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Abstract—Clusters of multimorbidities indicate common
molecular and physiological causal mechanisms, which can help
to identify promising targets for novel drugs and treatments. We
analyzed the comorbidities for COVID-19 death cases in 2020 in
Hungary (9537 cases). The daily, public reports of anonymous
cases contained age, sex and free-text description of comorbidities
for each officially COVID-19 deceased. We cleaned, clinically
encoded and aggregated the reported morbidities resulting in 22
medical categories, which are also used in a reference national
database with normal Hungarian population. Using Bayesian
networks, we analyzed the dependency models of reported
comorbidities in different population cohorts, such as in the first
wave (2020 March-August) versus in the second wave (September-
December) or above versus below the expected life expectancy
(76 years). To explore latent morbidities, not yet manifested
or not reported, but potentially already influencing COVID-19
mortality risk, we predicted excess multimorbidity for deceased.
Our results suggest significant excess multimorbidity, which also
calls for an improved and more transparent data dissemination
policy. Multimorbidity models, especially models also based on
multimorbidity data from normal population could provide vital
risk prediction for an improved health care and vaccination
programs.

Index Terms—multimorbidity, Bayesian network, COVID-19,
text-mining, disease coding

I. INTRODUCTION

Today the COVID-19 pandemic (caused by the SARS-CoV-
2 virus) has a major impact on everyone’s life. One of the
most striking feature of the disease is its highly varying risk
ranging from asymptomatic infection to very high mortality
rates for older people with comorbidities. Indeed, comorbidi-
ties and particularly complex multimorbidities seems to be
the most important risk factors in COVID-19 disease and
even in COVID-19 vaccination [4], [7], [8], [11], [13], [14],
[16]–[18], [21], [24]. Given the rapidly rising prevalence of
multimorbidity in modern societies [10], [15], [19], [23], the
investigation of this risk factor is of primary importance,
especially in countries with high multimorbidity rates, such
as in Hungary, wich has the highest multimorbidity rate in the
European Union [1], [22].

Firstly, we describe the derivation of morbidities from free-
text, public reports about COVID-19 deceased in 2020 in
Hungary and discuss the quality and completeness of this
information source. Secondly, we describe the application of
Bayesian networks for predicting expected excess morbidity.

Finally, we present statistics about multimorbidities and ex-
pected excess multimorbidities.

II. DATA AND METHODS

We obtained the data set of the COVID-19 deceased from
the official pandemic-information site of the Hungarian Gov-
ernment1. The retrieved database contains the following items:

• ID (”Sorszám”)
• Gender (”Nem”)
• Age (”Kor”)
• Comorbidities (”Alapbetegségek”) - In the format of free

text
The data set contains the data of 9537 deceased people.

There are slightly more males (4883, approx. 51.2%) than
females, the mean age is 76 years, from this 73 years is the
average age for males and 78.5 for females. More details about
the age and gender distribution can be seen on Fig. 1.

Fig. 1. The distribution of age within gender and waves. The individual
violinplots are scaled by population with respect to gender, but the comparable
population of each wave is represented with a green bar in the background, the
dotted lines represent the quartiles. The age-gender distribution was similar
during both waves, males are slightly over represented with 51.2%, the average
female age is 5.5 years higher than male.

A. Separating Waves

It was a world-wide trend that during the summer the
number of new COVID-19 cases started to drop, but in August

1https://koronavirus.gov.hu/elhunytak
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the trend got reversed, the number of new cases started to
increase again. This trend is valid in Hungary as well, on the
first day of September, the official Hungarian source reported2

118 new cases of COVID-19, yielding 6257 as the number of
total diagnosed cases, and 1 death (increasing the total death
toll to 616). Thus, we introduced a binary variable indicating
cases before and after the end of August in 2020 (Fig. 1 shows
the age distribution in the first and in the second wave with
615 and 8922 cases).

B. Query for Most Common Disease Names

The retrieved data set contains the disease names as free-
text, which were normalized and the free-text was split into
individual terms. The normalization was done by Python’s
casefold and lower function, trimming the white spaces and
converting UNICODE characters into their closest ASCII form
with the help of the unidecode library.

The medical categorization was challenging and required
manual processing by medical experts. It seems like the text
field allowed any kind of input, which resulted in many typos
in disease names. However, there are terms that were used
much more frequently than others, which suggests a free-text
input with suggestions.

From the most common terms, we selected every term that
occurred five times or more. Then, we manually processed this
list, categorizing each term and constructing regular expression
queries (e.g. the most common term was ”high blood-pressure”
and the third was ”high blood-pressure disease”, these are
two terms that correspond to the same disease). The regular
expressions were as broad as possible to catch most of the
typos and variants, but restrictive enough to make the manual
exclusion of false-positives possible.

Another aspect of this issue was the generality of some
terms (e.g. ”renal disease”) and the number of cases to fall
under a given category. Thus, we made categories as specific as
possible, while keeping the number of records in the category
above 50. In the end, this method yielded 22 categories that
we used for the analysis. We encoded every disease category
by a binary variable.

We suspected that the reported data could have missing
comorbidities at cases with 2-3 comorbidities, i.e. the fact
that a disease is not present in the report does not mean
that it was not present in the deceased. Furthermore, the
apparent clustering of reported comorbidities suggested that
the reported status of a given disease depends on the presence
of other diseases. Figure 6 confirms this suspicion, which
means that the data set can be interpreted as an incomplete,
not-missing-at-random data containing only reported diseases,
where the status of the not reported diseases is unknown.

C. Bayesian Network multimorbidity models

Bayesian networks were successfully applied in multimor-
bidity modeling [19] and already applied in COVID-19 model-
ing [6], [20]. Previous studies utilized causal Bayesian network

2https://koronavirus.gov.hu/cikkek/118-fovel-emelkedett-beazonositott-
fertozottek-szama-es-elhunyt-egy-idos-beteg

Fig. 2. Structure of the Bayesian network multimorbidity model based on
the deceased in 2020 in Hungary with age below 76.

analysis to investigate the bias in COVID-19 data, successfully
pointing out that the seemingly protective effect of smoking is
due to the sampling, and not the actual effects of smoking [5],
[9].

We used a Bayesian systems-based approach to filter medi-
ated dependencies between the diseases and to estimate the a
posteriori probabilities of direct relevances [2], [19].

We also used Bayesian networks to cope with the not
reported, uncertain data. After the investigation of various
missing data management schemes, we adopted a transparent
and computationally effective strategy: we trained Bayesian
network models using the complete data set assuming the
absence of not reported diseases and we predicted the ex-
pected conditional probabilities of the not reported diseases
given the reported diseases. This strategy feeds the list of
known diseases into a probabilistic generative model, which
yields probabilistic guesses about the missing diseases. The
augmented data set with predicted probabilities, i.e., with the
predicted expected values for the binary variables, was used in
later analysis. With simple terms: the model made probabilistic
guesses about the presence of not reported diseases based on
the relationship between the reported diseases.

We used the pomegranate Python package to learn Bayesian
Network multimorbidity models from the data set. The mod-
els were trained on different age groups, the limit for the
separation was 76 years, because this is the life expectancy
in Hungary (and also, this is the mean age in the database).
During this step we had to dispose some categories, because
they were nearly constant, i.e. only a few cases were present in
the given group (namely: alcoholism and TIA). The structure
of the resulting Bayesian network models can be seen in Fig.
2 and Fig. 3.

III. RESULTS

A. Exploration of dependencies

Firstly, we calculated pairwise Pearson correlation between
the variables (Fig. 4). The greatest scores among inter-disease
correlations was attributed to:

• IHD (ischemic heart disease) - stroke (corr. 0.24; p-value
< 0.001)
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Fig. 3. Structure of the Bayesian network multimorbidity model based on
the deceased in 2020 in Hungary with age above 76.

Fig. 4. Pearson correlation between variables. This analysis contains two
categories, which were later excluded because of low sample count (below
50: TIA=38, alcoholism=48).

• diabetes - high blood pressure (BP) (corr. 0.18; p-value
< 0.001)

Besides that age correlated with many diseases, but this
findings are expected; IHD is related to stroke and diabetes is
associated with high blood pressure, and these are significant
predictors of mortality [3], [12].

To explore the direct, unmediated dependencies, we applied
a Bayesian systems-based approach [2], [19] (see 5).

B. Observed and predicted multimorbidities

In addition to the detailed dependency maps of multimor-
bidities, we also calculated to distribution of multimorbidities.
Fig. 6 shows the distribution of aggregated multimorbidities,
including the case of complex multimorbidities, which denotes
3 or more chronic conditions [25].

The aggregated multimorbidity curves for the populations
with age below and above 76 years follow the same slope and
they do not separate, which is not compatible with already

Fig. 5. Direct, unmediated dependencies between COVID-19 comorbidities.
The colors denote the type of the variable and group the diseases into broader
categories.

Fig. 6. Reported multimorbidity for age and gender groups from the officially
reported data.

established multimorbidity trends [8], [15], especially with the
uniquely high rate of multimorbidity in Hungary [1], [22]. This
suggests that only a few comorbidities are reported and the
rest remains undocumented. Using our trained Bayesian net-
work multimorbidity models, we predicted this excess, latent
multimorbidity as described in Section II-C. Fig. 6 shows the
distribution of aggregated multimorbidities using the sum of
the observed and expected value of excess multimorbidities.

Notably, the prediction and incorporation of the expected
excess multimorbidity shifts the multimorbidity curves for the
older population towards more realistic, higher values, i.e., the
age and gender differences became more emphasized, even
though the source of the extrapolation is the same data.

We have also looked for differences between multimorbidity
dependencies with respect to chronological time, especially by
comparing the death cases of the first and second waves, but
we did not found any discrepancy in this regard.

IV. CONCLUSION

Our findings suggest that the reporting policy of comor-
bidities for COVID-19 deceased is highly incomplete, which
hinders the analysis of risk factors based on multimorbidities.
Because multimorbidities, especially complex multimorbidi-
ties are critical factors in COVID-19 risk prediction, this limits
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Fig. 7. Complemented multimorbidity for age and gender groups with added
expected value of excess multimorbidities.

the usability of comorbidity data of COVID-19 deceased to
construct preventive diagnostics systems and effective vaccina-
tion policies. However, the described statistical approach could
be utilized to predict the latent, excess multimorbidity, if a
representative national multimorbidity data set could be used
as a reference.
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[2] Péter Antal, András Millinghoffer, Gábor Hullám, Csaba Szalai, and
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