)

    1:1,280 1 (0) 0 (0)

AFP (ng/mL) 5.61 (2.89, 13.08) 5.64 (2.81, 18.84) 0.231

SF (ng/mL) 615.4 (255.2, 1,189.6) 785.9 (352, 1,272.5) 0.099

WBC count (×109/L) 4.72 (3.73, 5.89) 5.21 (4.06, 6.6) 0.123

Mono (%) 9 (6.7, 11.1) 8.4 (7.1, 11.4) 0.838

Eos (%) 2.1 (0.8, 3.6) 2.2 (0.9, 3.5) 0.773

Hb (g/L) 127 (119, 137) 124 (115, 137) 0.39

PLT count (×109/L) 181 (136, 229) 180 (140, 239) 0.56

IgG (mg/dL) 1,292 (1,110, 1,524) 1,330 (1,138, 1,665) 0.229

CD3+ T (%) 74.8 (66.8, 80.5) 73.6 (65.7, 79.4) 0.365

CD3+CD4+ T (%) 39.86 ± 9.79 42.35 ± 11.18 0.094

CD3+CD8+ T (%) 29.2 (22.5, 36.1) 24.8 (21.1, 30.4) 0.004

Data are presented as mean ± standard deviation (SD), median (Interquartile range, IQR), or number (percentage). BMI, body mass index; CCI, Charlson Comorbidity 
Index; PAB, prealbumin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT, gamma-glutamyl transferase; TBil, total 
bilirubin; DBil, direct bilirubin; ALB, albumin; TBA, total bile acids; Cr, creatinine; TG, triglycerides; TC, total cholesterol; HDL, high-density lipoprotein; LDL, low-density 
lipoprotein; FFA, free fatty acids; SI, serum iron; TSAT, transferrin saturation; TIBC, total iron-binding capacity; APTT, activated partial thromboplastin time; PT, pro-
thrombin time; INR, international normalized ratio; FEU: Fibrinogen Equivalent Units; ANA, antinuclear antibody; AFP, alpha-fetoprotein; SF, ferritin; WBC, white blood 
cell; Mono, monocyte percentage; Eos, eosinophil percentage; Hb, hemoglobin; PLT, platelet; IgG, immunoglobulin G; DILI, drug-induced liver injury.

Table 2.  (continued)
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Fig. 2.  Selection of candidate predictors. (A) Candidate variables retained by Boruta, SVM-RFE, and LASSO. (B) UpSet plot showing the overlap among predictors 
identified by the three feature-selection methods. SVM-RFE, support vector machine-recursive feature elimination; LASSO, least absolute shrinkage and selection op-
erator; ALT, alanine aminotransferase; Mono, monocyte percentage; LDL, low-density lipoprotein; WBC, white blood cell; Eos, eosinophil percentage; Hb, hemoglobin; 
IgG, immunoglobulin G.

Table 3.  Predictive performance metrics of six machine learning algorithms in the training and validation sets

Model AUC (95% CI) ACC SEN SPE PPV NPV F1 score

Training set

    LightGBM 0.92 (0.89–0.95) 0.85 0.90 0.80 0.82 0.89 0.86

    LR 0.78 (0.73–0.83) 0.71 0.67 0.75 0.72 0.70 0.70

    RF 0.89 (0.86–0.93) 0.81 0.89 0.74 0.77 0.87 0.83

    SVM 0.78 (0.73–0.83) 0.72 0.67 0.77 0.74 0.70 0.70

    XGBoost 0.79 (0.74–0.85) 0.74 0.74 0.74 0.73 0.74 0.73

    MLP 0.78 (0.73–0.84) 0.72 0.83 0.61 0.68 0.79 0.75

Validation set

    LightGBM 0.81 (0.70–0.91) 0.72 0.79 0.66 0.69 0.77 0.74

    LR 0.80 (0.69–0.91) 0.72 0.76 0.69 0.7 0.75 0.73

    RF 0.79 (0.68–0.90) 0.74 0.85 0.63 0.69 0.81 0.76

    SVM 0.79 (0.68–0.90) 0.72 0.74 0.71 0.71 0.74 0.72

    XGBoost 0.76 (0.64–0.88) 0.75 0.82 0.69 0.72 0.80 0.77

    MLP 0.75 (0.64–0.87) 0.68 0.94 0.43 0.62 0.88 0.74

LightGBM, Light Gradient Boosting Machine; LR, logistic regression; RF, random forest; SVM, support vector machine; XGBoost, eXtreme Gradient Boosting; MLP, 
multilayer perceptron; AUC, area under the curve; ACC, accuracy; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive value.
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Fig. 3.  Performance comparison of candidate machine learning models in the training and validation sets. (A, B) ROC curves in the training and valida-
tion sets. (C) Calibration curves of candidate machine learning models in the validation set. Shaded areas indicate 95% confidence intervals. (D, E) DCA for the final 
LightGBM model in the training and validation sets. ROC, receiver operating characteristic; AUC, area under the curve; LightGBM,  Light Gradient Boosting Machine; RF, 
random forest; XGBoost, eXtreme Gradient Boosting; MLP, multilayer perceptron; LR, logistic regression; SVM, support vector machine; DCA, decision curve analysis.
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Discussion

In this retrospective, single-center cohort of patients with 
DILI, we developed an interpretable model to predict 6-month 
non-recovery by combining host genetic variants with base-
line clinical variables available at initial hospitalization. We 
identified rs72631567, rs28521457, ALT, LDL, and Mono as 
features associated with 6-month non-recovery in DILI. Using 
these predictors, we constructed and compared multiple ma-
chine learning models. The LightGBM model showed the best 
overall performance among the algorithms examined. Nota-
bly, the addition of genetic information materially improved 
discrimination over the clinical-only model, suggesting that 

host genetic background may capture prognostic information 
not adequately reflected by baseline clinical features alone.

Early identification of patients at risk of non-recovery af-
ter DILI is clinically important, as persistent liver injury may 
delay treatment of the underlying condition and increase the 
risk of adverse long-term liver-related outcomes. However, 
reliable early prediction tools remain limited.30 A baseline 
clinical model identified lymphocyte count and cholinesterase 
as predictors of chronic herbal DILI, but its discriminatory 
performance was modest (AUC = 0.663).5 In our previous 
work, we found that noninvasive biomarker-based models 
may improve early risk stratification in DILI, including mag-
netic resonance imaging (MRI) radiomics- and metabolite 

Fig. 4.  Ablation analysis showing the incremental predictive value of genetic variants beyond clinical variables. (A) ROC curves of the full model 
(rs72631567, rs28521457, ALT, Mono, and LDL), genetic-only model (rs72631567 and rs28521457), and clinical-only model (ALT, Mono, and LDL) in the validation set. 
(B) Comparison of AUCs between models using DeLong’s test. Horizontal lines indicate AUC values and boxes represent 95% confidence intervals. (C) DCA of the full, 
genetic-only, and clinical-only models in the validation set. (D) Calibration curves of the ablation models in the validation set. Shaded areas indicate 95% confidence 
intervals. ROC, receiver operating characteristic; LightGBM, Light Gradient Boosting Machine; ALT, alanine aminotransferase; Mono, monocyte percentage; LDL, low-
density lipoprotein; AUC, area under the curve; DCA, decision curve analysis.
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panel-based approaches with AUCs of 0.88 and 0.89, re-
spectively.6,7 However, these approaches remain influenced 
by disease stage and timing of assessment, which may limit 
their generalizability in early clinical decision-making. In 
contrast, genetic variants are stable throughout the disease 
course and may therefore provide complementary prognostic 
information at an early stage. Machine learning approaches 
may further enhance prediction by capturing nonlinear rela-
tionships and interactions among heterogeneous variables.

The five selected predictors may capture complementary 
aspects of DILI progression and recovery. Among the clini-
cal variables, lower baseline ALT and LDL levels and higher 
Mono were associated with non-recovery in our cohort. Al-
though ALT is commonly regarded as a marker of hepato-
cellular injury, this finding suggests that the long-term out-
come of DILI may not be determined solely by the severity of 
hepatocellular injury at presentation. Instead, lower ALT may 
partly reflect differences in the injury phenotype, including 

a possible cholestatic or mixed component, which has been 
associated with slower resolution and a higher likelihood of 
persistent liver injury.31 Higher Mono may indicate sustained 
innate immune activation or a persistent inflammatory mi-
lieu, which is biologically plausible given the recognized role 
of recruited monocytes in chronic hepatic inflammation and 
fibrogenic progression.32,33 Lower LDL may reflect altered 
hepatic metabolic status or impaired liver synthetic capac-
ity, although the biological basis of this association remains 
unclear. Although the genetic-only model performed compa-
rably to the full model, adding ALT, Mono, and LDL modestly 
improved the AUC, yielded the lowest log loss, and produced 
a calibration curve closer to the ideal calibration line. These 
findings suggest that the clinical variables provided comple-
mentary information on baseline injury phenotype, inflam-
matory status, and metabolic context, thereby improving 
probability estimation and calibration, despite not being the 
dominant discriminatory signals in this cohort.

Fig. 5.  SHAP-based interpretation of the LightGBM model. (A) Beeswarm plot showing the contribution of the included predictors to model output. (B) Bar plot 
of mean absolute SHAP values, ranking predictors by their overall contribution to the model. (C, D) SHAP force plots illustrating feature contributions to model pre-
dictions for representative recovery (C) and non-recovery (D) cases. SHAP, SHapley Additive exPlanations; LightGBM, Light Gradient Boosting Machine; ALT, alanine 
aminotransferase; LDL, low-density lipoprotein; Mono, monocyte percentage.
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The genetic variables included in our model were se-
lected based on a large international multicenter genome-
wide association study reported by Nicoletti et al., in which 
rs28521457 and rs72631567 emerged as candidate non-HLA 
susceptibility loci for DILI.13 Biologically, rs28521457 is an in-
tronic variant within LRBA, a gene encoding a protein involved 
in vesicle trafficking and immune regulation. LRBA deficiency 
has been linked to reduced cytotoxic T lymphocyte-associat-
ed antigen-4 expression, regulatory T-cell dysfunction, and 
systemic immune dysregulation.34,35 Variation within LRBA 
may plausibly influence not only susceptibility to DILI onset 
but also subsequent resolution of liver injury, as impaired im-
mune homeostasis or weakened inhibitory checkpoint control 
could favor sustained inflammatory activation and delayed 
termination of the injury response. By contrast, rs72631567 
lies in an intergenic region approximately 800 kb upstream 
of SOX11, and its proximity to SOX11 suggests it may reside 
within regulatory elements that affect SOX11 or neighbor-
ing genes. SOX11 is a developmental transcription factor 
with established roles in cell fate determination, chromatin 
remodeling, and tissue remodeling, but its relevance to liver 
injury or DILI remains unclear.36,37 Experimental evidence in-
dicates that SOX11 deficiency leads to upregulation of Mlxipl 
(also known as carbohydrate response element-binding pro-
tein, ChREBP), a key regulator of hepatic glucose and lipid 
metabolism, accompanied by mitochondrial dysfunction.38,39 
Given the importance of metabolic adaptation and mitochon-
drial integrity in injury resolution, rs72631567 may influence 
DILI chronicity through regulatory effects on SOX11-related 
pathways; however, this interpretation remains speculative. 
Notably, in our cohort, rs72631567 was the dominant ge-
netic signal in the model, ranking first in SHAP analysis and 
contributing the largest incremental gain in performance 
in ablation analysis. Together, these findings suggest that 
rs72631567 may serve as a candidate host genetic marker 
associated with DILI recovery, although its functional rele-
vance remains to be established.

These candidate SNPs were selected from previous DILI 
studies conducted mainly in European populations, and their 
relevance to Chinese patients should be interpreted with 
caution. In our cohort, rs114577328 showed no variation, 
whereas rs72631567 and rs28521457 were polymorphic 
and differed between the recovery and non-recovery groups, 
suggesting potential prognostic value. However, population 
differences in allele frequency, linkage disequilibrium pat-
terns, and effect size may have affected the consistency of 
these associations. Therefore, further validation is required 
in independent Chinese cohorts and DILI populations from 
diverse ethnic groups.

This model has potential clinical value because it integrates 
variables available at the time of initial evaluation, enabling 
early risk stratification for non-recovery in DILI. In addition 
to showing acceptable discrimination, calibration, and deci-
sion curve performance, it also demonstrated favorable in-
terpretability. SHAP analysis quantified the relative contribu-
tion of each predictor to the model output and illustrated how 
different combinations of genetic and clinical factors shaped 
individual risk predictions, thereby improving model trans-
parency and supporting future clinical translation.

This study has several limitations. First, the cohort was 
drawn from a single center and consisted predominant-
ly of Asian patients. Therefore, the allele frequencies of 
rs72631567 and rs28521457, as well as the model’s per-
formance, may differ in other populations and will require 
careful external validation. Second, only hospitalized patients 
were included, which may have introduced selection bias and 
enriched the cohort for more severe or clinically complex cas-

es. Third, the outcome was defined at 6 months in this study, 
whereas 12-month outcome definitions have also been pro-
posed in some studies; 12-month follow-up data were not 
uniformly available. Future studies should validate this model 
in independent, multicenter cohorts with extended follow-up 
periods and explore the functional relevance of these vari-
ants in DILI persistence and recovery.

Conclusions
In this study, we developed an interpretable model that 
integrates baseline clinical and genetic information to pre-
dict 6-month non-recovery in patients with DILI. The model 
showed encouraging performance in this cohort and high-
lighted the potential prognostic contribution of host genetic 
variants. However, independent multicenter validation is 
needed to confirm its generalizability and clinical utility.
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