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Purpose: Severe fever with thrombocytopenia syndrome (SFTS) is a highly fatal infectious disease endemic in rural areas, under-
scoring the need for early prognostic risk stratification.

Patients and Methods: This study aimed to develop and validate a prognostic model using readily available clinical indicators. We
conducted a retrospective analysis of 260 SFTS patients (mortality rate 19.6%), integrating epidemiological characteristics, clinical
symptoms and laboratory variables through a hybrid multi-model feature screening approach incorporating univariate Cox, LASSO,
Random Forest, and XGBoost algorithms.

Results: Four core risk factors for mortality were identified: age > 56 years, platelet count < 44 x 10%/L, estimated glomerular
filtration rate (eGFR) < 53 mL/min/1.73m?, and activated partial thromboplastin time (APTT) > 66.8 seconds. Based on these factors,
we developed a comprehensive prognostic model and a simplified index termed AER (APTT-to-eGFR ratio). Internal validation
demonstrated excellent discriminative ability, with a C-index of 0.831 (95% CI: 0.780-0.882) for the model and an AUC of 0.838
(95% CI: 0.782—-0.893) for the AER index. External validation further confirmed the robustness of both tools, showing no significant
difference in predictive performance (p = 0.614).

Conclusion: The developed model and AER index provide valuable tools for early identification of high-risk SFTS patients,
facilitating improved clinical management and resource allocation.

Keywords: severe fever with thrombocytopenia syndrome, predictive models, machine learning algorithms, activated partial
thromboplastin time-to-estimated glomerular filtration rate ratio, acute kidney injury

Introduction

Severe fever with thrombocytopenia syndrome (SFTS) is an emerging infectious disease, first reported in 2009 in rural
areas of central and northeastern China.' This zoonotic disease is caused by SFTS virus, a newly recognized member of
the Bandavirus genus within the Phenuiviridae family (species: Bandavirus dabieense), which is transmitted by ticks.>
Cases have subsequently been reported in South Korea, Japan, and Vietnam.”® SFTS is characterized by sudden onset
with nonspecific early clinical manifestations, predominantly fever of unknown origin and fatigue. Definitive diagnosis
reveals thrombocytopenia, leukopenia, and gastrointestinal symptoms. In severe cases (12-30% mortality),'® patients

develop multi-organ failure presenting as shock, respiratory failure, and disseminated intravascular coagulation.'"'?

13:14 no approved vaccines or specific antiviral therapies exist. Transmission

Despite expanding geographical distribution,
occurs not only through tick bites but also via contact with infected patients’ bodily fluids, particularly through oral and
ocular membranes.'>"'® Therefore, it is crucial for doctors, especially rural primary doctors, to identify patients with life-

threatening conditions as early as possible.
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The development of prognostic prediction models utilizing routinely available laboratory parameters accessible in
primary care settings holds significant clinical utility for SFTS risk stratification. Existing studies have explored
composite indices including the C-reactive protein-to-albumin ratio (CAR),'” aspartate aminotransferase-to-platelet
ratio (APRI),'® and blood urea nitrogen (BUN)-to-albumin ratio (BAR),'” ' though these parameters were predomi-
nantly derived from other disease contexts with limited validation in SFTS populations and few were developed through
systematic analysis of SFTS-specific risk factors. Current prediction models, such as Fang et al’s model incorporating
age, multiorgan dysfunction syndrome, activated partial thromboplastin time (APTT), and D-dimer,?* and Zhong’s model
utilizing age, prothrombin time (PT), BUN, and viral load,” often demonstrate suboptimal clinical practicality due to
parameter complexity. Furthermore, conventional variable selection approaches relying on univariable Cox or LASSO
regression may inadequately address covariate interactions and fail to validate feature robustness through machine
learning methodologies. The pathophysiological mechanisms underlying SFTS infection remain incompletely elucidated.
Basic research has identified the spleen, liver, and kidneys as primary target organs of SFTSV infection.** Previous
studies predominantly relied on serum creatinine (CRE) and BUN for renal function assessment; however, these
parameters exhibit delayed responsiveness and nonspecificity in reflecting glomerular filtration capacity. Notably,
estimated glomerular filtration rate (eGFR), a biomarker endorsed by the Kidney Disease: Improving Global
Outcomes (KDIGO) initiative for its clinical utility in standardized renal evaluation,®® is seldom incorporated into
SFTS prognostic analyses.

This study aims to develop a prognostic model through integrative variable selection combining traditional regression
methods with machine learning algorithms, systematically evaluating epidemiological characteristics, clinical manifesta-
tions, and laboratory parameters to identify critical predictors. The simplified model will be benchmarked against existing
SFTS mortality predictors reported in the literature. The derived risk indicators may facilitate early mortality risk
stratification, enabling timely clinical interventions to improve patient survival outcomes.

Materials and Methods
Study Population

This retrospective study enrolled 279 patients with suspected SFTS from the Department of Infectious Diseases at Jixi
Road Campus of the First Affiliated Hospital of Anhui Medical University between January 2021 and December 2024.
Case definitions strictly adhered to the Technical Guidelines for SFTS Prevention and Control (2010 edition) issued by
former Ministry of Health of the People’s Republic of China,?® requiring suspected cases to meet both epidemiological
criteria (at least one of: (1) occupational/recreational exposure in hilly/forested/mountainous areas during epidemic
seasons; (2) tick bite within 2 weeks pre-symptom; (3) contact with infected animals/confirmed patients) and clinical
manifestations. Confirmation required SFTSV nucleic acid positivity via RT-PCR or detection of virus-specific IgM/IgG
antibodies. After excluding cases with severe clinical data deficiencies, hemodialysis, hematological disorders, or
malignancies, 260 confirmed SFTS cases were ultimately analysed. The study was reviewed and approved by the
Ethics Committee of The First Affiliated Hospital of Anhui Medical University (PJ2025-07-77). Written informed
consent was waived by the same committee due to the anonymized retrospective nature of the analysis. All procedures
adhered to the ethical standards of the 1964 Helsinki Declaration and its later amendments.

Data Collection and Definitions

Clinical data were extracted from participants’ electronic medical records through the Hospital Information
Management System, encompassing demographics, clinical manifestations, medical history, and laboratory para-
meters including coagulation markers, complete blood count, and biochemical assays. In this study, the eGFR was
calculated using the 4-level Race Equation of the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI),
as validated for Asian populations in prior research.”’” The calculation formula of eGFR is as follows: for female
patients, eGFR = 151 x (0.993)° x (CRE/61.88) °**® when CRE < 61.88 umol/L, and eGFR = 151 x (0.993)° x
(CRE/61.88) "% when CRE > 61.88 pmol/L; for male patients, eGFR = 149 x (0.993)*° x (CRE/61.88) **!> when
CRE < 79.56 umol/L, and eGFR = 149 x (0.993)*° x (CRE/61.88) "' when CRE > 79.56 pmol/L.
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External Validation
To validate the clinical applicability and generalizability of the SFTS risk prediction model and simplified index, we
conducted external validation using a multi-center cohort from a peer-reviewed open dataset (doi:10.1038/s41598-024-
60923-9). This validation framework incorporated 394 laboratory-confirmed SFTS cases (23.35% mortality rate) from
Shandong Province, China.

Statistical Analysis

Continuous variables were assessed for normality using the Shapiro—Wilk test, with p > 0.05 indicating normal
distribution. Categorical variables were presented as percentages (n, %) and compared using chi-square test or
Fisher’s exact test. Normally distributed continuous variables were expressed as mean (SD) and compared with
Student’s #-test, while skewed data were reported as median (IQR) with Mann—Whitney U-test for group comparisons.
To ensure analytical validity and enhance data consistency, sequential mean imputation was performed only for variables
with missing data <15%. To develop a parsimonious predictive model, variable selection was performed using four
distinct approaches: univariable Cox regression (retaining variables with p < 0.05), LASSO regression (A selected via the
1 standard error rule), random forest model (retaining the top 20 predictors ranked by Gini importance; parameters: ntree
=500, nodesize = 15), and XGBoost model (prioritizing the top 20 features based on a bootstrap presence rate > 70% and
mean gain score thresholds). Variables consistently identified by all four methods through Venn diagram intersection
were incorporated into the multivariable Cox regression model, with internal validation performed using the concordance
index (C-index) and decision curve analysis (DCA). A predictive nomogram and Kaplan-Meier survival curves were
constructed. The predictive capacity of the Cox model for SFTS mortality risk was evaluated through receiver operating
characteristic (ROC) curve analysis, with optimal cutoff values determined by maximizing the Youden index.
Comparative analyses between the novel Activated partial thromboplastin time-to-estimated glomerular filtration rate
ratio (AER) index and established predictors (BAR, APRI, CAR) included diagnostic performance assessment based on
area under the curve (AUC) comparisons. All analyses were conducted in R 4.42 software with the following packages:
tableone, survival, dplyr, plyr, MASS, leaps, glmnet, survminer, riskRegression, rms, forcats, tidyverse,
randomForestSRC, xgboost, ggplot2, VennDiagram, and pROC. Statistical significance was defined as p < 0.05.

Results

Demographics, Clinical Characteristics and Laboratory Parameters of Patients with
SFTS

The study enrolled 260 patients diagnosed with SFTS, including 51 non-survivors and 209 survivors, yielding an overall
mortality rate of 19.6%. As detailed in Table 1, comprehensive comparisons of clinical and laboratory profiles were
performed between deceased and surviving patients.

Table | Clinical and Laboratory Profiling of Severe Fever with Thrombocytopenia Syndrome (SFTS) Patients

Characteristics Total Fatal group Survival Group p value
n=260 n=51 n=209

Status, n (%) 260 51 (19.6) 209 (80.4) <0.0001
Time from onset to discharge, days | 14.00 (11.00, 19.00) 8.00 (7.00, 10.00) 15.00 (13.00, 21.00) <0.0001
Age, years 66.00 (56.00, 74.00) 72.00 (65.00, 77.00) 65.00 (54.00, 72.00) <0.0001
Sex, n (%) 0.6768

Female 152 (58.5) 28 (54.9) 124 (59.3)

Male 108 (41.5) 23 (45.1) 85 (40.7)

(Continued)
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Table | (Continued).

Characteristics Total Fatal group Survival Group p value
n=260 n=51 n=209
Smoking history, n (%) 34 (13.1) 10 (19.6) 24 (11.5) 0.1897
Alcohol consumption, n (%) 31 (11.9) 10 (19.6) 21 (10.0) 0.0994
Endotracheal Intubation 8 (3.1) 5(9.8) 3 (1.4) 0.008
Bit 26 (10.0) 3(59) 23 (11.0) 0.4049
Physical examination
Temperature, °C 37.53 (36.80, 38.20) 37.60 (36.95, 38.25) 37.50 (36.70, 38.20) 0.3095
Pulse rate, per min 84.00 (76.00, 94.00) 85.71 (76.50, 95.50) 84.00 (76.00, 93.00) 0.3434
Respiratory, per min 20.00 (19.00, 21.00) 20.00 (20.00, 22.50) 20.00 (19.00, 20.00) 0.0262
SBP, mmHg 112.0 (99.75, 127.0) 125.0 (104.0, 135.5) 110.0 (99.0, 124.0) 0.0042
DBP, mmHg 71.00 (63.00, 79.25) 73.00 (65.50, 79.00) 71.00 (63.00, 80.00) | 0.4322
BMI, kg/m? 22.61 (22.03, 22.62) 2261 (22,61, 22.61) 2261 (21.50, 23.15) 0.2111
Clinical manifestation, n (%)
Fever 247 (95.0) 48 (94.1) 199 (95.2) |
Fatigue 67 (25.8) 7 (13.7) 60 (28.7) 0.0439
Shiver 8 (3.1 I (2.0) 7 (3.3) 0.9501
Diarrhea 48 (18.5) 19 (37.3) 29 (13.9) 0.0003
Dizziness Il 42) 4 (7.8) 7 (3.3) 0.2976
Anorexia 34 (13.1) 2 (3.9) 32 (15.3) 0.0534
Musclepain 25 (9.6) 2 (3.9) 23 (11.0) 0.2028
Abdominal pain 7(27) 359 4 (1.9) 0.2769
Vomiting 22 (8.5) 6(11.8) 16 (7.7) 0.5062
Confusion Il (42) 5(9.8) 6 (2.9 0.0692
Cough 7(2.7) 1 (2.0) 6 (2.9 |
Lymphadenectasis 54 (20.8) 11 (21.6) 43 (20.6) |
Petechiae 4 (1.5) 2 (3.9 2 (1.0 0.364
Splenomegaly 74 (28.5) 12 (23.5) 62 (29.7) 0.4854
Disease History, n (%)
Hypertension 85 (32.7) 21 (41.2) 64 (30.6) 0.2026
Diabetes 25 (9.6) 7 (13.7) 18 (8.6) 0.3978
Cardiovascular Diseases 11 (4.2) 8 (3.8) 3 (5.9 0.7905
Cerebrovascular Diseases 17 (6.5) 12 (5.7) 5(9.8) 0.4616
Laboratory parameters
PT, s 13.10 (12.60, 13.60) 13.30 (13.10, 13.85) 13.00 (12.50, 13.40) 0.0001
PT-%, % 104.0 (94.0, 114.0) 98.0 (91.0, 103.0) 104.6 (96.0, 116.0) <0.0001
APTT, s 49.0 (41.8, 55.7) 544 (51.2,71.6) 47.4 (40.5, 52.5) <0.0001
FIB, g/L 2.71 (2.32, 3.05) 2.50 (2.14, 2.7¢) 2.76 (2.37, 3.09) 0.0049
TT s 22.0 (19.3, 29.3) 29.3 (224, 41.8) 21.1 (19.0, 27.2) <0.0001
DD, pg/mL 2.55 (1.23, 4.28) 4.25 (3.17, 8.12) 2.12 (1.17, 4.03) <0.0001
FDP, ug/mL 9.70 (4.02, 16.11) 16.11 (14.07, 25.23) 7.08 (3.84, l6.11) <0.0001
CRP, mg/L 3.76 (1.62, 10.61) 6.99 (2.65, 15.54) 3.47 (1.40, 9.00) 0.0025
WBC, x 10°/L 2.62 (1.66, 4.62) 2.16 (1.44, 3.34) 2.77 (1.76, 5.02) 0.0062
NEUT, x 107/L 1.67 (0.91, 3.27) 1.46 (0.87, 2.58) 1.76 (0.93, 3.58) 0.1647
LYMPH, x 10°/L 0.65 (0.44, 0.94) 0.47 (0.33, 0.67) 0.71 (0.47, 1.06) <0.0001
RBC, x 10'4L 4.34 £ 0.6l 433 £ 0.63 434+ 0.6l 0.8611
HGB, g/L 1312+ 183 1329 + 19.0 130.8 + 18.1 0.4556
HCT, % 38.74 £ 494 38.98 £ 5.38 38.68 + 4.84 0.6944
PLT, x 10°/L 55.0 (40.0, 80.0) 38.0 (29.0, 51.0) 61.0 (45.0, 86.0) <0.0001
K*, mmol/L 3.75 (345, 4.12) 4.02 (3.59, 4.40) 3.73 (341, 4.08) 0.0022
(Continued)
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Table | (Continued).

Characteristics Total Fatal group Survival Group p value
n=260 n=51 n=209

Na*, mmol/L 133.7 (131.1, 136.4) 133.2 (130.7, 135.7) 133.8 (131.2, 136.4) | 0.6029
CL", mmol/L 99.5 (96.1, 102.1) 99.5 (96.6, 103.2) 99.4 (96.1, 102.0) 0.3029
HCO3", mmol/L 22.9 (21.0, 25.3) 21.3 (185, 23.9) 23.0 (21.5, 25.9) 0.0004
TP g/L 64.07 + 6.93 63.68 + 6.60 64.17 £ 7.02 0.6512
ALB, g/L 35.03 + 5.54 33.53 +5.12 35.39 + 5.59 0.0314
GLO, g/L 28.60 (26.08, 31.65) | 29.70 (26.60, 33.55) | 28.50 (26.00, 31.40) | 0.0874
TBIL, umol/L 10.10 (8.00, 13.30) 9.90 (7.65, 12.85) 10.20 (8.00, 13.48) 0.6657
ALT, U/L 62.0 (34.8, 109.8) 93.0 (47.5, 154.0) 57.0 (32.0, 100.0) 0.003
AST, U/L 135.5 (69.5, 270.0) 273.0 (144.0, 495.0) 119.0 (61.0, 239.0) <0.0001
ALP, U/L 69.0 (55.0, 88.0) 72.0 (59.0, 89.0) 69.0 (55.0, 88.0) 0.4197
GGT, U/L 32.5 (19.0, 62.3) 34.0 (18.5, 75.5) 32.0 (20.0, 58.2) 0.419
BUN, mmol/L 5.95 (4.48, 8.12) 8.58 (6.20, 11.30) 5.53 (4.30, 7.00) <0.0001
CRE, umol/L 73.70 (58.08, 92.32) | 95.20 (71.65, 132.00) | 70.00 (56.60, 83.50) | <0.0001l
UA, pumol/L 259.0 (194.8, 346.5) 320.0 (210.0, 488.0) | 249.0 (193.0, 324.0) | 0.0006
eGFR, mL/min/1.73 m? 90.0 (71.0, 102.0) 70.0 (44.0, 86.5) 93.0 (77.0, 104.0) <0.0001
AMYL, U/L 110.0 (74.8, 131.5) 111.0 (82.5, 153.0) 110.0 (73.0, 125.0) 0.0884
LIPA, U/L 536.5 (281.5, 705.0) | 593.0 (390.5, 754.0) | 524.0 (266.0, 703.0) | 0.0593
GLU, mmol/L 7.04 (5.98, 10.15) 7.05 (6.11, 10.19) 7.04 (5.96, 9.73) 0.6536
LDH, U/L 678.0 (389.0, 1042.8) | 879.0 (529.5, 1889.0) | 603.0 (367.0, 1018.7) | 0.0004
CK, U/L 379.5 (137.0, 913.8) | 564.0 (216.5, 1109.0) | 327.0 (127.0, 887.0) | 0.0074
CKMB, U/L 15.00 (8.00, 25.29) 16.00 (7.50, 36.50) 15.00 (8.00, 25.29) 0.4023
Myo, ng/mL 216.7 (71.8, 221.7) 221.7 (119.5, 405.2) 194.6 (62.0, 221.7) 0.002

Notes: The p values describe the comparison between survival and death groups. Continuous variable data are presented as mean (SD) and
median (IQR).

Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; PT, prothrombin time; PT-%, prothrombin
time percentage; APTT, activated partial thromboplastin time; FIB, fibrinogen; TT, thrombin time; DD, D-Dimer; FDP, fibrinogen degradation
product; CRP, C-reactive protein; WBC, white blood cell; NEUT, neutrophil; LYMPH, lymphocyte; RBC, red blood cell; HGB, hemoglobin; HCT,
hematocrit; PLT, platelet; K*, potassium; NA*, sodium; CL™, chloride; HCO3", bicarbonate; TP, total protein; ALB, serum albumin; GLO,
globulin; TBIL, total bilirubin; ALT, alanine transaminase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT, gamma glutamine
transferase; BUN, blood urea nitrogen; CRE, creatinine; UA, uric acid; eGFR, estimated glomerular filtration rate; AMYL, amylase; LIPA, lipase;
GLU, glucose; LDH, lactate dehydrogenase; CK, creatine kinase; CKMB, creatine kinase-MB; Myo, myoglobin.

The cohort comprised individuals aged 30-80 years (median 66, IQR 56-74), with 41.5% males (108/260) and 58.5%
females (152/260). Non-survivors demonstrated a significantly higher median age compared to survivors (72 (65-77) vs 65
(54-72), p < 0.001), while no statistically significant differences were observed in smoking history (p = 0.1897) or alcohol
use history (p = 0.0994) between the two groups. Deceased patients had shorter hospitalization durations (p < 0.0001) and
higher rates of endotracheal intubation (9.8% vs 1.4%, p = 0.008). Physical examination revealed elevated respiratory rates
(p = 0.0262) and systolic blood pressure (p = 0.0042) in non-survivors. While fever prevalence was comparable between
groups (94.1% vs 95.2%, p = 1.0), survivors reported higher fatigue incidence (28.7% vs 13.7%, p = 0.0439) and non-
survivors exhibited more frequent diarrhea (37.3% vs 13.9%, p = 0.0003). Comorbidities including hypertension, diabetes,
and cardiovascular/cerebrovascular diseases showed no significant associations with mortality.

Coagulation profiles demonstrated marked abnormalities in non-survivors, with significantly prolonged PT, APTT,
thrombin time, and elevated D-dimer and fibrin degradation products (all p < 0.01). Conversely, survivors maintained
higher prothrombin time percentage and fibrinogen levels. Hematological parameters revealed significantly lower white
blood cell and lymphocyte in non-survivors (p < 0.001). Erythrocyte parameters (red blood cell, hemoglobin, hematocrit)
showed no intergroup differences. Notably, thrombocytopenia was more severe in non-survivors (median platelet (PLT)
38.0 (29.0-51.0) x10°/L vs 61.0 (45.0-86.0) x10°/L, p < 0.0001). Hepatic function analysis revealed marginally lower

albumin levels (p = 0.031) and significantly elevated alanine transaminase, aspartate aminotransferase levels in non-
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survivors (p < 0.001), though alkaline phosphatase and gamma-glutamyl transferase remained comparable. Renal
dysfunction markers including BUN, CRE, uric acid, and eGFR all significantly favored survivors (p < 0.0001).

Predictor Selection and Mortality Risk Modeling

The predictive model development workflow is summarized in Table 2. From an initial cohort of 68 variables (23
categorical, 45 continuous), two traditional regression models (univariable Cox and LASSO) and two machine learning
approaches (random forest, XGBoost) were employed to identify mortality predictors in SFTS patients. Univariable Cox
regression identified 31 candidate predictors (p < 0.05), including clinical manifestations such as fatigue, diarrhea,
confusion, and endotracheal intubation status (Figure 1A). Subsequent LASSO regression (R glmnet package) using 10-

Table 2 Summary of Variable Screening Results from Four Predictive Models for SFTS Mortality Outcomes

Univariate Cox Model Lasso Model Random Forest Model XGBoost Model

Filtered p value HR (95% CI) Filtered One-standard- Filtered Importance Filtered Mean

variables variables error rule variables variables Gain

Fatigue 0.034 2.37 (1.07-5.27) Diarrhea —0.1697 APTT 0.0781 Age 0.0547

Diarrhea <0.001 0.35 (0.2-0.63) Age 0.0102 FDP 0.0496 FDP 0.0509

Confusion 0.041 0.38 (0.15-0.96) PT% —-0.0001 Respiratory 0.0474 DD 0.0507

Age <0.001 1.06 (1.03-1.09) APTT 0.0228 Age 0.0380 eGFR 0.0489

Temperature 0.327 1.16 (0.86-1.57) PLT —0.0024 LYMPH 0.0369 AMYL 0.0471

Pulse rate 0.138 1.01 (1-1.03) eGFR —0.0061 PLT 0.0358 NEUT 0.0452

Respiratory 0.003 1.1 (1.03-1.17) BUN 0.0121 CRE 0.0329 WBC 0.0430

SBP 0.008 1.02 (1.01-1.03) LYMPH —0.0506 Endotracheal 0.0321 ALP 0.0377
intubation

PT 0.001 1.52 (1.2-1.93) eGFR 0.0319 DBP 0.0360

PT% <0.001 0.97 (0.95-0.99) DD 0.0297 CRP 0.0358

APTT <0.001 1.04 (1.03-1.06) UA 0.0295 HCO3™ 0.0358

FIB 0.007 0.51 (0.31-0.83) BUN 0.0273 ALB 0.0348

TT <0.001 1.0l (I-1.01) SBP 0.0251 GLU 0.0333

DD <0.001 1.1 (1.05-1.15) Temperature 0.01937 SBP 0.0319

FDP 0.002 1.01 (1-1.02) TT 0.018605 TBIL 0.0293

WBC 0.014 0.84 (0.74-0.97) Dizziness 0.018287 PLT 0.0277

NEUT 0.028 0.85 (0.74-0.98) K* 0.016332 BMI 0.0276

LYMPH 0.004 0.31 (0.14-0.68) AST 0.015113 APTT 0.0275

PLT <0.001 0.96 (0.95-0.98) WBC 0.013904 Na* 0.0260

K* <0.001 2.4 (1.48-3.89) DBP 0.013031 Temperature | 0.0177

CL 0.024 1.06 (1.01-1.11)

HCO3™ <0.001 0.89 (0.84-0.94)

AST 0.002 I (1-1)

BUN <0.001 I.11 (1.07-1.16)

CRE <0.001 1.0l (I-1.01)

UA <0.001 I (I-1.01)

eGFR <0.001 0.98 (0.97-0.98)

AMYL 0.038 I (1-1.01)

CK 0.002 1 (I-1)

CKMB 0.038 I (I-1.01)

Endotracheal 0.023 3.14 (1.17-8.39)

intubation

Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; PT, prothrombin time; PT-%, prothrombin time percentage; APTT,
activated partial thromboplastin time; FIB, fibrinogen; TT, thrombin time; DD, D-Dimer; FDP, fibrinogen degradation product; CRP, C-reactive protein; WBC, white blood
cell; NEUT, neutrophil; LYMPH, lymphocyte; RBC, red blood cell; HGB, hemoglobin; HCT, hematocrit; PLT, platelet; K*, potassium; NA®, sodium; CL™, chloride; HCO3,
bicarbonate; TP, total protein; ALB, serum albumin; GLO, globulin; TBIL, total bilirubin; ALT, alanine transaminase; AST, aspartate aminotransferase; ALP, alkaline
phosphatase; GGT, gamma glutamine transferase; BUN, blood urea nitrogen; CRE, creatinine; UA, uric acid; eGFR, estimated glomerular filtration rate; AMYL, amylase;
LIPA, lipase; GLU, glucose; LDH, lactate dehydrogenase; CK, creatine kinase; CKMB, creatine kinase-MB; Myo, myoglobin.

6 https: Infection and Drug Resistance 2026:19



Shi and Pan
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Figure | Integrated Machine Learning and Traditional Approaches for Risk Factor Identification in SFTS Mortality Prediction. (A) Primary Screening via Univariate Cox
Regression. Variables significantly associated with mortality risk (Cox regression, p < 0.05) were selected as candidate features. (B) LASSO Coefficient Shrinkage Dynamics.
Coefficient trajectory plot illustrating how the 68 predictors’ regression coefficients (Y-axis) evolve with increasing LI regularization intensity (X-axis: log-transformed 1).
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Abbreviations: PLT, platelet; eGFR, estimated glomerular filtration rates; APTT, activated partial thromboplastin time; SFTS, severe fever with thrombocytopenia
syndrome.
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fold cross-validation with the one-standard-error rule (lambda.lse, log(X) = —2.524) selected 8 predictors: diarrhea, age,
prothrombin time percentage, APTT, PLT, eGFR, BUN, and lymphocyte (Figure 1B and C). Machine learning models
retained the top 20 candidate features: random forest via Gini importance ranking and XGBoost using features with
bootstrap presence rates > 70% (Figure 1D and E). Consensus variable selection through four-way Venn diagram analysis
revealed four core predictors shared across all methods: age, eGFR, APTT, and PLT (Figure 1F).

The four core predictors were incorporated into a multivariable Cox regression model. The age (HR=1.058, 95% CI
1.022-1.095) and APTT (HR=1.028, 95% CI 1.012—-1.045) showed positive associations with mortality risk, whereas
eGFR (HR=0.985, 95% CI 0.975-0.996) and PLT (HR=0.978, 95% CI 0.963-0.994) were inversely associated (Table
S1). The risk prediction equation was formulated as:

Risk Score = 0.0278 x APTT (s) — 0.0147 x eGFR (mL/min/1.73 m?) + 0.0563 x Age (years) — 0.0219 x PLT (x10°/
L). Kaplan-Meier analysis demonstrated significantly reduced survival probabilities in patients exceeding the following
thresholds (log-rank p < 0.001): APTT >66.8 s, age >56 years, eGFR <53 mL/min/1.73 m?, and PLT <44 x10°/L, all of
which independently predicted mortality (Figure S1).

Internal validation revealed strong discriminative performance, with a C-index of 0.831 (95% CI 0.780-0.882),
indicating an 83.1% probability of correctly stratifying mortality risk. DCA analysis demonstrated superior net clinical
benefit over default strategies (treat-all or treat-none) across threshold probabilities of 20-60%, particularly for inter-
mediate-risk patients requiring tailored therapeutic interventions to balance efficacy and risks (Figure S2A). A nomogram
integrating four core predictors—eGFR, age, PLT, and APTT—was developed to quantify mortality risk in SETS patients
(Figure S3). Clinicians can estimate 7-day and 14-day survival probabilities by locating patient-specific values on each
predictor’s scale, drawing vertical projections to calculate partial scores, summing these scores, and projecting the total to
the corresponding probability scales. This tool facilitates rapid risk stratification, enabling timely escalation of care for
high-risk patients while optimizing resource allocation in primary healthcare settings.

To enhance clinical utility, we developed the APTT/eGFR Ratio (AER), a novel composite index integrating two pivotal
predictors from the multivariable Cox model. A Decision Curve Analysis (DCA) was performed for AER (Figure S2B),
and the results demonstrated a net clinical benefit profile similar to that of the Risk Score. To evaluate the temporal stability
of the predictive performance of the Risk Ccore and AER, we further assessed their prognostic value for mortality risk at
different time points (7-day and 14-day survival). Kaplan-Meier survival analysis revealed that patients in the high-risk
group had significantly lower survival rates at both 7 and 14 days compared to those in the low-risk group (all log-rank p <
0.001) (Figure S4). Cox regression analysis confirmed that both the Risk Score and AER were independent predictors of
mortality at 7 and 14 days (all p < 0.001). Specifically, for each 1-point increase in the Risk Score, the 7-day mortality risk
increased by 1.694-fold (HR = 2.694, 95% CI: 1.751-4.146, p < 0.001), and the 14-day mortality risk increased by 1.808-
fold (HR = 2.808, 95% CI: 2.161-3.649, p < 0.001). For AER, the corresponding hazard ratios were 1.461 (95% CI:
1.09-1.958, p = 0.0113) for 7-day mortality and 1.459 (95% CI: 1.228-1.734, p < 0.001) for 14-day mortality.

These findings suggest that the Risk Score model, which integrates multidimensional information, possesses stronger
discriminatory power for risk stratification. The Risk Score can thus serve as a robust comprehensive tool for rapidly
identifying SFTS patients at extremely high risk of mortality within the subsequent 1-2 weeks. Meanwhile, AER, as
a simple clinical indicator, also effectively signals elevated mortality risk. Although its effect size is not as strong as that
of the comprehensive Risk Score, its calculation is straightforward and allows for rapid bedside assessment, offering
practical value in resource-limited settings. Together, these tools provide important quantitative evidence to guide early
risk stratification and clinical decision-making for SFTS patients.

Predictive Performance of ROC Curve Analysis

ROC curve analysis demonstrated superior prognostic performance of the Risk Score model (AUC=0.869, 95% CI
0.818-0.919) compared to established biomarkers including BAR (AUC=0.767), APRI (AUC=0.738), and CAR
(AUC=0.640; all p < 0.05), though no statistically significant difference was observed versus AER (AAUC=0.031, p =
0.784) (Figure 2A and Table 3). At the optimal cutoff of 2.964, the Risk Score achieved high sensitivity (88.2%) with
preserved specificity (71.8%), while AER exhibited higher specificity (84.7%) at its cutoff of 0.760. Baseline
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characteristics of all biomarkers are provided in Table S2. The significantly attenuated predictive accuracy of conven-
tional biomarkers underscores the clinical superiority of this novel framework.

External Validation

To validate the clinical utility and the generalizability of the SFTS prognostic risk model (Risk Score) and the simplified
indicator (AER), we conducted an independent validation using a publicly available dataset from a multicenter study in
Shandong Province, China.?* This validation cohort comprised 394 laboratory-confirmed SFTS cases, with 92 fatalities
(23.35% mortality rate), representing a distinct geographic population from our development cohort (central mountainous
region vs coastal plain). The prognostic model (Risk Score) demonstrated strong discriminatory ability with an AUC of
0.812 (95% CI: 0.764-0.860) for predicting SFTS mortality. At the optimal cutoff threshold (3.095), the model achieved
a sensitivity of 69.6% and specificity of 78.5%. The novel AER index showed comparable diagnostic efficacy, with an
AUC of 0.802 (95% CI: 0.752-0.852). Notably, AER exhibited improved sensitivity (0.717) relative to the full model
while maintaining moderate specificity (0.755). The AUC difference between the two models was negligible (AAUC =
0.01, p = 0.614), demonstrating their equivalent predictive power. The risk score model significantly outperformed the
established APRI index (AUC = 0.743, 95% CI: 0.685-0.800, p = 0.018), underscoring the enhanced discriminatory
capacity of our proposed framework (Figure 2B).

Table 3 Performance Comparison of Predictive Metrics for SFTS Fatal Outcomes Using ROC

Curves
Variables | AUC (95% CI) AUC Difference | Cutoff | Sensitivity | Specificity | p value
Risk Score | 0.869 (0.818-0.919) | — 2.964 0.882 0.718 <0.001
AER 0.838 (0.782-0.893) | 0.031 0.760 0.726 0.847 <0.001
BAR 0.767 (0.693-0.841) | 0.102 5.209 0.765 0.675 <0.001
APRI 0.738 (0.662-0.814) | 0.131 7433 0.588 0.789 <0.001
CAR 0.640 (0.557-0.723) | 0.229 0.131 0.667 0.598 <0.001

Notes: AUC Difference: Risk Score vs AER, p = 0.784; Risk Score vs BAR, p = 0.005; Risk Score vs APRI, p = 0.001; Risk Score
vs CAR, p < 0.001.

Abbreviations: Risk score, composite mo AER, APTT/eGFR ratio; BAR, blood urea nitrogen/albumin ratio; APRI, aspartate
aminotransferase/platelet index; CAR, C-reactive protein/albumin ratio.
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Discussion

The SFTS is an emerging viral infection characterized by acute onset, thrombocytopenia, and high mortality in severe
cases. Transmission occurs primarily via tick bites, with secondary human-to-human spread through exposure to blood,
secretions, or contaminated fomites, leading to cluster outbreaks. Early mortality risk prediction using routine early-stage
laboratory parameters could significantly enhance clinical decision-making and prognosis optimization. This study
integrated traditional survival analysis with machine learning algorithms to identify four core mortality predictors
from 68 variables: age, PLT, APTT, and eGFR. These indicators are not isolated risk labels but profoundly reflect the
key pathophysiological disturbances in the progression of severe SFTS.

First, advanced age (>56 years) was confirmed as an independent risk factor, consistent with the theory of
immunosenescence. With aging, the efficiency of both innate and adaptive immune responses declines, potentially
accompanied by a higher baseline inflammatory state.”® This may lead to weakened viral clearance capacity and
a greater susceptibility to cytokine storms following SFTSV infection.

Second, severe thrombocytopenia (PLT <44x10°/L) is a hallmark feature of SFTS. Its mechanism likely extends beyond
simple bone marrow suppression. Studies®®**?° have shown that during the early stages of infection (<14 days),
pathological damage is primarily confined to the bone marrow and spleen. During this stage, the number of megakaryocytes
in the bone marrow significantly increases, indicating that the body is compensating by enhancing hematopoietic function.
Concurrently, the virus replicates within the red pulp macrophages of the spleen and forms complexes with platelets,
triggering phagocytosis and clearance by macrophages. This mechanism directly leads to a reduction in peripheral platelets
and white blood cells and may exacerbate platelet consumption through immune-mediated platelet clearance or diffuse
endothelial injury. The latter is closely associated with the development of multiple organ dysfunction syndrome.

Third, significantly prolonged APTT (>66.8 s) portends a poor prognosis. APTT measures the intrinsic coagulation
pathway. Its prolongation in SFTS may reflect multiple hits: direct or indirect (via inflammatory mediators) viral effects
leading to consumption and functional inhibition of coagulation factors (eg, IX, X, XI, XII), as well as decreased levels
of natural anticoagulant proteins (eg, protein C, protein S).* Other studies have also shown that in the fatal cases of
Severe Fever with Thrombocytopenia Syndrome (SFTS), the vast majority of patients presented with symptoms such as
ecchymosis at the puncture site and disseminated intravascular coagulation.?’ This points towards a coagulopathy
associated with severe systemic inflammation, akin to the process of immunothrombosis seen in sepsis, where micro-
vascular thrombosis exacerbates tissue ischemia and organ failure.

Finally, early decline in eGFR (<53 mL/min/1.73 m?) is a powerful predictor of mortality. The mechanisms of SFTS-
associated acute kidney injury (AKI) are likely multifactorial, including direct viral attack on renal cells, prerenal injury due to
hypotension, toxic substances released from rhabdomyolysis or hemolysis, and tubular damage caused by cytokine
storms.*'*? As a comprehensive indicator of glomerular filtration function, a rapid decline in eGFR serves as a sensitive
signal of impaired renal and even systemic perfusion and microcirculation, often preceding a significant rise in CRE thus
holding crucial early warning value.

The most significant mechanistic insight of this study lies in integrating the two key pathological processes of
coagulation dysfunction (prolonged APTT) and renal insufficiency (decreased eGFR) through the AER (APTT/eGFR
ratio). From a pathophysiological perspective, an elevated AER may indicate a more dangerous clinical state where the
patient simultaneously suffers from significant coagulation system disorder and renal function impairment. These two
disturbances may share upstream driving factors, such as severe endothelial injury and uncontrolled systemic inflam-
matory response. Therefore, as a composite indicator, AER may better capture the overall severity of the disease than
either APTT or eGFR alone, explaining its comparable predictive performance to the comprehensive risk model (which
integrates age, PLT, APTT, and eGFR) (AUC: 0.838 vs 0.869).

Our methodological innovation—combining LASSO regression with machine learning (XGBoost, Random Forest)
for variable screening—effectively overcomes the limitations of traditional approaches. Univariate screening is suscep-
tible to collinearity and false positives, while LASSO, although capable of handling collinearity, struggles to capture
complex nonlinear relationships. Machine learning algorithms, through variable importance rankings (eg, Gini index,

mean gain), can identify complex interactions and nonlinear associations among variables. By taking the intersection via
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Venn diagrams, we ensured that the final selected variables are core predictors that demonstrate robustness across
multiple statistical paradigms, thereby enhancing the biological interpretability and stability of the model.

Based on the mechanistic understanding above, the Risk Score nomogram and the simplified AER indicator we developed
have clear pathways for clinical translation. The nomogram provides clinicians with a visual, quantifiable decision-support
tool that integrates multiple continuous variables into a specific mortality risk probability. This aids in more refined risk
stratification of patients, identifying high-risk individuals who require immediate intensive care or enhanced treatment.

In contrast, the value of AER lies in its convenience and efficiency. It requires only two routine, rapidly available
laboratory tests (APTT and CRE for eGFR calculation) and can be quickly computed at the bedside or in the emergency
department. In resource-limited primary care settings or during the initial stages of an outbreak when diagnostic capacity
is insufficient, AER can serve as an effective early triage tool. When the AER value exceeds the critical threshold of 0.76,
it should strongly alert clinicians to the patient’s high risk of short-term deterioration, prompting consideration for early
referral to a center with treatment capabilities.

Several limitations warrant consideration: although eGFR calculations strictly followed the CKD-EPI Asian popula-
tion-specific equation (recommended by KDIGO), systematic comparisons with alternative eGFR formulas were omitted.
Practical constraints prevented the inclusion of cystatin C measurements, which hold critical value for early renal
impairment assessment and creatinine-cystatin C combined eGFR algorithms. Additionally, the absence of baseline
eGFR data precluded accurate quantification of AKI-related eGFR decline severity in SFTS patients. The clinical
implications emphasize that dynamic eGFR monitoring serves as an essential early warning system for acute renal
failure in SFTS management. The AER index, incorporating both coagulation abnormalities and renal dysfunction
parameters, demonstrates exceptional prognostic value for mortality outcomes. Continuous AER monitoring enables
timely diagnosis and therapeutic intervention, thereby potentially reducing case fatality rates. Despite the inherent
limitations of this study’s sample size and single-center design, external validation has reinforced the clinical robustness
and cross-institutional transferability of the constructed risk model and simplified indicators. Future directions necessitate
large-scale, multicenter randomized controlled trials to validate these findings and establish robust evidence-based
guidelines for clinical decision-making.

Conclusion

This study not only identified key predictors of mortality in SFTS patients but also elucidated the pathophysiological
significance of the interplay between coagulation dysfunction and renal impairment, thereby providing a mechanistic
basis for risk stratification. The comprehensive risk model and the simplified AER indicator we developed offer novel
tools for SFTS prognosis management, addressing the dual dimensions of “precision” and “accessibility”. These tools are
particularly valuable for early identification of high-risk patients, timely warning of acute kidney injury, and guiding
tiered interventions in resource-limited settings, ultimately contributing to improved clinical outcomes for this significant
emerging infectious disease.
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