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Abstract

The COVID-19 pandemic is believed to have a major negative impact on global mental health
due to the viral disease itself as well as the associated lockdowns, social distancing, isolation,
fear, and increased uncertainty. Individuals with preexisting mental illness are likely to be par-
ticularly vulnerable to these conditions and may develop outright ‘COVID-19-related psycho-
pathology’. Here, we trained amachine learningmodel on structured and natural text data from
electronic health records to identify COVID-19 pandemic-related psychopathology among
patients receiving care in the Psychiatric Services of the Central Denmark Region.
Subsequently, applying this model, we found that pandemic-related psychopathology covaries
with the pandemic pressure over time. These findings may aid psychiatric services in their plan-
ning during the ongoing and future pandemics. Furthermore, the results are a testament to the
potential of applying machine learning to data from electronic health records.

Significant outcomes

• COVID-19 pandemic-related psychopathology covaries with the pandemic pressure over
time.

• There was a relative decrease in the level of COVID-19 pandemic-related psychopathology
over the course of the second wave of the pandemic in Denmark, likely indicating
habituation.

• Following training based on manually labelled clinical notes from electronic health
records, machine learning methods may be used to label large numbers of clinical notes
that cannot be handled manually.

Limitations

• This work is based on a subset of clinical notes containing COVID-19-related search
queries and is thus likely to underestimate the extent of COVID-19-related
psychopathology.

• While the developed models perform relatively well, they do not include recent develop-
ments in natural language processing where pre-trained models are used to obtain a con-
textualised representation of natural text.

• While the estimated feature importance scores allow for insights into the applied model, it
should be noted that retraining could result in different importance scores given the non-
deterministic elements of the training process (e.g. random splits).

Introduction

The COVID-19 pandemic is believed to have a major negative impact on global mental health
due to the viral disease itself as well as the associated lockdowns, social distancing, isolation, fear,
and increased uncertainty (Brooks et al., 2020; Sønderskov et al., 2021; Szcześniak et al., 2021;
He et al., 2021). Individuals with preexisting mental illness are likely to be particularly vulner-
able to the psychological stress associated with the COVID-19 pandemic (Jefsen et al., 2020;
Rohde et al., 2020; Saunders et al., 2021). Indeed, based on manual screening of clinical notes
from electronic health records, Rohde et al. (2020) recently showed that many patients with
mental illness appear to have developed COVID-19 pandemic-related psychopathology – that
is, symptoms of mental illness that seem to be either directly or indirectly caused by the pan-
demic – during the first wave of the pandemic in the spring of 2020. Here, we continue this effort
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in an attempt to continuously monitor the extent of COVID-19
pandemic-related psychopathology at the level of the entire patient
population of the Psychiatric Services in the Central Denmark
Region (CDR) by means of machine learning.

Methods

Setting and data

This project is based on data from clinical notes from the
Psychiatric Services of the CDR, which provides inpatient, outpa-
tient, and emergency treatment for all types of mental disorders for
the approximately 1.3million inhabitants of the CDR. For a further
description of the patient population (e.g., diagnostic distribution),
please see Hansen et al. (2021).

Manual labelling of COVID-19 pandemic-related
psychopathology

The point of departure for the training of a machine learning
model to monitor COVID-19 pandemic-related psychopathology
is the manual labelling of such cases by Rohde et al. (2020). In brief,
in the work by Rohde et al., all 412,804 clinical notes on adult
patients (aged 18 or above) from the Psychiatric Services of the
CDR in the period fromMarch 1st, 2020 toMarch 23rd, 2020 were
initially filtered using the following COVID-19-related search
queries (’Danish’ (English)): ‘corona’ (corona), ‘covid’ (covid),
‘virus’ (virus), ‘epidemi’ (epidemic), ‘pandemi’ (pandemic), and
’smitte’ (contaminate/contamination), including compounds. A
total of 11,072 of the 412,804 clinical notes contained at least
one of these search queries and were subsequently manually
labelled by CR and OHJ as either ‘containing a description of
COVID-19 pandemic-related psychopathology’ or ‘not containing
a description pandemic-related psychopathology’. An attempt was
made to distinguish between rational and pathological reactions to
the pandemic. A total of 1357 of the 11,072 clinical notes were
found to include descriptions of COVID-19 pandemic-related
psychopathology. For more details, please see Rohde et al. (2020).

Training and testing machine learning models for labelling of
COVID-19 pandemic-related psychopathology

To train and test supervised machine learning models in labelling of
COVID-19 pandemic-related psychopathology, the 11,072 man-
ually labelled clinical notes (1357 describing COVID-19
pandemic-related psychopathology and 9715 without COVID-19
pandemic-related psychopathology) from Rohde et al., were split
randomly into a training (70% of the notes) and test set (30% of
the notes) while making sure that no patient appeared both in
the train and test split. Subsequently, Naïve Bayes and XGBoost
models were trained using a 5-fold cross-validated grid search on
the training set. The Naïve Bayes classifier, which provides baseline
performance, is a simple and efficient machine learning classifier
based on Bayes theorem (Zhang, 2004). XGBoost is a state-of-
the-art gradient boostingmodel that ensembles weak learners – typ-
ically decision trees – and has been shown to consistently obtain
competitive results in classification tasks (Chen & Guestrin,
2016). The models were trained on the natural language text in
the clinical notes, the text field indicators (‘observations of the
patient’, ‘current mental status’, ‘plan’, ‘conclusion’), the patient’s
sex, diagnosis, and inpatient or outpatient status. The trainedmodels
were then validated on the test set consisting of the remaining 30%of
the clinical notes. Furthermore, we examined the most important

features, defined as the average gain of splits in decision trees using
the given feature. Themodel training and selectionwas performed in
Python (version 3.7.9) using scikit-learn version 0.23.2 (Buitinck
et al., 2013) and imblearn version 0.7.0 (Lemaître et al., 2017).
For XGBoost, the Python package xgboost version 1.0.2 was used
(Chen & Guestrin, 2016).

Application of the trained machine learning model

Following training and testing, the best performing of the two
machine learning models (see the results section), based on the area
under the receiver operating characteristic curve (AUC), was applied
to the 78,540 clinical notes (out of a total of 33,363,187) from all
adult patients (aged 18 or above) from the Psychiatric Services of
the CDR from the period going from April 1st, 2020 to March
23rd, 2021, which contained at least one of the COVID-19-related
search queries also used by Rohde et al. (2020). These notes were
labelled dichotomously (COVID-19 pandemic-related psychopa-
thology: yes/no) based on a threshold calculated from the test set
to result in 95% specificity.

Validation of the performance of the trained machine
learning model

To validate the performance of the machine learning model in the
labelling of COVID-19 pandemic-related psychopathology from
April 1st, 2020 to March 23rd, 2021, 500 randomly drawn clinical
notes from this period were labelled manually by CR and OHJ
[similar approach as that used by Rohde et al. (2020)] and com-
pared to the labeling performed by the model. Lastly, the number
of clinical notes containing COVID-19 pandemic-related psycho-
pathology over the period from March 1st, 2020 to March 23rd,
2021 (manually labelled notes from March 1st, 2020 to March
23rd, 2020 and machine learning model labelled notes from
April 1st, 2020 to March 23rd, 2021) was compared with the num-
ber of COVID-19-related deaths in Denmark (SSI, 2021) via
Pearson correlation. For more information on model selection,
preprocessing, and validation, see the Supplementary Material.

Approval

This project was approved by the Chief Medical Officer of
Psychiatry of the Central Danish Region as part of quality develop-
ment aimed at monitoring the level of pandemic-related psycho-
pathology during the COVID-19 pandemic.

Results

Training and testing machine learning models in labelling of
COVID-19 pandemic-related psychopathology

The best performing machine learning model was XGBoost, which
achieved an AUC of 0.88 with 95% specificity and 36% sensitivity
for the labelling of COVID-19 pandemic-related psychopathology
in the test set. For comparison, the Naïve Bayes model achieved an
AUC of 0.83. Figure 1 shows the most important features of the
XGBoost model. The text field indicator ‘current mental state’
was found to be the most important feature but words related to
psychopathology such as ‘angst’ (anxiety), and ‘presset’ (under
pressure/stress) were also important. The same was the case for
‘missing’ diagnosis (diagnosis not assigned yet).
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Application of the trained machine learning model

When applying the trained XGBoost model on the 78,540 clinical
notes from the period from April 1st, 2020 to March 23rd, 2021
that contained a COVID-19-related search query, 7125 of the notes
were labelled as containing descriptions of COVID-19 pandemic-
related psychopathology (see Fig. 2 for an illustration).

Validation of the performance of the trained machine
learning model

Validation of the XGBoost model for model labelling was com-
pared to the manual labelling by CR and OHJ. It revealed a slight
performance decrease to a specificity of 0.92 and a sensitivity of
33%, but no systematic decline in performance over time (see
Figure S1 in Supplementary Material) as might otherwise have
been expected if there was a distribution shift (i.e., a substantial
change in the content of the clinical notes over time).

Figure 2 shows the development in COVID-19 pandemic-related
psychopathology alongside the number of deaths due to COVID-19
in Denmark. There was a positive correlation between the level of
pandemic-related psychopathology and the number of deaths due
to COVID-19 in Denmark (R2= 0.13, 95% CI [0.06, 0.20],
p< 0.0001, smoothed, R2= 0.20, 95% CI [0.12, 0.29], p< 0.0001).

Discussion

In this project, we successfully trained a XGBoostmachine learning
model to monitor the extent of COVID-19 pandemic-related

psychopathology reported in the clinical notes of the electronic
health records in a large psychiatric service setting. The training
and test of the model were performed based on a dataset manually
labelled for COVID-19 pandemic-related psychopathology.
Subsequently, the trained XGBoost model labelled more recent
clinical notes from the electronic health records for COVID-19
pandemic-related psychopathology. When comparing the number
of COVID-19-related deaths and the extent of COVID-19 pan-
demic-related psychopathology, an expected positive association
was observed.

Themost important feature for the XGBoost model was the text
field indicator ‘current mental state’. This is likely due to the fact
that notes describing psychopathology (where current mental state
is perhaps the most prominent example) are more likely to contain
descriptions of COVID-19 pandemic-related psychopathology
than notes not directly linked to descriptions of psychopathology.
In accordance with this observation, words describing psychopa-
thology, such as anxiety and under pressure/stress were also found
to be important features. Furthermore, a missing diagnosis (diag-
nosis not assigned yet) was found to be of importance, suggesting
that there were many newly referred patients among those experi-
encing pandemic-related psychopathology. Intensifiers like ‘meget’
(very) may be important as an interaction effect when appearing
with other meaningful words, e.g. ‘meget bekymret for COVID-
19’ (very worried about COVID-19). In fact, intensifiers were often
used by OHJ and CR in their manual labelling to differentiate
between rational and pathological reactions to the pandemic
(Rohde et al., 2020).

Fig. 1. The importance score of the 10 most important features in the XGBoost model. The feature importance score is the average gain of splits using the feature, with higher
scores indicating that the feature is more important. Natural text features are in quotation marks with English translations in parentheses.
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Interpretation of feature importance requires a thorough
understanding of the data used for model training. For instance,
a ‘video consultation’ could be interpreted as the patient’s strong
preference for staying at home due to perceived risk of contracting
COVID-19. However, due to hospital policies during the pandemic
lockdown, many consultations were held online and the term
‘video consultation’ was therefore often accompanied by a
COVID-related search query, not related to the impact of the pan-
demic on the patient. Similarly, features such as ‘tider’ (appoint-
ments/times) can have multiple meanings depending on the
context. Specifically, it will refer to hospital appointments in many
cases, but the word may also appear in phrases such as ‘til tider’
(at times).

The observed positive association between the number of
deaths due to COVID-19 and the number of clinical notes describ-
ing pandemic-related psychopathology indicates that the pan-
demic has had a negative psychological impact on patients with
mental illness. This finding is clinically meaningful (and therefore
serves as an indirect validation of the model) and compatible with
the covariation between the pandemic pressure and the level of
psychological well-being observed at the general population level
in Denmark (Sønderskov et al., 2021). In our data, the association,
however, seems less pronounced for the second wave compared to
the first wave of the pandemic. As there was no systematic decline
in model performance over the observation period, the weakened
association is likely due to habituation – i.e. that patients are less
sensitive to the development in the pandemic as time passes, pos-
sibly because the situation appears less insecure compared to the
initial phase of the pandemic.

While our current approach shows promising results, it does
have limitations. Perhaps most importantly, the developed model
is likely to underestimate the number of cases of COVID-19 pan-
demic-related psychopathology. Hence, rather than providing esti-
mates of absolute numbers, the model is better suited to monitor
the relative development in COVID-19 pandemic-related psycho-
pathology over time. This is an important metric that may aid psy-
chiatric services in planning management of the psychological
consequences of the COVID-19 pandemic. Furthermore, the
results are a testament to the potential of applying machine learn-
ing to structured and natural language data from electronic health
records in clinical psychiatry (Hansen et al., 2021). Specifically, we
show that, following training based on manually labelled clinical
notes from electronic health records, machine learning methods
can be used to label large numbers of clinical notes that cannot
be handled manually.

Supplementary material. To view supplementary material for this article,
please visit https://doi.org/10.1017/neu.2022.2
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