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routinely collected clinical data. Participants were included from two independent samples of the German Na-
tional Pandemic Cohort Network (NAPKON): a model development sample (SUEP; N = 451; mean age:
55.6 + 15.3; 36.2% female) and an external validation sample (HAP: N = 158; mean age: 55.1 + 12.1; 39.9%
female). Machine learning models leveraging demographic, clinical and biological variables collected at the time
of admission were employed to predict Patient-Reported Outcomes Measurement Information System scores
(PROMIS) across 7 domains (physical function, anxiety, depression, fatigue, sleep disturbance, ability to
participate in social roles and activities, and pain) three months after SARS-CoV-2 hospitalization. Shapley
Additive exPlanation values were used to provide interpretable information about key predictive factors.
Approximately 15-20% of participants reported moderate to severe impairment in at least one PROMIS domain
three months after hospitalization. For the mental health composite score, the best-performing model achieved
RMSE = 1.833 + 0.341 and R? = 0.927 + 0.031 in SUEP and RMSE = 3.131 and R? = 0.893 in HAP. For the
physical health composite, the best-performing model achieved RMSE = 2.908 + 0.703 and R? = 0.824 + 0.052
in SUEP and RMSE = 3.019 and R? = 0.850 in HAP. Furthermore, the models achieved high predictive per-
formance across all individual PROMIS domain scores in both samples. We provide an externally validated
methodology for accurately predicting mental and physical symptomatology following hospitalization due to a
severe viral infection. This approach may facilitate the development of a brief risk stratification tool at the point
of hospitalization, enabling early identification of at-risk patients, improving the prediction accuracy of subse-

quent psychological and physical sequelae, and supporting timely preventive interventions.

1. Introduction

Severe viral infections requiring hospitalization can lead to signifi-
cant downstream health issues that may become chronic if not
adequately treated. A substantial proportion of intensive care unit (ICU)
survivors experience persistent physical, cognitive, and mental health
impairments, including anxiety, depression, and post-traumatic stress
disorder (Davydow et al., 2008; Geense et al., 2021; Needham et al.,
2012; Pandharipande et al., 2013). This pattern is particularly evident
among patients hospitalized with SARS-CoV-2, where persistent
post-acute symptoms, commonly referred to as Long COVID or
post-acute sequelae of SARS-CoV-2 (PASC), affect an estimated 10-30%
of non-hospitalized and up to 50-70% of hospitalized patients (Ballering
et al., 2022; Carfi et al., 2020; Huang et al., 2023; Weich, 2022; Zhao
et al., 2023). Long COVID encompasses a broad spectrum of physical,
cognitive, and psychological symptoms, with fatigue, muscle weakness,
cognitive impairment, dyspnea, anxiety, and depression among the most
frequently reported (Davis et al., 2023; Huang et al., 2022; Nalbandian
et al., 2021; Taquet et al., 2021). .These symptoms frequently co-occur,
suggesting shared pathophysiological mechanisms involving persistent
inflammation, immune dysregulation, and endothelial dysfunction
(Phetsouphanh et al., 2022; Su et al., 2022).

Early prediction of post-acute mental and physical symptoms is
critical for several reasons. Post-acute symptoms significantly impair
patients' quality of life (Davydow et al., 2008), and early identification
of at-risk individuals enables timely interventions that may mitigate
symptom severity and duration (Needham et al., 2012). Furthermore,
accurate risk prediction facilitates more effective healthcare resource
allocation (Herridge et al., 2011) and supports the development of
tailored rehabilitation programs targeting specific physical and cogni-
tive  impairments, thereby improving recovery outcomes
(Pandharipande et al., 2013). This is particularly relevant in the context
of Long COVID, where the heterogeneity of symptom profiles and tra-
jectories underscores the need for individualized, data-driven risk
stratification approaches (Sudre et al., 2021; Whitaker et al., 2022).

Identifying at-risk individuals is a multifaceted challenge requiring
consideration of diverse risk factors. Demographic, clinical, and bio-
logical variables play significant roles in determining post-viral health
outcomes for patients recovering from severe viral infections (Cao,
2020; Carfi et al., 2020; Huang et al., 2023; Mazza et al., 2020; Peluso
et al., 2021; Phetsouphanh et al., 2022). Emerging Long COVID evi-
dence further highlights that female sex, higher acute-phase symptom
burden, pre-existing comorbidities, and elevated inflammatory markers
are associated with an increased risk of developing persistent post-acute
sequelae (Subramanian et al., 2022; Thompson et al., 2022; Xie et al.,
2022). While several prediction models for post-COVID outcomes have

been proposed, including externally validated algorithms for hospitali-
zation, mortality, and persistent symptomatology (Hippisley-Cox et al.,
2021; Pfaff et al., 2022; Sudre et al., 2021), a critical gap remains in
models that simultaneously predict multiple mental and physical health
domains using routinely available clinical data, thereby providing a
comprehensive risk profile to inform targeted, domain-specific preven-
tive interventions.

The primary aim of this study was to develop and externally validate
a predictive model for early identification of individuals at risk of
developing mental and physical health sequelae after hospitalization
due to a severe viral infection. As a first application, the model was
developed and validated in patients hospitalized with SARS-CoV-2. By
leveraging demographic, clinical, and biological variables collected
during the initial hospitalization, we aimed to predict which patients
would develop psychological distress and physical sequelae three
months after infection. This three-month window provides a clinically
actionable opportunity for implementing preventive interventions and
mitigating the burden of post-acute sequelae.

2. Methods
2.1. Study design

Participants were included from two independent samples recruited
from NAPKON, the German National Pandemic Cohort Network (Schons
et al., 2022). NAPKON is Germany's most comprehensive SARS-CoV-2
cohort, initiated in July 2020 as part of the Network University Medi-
cine. Its primary goal is to establish standardized, high-quality data and
biosample collection from patients, citizens, and controls with
comparator respiratory infections to support the SARS-CoV-2 pandemic
and future pandemics.

NAPKON comprises three parallel and complementary cohort plat-
forms: the Cross-Sectoral Platform (SUEP), the High-Resolution Platform
(HAP), and the Population-Based Platform (POP). In the current study,
we are including only adult participants (>18 years of age) from SUEP
and HAP who were hospitalized due to severe SARS-CoV-2 illness and
for whom 3-month Patient-Reported Outcomes were available. The
SUEP cohort recruited SARS-CoV-2-infected in- and outpatients of all
ages across all departments, collecting primary health record data, basic
clinical phenotyping, biosamples, and patient interviews. The HAP
cohort particularly focused on adult SARS-CoV-2-positive inpatients
with severe SARS-CoV-2 illness. It extends data and biosample collection
by adding additional clinical examinations, cytokine profiling, and
standardized imaging, conducted at 10 German university hospitals.

Both Platforms (SUEP and HAP) are described in greater detail in
Hopff et al. (2024) and Steinbeis et al. (2024). For NAPKON-SUEP, a
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primary ethics vote was obtained at the Ethics Committee of the
Department of Medicine at Goethe University Frankfurt (local ethics ID
approval 20-924). All further study sites received their local ethics votes
at the respective ethics commissions. The NAPKON-SUEP is registered at
ClinicalTrials.gov (Identifier: NCT04768998). For NAPKON-HAP, the
study protocol and its amendments were reviewed and approved by the
Charité Ethics Committee (EA2/066/20, EA2/226/21) as well as local
ethics committees at each participating study center.

2.2. Primary outcomes

We assessed patients' self-reported psychological distress and phys-
ical symptoms three months after SARS-CoV-2 diagnosis using PROMIS-
57 Profile questionnaire (Cella et al., 2019) from the Patient-Reported
Outcomes Measurement Information System (PROMIS).

The PROMIS-57 Profile comprises 57 items distributed across seven
domains: physical function, anxiety, depression, fatigue, sleep distur-
bance, ability to participate in social roles and activities, and pain
interference, each assessed by 8 items, supplemented by a single item
measuring pain intensity (Cella et al., 2010; Rothrock et al., 2010). For
each domain, item responses were converted to standardized PROMIS
T-scores using the established scoring framework, in which scores are
calibrated to a reference metric based on the US general population
(mean = 50, SD = 10). In addition, we derived two continuous com-
posite scores, a physical health and a mental health summary score,
following the methodology described by Hays et al. (2018). These
summary scores synthesize information across domain-level T-scores
and provide complementary endpoints that capture broader patterns of
physical and psychological health impact while maintaining interpret-
ability on the same standardized metric.

2.3. Predictor variables

Predictor variables comprised demographic, clinical and biological
variables routinely collected at the time of admission of a SARS-CoV-2-
related encounter. These variable categories were selected based on
converging evidence that demographic, clinical, and biological factors
play significant roles in determining health outcomes following severe
viral infections (Cao, 2020; Carfi et al., 2020; Huang et al., 2023; Mazza
et al., 2020; Peluso et al., 2021; Phetsouphanh et al., 2022) and have
been identified as relevant predictors of post-acute sequelae. Critically,
the selection was further guided by the pragmatic requirement that all
predictors be readily available within EMR systems during routine
clinical workflows, ensuring that the resulting model is directly imple-
mentable in real-world acute care settings without imposing additional
data collection burden. A comprehensive list of all included predictor
variables, with descriptive statistics for both the SUEP and HAP samples,
is provided in Supplementary Table 1. Additionally, Supplementary
Table 2 presents the level of missingness of each variable in the data-
set. To ensure cross-cohort harmonization, predictor definitions, units,
and category mappings were systematically aligned across SUEP and
HAP prior to modeling.

2.4. Statistical analyses

Data pre-processing. To ensure methodological rigor and prevent in-
formation leakage, all preprocessing steps were derived exclusively from
the SUEP training data within each cross-validation iteration and sub-
sequently applied without modification to the corresponding held-out
SUEP test fold and to the HAP external validation sample. Within each
training fold, features were excluded if they exhibited greater than 40%
missingness or near-zero variance (<0.001). This threshold was chosen a
priori as a pragmatic compromise between preserving clinically relevant
routinely collected variables and reducing dependence on heavily
imputed predictors, for which imputation estimates may become less
robust as the proportion of missing observations increases. This
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approach is consistent with recommendations in the clinical prediction
modeling literature (Madley-Dowd et al., 2019; Moons et al., 2015),
which emphasize that rigid missingness thresholds should not be applied
mechanistically but should balance data availability against imputation
reliability. For the remaining features, missing values were imputed
using a multivariate chained equations approach implemented in a
round-robin fashion (Iterativelmputer, scikit-learn v1.5.2). The impu-
tation model was fitted solely on the training fold data and applied to
both the corresponding test fold and the HAP sample, ensuring that no
information from the evaluation data influenced the imputation process.
Across all included variables, the median proportion of missing data was
4.43% (range: 0.22-30%) in the SUEP sample and 10.12% (range:
1.27-34.65%) in the HAP sample.

Model development. The predictive models were developed and tuned
using only the SUEP sample and trained separately for each outcome.
Due to their robustness and capability to handle various data types, we
utilized the following regression models: (1) Gradient Boosting Re-
gressor (GBR) (Friedman, 2001); (2) Histogram-based Gradient Boosting
Regression Tree (HistGB) (Ke et al., 2017); (3) Random Forest Regressor
(Breiman, 2001); (4) Extra-trees Regressor (Geurts et al., 2006). All
models were incorporated in Python (v3.9, ‘scikit-learn’ library version
1.5.2). To guard against overfitting, model selection and performance
were evaluated using a 5-fold nested cross-validation.

Model's hyperparameter optimization was performed via grid search
on the inner folds, optimizing Negative Mean Squared Error (NMSE),
and each model's performance was evaluated on the outer folds.

Model evaluation. The model's predictive performance was evaluated
for both samples using Root Mean Squared Error (RMSE) and R2 To
examine generalizability, the final SUEP-trained models were applied
once to the external validation sample HAP to ensure our findings are
robust within the initial study cohort and applicable to a broader pop-
ulation. Additionally, we evaluated the calibration of the best-
performing model for each PROMIS domain using out-of-fold pre-
dictions from nested cross-validation. Agreement between predicted and
observed PROMIS scores was assessed visually using calibration plots
and quantified by estimating calibration intercepts and slopes from
linear regression of observed outcomes on predicted values.

Variable importance. To interpret the model's predictions and un-
derstand the importance of features, we utilized SHapley Additive ex-
Planations (SHAP) (Lundberg and Lee, 2017). This approach allowed us
to rank the contributions of individual features to the model's output. We
used TreeExplainer with a background sample size of 200 and summa-
rized global importance as the mean absolute SHAP value.

Subgroup performance and bias assessment. To assess whether the
model performs equitably across clinically and demographically rele-
vant subpopulations, we conducted a prespecified subgroup perfor-
mance analysis. Predictive performance was evaluated separately within
strata defined by sex (female vs. male), vaccination status (vaccinated
vs. unvaccinated), smoking status (current smoker vs. non-smoker),
acute infection severity (without complications, with complications,
critical complications), and country of birth (Germany vs. other). For
each stratum, we computed Rz, RMSE, and mean signed error (bias;
mean(y — y)), where negative values indicate systematic under-
prediction and positive values indicate systematic over-prediction.

All analyses were conducted and reported in accordance with the
TRIPOD-AI (Transparent Reporting of a multivariable prediction model
for Individual Prognosis or Diagnosis - Artificial Intelligence) guidelines
for clinical prediction models that use machine learning methods
(Collins et al., 2015). A completed TRIPOD-AI checklist detailing how
each reporting item is addressed in the manuscript is provided in the
Supplementary Material.

3. Results

Descriptive statistics of sample characteristics of the model devel-
opment sample (SUEP; N = 451) and the external validation sample
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(HAP; N = 158) are presented in Table 1. Both samples differed signif-
icantly in several clinical and demographic characteristics. Regarding
the severity of SARS-CoV-2, SUEP had more cases with no complications
(68.03%), while HAP had more cases with complications (52.11%) and
severe complications (8.45%) (p < 0.001). Additionally, the SARS-CoV-
2 vaccination rate was significantly higher in SUEP (72.28%) compared
to HAP (27.85%) (p < 0.001). Smoking status showed significant dif-
ferences, with more non-smokers in SUEP (53.20% non-smokers and
40.64% former smokers) than in HAP (57.38%) (p < 0.001). Dyspnea
was more frequent in SUEP (65.63%) compared to HAP (55.70%)
(p < 0.05). Moreover, heart rate was higher in SUEP (81.22 + 15.82)
compared to HAP (76.04 + 15.88) (p < 0.001).

Overall, among patients in both samples, a significant portion
(around 15-20%) reported moderate or severe mental and physical
sequelae three months after the viral infection in at least one PROMIS
domain (Tables 2 and 3) (Cella et al., 2010; Rothrock et al., 2010).

Table 1
Demographic and Clinical Characteristics at the time of admission due to a
SARS-CoV-2 infection.

Features SUEP HAP P-value
(n = 451) (n = 158)
Age (mean, range) 55.57 (18 - 55.05 (20 - 0.66
91) 75)
Gender (n, %) 166 52 1.00
(36.81%) (32.91%)
Female Female
Body Mass Index (mean, SD) 28.44 28.99 0.51
(6.54) (5.60)
Severity of 1 - Without 307 62 <0.001
SARS-CoV-2 complications (68.03%) (39.44%)
infection (n, 2 — With 127 82
%) complications (28.12%) (52.11%)
3 — Critical 17 (3.85%) 13 (8.45%)
complications
Smoking Status 1 - Current Smoker 28 (6.16%) No -91 <0.001"
(n, %) 2 - Former Smoker 183 (57.38%)
(40.64%)
3 - Non-Smoker 240
(53.20%)
Comorbid Cardiovascular 230 80 0.82
diseases (n, (51.00%) (50.63%)
%) Chronic lung 93 34
(20.62%) (21.52%)
Chronic kidney 59 28
(13.08%) (17.72%)
Chronic liver 34 (7.54%) 10 (6.33%)
Rheumatological/ 37 (8.20%) 10 (6.33%)
immunological
Diabetes mellitus 74 38
(16.41%) (24.05%)
Solid tumor 62 16
(13.75%) (10.13%)
Fever (n, %) 284 108 0.35
(62.97%) (68.35%)
Shortness of breath (dyspnea) (n, %) 296 88 0.047
(65.63%) (55.70%)
SARS-CoV-2 vaccination (n, %) 326 44 <0.001
(72.28%) (27.85%)
Systolic blood pressure (mean, SD) 127.18 128.72 0.37
(18.80) (17.83)
Diastolic blood pressure (mean, SD) 75.40 74.20 0.24
(11.46) (10.47)
Heart rate (mean, SD) 81.22 76.04 <0.001
(15.82) (15.88)
Oxygen saturation (mean, SD) 95.18 94.64 0.056
(3.19) (2.85)
Oxygen Support (n, %) 286 110 0.21
(63.41%) (69.62%)

# Smoking status “Non-Smoker” and “Former Smoker” were combined to
enable comparison, as the SUEP dataset had three categories while the HAP
dataset had only two. This ensures a valid Chi-Square Test of Independence p-
value.
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Table 2

Model development sample (SUEP) Symptom Severity 3 months after infection.
To standardize the interpretation of PROMIS scores across profile domains, we
used the mean of the US general population (50) and a standard deviation of 10.
Then, thresholds of 0.5 (mild), 1.0 (moderate), and 2.0 (severe) standard de-
viations were incorporated across domains (Cella et al., 2010; Rothrock et al.,
2010). Physical and mental health summary scores were computed using
PROMIS summary-scoring factor coefficients (z-score method) (Hays et al.,
2018).

Symptom No Significant Mild Moderate N Severe
Impairment N (%) (%) N (%)
N (%)
Anxiety/Fear 313 (69.40%) 76 57 5
(16.85%) (12.64%) (1.11%)
Depression/ 329 (72.95%) 65 53 4
Sadness (14.41%) (11.75%) (0.89%)
Fatigue 310 (68.74%) 56 72 13
(12.42%) (15.96%) (2.88%)
Pain 257 (56.98%) 80 98 16
(17.74%) (21.73%) (3.55%)
Sleep 319 (70.73%) 62 62 8
(13.75%) (13.75%) (1.77%)
Social Roles 366 (81.15%) 73 12 (2.66%) 0 (0%)
(16.19%)
Physical Function 326 (72.28%) 107 18 (3.99%) 0 (0%)
(23.72%)
Physical Health 325 (72.06%) 107 19 (4.21%) 0 (0%)
Summary Score (23.73%)
Mental Health 376 (83.37%) 69 6 (1.33%) 0 (0%)
Summary Score (15.30%)

Table 3

Model external validation sample (HAP) Symptom Severity 3 months after
infection. To standardize the interpretation of PROMIS scores across profile
domains, we used the mean of the US general population (50) and a standard
deviation of 10. Then, thresholds of 0.5 (mild), 1.0 (moderate), and 2.0 (severe)
standard deviations were incorporated across domains (Cella et al., 2010;
Rothrock et al., 2010). Physical and mental health summary scores were
computed using PROMIS summary-scoring factor coefficients (z-score method)
(Hays et al., 2018).

Symptom No Significant Mild Moderate N Severe
Impairment N (%) (%) N (%)
N (%)
Anxiety/Fear 110 (69.62%) 22 16 10
(13.92%) (10.13%) (6.33%)
Depression/ 112 (70.89%) 22 22 2
Sadness (13.92%) (13.92%) (1.27%)
Fatigue 104 (65.82%) 18 32 4
(11.39%) (20.25%) (2.53%)
Pain 86 (54.43%) 32 38 2
(20.25%) (24.05%) (1.27%)
Sleep 110 (69.62%) 22 22 4
(13.92%) (13.92%) (2.53%)
Social Roles 102 (64.56%) 24 32 0 (0%)
(15.19%) (20.25%)
Physical Function 72 (45.57%) 30 54 2
(18.99%) (34.18%) (1.27%)
Physical Health 76 (48.10%) 30 48 4
Summary Score (18.99%) (30.38%) (2.53%)
Mental Health 106 (67.09%) 24 24 4
Summary Score (15.19%) (15.19%) (2.53%)

The predictive model based on demographic, clinical, and biological
variables collected during SARS-CoV-2-related encounters showed high
predictive performance for mental and physical sequelae in both the
model development and external validation samples. For the mental
composite score, the best-performing model was the ExtraTrees model,
which achieved RMSE = 1.833 + 0.341 and R? = 0.927 + 0.031 in the
model development sample (SUEP) and RMSE = 3.131 and R? = 0.893
in the external validation sample (HAP). For the physical composite
score, the best-performing model was HistGB, which achieved
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RMSE = 2.908 + 0.703 and R? = 0.824 + 0.052 in SUEP and
RMSE = 3.019 and R® = 0.850 in HAP. Furthermore, the machine
learning models achieved high predictive performance for each PROMIS
domain in both the model development and external validation samples
(Table 4). The models’ performances and the final hyperparameters of
the best-performing models are included in the supplementary material
(Supplementary Tables 3 and 4). The calibration analyses demonstrated
good agreement between predicted and observed PROMIS scores, with
calibration slopes close to 1 and minimal bias (see Supplementary
Fig. 1-7).

The variable importance for each PROMIS domain, estimated using
SHAP values derived from the SUEP sample, is depicted in Figs. 1-7.
Across all outcomes, we found that the presence of chronic diseases,
shortness of breath, higher creatinine and leukocyte levels, older age,
male gender, higher BMI, and lower blood pressure at the time of
admission were among the most important predictors for more severe
mental and physical sequelae three months after a SARS-CoV-2
infection.

The subgroup performance and bias assessment revealed broadly
consistent predictive performance across all evaluated demographic and
clinical strata in both the SUEP and HAP samples (Supplementary
Table 5-6). Across most subgroups, the mean signed error was close to
zero, indicating minimal systematic directional bias. Model accuracy, as
measured by R? and RMSE, remained stable across sex, vaccination
status, country of birth, and severity categories. The largest apparent
deviations in performance were confined to smaller strata, notably
current smokers and patients with critical acute infection severity,
where reduced sample sizes are expected to produce less stable esti-
mates. These findings suggest that the model performs equitably across
the evaluated subpopulations, with no evidence of clinically meaningful
differential bias.

4. Discussion

The present study aimed to develop and externally validate a pre-
dictive model for identifying individuals at risk of developing mental
and physical sequelae three months after hospitalization due to severe
infection with SARS CoV-2 (COVID-19). We found that 15-20% of par-
ticipants reported moderate or severe sequelae in at least one domain of
the PROMIS questionnaire. This finding is consistent with the broader
Long COVID literature, which estimates that a substantial proportion of
hospitalized patients develop persistent PASC, encompassing a wide
spectrum of physical, cognitive, and psychological symptoms (Ballering
et al., 2022; Davis et al., 2023; Nalbandian et al., 2021). Utilizing
routinely collectable data integrated within EMR, the algorithm
demonstrated high predictive performance for both mental and physical
health outcomes. These findings underscore the potential of leveraging
EMR data to facilitate early identification and intervention for patients
at risk of subsequent sequelae, thereby improving patient outcomes and
optimizing healthcare resource allocation.

Several prediction models for post-COVID outcomes have been
developed in recent years, reflecting the urgent need for early risk
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stratification tools. For example, Sudre et al. (2021) identified early
symptom predictors of Long COVID using data from a mobile applica-
tion, while Su et al. (2022) leveraged multi-omic data to identify bio-
logical factors that anticipate post-acute sequelae. More recently,
externally validated models have been developed using EMR data to
predict specific post-COVID outcomes such as hospitalization, mortality,
and persistent symptomatology (Hippisley-Cox et al., 2021; Pfaff et al.,
2022). Our study extends this literature in several important ways. First,
whereas most existing models focus on a single outcome domain (e.g.,
hospitalization or mortality), our approach simultaneously predicts
multiple mental and physical health domains using the validated
PROMIS framework, providing a comprehensive and clinically inter-
pretable risk profile. Second, unlike models that rely on specialized
research data or multi-omic profiling, our algorithm utilizes exclusively
routinely collected EMR data available at the point of admission,
enhancing its scalability and real-world implementability. Third, our
model was externally validated in an independent cohort with sub-
stantially different clinical and demographic characteristics, providing a
rigorous test of generalizability that many existing models lack (Siontis
et al., 2015).

The predictive model exhibited robust performance in both the
model development sample (SUEP) and the external validation sample
(HAP). The high R? values for the mental health composite score (0.927
in SUEP and 0.893 in HAP) and physical health composite score (0.824
in SUEP and 0.850 in HAP) indicate that the model can accurately
predict subsequent mental and physical health outcomes based on data
collected during the initial SARS-CoV-2-related encounter. These results
are particularly significant given the complexity and multifactorial na-
ture of post-viral sequelae. Notably, the stable performance across two
independent cohorts with substantially different clinical profiles,
including disparate vaccination rates (72% vs. 28%), disease severity
distributions, and smoking prevalence, provides strong evidence that the
model captures generalizable predictive relationships rather than
cohort-specific patterns. This is especially relevant in the context of Long
COVID, where the heterogeneity of symptom presentations and recovery
trajectories has posed a significant challenge for risk prediction efforts
(Sudre et al., 2021; Whitaker et al., 2022).

While the observed R? values are high relative to those typically
reported in psychological outcome prediction, several features of our
analytic design mitigate concerns about overfitting. All model devel-
opment and evaluation were conducted within a 5-fold nested cross-
validation framework, ensuring strict separation between hyper-
parameter tuning and performance estimation. The low standard de-
viations across cross-validation folds indicate stable performance across
data partitions. Most importantly, the model demonstrated consistently
high predictive accuracy in the HAP external validation sample, which
differed substantially from the development sample across multiple
clinical and demographic characteristics. This robust generalization to
an independent and heterogeneous cohort provides strong evidence that
the reported performance reflects a genuine predictive signal rather than
overfitting to the training data.

The model's ability to predict specific domains of the PROMIS, such

Table 4
Model results (mean and SD) per PROMIS domain for the model development sample (SUEP) and external validation sample (HAP).
SUEP HAP

Symptom Model RMSE R? RMSE R?
Anxiety/Fear HistGB 1.552 + 0.899 0.903 + 0.046 2.321 0.884
Depression/Sadness GBR 5.234 + 1.886 0.757 £ 0.120 4.947 0.734
Fatigue HistGB 1.560 + 0.144 0.924 + 0.021 1.646 0.907
Pain Random Forest 3.737 £ 0.388 0.859 + 0.020 3.899 0.846
Sleep HistGB 1.981 £ 0.246 0.925 + 0.0105 3.188 0.884
Social Roles Random Forest 5.167 + 0.213 0.734 + 0.009 5.341 0.706
Physical Function GBR 2.053 + 1.366 0.915 + 0.079 2.650 0.905
Meantal Health Summary Score ExtraTrees 1.833 £+ 0.341 0.927 + 0.031 3.131 0.893
Physical Health Summary Score HistGB 2.908 + 0.703 0.824 + 0.052 3.019 0.850
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Fig. 1. SHAP values for Ability to Participate in Social Roles and Activities. The SHAP beeswarm plot above shows the impact of different features on the model's
output for the PROMIS domain “Social Roles”. Each dot represents an observation, and the position of the dot along the x-axis shows how much that feature's value
influences the model's prediction (SHAP value). Features with high SHAP values (right side) increase the model's output, while features with low SHAP values (left
side) decrease it. The color of each dot represents the feature's value, with pink indicating high values and blue indicating low values. For example, having a chronic
kidney disease is associated with a decreased likelihood of having a high PROMIS score for “Social Roles”. This is indicated by the negative SHAP values for ‘Chronic
kidney disease’, which shows that the presence of this condition (i.e., pink dots) contributes to lower predicted PROMIS scores (i.e., negative SHAP values). SHAP
values were computed using the SUEP sample.

High
Gender - Male ¢ cman .
Systolic blood pressure [mmHg] e wmosesd o
Shortness of breath (Dyspnea) R o
Diastolic blood pressure [mmHg] oo oW ennutstss ¢ e o
Body Mass Index (BMI) ® o Seso wn 40 9P 0o Qoo oo W0 ® oo8 0 o
Alanine Aminotransferase (ALT) (GPT) [U/L] o Sws cms @ eoe Sawrs o
Absolute Leukocytes count [10E9/L] *  om coostihe %
Oxygen saturation [SpO2] - §
Total Bilirubin [mg/dL] too ® . §
Gamma GT (gGT) [U/L] o8 ®
Creatinine [mg/dL] @ . .
Absolute Lymphocyte Count [10E9/L] Siepmmsece 00 o o
Chronic kidney disease ©0 o0 g otes o0
Lactate dehydrogenesis (LDH) [U/L]
C-reactive protein (CRP) [mg/L] .
T T T T T T T Low
-3 -2 =1 0 1 2 3

SHAP value (impact on model output)

Fig. 2. SHAP beeswarm plot for Depression. SHAP analysis indicates that male sex, lower blood pressure, the presence of dyspnea, and higher BMI were key variables
associated with higher predicted PROMIS depression scores. SHAP values were computed using the SUEP sample.

as anxiety, depression, fatigue, pain, sleep disturbance, ability to participate in social roles and activities, and physical function, further
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Fig. 3. SHAP beeswarm plot for Fatigue. SHAP analysis indicates that higher BMI, the presence of chronic kidney and lung disease, and dyspnea were key variables
associated with higher predicted PROMIS fatigue scores. SHAP values were computed using the SUEP sample.
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Fig. 4. SHAP beeswarm plot for Pain. SHAP analysis indicates that the presence of chronic kidney disease, diabetes mellitus, chronic lung disease, and rheuma-
tological/immunological disease, as well as male sex and higher BMI, were key variables associated with higher predicted PROMIS pain scores. SHAP values were

computed using the SUEP sample.

highlights its utility. These domains closely mirror the core symptom
clusters reported in the Long COVID literature, where fatigue, cognitive
impairment, psychological distress, pain, and functional limitations are
among the most prevalent and debilitating complaints (Davis et al.,
2023; Subramanian et al., 2022; Taquet et al., 2021). The high

predictive performance across these domains suggests that the model
can provide a comprehensive assessment of a patient's risk profile,
enabling targeted interventions tailored to individual needs. This
domain-specific predictive capability is particularly valuable given
emerging evidence that Long COVID symptom trajectories are not
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Fig. 5. SHAP beeswarm plot for Physical Function. SHAP analysis indicates that the presence of chronic lung disease, chronic kidney disease, and rheumatological/
immunological disease, as well as higher BMI, older age, and dyspnea, were key variables associated with lower predicted PROMIS physical function scores. SHAP

values were computed using the SUEP sample.
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Fig. 6. SHAP beeswarm plot for Sleep. SHAP analysis indicates that higher BMI and the presence of chronic kidney disease were key variables associated with higher
predicted PROMIS sleep scores. Additionally, a higher heart rate was associated with lower sleep scores. SHAP values were computed using the SUEP sample.

uniform but instead cluster into distinct phenotypic profiles with be affected, thereby enabling more precise and personalized interven-

different underlying risk factors and prognostic implications (Su et al., tion planning. Moreover, the use of SHAP values to interpret the model's
2022; Sudre et al., 2021). By providing granular, domain-level pre- predictions provides valuable insights into the key predictive factors. In
dictions, the model offers the potential to inform not only whether a line with previous findings, we found that demographic characteristics
patient is at risk, but which specific symptom domains are most likely to such as age and gender are associated with an increased risk of
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Fig. 7. SHAP beeswarm plot for Anxiety. SHAP analysis indicates that lower systolic blood pressure, higher leukocyte count, and higher creatinine were key variables
associated with higher predicted PROMIS anxiety scores. SHAP values were computed using the SUEP sample.

developing post-infection sequelae (Cao, 2020; Mazza et al., 2020). Our
SHAP analysis shows that older age is associated with increased risk in
terms of its impact on the deterioration of mental and physical health.
Sex differences also show clear patterns in risk profiles, with men often
showing higher susceptibility to adverse outcomes compared to women.
Interestingly, these findings diverge from the broader Long COVID
literature, which generally reports a higher prevalence of persistent
symptoms among women (Subramanian et al., 2022; Thompson et al.,
2022). This discrepancy may reflect differences between
community-based Long COVID cohorts, which include predominantly
non-hospitalized individuals, and our hospitalized sample, where the
severity of acute illness and its associated physiological burden may
differentially affect men and shift the risk profile accordingly. Further-
more, consistent with previous studies, we found that indicators of the
severity of the initial infection and the presence of chronic diseases in-
crease the risk of developing physical and mental health issues
post-recovery (Carfi et al., 2020; Huang et al., 2023). The prominent role
of chronic comorbidities, including cardiovascular disease, chronic
kidney disease, and diabetes mellitus, aligns with evidence that
pre-existing organ vulnerability amplifies the risk of post-acute
sequelae, potentially through mechanisms involving endothelial
dysfunction, persistent inflammation, and impaired immune resolution
(Nalbandian et al., 2021; Xie et al., 2022). In addition, we confirmed
that inflammatory markers and immune response indicators, e.g.,
C-reactive protein or leucocytes, are associated with an increased risk of
developing mental and physical sequelae after severe viral infection
(Mazza et al., 2020; Peluso et al., 2021; Phetsouphanh et al., 2022). This
is consistent with the emerging understanding that immune dysregula-
tion and persistent low-grade inflammation are central pathophysio-
logical drivers of Long COVID, contributing to both somatic symptoms
such as fatigue and pain, and neuropsychiatric manifestations including
anxiety and depression (Phetsouphanh et al., 2022; Su et al., 2022).
Although several predictors, including BMI, age, chronic comorbid-
ities, and inflammatory markers, were consistently important across
PROMIS domains, the SHAP beeswarm plots (Figs. 1-7) reveal notable

differences in the strength and directionality of these associations. For
instance, higher BMI demonstrated a strong, unidirectional association
with increased pain interference, consistent with the well-established
relationship between elevated BMI and chronic pain mediated through
mechanical loading and systemic inflammation (Okifuji and Hare, 2015;
Walsh et al., 2018). In contrast, the effect of BMI on social participation
was more diffuse, suggesting moderation by additional factors such as
mobility limitations and psychological well-being (Ul-Haq et al., 2013).
Inflammatory markers such as leukocyte count and creatinine showed
the strongest associations with fatigue and physical function, aligning
with evidence that persistent inflammation drives post-acute somatic
symptoms (Phetsouphanh et al., 2022; Su et al.,, 2022), whereas
depression and anxiety were more strongly influenced by chronic
comorbidities and indicators of acute illness severity such as dyspnea,
suggesting that the psychological burden of disease severity may be
more relevant to mental health outcomes than acute inflammatory
markers alone (Mazza et al., 2020). These domain-specific patterns
underscore the value of granular, domain-level prediction and suggest
that intervention strategies should be tailored not only to a patient's
overall risk level but to the specific symptom domains for which they are
most vulnerable.

5. Clinical implications

The integration of this predictive model into EMR systems could
significantly improve the management of patients recovering from se-
vere viral infections. By identifying individuals at high risk for subse-
quent mental and physical sequelae at the point of admission, healthcare
providers can implement preventive interventions during hospitaliza-
tion or shortly thereafter for those who need them. This is particularly
pertinent in the context of Long COVID, where the absence of reliable
early risk stratification tools has been identified as a major barrier to the
timely delivery of preventive and rehabilitative care (Davis et al., 2023;
Greenhalgh et al., 2020). Early interventions, such as psychological
support, physical rehabilitation, and tailored follow-up care, could
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mitigate the severity and duration of post-acute symptoms, ultimately
enhancing patient quality of life and reducing healthcare costs
(Davydow et al., 2008; Herridge et al., 2011; Jackson et al., 2014;
Needham et al., 2012; Pandharipande et al., 2013).

Understanding the relative importance of demographic, clinical, and
biological variables can inform the development of more effective
intervention strategies. For instance, given that certain clinical markers
were identified as strong predictors of mental and physical health out-
comes, targeted monitoring and early therapeutic interventions could be
prioritized for patients exhibiting these markers. Moreover, the model's
reliance on routinely collected EMR data ensures that risk stratification
can be performed without imposing additional data collection burdens,
facilitating seamless integration into existing clinical workflows and
enabling scalable deployment across diverse healthcare settings.

6. Strengths, limitations and future directions

A key strength of the present study is the use of an independent
external validation cohort (HAP) that differed substantially from the
model development sample (SUEP) across several clinical and de-
mographic characteristics, including vaccination rates, disease severity
distribution, and smoking status. External validation in a cohort with
such heterogeneous characteristics provides a far more rigorous test of
model generalizability than validation in a closely matched sample
(Collins et al., 2015; Steyerberg and Harrell Jr, 2015). The fact that
predictive performance remained consistently high across all PROMIS
domains in the HAP cohort, despite these differences, provides strong
evidence that the model captures robust predictive relationships that are
transportable across diverse clinical contexts. Moreover, external vali-
dation itself remains uncommon in the prediction modeling literature,
with many published models relying solely on internal validation
(Siontis et al., 2015). The inclusion of an independent external cohort
therefore represents a methodological strength that enhances confi-
dence in the clinical applicability of the reported findings.

Both the SUEP and HAP cohorts were recruited across multiple sites
within the NAPKON network, with HAP encompassing 10 German
university hospitals and SUEP spanning a broader network of partici-
pating centers nationwide. No site-level corrections were applied, as the
model was designed to generalize using patient-level variables. Site-
level identifiers were not available in the analytic dataset. However,
the robust predictive performance observed across two independently
recruited, multi-site cohorts with substantially different demographic
and clinical profiles provides strong evidence that the model generalizes
across diverse clinical settings without requiring explicit site-level
adjustment.

Despite these strengths, several limitations should be acknowledged.
First, the study focused on a specific cohort of SARS-CoV-2 patients with
patients treated in Germany, which may limit the generalizability of the
findings to other viral infections or different patient populations.
Although the predictive factors identified in our model, such as chronic
comorbidities, inflammatory markers, and disease severity, are broadly
relevant across post-viral syndromes, and our findings are in line with
previous studies examining risk in patients after severe viral infection,
future research should aim to validate the model in diverse cohorts and
across various viral infections to enhance its applicability. Second, our
outcome assessment was conducted at three months post-
hospitalization. However, the three-month time point was deliberately
chosen for its clinical relevance, as this period represents a critical
intervention window during which emerging symptoms are still modi-
fiable through lower-threshold interventions before trajectories
consolidate into chronic conditions (Davydow et al., 2008; Herridge
et al., 2011; Jackson et al., 2014; Needham et al., 2012;
Pandharipande et al., 2013). Untreated early symptoms are important
predictors of persistent impairment at later time points, and early psy-
chological distress independently worsens physical recovery, including
fatigue, functional disability, and pain. Accurate prediction at this
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juncture therefore offers a clinically meaningful opportunity to inter-
vene before the reinforcing cycle between mental and physical sequelae
becomes entrenched. Nonetheless, future research should validate these
models against longer-term outcome data to assess the durability of
predictive accuracy. Third, the study relied on self-reported outcomes
measured by the PROMIS-57 Profile. While this is a validated and widely
used tool, incorporating objective measures of physical and mental
health could provide a more comprehensive assessment of patient
outcomes.

An important consideration is that pre-infection mental health and
physical symptom assessments were not incorporated into the predictive
model. This was a deliberate design decision rather than an oversight,
driven by the pragmatic goal of developing a risk stratification tool that
relies exclusively on data routinely available within EMR systems during
an acute hospitalization encounter. While pre-existing symptomatology
would undoubtedly provide additional predictive value, the systematic
collection of mental health history in acute care settings is hampered by
well-documented barriers, including patient reluctance to disclose due
to stigma (Clement et al., 2015; Henderson et al., 2013), provider
discomfort and time constraints in eliciting psychiatric history (Mitchell
et al,, 2009), and inconsistent documentation practices across in-
stitutions. Importantly, our model partially accounts for pre-existing
vulnerability through the inclusion of chronic comorbid conditions
such as cardiovascular disease, chronic lung disease, and diabetes mel-
litus, which emerged as important predictors in the SHAP analyses and
are well-established correlates of pre-existing mental health conditions
(J. Katon, 2011; Scott et al., 2016). Nevertheless, our findings should be
interpreted with the caveat that post-hospitalization symptoms identi-
fied at three months may reflect a combination of infection-related
sequelae and pre-existing conditions. Moreover, because both cohorts
were enrolled prospectively after SARS-CoV-2 infection, no
pre-infection patient-reported outcome data were available to assess
within-person symptom change, precluding a direct sensitivity analysis
comparing pre- and post-infection levels. However, the substantial
inter-individual variability in post-hospitalization outcomes (Tables 2
and 3), the prominence of acute clinical predictors in the SHAP analyses
and the high proportion of participants scoring within normal ranges all
suggest that the model captures meaningful post-infection health tra-
jectories rather than stable pre-existing characteristics alone. Future
research incorporating validated pre-infection mental health measures,
where feasible, would help disentangle these contributions and further
refine predictive accuracy. Pragmatically, however, the current
approach prioritizes clinical scalability and real-world implement-
ability, ensuring that the model can be deployed within existing EMR
infrastructures without imposing additional data collection burdens on
patients or providers.

7. Conclusion

This study presents an externally validated predictive model for
identifying individuals at risk of developing mental and physical
sequelae after hospitalization due to a severe viral infection. The find-
ings contribute to the growing body of Long COVID research by
demonstrating that routinely collected clinical data available at the time
of hospital admission can accurately predict which patients will develop
significant post-acute mental and physical symptomatology. By
leveraging routinely collectable EMR data, the model offers a practical
and effective tool for acute risk stratification and early preventive
intervention, with the potential to significantly improve patient out-
comes and optimize healthcare resource allocation. Future research
should focus on validating and refining the model in diverse pop-
ulations, across different viral infections, and on exploring the integra-
tion of objective health measures to further enhance its clinical utility.
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