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Predicting higher risk factors for COVID-19 2

short-term reinfection in patients
with rheumatic diseases: a modeling study
based on XGBoost algorithm

Yao Liang'", Siwei Xie?!, Xugi Zheng', Xinyu Wu', Sijin Du® and Yutong Jiang'"

Abstract

Background Corona virus disease 2019 (COVID-19) reinfection, particularly short-term reinfection, poses challenges
to the management of rheumatic diseases and may increase adverse clinical outcomes. This study aims to develop
machine learning models to predict and identify the risk of short-term COVID-19 reinfection in patients with rheu-
matic diseases.

Methods We developed four prediction models using explainable machine learning to assess the risk of short-term
COVID-19 reinfection in 543 patients with rheumatic diseases. Psychological health was evaluated using the Func-
tional Assessment of Chronic Iliness Therapy Fatigue (FACIT-F) scale, the Patient Health Questionnaire-9 (PHQ-9),

the Generalized Anxiety Disorder 7-item (GAD-7) questionnaire, and the Pittsburgh Sleep Quality Index (PSQI) scale.
Health status and disease activity were assessed using the EuroQol-5 Dimension-3 Level (EQ-5D-3L) descriptive
system and the Visual Analogue Score (VAS) scale. The model performance was assessed by Area Under the Receiver
Operating Characteristic Curve (AUC), Area Under the Precision-Recall Curve (AUPRC), and the geometric mean

of sensitivity and specificity (G-mean). SHapley Additive exPlanations (SHAP) analysis was used to interpret the contri-
bution of each predictor to the model outcomes.

Results The eXtreme Gradient Boosting (XGBoost) model demonstrated superior performance with an AUC of 0.91
(95% (1 0.87-0.95). Significant factors of short-term reinfection included glucocorticoid taper (OR=2.61, 95% Cl 1.38-
4.92), conventional synthetic disease-modifying antirheumatic drugs (csDMARDs) taper (OR=2.97,95% Cl 1.90-4.64),
the number of symptoms (OR=1.24, 95% CI 1.08-1.42), and GAD-7 scores (OR=1.07,95% Cl 1.02-1.13). FACIT-F scores
were associated with a lower likelihood of short-term reinfection (OR=0.95, 95% Cl 0.93-0.96). Besides, we found

that the GAD-7 score was one of the most important predictors.

Conclusion We developed explainable machine learning models to predict the risk of short-term COVID-19 rein-
fection in patients with rheumatic diseases. SHAP analysis highlighted the importance of clinical and psychological
factors. Factors included anxiety, fatigue, depression, poor sleep quality, high disease activity during initial infection,
and the use of glucocorticoid taper were significant predictors. These findings underscore the need for targeted pre-
ventive measures in this patient population.
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Introduction

It has been proven that even with protective antibodies
after COVID-19 infection, reinfection can occur [1, 2].
In the context of emerging variants, the overall preva-
lence of COVID-19 reinfection increases significantly
to 11.94-28.3% [3-5]. It was believed that the weaken-
ing or decline of the humoral immune response over
time is the reason for reinfection [1, 2]. For patients
with rheumatic diseases, due to their immune dysreg-
ulation, they were more susceptible to reinfection and
had a shorter interval between two consecutive infec-
tions than the general population [6].

Given that COVID-19 reinfection, especially short-
term reinfection, not only increased the risk of long
COVID [7], but also imposed a greater overall burden
of disease on rheumatic patients. It is of profound sig-
nificance to construct a model for predicting the risk
of COVID-19 short-term reinfection. In this study,
COVID-19 short-term reinfection was defined as reoc-
currence of positive COVID-19 test results for succes-
sive two times within 6 months after all the COVID-19
related symptoms were alleviated. Machine learn-
ing and fixed effect logistic regression were employed
to build short-term reinfection prediction models
for patients with rheumatic diseases and identify risk
factors.

Methods

Study population

This study included patients confirmed with rheumatic
disorders who visited the rheumatology department
of our hospital from October 2021 to August 2023 and
had confirmed COVID-19 infection with positive result
of RT-PCR (reverse transcriptase-polymerase chain
reaction) or AgPOCTs (antigen point-of-care tests) for
COVID-19. Participants were informed of the objectives
in this study and gave informed written consent. Patients
who fit any of the following points were excluded: (1)
Not diagnosed with rheumatism; (2) Suffer from seri-
ous mental disease; (3) Being unable to understand used
questionnaires; (4) Having missing data; (5) Having noisy
values. After applying the exclusion criteria, out of 769
patients visited the rheumatology department, 642 cases
were included in the study. In the preprocessing steps, 99
patient record values were removed, leaving 543 cases,
including 64 patients with short-term reinfection and 479
patients without short-term reinfection.

Outcomes

The primary outcome was whether patients with rheu-
matic diseases got short-term COVID-19 reinfection
(within 6 months) as categorical variables.

Feature selection

A number of demographic and clinical variables were
collected (sex, age, vaccination status, date of previ-
ous infection, date of reinfection or last follow-up, the
number of rheumatic diseases and medication usage of
glucocorticoid, csDMARDs, biological disease-mod-
ifying antirheumatic drugs (bDMARDs) and targeted
synthetic disease-modifying antirheumatic drugs (tsD-
MARDs). In addition, four psychometric measures and
two health measures were applied. Four psychometric
measures were the FACIT-F scale [8-10], the PHQ-9
[11], the GAD-7 questionnaire [12] and the PSQI scale
[13], respectively. Two health measures were EQ-5D-3L
descriptive system [14, 15] and VAS scale [16], respec-
tively. VAS scale was patients’ self-report outcome which
helped rapidly assess patient perspectives of rheumatic
disease activity. These scales have shown good validity
and reliability, and have been used widely among Chinese
patients with chronic diseases. Each patient filled out
these questionnaires under the guidance of a physician.

Machine learning model development

Predictor variables

The predictor variables selected for inclusion in the
model were based on their relevance to the disease
control of rheumatic disease and the pathophysiology,
immunology, and social psychology of COVID-19. We
totally selected 68 predictor variables, and detailed all
these features in the Supplementary Table 1, including
their meanings.

Model performance and evaluation

The dataset will firstly leave 20% hold-out data that do
not include in any model training part. For the remain-
ing 80% data, we split it into training (80%) and testing
sets (20%), combing with cross-validation. A comparative
analysis of four machine learning algorithms was con-
ducted on the training subset: Light Gradient Boosting
Machine (LightGBM) [17], XGBoost [18], Random Forest
[19], and Lasso and Elastic-Net Regularized Generalized
Linear Models (Glmnet). [20] For the hyperparameter
tuning, we used five-fold cross-validations [21] combined
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with 15 times grid search [22]. The Models performance
were assessed by three main metrics: AUC [23], AUPRC
[24], baseline AUPRC, and the G-mean [25].

SHAP feature importance analysis

To better interpret and understand the influence of each
feature on the prediction outcomes, we computed the
SHAP values [26]. The SHAP analysis is a game theory-
based approach for interpreting machine learning mod-
els, offering a unified measure of feature importance. We
chose the XGBoost machine learning algorithm to con-
duct the SHAP analysis as it has superior performance
and ability to handle high-dimensional or complex pat-
terns data effectively. The SHAP values would show the
contribution of each feature to the outcome, including:
(1) Beeswarm plots with both the positive and negative
directions; (2) Bar plots with the absolute SHAP value.

Statistical analysis

Descriptive statistics were conducted in the total cohort
and stratified by two subgroups: (1) patients without
short-term Covid-19 reinfection (within 6 months); (2)
patients with short-term Covid-19 reinfection (within
6 months).

Primary analysis

The primary analysis aimed to identify patient and clini-
cal characteristics associated with the likelihood of short-
term COVID-19 reinfection (within 6 months) among
patients with rheumatic diseases. Initially, we employed
machine learning models to identify potential risk fac-
tors. SHAP values were then calculated to interpret the
contributions of each feature to the model predictions.
Based on these results, key risk factors were selected for
the fixed effect logistic regression models [27], control-
ling the interval between initial COVID-19 infection and
reinfection as a fixed effect variable, which can adjust the
confounding of temporal variance.

This approach allowed for robust estimation of asso-
ciations between the selected covariates and the primary
outcome. We calculated the odds ratios (ORs) with 95%
confidence intervals (Cls), p values, p-adjust values, and
e-values to quantify and assess the significance of these
associations. P-adjust values used the benjamini-Hoch-
berg (BH) method to control the false discovery rate [28],
and e-values assessed the robustness of the observed
associations to potential unmeasured confounding [29].
All statistical tests were two-sided, with a nominal type
I error rate of a=0.05 indicating statistical significance.

Secondary analysis
Secondary analyses included survival analysis and
generalized additive models (GAMs) [30] to further
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explore the data. Kaplan—Meier survival analysis [31]
was performed to assess the time to reinfection, incor-
porating right-censored data to provide more com-
prehensive insights into the duration between initial
infection and reinfection. This method was chosen to
account for time-to-event data and to handle the vari-
able follow-up times among patients. Additionally,
GAMs were employed to analyze continuous variables,
allowing for the modeling of potential non-linear rela-
tionships between covariates and the primary out-
come (likelihood of short-term COVID-19 reinfection
(within 6 months)). The use of GAMs facilitated a flex-
ible approach to capture complex interactions and pat-
terns in the data, thereby enhancing the accuracy and
robustness of the findings.

All analyses were performed by the R software, ver-
sion 4.3.2 (R Project for Statistical Computing). Addi-
tional analysis details are provided in the Supplementary
Methods.

Results

The demographic, clinical and medication character-
istics of 543 patients were presented in Table 1. More
than half of patients were females (69.43%). The mean
age of patients with short-term reinfection was 37.27
(12.34) years old, while the mean age of patients with-
out short-term reinfection was 40.16 (14.53). Among
the age groups, the majority of patients were from 20 to
34 years old (40.88%), followed by 35-44 (22.10%), 45—54
(16.94%), 55—64 (10.87%), more than 65 (6.08%), and less
than 19 years old (3.13%). Systemic lupus erythematosus
(SLE) (23.76%), rheumatoid arthritis (RA) (22.65%) and
spondyloarthritis (SpA) (17.49%) were three most com-
mon rheumatic diseases. The majority of participants
have had the diagnosed with single rheumatic disease
(87.11%). The ¢csDMARDs were used in 25.50% overall
patients, 25.89% patients without short-term reinfection,
and in 18.75% patients with short-term reinfection. The
bDMARDs and tsDMARDs were used in 20.44% overall
patients, 19.62% patients without short-term reinfec-
tion, and in 26.56% patients with short-term reinfection.
The mean FACIT-F was 37.69 (9.92) in overall patients
and 33.36 (10.99) in patients with short-term reinfec-
tion. The mean PHQ-9 was 5.92 (6.05) in overall patients
and 7.89 (6.87) in patients with short-term reinfection.
Patients with short-term reinfection also had highest
mean GAD-7 value and PSQI value. For the health sta-
tus score, during the initial covid-19 infection, the mean
patient self-report outcome was 4.07 (2.82), while the
second time (currently) patient self-report outcome was
7.03 (1.74). Figure 1 showed the overall study design and
modeling analysis steps.
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Table 1 Demographic and clinical characteristics of patients

Total patients (N=543) Patients without short-term Patients with short-
reinfection (N=479) term reinfection
(N=64)
Demographics
Sex, n (%)

Male 166 (30.57) 148 (30.90) 18 (28.12)

Female 377 (6943) 331 (69.10) 46 (71.88)
Age, years

Mean (sd) 39.82 (14.31) 40.16 (14.53) 3727 (12.34)
Age group, years, n (%)

<19 17 (3.13) 6(3.34) 1(1.56)

20-34 222 (40.88) 192 (40.08) 30 (46.88)

35-44 120 (22.10) 102 (21.29) 18 (28.12)

45-54 92 (16.94) 84 (17. 54) 8(12.50)

55-64 59(10.87) ( 48) 4(6.25)

>65 33 (6.08) 0 (6. 27) 3(4.69)

Rheumatism
Number of rheumatism, n (%)

1 473 (87.11) 421 (87.89) 52(81.25)

2 55(10.13) 46 (9.60) 9(14.06)

3 11 (2.02) 9(1.88) 2(3.13)

4 4(0.74) 3(0.63) 1(1.56)
RA, n (%) 123 (22.65) 110 (22.96) 13 (20.31)
SpA, n (%) 95 (17.49) 78 (16.28) 17 (26.56)
SLE, n (%) 129 (23.76) 116 (24.22) 13(20.317)
PSS, n (%) 58 (10.68) 51 (10.65) 7(10.94)
APS, n (%) 5(0.92) 3(0.63) 2(3.13)
SSc, n (%) 18 (3.31) 16 (3.34) 2(3.13)
PM/DM, n (%) 33(6.08) 28 (5.85) 5(7.81)
IgG4-RD, n (%) 3(0.55) 2(042) 1(1.56)
Vasculitis, n (%) 15 (2.76) 13 (2.71) 2(3.13)
AOSD, n (%) 6(1.10) 6(1.25) n/a
BD, n (%) 1(2.03) 10 (2.09) 1(1.56)
RPC, n (%) 1(0.18) 1(0.21) n/a
Gout/HUA, n (%) 41 (7.55) 36 (7.52) 5(7.81)
OA, n (%) 18 (3.31) 16 (3.34) 2(3.13)
FMS, n (%) 4(0.74) 3(0.63) 1(1.56)
Rheumatic fever, n (%) 7(1.29) 4(0.84) 3 (4.69)
CTD, n (%) 52(9.58) 48(10.02) 4(6.25)
Others, n (%) 13(2.39) 11(2.30) 2(3.13)

csDMARDs
Number of csDMARDs, n (%)
1 136 (25.05) 124 (25.89) 12 (18.75)
2 118 (21.73) 103 (21.50) 15(23.44)

3 25 (4.60)
4 9 (1.66)
5 3(0.55) 0.63) n/a

21(4.38) 4(6.25)
8(1.67)
3(
Treated with csDMARDs, n (%) 312 (57.46) 275 (57.41) 37(57.81)
142 (
80 (
6(

1.67 1(1.56)

HCQ, n (%) 161 (29.65) 29.64) 19 (29.69)
16.70) 12(18.75)
3.34) 2(3.13)

MTX, n (%) 92 (16.94)
LEF, n (%) 18 (3.31)
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Total patients (N=543)

Patients without short-term
reinfection (N=479)

Patients with short-
term reinfection

(N=64)
MMF, n (%) 70(12.89) 64 (13.36) 6(9.38)
CTX, n (%) 0(1.84) 9(1.88) 1(1.56)
CsA, n (%) 27 (4.97) 23 (4.80) 4 (6.25)
Tacrolimus, n (%) 1(2.03) 11 (2.30) n/a
Iguratimod, n (%) 34 (6.26) 28 (5.85) 6(9.38)
SASP, n (%) 6(1.10) 5(1.04) 1(1.56)
Tripterygium wilfordii Hook F, n (%) 12(2.21) 11(2.30) 1(1.56)
Total glucosides of paeony, n (%) 14 (2.58) 13(2.71) 1(1.56)
AZA, n (%) 13(2.39) 12(251) 1(1.56)
bDMARDs and tsDMARDs

Number of bDMARDs and tsDMARDs, n (%)

1 1(20.44) 94 (19.62) 17 (26.56)
2 3(0.55) 1(0.21) 2(3.13)
Treated with bDMARDs and tsDMARDs, n (%) 114 (20.99) 95(19.83) 19 (29.69)

TNF receptor-gG fusion protein, n (%) 31(5.71) 27 (5.64) 4(6.25)
Infliximab, n (%) 3(0.55) 3(0.63) n/a
Adalimumab, n (%) 21 (3.87) 15 (3.13) 6(9.38)
Golimumab, n (%) 1(0.18) 1(0.21) n/a
Cetocilizumab, n (%) 5(092) 1(0.21) 4(6.25)
Secukinumalb, n (%) 24 (4.42) 19 (3.97) 5(7.81)
Tocilizumab, n (%) 5(0.92) 5(1.04) n/a
Belimumab, n (%) 7(1.29) 7 (1.46) n/a
Telitacicept, n (%) 7 (1.29) 6(1.25) 1(1.56)
Abatacept, n (%) 1(0.18) 1(0.21) n/a
RTX, n (%) 1(0.18) 1(0.21) n/a
Tofacitinib, n (%) 8(3.31) 16 (3.34) 2(3.13)
Baricitinib, n (%) 20221 10 (2.09) 2(3.13)
Other bDMARDs and tsDMARDs, n (%) 1(2.03) 10 (2.09) 1(1.56)
Drug adjustment
Glucocorticoid taper, n (%) 96 (17.68) 82(17.12) 14 (21.88)
csDMARDs taper, n (%) 133 (24.49) 114 (23.80) 19 (29.69)
bDMARDs and tsDMARDs taper, n (%) 87 (16.02) 73 (15.24) 4(21.88)
Vaccinated (COVID-19), n (%) 408 (75.14) 357 (74.53) 51 (79.69)
Adverse reactions

Adverse reactions (after vaccination), n (%)

1 108 (19.89) 97 (20.25) 11(17.19)

2 44(8.10) 38(7.93) 6(9.38)

3 20 (3.68) 15 (3.13) 5(7.81)

4 1(2.03) 11 (2.30) n/a

5 5(0.92) 4(0.84) 1(1.56)

6 3(0.55) 2(042) 1(1.56)
Number of symptoms, n (%)

1-5 299 (55.06) 276 (57.62) 23 (35.94)

6-10 204 (37.57) 175 (36.53) 29 (45.31)

>10 33(6.08) 21 (4.38) 12 (18.75)
Number of residual symptoms, n (%)
1 78 (14.36) 70 (12.89) 8(12.50)
2 34 (6.26) 25 (4.60) 9 (14.06)
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Total patients (N=543)

Patients with short-
term reinfection

Patients without short-term
reinfection (N=479)

(N=64)

3 21 (3.87) 16 (2.95) 5(7.81)

>4 21(3.87) 15 (2.76) 6(9.38)
Influenza virus infection (after), n (%) 22 (4.05) 14 (2.92) 8(12.50)

Psychological health surveys

FACIT-F

Mean (sd) 37.69(9.92) 38.27 (9.63) 33.36(10.99)
PHQ-9

Mean (sd) 5.92 (6.05) 5.66 (5.89) 7.89 (6.87)
GAD-7

Mean (sd) 431 (5.36) 4.02(5.13) 6.48 (6.50)
PSQl

Mean (sd) 6.91 (3.63) 6.78 (3.66) 787 (3.21)

Health status score

Patient self-report outcome (previous infection)

Mean (sd) 4.07 (2.82) 3.98 (2.83) 477 (2.69)
Patient self-report outcome (current)

Mean (sd) 7.03 (1.74) 7.10(1.71) 6.48 (1.86)
EQ-5D-3L index value

Mean (sd) 0.94 (0.10) 0.94 (0.10) 0.93 (0.08)

Performance of the machine learning models

Among the four machine learning models: LightGBM,
XGBoost, random forest, and glmnet, we found that the
XGBoost model showed better performance in terms of
distinguishing between patients who would experience
short-term COVID-19 reinfection and those who would
not (AUC=0.91, 95% CI 0.87—0.95) (Table 2; Fig. 2). The
random forest model (AUC=0.89, 95% CI 0.85-0.93)
and LightGBM model (AUC=0.88, 95% CI 0.83-0.92)
followed. For the AUPRC, the random forest model indi-
cated better performance in identifying patients at risk of
short-term COVID-19 reinfection while minimizing false
positives (AUPRC=0.54, 95% CI 0.46-0.61), followed by
XGBoost (AUPRC=0.49, 95% CI: 0.43-0.55) and glmnet
models (AUPRC=0.47, 95% CI 0.43-0.52).

Feature importance based on SHAP value

The SHAP importance score and absolute value of each
predictor variable were also computed and shown in
Fig. 2. From Fig. 2A, we discovered that the GAD-7
score was one of the most important predictor followed
by patient self-report outcome (previous infection), the
FACIT-F score, patient self-report outcome (current),
the patients with RA, age, the PSQI score, csDMARDs
taper during initial acute infection, the number of symp-
toms during initial acute infection, the PHQ-9 score, the
patients with connective tissue diseases (CTD), treatment

with ¢sDMARDs before initial infection, glucocorticoid
taper during initial acute infection and being treated
with iguratimod before initial infection. From Fig. 2B,
the GAD-7 score, patient self-report outcome (previous
infection), csDMARDs taper during initial acute infec-
tion, the number of symptoms during initial acute infec-
tion, glucocorticoid taper during initial acute infection,
and being treated with iguratimod before initial infection
showed positive SHAP value for the high value (distrib-
uted on the right side of 0 baseline). The FACIT-F score,
patient self-report outcome (current), the patients with
RA, and the patients with CTD showed negative SHAP
value for the high value (distributed on the left side of 0
baseline). The specific key SHAP values for the important
predictors can be referred to the Supplementary Table 3.

Fixed effect logistic regression based on feature selection

The fixed effect logistic regression results for screen-
ing risk variables associated with short-term COVID-
19 reinfection in patients with rheumatic diseases were
presented in Table 3. In the overall model, the following
were significantly associated with higher likelihood of
short-term COVID-19 reinfection: having glucocorti-
coid taper (OR=2.61, 95% CI 1.38-4.92, e-value=2.61),
having csDMARDs taper (OR=2.97, 95% CI 1.90-4.64,
e-value =2.84), the number of symptoms (OR=1.24, 95%
CI 1.08-1.42, e-value=1.47), GAD-7 scores (OR=1.07,
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Patients who visited department of rheumatology and
immunology (n=769)
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!
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Fig. 1 Flowchart for the overall study design and modeling analysis steps
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Table 2 Machine learning models performance
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Models AUC (95% Cl) AUPRC (95% Cl) AUPRC baseline Gmean
LightGBM 0.88(0.83-0.92) 042 (0.36-0.48) 0.12 048
XGBoost 0.91 (0.87-0.95) 0.49 (0.43-0.55) 0.12 0.76
Random Forest 0.89 (0.85-0.93) 0.54 (046-0.61) 0.12 039
Glmnet 0.86 (0.78-0.94) 0.47 (0.43-0.52) 0.12 0.54

AUC Area Under the Curve, AUPRC Area Under the Precision-Recall Curve. Gmean means the sqrt (sensitivity * specificity). 95% Cl shows the uncertainty for AUC and
AUPRC metrics. AUPRC baseline means the value that a random classifier would achieve (random guessing)
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Fig. 2 SHAP importance and model performance plots. A Represents the mean absolute SHAP values for each predictive variable. B Represents
the distribution of SHAP values for predictive variables. X-axis showed the direction of the importance score (negative or positive). Colors change
from low values (dark blue) to high values (yellow). C ROC curves, represents the model performance on the classification. D Precision-recall curves
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Table 3 Regression results for screening risk variables
0Odds ratio (95% Cl) P value P adjust E-value
Demographics
Sex
Male [Reference]
Female 0.69(0.33-1.44) 0323 0420 1.69
Age 0.98 (0.95-1.01) 0.231 0.334 1.11
csDMARDs
Treated with csDMARDs
N [Reference]
Y 0.77 (0.29-2.09) 0611 0611 1.53
Treated with Iguratimod
N [Reference]
Y 146 (0.52-4.02) 0469 0.508 1.71
Drug adjustment
Glucocorticoid taper
N [Reference]
Y 261 (1.38-4.92) 0.003 0.010 261
csDMARDs taper
N [Reference]
Y 2.97 (1.90-4.64) <0.001 <0.001 284
Adverse reactions
Number of symptoms 1.24 (1.08-1.42) 0.002 0.008 147
Psychological health surveys
FACIT-F 0.95 (0.93-0.96) <0.001 <0.001 1.19
PHQ-9 1.06 (0.99-1.12) 0.074 0.120 1.20
GAD-7 1.07 (1.02-1.13) 0.004 0.010 1.23
PSQl 1.06 (1.00-1.13) 0.060 0.112 1.21
Health status score
Patient self-report outcome (previous infection) 1.06 (0.92-1.22) 0.447 0.528 1.20
Patient self-report outcome (current) 0.87 (0.76-0.99) 0.041 0.089 135

P-adjusted values are determined using the Benjamini-Hochberg (BH) correction method. The E-value measures the minimal magnitude of an association necessary,

similar in scale to the observed effect size, for a potential confounding variable to explain the observed association

95% CI 1.02—-1.13, e-value=1.23). The following were sig-
nificantly associated with lower likelihood of short-term
COVID-19 reinfection: FACIT-F scores (OR=0.95, 95%
CI10.93-0.96, e-value=1.19).

Survival analysis and non-linear pattern analysis

Through Kaplan—Meier survival analysis, we found that
the probability of COVID-19 short-term reinfection was
similar in rheumatic patients with different sex (Fig. 3).
The generalized additive models and smooth curve fit-
ting were also conducted to clarify the potential non-
linear relationship between psychological status, quality
of sleep, patient self-report outcome and the short-term
reinfection probability of patients with rheumatic dis-
eases (Fig. 3). A higher FACIT-F score indicated a lower
fatigue level. On the contrary, the higher the scores of
GAD-7 scale, PHQ-9 scale, PSQI scale and EQ-5D-VAS
scale indicated a higher anxiety level, a higher depression

level, a worse the sleep quality and a higher disease activ-
ity. We found that patients’ risk for short-term reinfec-
tion gradually decreased with increasing FACIT-F scores
(P=0.024) and EQ-5D VAS scores (current) (P=0.044),
while it gradually increased with increasing GAD-7
scores (P=0.003). Although there was no statistical dif-
ference in PHQ-9, PSQI and EQ-5D VAS scores (first
infection), it showed a trend that depression, bad sleep
quality and a higher disease activity at previous infection
contributed to higher risk for short-term reinfection.

Discussion

Given the threat that short-term reinfection of COVID-
19 poses to disease control and clinical outcomes in peo-
ple with underlying diseases and immune disorders, it is
necessary to predict the risk of short-term reinfection of
COVID-19 in the context of medical care for rheumatic
diseases. In a few studies, machine learning has been
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applied to predict COVID-19 reinfection based on bio-
logical indicators [32] or radiomic data [33] and seemed
to show potential. In addition, machine learning has also
been applied to predict overall survival of reinfected
patients [34] and screened characteristics of hospital
admissions due to COVID-19 reinfection [35]. Factors
associated with COVID-19 reinfection have also been
preliminarily explored [36-38]. However, this problem
in patients with rheumatic diseases has not been effec-
tively dealt with. Some studies have shown that adverse

psychological health problems not only delay clinical
recovery from COVID-19 [39], but also have a negative
impact on the prognosis of COVID-19-related cardio-
vascular disease [40]. Nevertheless, few studies included
psychological scale scores to assist to predicting COVID-
19 reinfection. In this study, we focused on rheumatic
disease condition, rheumatic disease control, COVID-19
related symptoms, adverse reactions to COVID-19 vac-
cine, influenza vaccination, drug dose adjustment during
acute COVID-19 infection, and psychological factors.
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We compared the performance of four machine learn-
ing algorithms in predicting the short-term reinfection
risk of COVID-19 and identified the key variables in the
data that contributed to the short-term reinfection risk of
COVID-109. It was finally found that the XGBoost algo-
rithm produced better performance, and it could make
informed predictions (AUC=0.91; 95% CI 0.87-0.95).
Substantial factors of short-term reinfection included
glucocorticoid taper, csDMARDs taper, a large number of
symptoms, high GAD-7 scores, and low FACIT-F scores.

The prediction of COVID-19 short-term reinfection
was necessary for patients with rheumatic diseases, but
there was little literature on it. We found that patients
with younger age were more likely to suffer short-term
reinfection. The reason may be that people at this age
were busier and more stressed at work than older people.
They were easier to be immunocompromised due to the
lack of sleep, anxiety, and other similar conditions. The
opinions of Alexander Lawandi et al. [41], Nicole Bech-
mann et al. [42], Emily N. Kowalski et al. [43] and Chen
Yi-Hsuan et al. [44] were consistent with ours. However,
according to a recent research, individuals over 60 years
of age appeared to be more likely to be reinfected when
exposed to a new variant [45]. The reason may be that
that study only reviewed the results of 30 articles and
could not fully reflect the true situation. Overall, patients
with younger age were at higher risk to suffer short-term
reinfection. In addition, similar to previous studies [39,
46-54], we found that patients with poor psychological
health, sleep quality, and a larger number of symptoms
tended to suffer short-term reinfection. The potential
reason may be that poor psychological health and sleep
quality led to the weakened immune system and dis-
rupted the hormone level which led to the decline of
human resistance to the virus. Fatigue status are asso-
ciated with an increased risk of COVID-19 recurrence
[46]. Besides, the study of Xing Wang et al. also included
urgent attention to the depression and insomnia of re-
positive patients [47]. Maojun Li et al. identified depres-
sive status as independent risk factors for re-positivity
[39]. Although these studies have all shown that poor
psychological health and sleep quality were associated
with developing COVID-19, none have addressed the
role of psychological factors and sleep quality in predict-
ing short-term reinfection.

Results of a multicenter study showed that the number
of symptoms during acute infection was associated with
long COVID-19 [48]. Many subsequent research results
also provided support for this view [49, 50]. Similarly, the
study of Schmidbauer Lena et al. revealed the promoting
effect of the number of symptoms and persistent symp-
toms during acute infection on post-COVID-19 fatigue
[55]. Meanwhile, with the increase of the number of
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symptoms, the risk of combining with depression may
also be increased [52]. Both Bilgin Aylin et al. [53] and
Adar Sevda et al. [54] evaluated pain using VAS scale and
found that higher degree of pain appears to be also asso-
ciated with chronic fatigue and anxiety levels, but signifi-
cant changes have not been observed in disease activity
following COVID-19 reinfection in patients with RA [55].
They promoted each other. However, the relationship
between the number of symptoms during acute infection,
patient self-report outcome, and the risk of reinfection
has not been effectively explored. On balance, similar to
current evidence, younger age at initial acute infection,
anxiety, fatigue, depression, poor quality of sleep, and a
higher number of COVID-19 related symptoms during
initial acute infection may be associated with a higher
risk of short-term reinfection. Further exploration is also
needed on the relationship between patient self-report
outcome and reinfection.

We also discovered that patients with RA and CTD may
be associated with a lower risk of short-term reinfection,
while glucocorticoid taper and csDMARDs taper may be
associated with a higher risk of short-term reinfection.
However, this view was not supported by much evidence.
Similar to our view, Elena Beyzarov et al. found that in
cases involving potential COVID-19 reinfection, the
proportion of immunosuppressants or immunomodula-
tors reported was relatively low [56]. This result appears
to be at odds with the common view that immunosup-
pression is a risk factor which increases susceptibility to
COVID-19 infection and thus promotes reinfection [34,
57-60]. A review identified prednisolone as a potential
cause of COVID-19 recurrence [61] while the other study
reported that there was no statistical difference in the
use of corticosteroid therapy in patients with or without
recurrence [62]. Our views did not coincide with theirs.
Mehran Pournazari et al. through the analysis of the
clinical features of infection found that infected patients
have the highest percentage of RA reports [63]. In sum-
mary, the potential role of specific rheumatic disease
entities, glucocorticoid and immunosuppressants remain
controversial and need to be evaluated in more studies.
To exploration of the implications of the SHAP analysis
deeply, we comparised with the existing literature and
more details were shown in Supplementary Table 2.

Comprehensive treatment measures should be taken
for the management of patients with rheumatic diseases
after infection, such as early identification of high-risk
patients, focusing on clinical care, mental health, and
improvement of quality of sleep. In the actual clini-
cal work, medical staff should advise patients to keep a
regular schedule and adequate sleep, and avoid fatigue.
After infection, the adjustment of glucocorticoid and
¢sDMARDs should be careful. When the pain is severe,
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appropriate use of drugs is necessary to relieve pain.
Psychological care is also necessary to relieve anxi-
ety and depression by listening, understanding and
encouragement.

Limitations

This article has several limitations. Firstly, participants
were recruited from a hospital in Guangzhou, which led
to potential sampling bias. Secondly, we can not conclude
that the association between these factors is real cau-
sality because the study is cross-sectional. Thirdly, the
application of a self-rating scale to assess psychological
status is the limitation of this study. Fourthly, additional
external validation methods have not been used to ver-
ify our models’ performance due to the complex vari-
able sources. Finally, the generalizability of the models
among different populations or healthcare settings is still
unknown and can be explored in the future.

Conclusion

We developed a robust machine learning model through
the XGBoost algorithm to predict the risk of short-term
COVID-19 reinfection in patients with rheumatic dis-
eases. SHAP analysis highlighted the importance of clini-
cal and psychological factors. Factors such as anxiety,
fatigue, depression, poor sleep quality, high disease activ-
ity during initial infection, and the use of glucocorticoid
taper were significant predictors. For the patient popula-
tion with above factors, more attention should be paid to
preventing COVID-19 short-term reinfection. Machine
learning may assist in further screening potential risk fac-
tors that influence the likelihood of short-term COVID-
19 reinfection among patients with rheumatic diseases.
In the future, the performance accuracy of our model and
its generalizability would be enhanced if the larger and
multicenter dataset containing inflammatory markers
data were integrated into the model.
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