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Abstract
We aimed to develop a simple predictive model that enables health care workers (HCWs) to self-assess pandemic-related 
psychological distress in order to assist them to find psychological support to avert adverse distress-related outcomes. In 
a pilot study, we recruited and followed longitudinally 220 HCWs at the Hospital of the Ludwig Maximilian University 
Munich (H-LMU) during the first wave of the COVID-19 pandemic (March–July 2020). In this sample, we evaluated 
whether a machine-learning model with sociodemographic, epidemiological, and psychological data could predict levels 
of pandemic-related psychological distress. To maximise clinical utility, we derived a brief, 10-variable model to monitor 
distress risk and inform about the use of individualised preventive interventions. The validity of the model was assessed in 
a subsequent cross-sectional study cohort (May–August 2020) consisting of 7554 HCWs at the H-LMU who were assessed 
for depressiveness after the first wave of the pandemic.The model predicted psychological distress at 12 weeks with a bal-
anced accuracy (BAC) of 75.0% (sensitivity, 73.2%; specificity, 76.8%) and an increase in prognostic certainty of 41%. In the 
derivation cohort, the brief model maintained a BAC of 75.6% and predicted depressiveness (P < .001), resilience (p.001), 
and coping (p < .001). Furthermore, it accurately stratified HCWs’ psychological trajectories of global and affective burden 
as well as behavioural adaptation over the 12-week follow-up period. Our clinically scalable, 10-variable model predicts 
individual COVID-19 pandemic-related psychological distress outcomes. HCWs may use our associated predictive tool to 
monitor personal and team-based risk and learn about risk preventive interventions based on an intuitive risk stratification.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) has caused more than 641 million confirmed infections 
and 6,632,193 deaths from coronavirus disease 2019 (COVID-
19) worldwide (as of November 29, 2022) (COVID-19 Map, 
n.d.). A pandemic of such magnitude poses considerable chal-
lenges to health care systems. Not only does it stretch hospitals 
to their limits in their capacity to care for patients (Butler et al., 
2020), but it places health care workers (HCWs) at severe risk. 
In particular, in the early phase of the pandemic, HCWs faced 

considerable psychological pressure from inadequate personal 
protective equipment and a high risk of exposure and infection, 
overwork, stigmatisation, isolation, frustration, lack of contact 
with families, and exhaustion (Kang et al., 2020). Thus, in 
this pandemic context, HCWs often experienced mental health 
problems, such as distress, anxiety, depressive symptoms, 
insomnia, and fear (Gilan et al., 2020; Lai et al., 2020). These 
problems may not only affect HCWs’ concentration, under-
standing, and decision-making abilities but also have long-
term impacts on their overall well-being (Kang et al., 2020).

Many studies on HCWs in the early phase of the COVID-
19 pandemic have provided data on the prevalence of anxiety 
(13 to 70%) (Cai et al., 2020; Lu et al., 2020), depressive 
symptoms (12 to 50%) (Firew et al., 2020; Huang et al., 
2020; Lai et al., 2020), and post-traumatic stress symptoms 
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(27 to 72% (Lai et al., 2020; Huang et al., 2020). Sleep dis-
turbances were reported in 24 to 38% of employees (Huang 
et al., 2020; Kang et al., 2020; Lai et al., 2020) and one 
study found stress symptoms in 22% of respondents (Mo 
et al., 2020). Most studies identified similar risk factors for 
psychological distress, i.e., contact with patients with SARS-
CoV-2, female sex, reduced (perceived) health status, wor-
ries about family members, and poor sleep quality (Rossi 
et al., 2020; Xiao et al., 2020). To date, several COVID-19 
pandemic–related psychological stress scales have already 
emerged or validated. The COVID-19 Phobia Scale assesses 
DSM-V specific phobia criteria relating to the pandemic 
(Arpaci et al., 2020). The Coronavirus Anxiety Scale (Lee, 
2020) was highly reliable and showed relationships between 
COVID-19 diagnosis, history of anxiety, COVID-19 feat 
and function all impairments. The COVID-19 Anxiety 
Syndrome Scale (Nikčević & Spada, 2020) identifies mala-
daptive coping, avoidance, checking, worrying and threat 
monitoring associated with COVID-19. However, none of 
the existing scales were developed specifically for the HCWs 
and provided predictive capability for the prevention of psy-
chological stress. Furthermore, predictive tools for psycho-
logical distress are scarce because studies were limited by 
heterogeneous designs, different definitions of outcomes 
and, furthermore, a lack of internal tests of generalizability 
and external validity (Kang et al., 2020; Mo et al., 2020; 
Xiao et al., 2020).

Robust machine-learning approaches have shown prom-
ising results in outcome prediction (Chekroud et al., 2016; 
Koutsouleris et al., 2021) across various risk assessment 
applications (Burkhardt et al., 2020; Chand et al., 2020). 
They offer significant advantages over traditional statisti-
cal methods by examining multiple predictive variables and 
identify multi-dimensional interactions between them (Walter 
et al., 2019). Thus, an accurate machine-learning tool for self-
assessment of pandemic-related psychological distress could 
aid affected HCWs to select risk-adaptive preventive support 
by following a stepwise intervention model.

In this work, we employed machine learning to investigate 
the predictive value of sociodemographic, epidemiological, and 
psychological variables in two different studies (Care Corona 
Immune Study (CC)I: longitudinal pilot study, N = 220; All 
Corona Care Study (ACC): cross-sectional validation study, 
N = 7554) measuring pandemic-related psychological distress 
in HCWs at the Hospital of the Ludwig Maximilian University 
Munich (H-LMU), Munich, Germany. We aimed to develop a 
simple and scalable tool that uses baseline variables to estimate 
individualised risk for adverse affective outcomes, empowering 
HCWs to seek individualised psychological support to mitigate 
their personal risk. Behavioral health care should be achieved 
that addresses prevention, detection, and early intervention of 
mental health problems among HCWs.

Methods

To report on the derivation and validation of our predictive 
tool, we followed the internationally established Transparent 
Reporting of a multivariable prediction model for Individual 
Prognosis or Diagnosis recommendations (Collins et al., 
2015; Rector et al., 2012; Bertram & Hambleton, 2016).

Data Source and Study Participants

We obtained data from the populations of two studies performed 
at H-LMU, the longitudinal pilot study (CCI; N = 220) [Sup-
plementary information C1] and the cross-sectional valida-
tion study (ACC; N = 7554) [Supplementary information C2]. 
Both had investigated the effects of the COVID-19 pandemic 
on HCWs (Weinberger et al., 2021; Wratil et al., 2022). We 
trained and developed the machine learning models on the CCI 
dataset and applied to the ACC dataset to evaluate the models’ 
generalisability and construct validity.

Predictor Variables and Outcomes

We extracted all 39 features from the pilot study’s dataset for 
the machine learning analyses [Supplementary information 
T1]. To define the target variable for prediction, we summed 
the participants’ scores across all pandemic-related psycholog-
ical-behavioural stress items from CCI questionnaire recorded 
at 12 weeks after the beginning of the study: ‘worried about 
health’(CCI-25), ‘feeling distressed’(CCI-27), ‘developed 
obsessive behaviours’(CCI-23), ‘suffered anxiety and somatic 
disturbances’(CCI-26), ‘suffered sleep disturbances’ (CCI-
24) and ‘haunted by intrusions and nightmares’(CCI-22). We 
defined our prediction targets as ‘distressed’ (equal to or greater 
than the 75% percentile of the summary distress score) or ‘non-
distressed’ (lower than the 75% percentile). The cut-off percen-
tile was based on an earlier study where COVID-19 pandemic-
related distress was observed in 22% of HCWs (Mo et al., 2020).

Machine Learning Strategy

Details of our machine learning strategy can be found in the 
Supplementary information C3. We used the open-source 
machine learning software NeuroMiner to train and vali-
date two different classifiers (https:// github. molgen. mpg. de/ 
pages/ LMU- Neuro diagn ostic- Appli catio ns/ Neuro Miner. io/) 
in the CCI sample: a full feature classifier trained with all 
39 baseline variables (classifier 1) [Supplementary infor-
mation T1], and a 28 variables non-psychological classi-
fier trained without the psychological-behavioural baseline 
features (classifier 2) [Supplementary information T2]. The 
input variables of both classifiers underwent the same pre-
processing pipeline before entering the models. All models 

https://github.molgen.mpg.de/pages/LMU-Neurodiagnostic-Applications/NeuroMiner.io/
https://github.molgen.mpg.de/pages/LMU-Neurodiagnostic-Applications/NeuroMiner.io/
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are trained using the linear kernel Support Vector Machine 
(SVM). The optimisation metric is Balanced Accuracy 
defined as BAC = (sensitivity + specificity) ÷ 2. In order 
to achieve optimal prediction performances with the least 
number of variables, we incorporated greedy forward search 
wrapper in the model training. The wrapper is a feature 
selection technique which iteratively adds 5% of the vari-
ables and trains a new model at each step. Next, the wrapper 
selects the best performing model and uses the model’s input 
feature subset as the optimal feature set. We employed the 
randomly pooled repeated nested cross-validation (P-CV) 
strategy to train and validate the two classifiers and avoid 
overfitting. Our P-CV strategy consists of 10 permutations 
and 10 folds at the inner cross-validation cycle (CV1) and 10 
permutations and 10 folds at the outer cross-validation cycle 
(CV2). The model’s final performance is calculated from 
the mean performances of all 100 CV2 models. Classifier 
performances include sensitivity, specificity, balanced accu-
racy, area-under-the-curve, false positive rate, positive and 
negative likelihood ratios, prognostic summary index PSI 
(Linn & Grunau, 2006), and number-needed-to-diagnose 
(Larner, 2018). Each participant’s final Out-Of-Training 
(OOT) ensemble prediction was generated by computing 
the outcome predictions across all 100 CV2 models using 
majority voting.

Additionally, variables selected by at least 50% of the mod-
els within each ensemble classifier were used to create brief 
versions of classifier 1 and 2. These classifiers were retrained 
with the data-driven condensed variable sets using the same 
settings described above excluding the wrapper feature selec-
tion. These two additional retrained classifiers are called 
the brief psychological pilot study model (brief psycho-
logical model, classifier 3) and the brief non-psychological  
pilot study model (brief non-psychological model, classifier 
4).

Post hocPredictive Pattern Extraction

Four different post hoc methods, as implemented in Neu-
roMiner, were used to identify and visualise the predictive 
patterns from the machine learning models ensemble [Sup-
plementary information C4]. First, we computed mean fea-
ture weights across the ensemble classifier by averaging the 
normalised SVM models’ weights directly extracted from the 
SVM models (Gaonkar et al., 2015). Second, we calculated 
Spearman correlation coefficients between each variable and 
the predicted scores to compare univariate and multivariate 
feature weights. Third, we calculated the pattern element 
stability termed as cross-validation ratio (CVR), by comput-
ing the mean and standard error of all SVM weight vectors 
concatenated across the entire nested cross-validation struc-
ture (Koutsouleris et al., 2021). Finally, we employed sign-
based consistency to statistically test the predictive stability 

of variables, including a correction for multiple testing using 
the False-Discovery-Rate (Gómez-Verdejo et al., 2019). The 
combination of the four predictive pattern visualisation meth-
ods can give us high certainty of the feature importance found 
by the machine-learning models.

Construct Validity Analysis Using ACC Sample

We tested the brief psychological model’s construct validity 
in the 7554 participants drawn from the ACC dataset. To this 
end, we identified 7 matching variables which were assessed 
in both CCI and ACC datasets [Supplementary information 
T5]. The 3 remaining variables in the brief psychological 
model with no matching ACC questions were coded as miss-
ing values. The brief psychological model was applied to the 
ACC study participants to produce prediction labels and deci-
sion scores. We visualised the decision score distributions for 
each score level of the ordinal variables from the ACC study 
which were not available in the CCI dataset: ‘depressiveness’ 
(ACC-12), ‘resilience’ (ACC-13), ‘stress recovery’ (ACC-14) 
and ‘return to normal’ (ACC-15) [Supplementary information 
T5]. Following the construct validity theory (Strauss & Smith, 
2009), these four variables were used as proxy measures to 
indirectly evaluate whether the model reflects the predictive 
pattern in the validation sample. We also measured the preva-
lence of distressed outcome prediction in each score level of 
the four variables. Finally, we used Kendall’s tau-b (Tau-b) 
to evaluate the association between the variables of the ACC 
study and the decision scores.

Assessment of Psychological and Behavioural 
Trajectories

In the pilot study, linear mixed-effects models were used to 
evaluate the brief psychological model’s stratification effect 
on the participants’ self-reported psychological and behav-
ioural measures spanning from the baseline assessment, over 
the 24-day time point to the 3-month final examination. To 
this end, for each participant and time point, we computed 
three domain measures reflecting general psychological 
burden, affective burden and behavioural adaptation by 
summing the single questionnaire items belonging to these 
domains of the CCI study [Supplementary information C1]. 
Then, we categorised study participants into low-risk, inter-
mediate-risk, high-risk and ultra-high-risk outcome classes 
by defining the median, 80% and 90% percentiles of the 
OOT decision score distribution as cut-offs thresholds for 
the outcome categories. Domain-by-outcome category tra-
jectories were visualised in Fig. 3. Then, domain measures 
were entered as dependents while examination time point, 
and outcome labels entered as within-subject and between-
subject fixed factors in the mixed-effects analyses. Main 
effects of examination time point and outcome label as well 
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as their interaction were assessed for statistical significance 
at α = 0.05. Finally, if both main effects were significant, we 
conducted estimated marginal means analyses to determine 
significant differences between outcome categories. P-val-
ues were adjusted for false recovery rate (FDR-corrected) 
(Gómez-Verdejo et al., 2019).

Prediction Model Implementation

For providing individualised psychological support to help 
HCWs to mitigate their personal risk against COVID-related 
stress, we deployed our two brief classifiers (classifier 3, 
classifier 4) on our online NeuroMiner Model Library 
(http:// www. proni apred ictors. eu) (Supplementary informa-
tion C5).

Results

The population and baseline characteristics of the pilot and 
validation study datasets are described in Table 1.

Model Prediction Performances and Predictive 
Pattern in the Pilot Dataset

In the CCI dataset, 56 of 220 (25.4%) HCWs had reported 
pandemic-related psychological distress at the time-point 
analysed. Classifier 1 predicted these poor outcomes with a 
BAC of 75% and increased the prognostic certainty by a PSI 
of 41%. The BAC for COVID-19 services was 73%; 70% for 
non-COVID-19 services; and 74% for hospital administra-
tion (Table 2). Classifier 2 achieved a BAC of 67% and a 
prognostic gain by a PSI of 25%. The BAC for COVID-19 
services was 64%, for non-COVID-19 services 67%, and 
49% for hospital administration.

The significant predictors for a poor course in classifier 1 
(feature selection probability > 50%; significance threshold, 
α = 0.05, FDR-corrected) were development of obsessive 
behaviours; female sex; sleep disturbances; worrying about 
health; anxiety and somatic disturbances; feeling stressed; and 
worries about contact to SARS-CoV-2. The significant predic-
tors for a good outcome are nightmare; contact with infected 
patients; and contact with infected persons (Fig. 1-A1). These 

Table 1  Epidemiological 
information of 337 Healthcare 
Workers participating in 
the CCI pilot study, and 
epidemiological information 
and Anti-SARS-CoV-2 
Antibody status of 7554 
Healthcare Workers 
participating in the AAC 
validation study [cite PMID: 
34379308]

% percent of participants with positive SARS-CoV-2 test result, 95% CI Binominal 95% confidence inter-
vals (95% CI) were calculated using the Wilson score interval

CCI pilot study ACC validation study

Anti-SARS-CoV-2 Antibody

Total Positive Total % 95% CI

Number of participants 337 166 7554 2.2 (1.89–2.55)
Age group (Y)
 ≤ 30 116 64 2170 2.95 (2.32–3.75)
31–40 106 39 1951 2 (1.47–2.72)
41–50 63 29 1430 2.03 (1.42–2.90)
51–60 38 23 1467 1.57 (1.05–2.34)
 > 60 14 11 536 2.05 (1.15–3.64)
Gender
Female 220 115 5431 2.12 (1.77–2.54)
Male 117 51 2118 2.41 (1.84–3.15)
3rd Gender 0 0 5 0
Patient care occupations
Nurse 167 68 2185 3.11 (2.46–3.93)
Physician 105 38 1345 2.83 (2.07–3.85)
Other 0 17 1199 1.42 (0.88–2.26)
Total 272 123 4729 2.6 (2.18–3.10)
Non-patient care occupations
Administration/IT 27 15 822 1.82 (1.11–2.99)
Research 0 12 977 1.23 (0.70–2.14)
Transportation 17 1 28 3.57 (0.63–17.71)
Cleaning personnel 6 4 119 3.36 (1.32–8.33)
Other 15 11 879 1.25 (0.70–2.23)
Total 65 43 2825 1.52 (1.13–2.04)

http://www.proniapredictors.eu
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10 features were used to retrain the brief psychological model 
described above [Supplementary information T3]. The brief 
psychological model achieved a BAC of 75% for the whole 
cohort and increased the prognostic certainty by a PSI of 42%. 
The BAC was 73% for COVID-19 services, 71% for non-
COVID-19 services, and 74% for hospital administration. 
Significant poor outcome predictors in the classifier 2 were 
reports catarrh; headache; age; sex and working in hospital 
administration. While contact with infected patients and con-
tact with infected persons were predictive of good-outcome 
(Fig. 1-B1). These 7 variables were used to retrain the brief 
non-psychological model [Supplementary information T4]. 
The brief non-psychological model’s prediction performances 
are identical to classifier 2 (Table 2).

Based on the results from the 4 post hoc predictive pat-
tern analyses, the 5 most important poor-outcome predic-
tors in the brief psychological model were worries about 
health, feeling stressed, nausea, while contact with infected 
personnel and contact with infected patients were the only 
predictors of a good course (Supplementary information S4). 
Supplementary information S5 shows that the only signifi-
cant predictors from the brief non-psychological model were 
contact with infected personnel and contact with infected 
patients. All other predictors were not significant.

In order to provide stratified intervention recommenda-
tions to help HCWs, we have defined four different risk 
categories in the implemented prediction app. The risk 
categories are: No psychological stress (mean prediction 
score >  = 0); Mild psychological stress (mean predic-
tion score < 0 and >  = -0.419, 75–100 percentile); Moder-
ate psychological stress (mean prediction score <  − 0.419 
and >  =  − 1, 35–75 percentile) and Severe psychological 
stress (mean prediction score <  − 1, 0–35 percentile). The 
percentiles of the risk categories are calculated based on the 
mean prediction score distribution from our training data 
(Supplementary information C5).

Construct Validity Analysis of the Brief Validation 
Study Model in the Validation Study Dataset

We examined the construct validity of the brief psychological 
model in the validation study dataset. The percentage of par-
ticipants predicted as distressed as well as mean prediction 
scores were computed for each score group on the ‘depres-
siveness’, ‘resilience’, ‘stress recovery’ and ‘return to nor-
mal’ items from the validation study questionnaire (Fig. 2) 
(Supplementary information T5). Figure 2(A–D) showed that 
as the distress severities in the 4 items were increasing, the 

Table 2  Overview of prediction performance measures of the full-feature, reduced-feature, and non-psychological models as measured in the 
validation sample of pilot study participants

COVID-19 coronavirus disease 2019, TP number of true positives, TN number of true negatives, FP number of false positives, FN number 
of false negatives, Sens Sensitivity, Spec Specificity, BAC Balanced Accuracy, AUC  Area-under-the Curve, LR + Positive Likelihood Ratio, 
LR − Negative Likelihood Ratio, PSI Prognostic Summary Index, NND Number Needed to Diagnose

Machine learning models TP TN FP FN Sens
[%]

Spec
[%]

BAC
[%]

AUC FPR
[%]

LR + LR- PSI [%] NND

Full psychological model
Whole cohort 41 126 38 15 73.2 76.8 75.0 0.80 23.2 3.16 0.35 41.3 2.00
COVID-19 services 10 61 11 6 62.5 84.7 73.6 0.82 15.3 4.09 0.44 38.7 2.12
Non-COVID-19 services/Central emergency 15 53 17 8 65.2 75.7 70.5 0.72 24.3 2.69 0.46 33.8 2.44
Hospital administration 16 12 10 1 94.1 54.6 74.3 0.81 45.5 2.07 0.11 53.9 2.06
Brief psychological model
Whole cohort 41 128 36 15 73.2 78.0 75.6 0.80 22.0 3.34 0.34 42.8 1.95
COVID-19 services 10 61 11 6 62.5 84.7 73.6 0.82 15.3 4.09 0.44 38.7 2.12
Non-COVID-19 services/Central emergency 15 55 15 8 65.2 78.6 71.9 0.74 21.4 3.04 0.44 37.3 2.28
Hospital administration 16 12 10 1 94.1 54.6 74.3 0.81 45.5 2.07 0.11 53.9 2.06
Full non-psychological model
Whole cohort 44 90 74 12 78.6 54.9 66.7 0.65 45.1 1.74 0.39 25.5 2.99
COVID-19 services 8 56 16 8 50.0 77.8 63.9 0.58 22.2 2.25 0.64 20.8 3.60
Non-COVID-19 services/Central emergency 20 33 37 3 87.0 47.1 67.1 0.61 52.9 1.65 0.28 26.8 2.93
Hospital administration 16 1 21 1 94.1 4.6 49.3 0.58 95.5 0.98 1.29 – –
Brief non-psychological model
Whole cohort 44 90 74 12 78.6 54.9 66.7 0.65 45.1 1.74 0.39 25.5 2.99
COVID-19 services 8 56 16 8 50.0 77.8 63.9 0.58 22.2 2.25 0.64 20.8 3.60
Non-COVID-19 services/Central emergency 20 33 37 3 87.0 47.1 67.1 0.61 52.9 1.65 0.28 26.8 2.93
Hospital administration 16 1 21 1 94.1 4.6 49.3 0.58 95.5 0.98 1.29 – –
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Fig. 1  Receiver Operating Characteristic (ROC) analysis and classifi-
cation plots of the brief prognostic models developed using the entire 
variable pool (A) and the pool after removal of the psychological var-
iables (B). The feature reliability profile of the prognostic model was 
trained on all 39 features (A1). Positive values indicated higher fea-
ture values in the distressed vs. the non-distressed outcome persons. 

Subplot A2 shows the receiver-operator-curve analysis of the model 
and A3 shows classification plot with correctly and wrongly classified 
individual participants. Subplot B shows the respective analysis steps 
for the model trained on 28 features after removing the 11 psycho-
logical variables from the feature pool



Journal of Technology in Behavioral Science 

percentage of predicted distressed participants were also ris-
ing significantly (p < 0.001). Figure 2(E–H) showed a clear 
trend that the decision scores were increasing significantly 
(p < 0.001) with higher distress severity in all items of the 
validation study. The Kendall’s Tau-b correlation tests also 
showed that the prediction scores are significantly correlated 
with the items. Depressiveness has the highest tau-b cor-
relation of 0.34 (p < 0.001), while resilience has the lowest 
correlation of 0.26 (p < 0.001).

Trajectory Analysis of General, Behavioural, 
and Affective Burden in Stratified Predicted 
Outcome Groups in the Pilot Study Dataset

Table 3 shows the results of longitudinal mixed-effects 
model analysis of ‘general psychological burden’, ‘behav-
ioural adaptation’ and ‘specific affective’ burden in par-
ticipants of the pilot study from baseline to 105 days. The 
general burden model achieved an Akaike Information Cri-
terion (AIC) of 1,221. The main effects of visits (F = 26.2, 
p < 0.001) and stratified outcome groups (F = 139.8, 
p < 0.001) significantly affects the general burden. In the 
affective burden model (AIC = 1232), the main effects of 
visits (F = 15.6, p < 0.001) and stratified outcome groups 
(F = 133.1, p < 0.001) as well as the interaction between 
visits and outcome groups (F = 3.4, p = 0.003) have sig-
nificant effects. The interaction between the two effects is 
also significant (p = 0.003). In the behavioural adaptation 
model (AIC = 1282), the main effects of visits (F = 36.7, 
p < 0.001) and stratified outcome group (F = 4, p < 0.008) 
have significant effects. Figure 3 shows the trajectory analy-
sis of pilot study participants in the four stratified outcome 
groups. The trajectory of all psychological variables showed 
decreased compliant values between baseline and 105 days 
(Fig. 3A–C). The outcome groups remained significantly 
separable in both general burden and specific affective bur-
den throughout the entire follow-up, but not significantly 
separable in terms of behavioural adaptation (Fig. 3D–F).

Discussion

In this study, we provided vidence that machine learning can 
be used to predict the individual risk for pandemic-related 
psychological distress in HCWs. Our aim was to develop a 
simple, clinically scalable decision-support tool to inform 
individual risk-adapted psychological support following 
a stepwise prevention model to avoid the development of 
absenteeism and mental disorders in vulnerable individuals 
(Bakkeli, 2022; Holmlund et al., 2022). We found that our 
tool identified these individuals, as defined by the upper 
quartile of the distressed outcome distribution (Mo et al., 
2020), with a BAC of 75% in keeping with a recent study 

focusing on the prediction of resilience to pandemic-related 
psychological distress (Lieslehto et  al., 2022). We also 
observed that the tool increased prognostic certainty by 42% 
and performed equally well across different categories of 
HCWs, ranging from front-line healthcare professionals to 
hospital administration staff. Recent data showed that the 
seamless interaction of different types of HCWs is required 
to maintain the functionality of hospitals under the pressure 
of a pandemic situation (Bakkeli, 2022). In this regard, our 
findings support the potential utility and scalability of our 
tool to safeguard a high quality of care in a pandemic situa-
tion through the prevention of adverse mental health-related 
outcomes. Specifically, based on repeatedly quantifying the 
HCWs’ risk, our tool could help fast-track HCWs with high 
levels of predicted distress outcomes to online face-to-face 
interventions (e.g., preventive CBT), while recommending 
app-supported protective measures such as progressive mus-
cle relaxation and mindfulness exercises in cases with milder 
levels of predicted future distress. This stepwise approach 
allows simple measures to be applied in mild cases without 
the need for human intervention, which in turn help save 
scarce healthcare resources and focus them on infected 
patients. Further studies should examine whether recom-
mending different measures for the different risk categories 
was clinically effective.

Our models used epidemiological and psychological 
parameters in the longitudinal pilot study assessed after 
12 weeks to predict pandemic-related psychological distress 
and to identify HCWs at risk, and the models showed higher 
accuracy than pre-test outcome probabilities. The prediction 
performances from our full-feature, reduced-feature, and non-
psychological models showed that including psychological 
parameters increased the prediction accuracy. Our brief mod-
els showed that reducing the number of variables increased 
the prediction accuracy, indicating that distress can be accu-
rately predicted in HCW with only a few variables, minimis-
ing the data acquisition cost. Through the post hoc predictive 
pattern extraction, we identified several variables previously 
described as being relevant for risk of pandemic-related psy-
chological distress in HCWs, including subjective stress, con-
cern for health, and anxiety (Rossi et al., 2020; Xiao et al., 
2020). Our models also identified new predictors including 
‘developing obsessive behaviours due to the pandemic’. Con-
trary to our expectations, contacts with infected individuals 
and patients and working on COVID-19 wards were predic-
tors of good outcomes. These findings may indicate that 
HCWs working on COVID-19 wards were well informed, 
able to cope well with the situation and, thus, felt less stressed.

Through the construct validity examinations conducted 
in the validation study dataset, we found an increase of the 
percentage of distressed predictions with higher scores on 
the validation study items ‘depressiveness’, ‘resilient’, ‘stress 
recovery’ and ‘return to normal’. A clear trend of significant 
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positive association between all validation study items and 
the prediction scores is also observed. These results indicated 
that the classifier can reflect the constructs of psychological 
distress in an independent external dataset, thus improving the 
reliability of the model in generalising to future unseen sites 
and increasing the applicability of the model.

Our trajectory analysis in the pilot study dataset showed 
that the model captured the construct of depressiveness well 

and predicted different dynamics of complaint trajectories. 
All psychological variables showed highly significant main 
and interaction effects between predicted outcomes and 
trajectories. The trajectory analyses showed that the model 
could predict poor trajectories, in particular people who had 
already shown distress or higher stress levels with varying 
trajectories and a tendency to worsen or remain worse, 
whereas HCWs who did not show distress remained stable 
over time. On closer inspection, we found that HCWs with 
a poor course showed a higher stress load at the beginning 
of the observation period. This finding could be explained 
by the fact that we only started collecting data in March 
2020, but the pandemic started affecting the work of HCWs 
in end-February 2020. However, a similar relation of higher 
initial distress with a burdensome course of mental health 
during the first wave of the pandemic has been reported for 
a population-based sample (Ahrens, Neumann, Kollmann, 
Brokelmann et al., 2021; Ahrens, Neumann, Kollmann, 
Plichta et al., 2021), which had the opportunity to rely on 
pre-pandemic data as the initial reference point. This may 
suggest that HCWs with a poor trajectory may have already 
had a mental disorder before, independent from the pan-
demic. For gaining better knowledge in this highly endan-
gered group, further prospective studies with standardised 
and validated instruments are required. In the future this 
may enable us to offer optimized therapeutic interventions.

Finally, we managed to bring the experimental 
machine-learning model into a practical tool for clini-
cal translations and individual interventions. The model 
implementation is realised through our self-developed 
platform NeuroMiner model library described in the 
“Methods” section. Figure 4(A) shows an example of the 
type of information the HCWs can receive from the pilot 
study model implementation. Here, we used the brief psy-
chological model to stratify the HCWs on the basis of their 

Fig. 2  The results of the brief psychological model’s construct  
validity analysis in the validation study dataset using 4 items from the 
validation study questionnaire. The depressiveness item is ‘Because of 
the COVID-19 pandemic I often feel sad and/or depressed’ (0 = ‘not 
at all’; 4 = ‘very often’). The resilience item is ‘In general, I have 
problems dealing with stressful situations’ (0 = ‘totally disagree’; 
4 = ‘totally agree’). The stress recovery item is ‘In general, it takes a 
long time for me to recover from stressful situations’ (‘0’ = ‘totally 
disagree’; ‘4’ = ‘totally agree’). The return to normal item is ‘I 
was not able to return back to normal from the stressful situations’ 
(‘0’ = ‘totally disagree’; ‘4’ = ‘totally agree’). In panels (A)–(D), 
the percentage of participants labelled as distressed was computed 
for each score group on the depressiveness (A), resilience (B) stress 
recovery (C), and return to normal (D) items of the validation study 
questionnaire. The legend in each plot shows the exact percentage  
of each score group as well as the FDR-corrected p values when  
comparing each score group to the whole dataset. The red line  
indicates the decision boundary. Panels (E–H) depict the mean  
(data point) and 95% confidence interval (error bars) of the brief  
psychological model’s prediction decision scores from each score 
group on the depressiveness (E), resilience (F) stress recovery (G), 
and return to normal (H) items of the validation study questionnaire. 
The annotated p-values below each data point are FDR-corrected 
p-value when comparing the current score group with the previous 
score group (e.g. group 2 vs group 1, group 1 vs group 0), therefore 
p-value for group 0 is not available. The exact p-values can be found 
in the supplementary Fig. S2. The table at the top left corner in (E, F, 
G, H) displaces the R-squared explained variance when fitting a linear 
regression model predicting item scores using the prediction scores. 
The Tau-b value is the Kendall’s tau sub-b correlation between the 
item scores and the prediction scores. The p-value reported are FDR-
corrected hypothesis test scores of the Tau-b correlation values

◂

Table 3  Longitudinal mixed-
effects model analysis of 
general psychological burden, 
specific affective burden and 
behavioural adaptation in 260 
pilot study participants followed 
for 105 days between March and 
July 2020

AIC Akaike Information Criterion, df1 degrees of freedom numerator, df2 degrees of freedom denominator, 
P-value Bonferroni-corrected P-values from hypothesis tests

AIC df1 df2 F-value P-value

General burden 1221.3
Main effect of Visit 2 440 26.2  < .001*
Main effect of stratified outcome group 3 635.7 139.8  < .001*
Interaction: Visit x outcome group 6 440.2 1.4 0.219
Affective burden 1231.6
Main effect of visit 2 463 15.6  < .001*
Main effect of stratified outcome group 3 640.8 133.1  < .001*
Interaction: Visit x outcome group 6 463.9 3.4 .003*
Behavioural adaptation 1281.7
Main effect of visit 2 365.6 36.7  < .001*
Main effect of stratified outcome group 3 518.5 4 .008*
Interaction: Visit × outcome group 6 365.4 0.9 0.532
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risk for developing pandemic-related distress. In the next 
step, we defined tailored therapeutic procedures suggested 
for each risk group. By assessing the severity of symptoms 
in HCWs, we were able to classify them into different risk 
categories, which enabled the suggestion of individually 
adapted interventions, such as smartphone-based mindful-
ness exercises and progressive muscle relaxation (PML) 
for risk category 1, tele-health COVID-19 psychiatric con-
sultation for risk category 2, and outpatient preventive 
CBT interventions for risk category 3. From our results 
and literature findings (Mo et al., 2020), we defined the 
decision threshold value as below 2, i.e., employees with 
a score of 2 or more should be offered stress-relieving 
interventions. Additionally, the implementation also tracks 
the trend of the HCWs stress level as well as having an 
understanding of their peers who are facing similar situa-
tions. The model implementation achieved the research to 
application cycle and completed our study aim. Our tool 

is constantly being developed within the framework of the 
University Medicine Network. In the future, it should be 
particularly applicable in crisis situations.

Limitations

Our study has the following limitations: Firstly, at the 
time of our study design and launch (April 2020), no 
standardised and validated instruments were available 
to assess COVID-related distress in HCWs [Supple-
mentary information T9]. As a result, we developed 
self-administered questionnaires in both CCI and ACC 
studies. Although our questionnaire tool was based on 
many years of clinical and research experience, it could 
not be sufficiently validated due to the dynamics at the 
beginning of the pandemic. However, the questionnaire 
is currently under validation in different settings. Fur-
thermore, because we are conducting the study among 
actively working employees, we are limited to assess 
only symptoms and could not provide diagnoses. We also 
aimed to explore different COVID specific risk factors 
which have not been investigated in the existing litera-
ture. Finally, few features were included in the CCI study. 
The CCI questionnaire did not include features (e.g., 
female, family concerns, poor sleep quality, decreased 
perceived health status); therefore, these variables were 
not included in the machine learning algorithm later in 
the manuscript.

Secondly, due to staff change and the limited staff avail-
ability during our study period, 40% of participants did not 
manage to complete the entire CCI study.

Thirdly, the variables that overlapped in the two stud-
ies were only available from HCWs at the H-LMU, and 
we were unable to validate the full feature classifiers in 
a multicentric approach (Steyerberg & Harrell, 2016). 
Lastly, our study only focused on creating a predictive 
tool for stratifying and identifying HCWs who might be 
at risk of suffering mental stress due to the pandemic, 
therefore interventions were not validated, and not carried 
out in a structural manner in the duration of our study.

Fig. 3  Trajectory analysis of general, behavioural, and affective bur-
den in stratified, predicted outcome groups in the pilot study dataset. 
Group assignments were based on the full psychological model’s 
decision scores in 260 CCI participants and differentiated between 
participants scoring below the median, between the median and the 
80% percentile, between the 80 and 90% percentile, and above the 
90% percentile of the decision score distribution. The psychologi-
cal variables were averaged into 3 summary scores, measuring gen-
eral burden (‘worried about health’, ‘worried about health within the 
last two weeks’, ‘hopeful pandemic ends soon’ [coding reversed], 
‘stressed due to the pandemic’), behavioural adaptation (‘following 
social distancing rules’, ‘following hygiene recommendations’, ‘fol-
lowing lockdown rules’), and affective burden (‘sleep disturbances’, 
‘anxiety and somatic disturbances’, ‘intrusions and nightmares’, 
‘obsessive disturbances’). Panels (A)–(C) display the results of 
the trajectory analysis of outcome groups defined by the brief psy-
chological model for the 3-summary scores. Error bars indicate the 
95% confidence intervals around the subgroups’ mean scores at each 
visit. Panels (D)–(F) are showing the pairwise mean difference when 
comparing all outcome groups’ psychological variables against each 
other. The value in each cell is calculated by subtracting the mean 
psychological variable value from the more distressed group with the 
less distressed group. The * symbol denotes FDR-corrected p < .05 
and ** denotes p < .001 when comparing the 2 outcome groups using 
independent t-test. The exact p-values can be found in the supplemen-
tary Fig. S3

◂
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Conclusion

In this study, we developed risk assessment tools for pre-
dicting pandemic-related distress in HCWs using machine 
learning. To our knowledge, this is the first study to dem-
onstrate that augmenting human prognostic capabilities 
with machine learning pattern recognition improves prog-
nostic accuracy to a degree that likely justifies clinical 
implementation of cybernetic decision-support tools. They 
can improve the stratification of risk in HCWs to ensure 
that they receive adequate support. We are planning a 
large-scale clinical and external validation study by devel-
oping and combining a health monitoring app-solution 

with stratified employee assistance program interventions. 
In addition, a context adaptivity study (e.g., in ICUs) is 
also planned. These tools can help optimise resource allo-
cation, prevent the development of mental disorders and 
predict human resource capacities in German hospitals.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s41347- 023- 00380-9.
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Fig. 4  Exemplary results display of the implemented pilot study 
model in the NeuroMiner model library. A Prognosis results display. 
Top: 3-month prognosis and actionable suggestions to reduce stress 
level, middle: the exact prognosis score and risk categorisation (Mo 
et al., 2020), bottom: prognosis score in relation to the training data 
population. Apart from providing immediate individual prognosis 
results, the model library also tracks the prognoses of the user over 
time, so the user can be informed about the trend of their COVID-

19-related mental stress. B  Longitudinal and team results display. 
Top: trend of the individual’s previous prognoses, bottom: overall dis-
tributions of stress risk categories of the team where the user belongs. 
This adds an additional layer of transparency to the users so that they 
can have an anonymous understanding of the overall stress level of 
the team, which can help the colleagues and team members stay 
informed of the mental conditions of each other
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