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Keywords Abstract
COVID-19 Background and Objectives: To effectively combat the novel coronavirus (COVID-19), it is
Coronavirus crucial to have an accurate understanding of its epidemiological patterns and how it spreads within
Markov switching the community. In this context, a thorough grasp of statistical and epidemiological methods is more
Time series important than ever for policymakers and decision-makers. This study utilized a two-state Markov
Modeling Switching model to analyze daily confirmed COVID-19 case counts, identify periods of outbreak

and non-outbreak, and examine the overall clinical and epidemiological characteristics associated
with daily case counts during these different periods.

Methods: This time-series study included individuals who presented to hospitals in Kermanshah
province with COVID-19-related symptoms from January 31, 2020, to January 5, 2021. Data were
extracted from the MCMC system, which is affiliated with the Ministry of Health's emergency
services. We used a two-state Markov Switching model to model daily COVID-19 case counts and
examine their temporal association with daily aggregate clinical and epidemiological
characteristics.

Results: We recorded 9,255 confirmed COVID-19 cases, including 4,912 males and 4,343 females.
The mean age was 54.65 years (median: 55.27 years). Among patients, 14.6% had hypertension,
8.8% had diabetes, and 8% had cardiovascular disease. In the outbreak regime (State 2), the daily
proportion of confirmed cases with asthma was positively associated with daily case counts,
whereas chronic neurological disorders (State 2) and chronic liver disease (State 1) showed negative
associations. In the non-outbreak regime (State 1), contact history with a patient with coronavirus
was positively associated with daily case counts.

Conclusion: The Markov Switching approach provides a complementary framework for
characterizing temporal variation in COVID-19 case counts and identifying outbreak and non-
outbreak regimes. Further studies are needed to evaluate its applicability to infectious disease
surveillance.

Highlights e  Asthma, chronic liver disease, and cancer are the most important factors associated with COVID-
19 outbreaks.

e  Contact history with an infected individual and hypertension positively affected daily case counts.

e  The transition probability matrix revealed high stability in both outbreak and non-outbreak states.

®  The model provides a suitable tool for monitoring and predicting emerging infectious diseases.
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Introduction

Based on phylogenetic analysis, coronaviruses
belong to the subfamily Coronavirinae, comprising
four genera: Alphacoronavirus, Betacoronavirus,
Gammacoronavirus, and Deltacoronavirus. Among
these, Alphacoronaviruses and Betacoronaviruses are
responsible for respiratory diseases in humans [1, 2].
Fatal coronavirus infections that have emerged over
the past two decades include Severe Acute Respiratory
Syndrome Coronavirus (SARS-CoV) and Middle East
Respiratory Syndrome Coronavirus (MERS-CoV) [3].
SARS-CoV caused the SARS outbreak in 2002-2003
in Guangdong Province, China [1, 4, 5], while MERS-
CoV was reported as the causative agent of severe
respiratory illness in the Middle East in 2012 [6].

In late December 2019, physicians in Wuhan,
China, identified unusual cases of pneumonia. On
February 11, 2020, the World Health Organization
(WHO) officially named the causative agent of this
pneumonia as Coronavirus Disease 2019 (COVID-19)
[7]. The term "coronavirus" derives from the Latin
word "corona,” meaning crown, which refers to the
virus's appearance under electron microscopy [8]. The
COVID-19 virus rapidly escalated into a global
pandemic, infecting over 38 million people and
causing more than 1 million deaths worldwide by
October 2020 [9]. In Iran, the first official death from
COVID-19 was reported on February 19, 2020, and
the country has since faced significant challenges in
controlling the outbreak [10].

While dozens of countries experienced increasing
case numbers, the pattern of disease spread in China
began to decline. Initially, some countries, including
Iran and Italy, were disproportionately affected by the
disease [11]. The virus represents an unprecedented
global challenge due to its high transmissibility and
lethality. In response to the rapid spread, thousands of
deaths, and exponential growth projections, many
countries implemented containment measures such as
lockdowns and closures of public places [12, 13].
Effective measures to combat this novel virus must be
based on a correct understanding of the
epidemiological pattern and assessment of its spread in
society. In these circumstances, the proper
understanding and use of statistical and
epidemiological indicators and methods are crucial for
policymakers and decision-makers [14].

Various mathematical and statistical approaches
have been developed to model and study the patterns
of epidemics, including numerous forecasting models
applied to the COVID-19 pandemic worldwide [15,
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16]. One specific model used for predicting complex
phenomena is time series models. In regression models
where data have a time-series structure, parameter
instability over time is common [17]. Markov
Switching models are among the most popular non-
linear time series models in this field [18]. These
models are also referred to as regime-switching
models and belong to the state-space model family.
They consist of two types of equations: measurement
equations and transition equations. The measurement
equation defines how hidden states affect observed
random variables, while the transition equation
describes how state variables evolve over time [19].

Unlike conventional time-series models that
generally assume a single underlying temporal
structure, Markov Switching models allow the
temporal process to change between unobserved
regimes. This feature is particularly relevant to
COVID-19 case-count series, in which temporal
patterns may vary across different phases of the
epidemic. Thus, Markov Switching models provide a
useful complementary framework for representing
temporal heterogeneity in COVID-19 case-count
series. Accordingly, this study aimed to characterize
temporal variation in daily confirmed COVID-19 case
counts, identify outbreak and non-outbreak regimes
using a two-state Markov Switching model, and
examine their associations with daily aggregate
clinical and epidemiological characteristics. Such
information can assist public health organizations in
making informed decisions to combat this disease
[20].

Materials and Methods

Study population and Data Collection

This time-series study included all individuals who
presented to hospitals in Kermanshah province with
COVID-19-related symptoms from January 31, 2020
to January 5, 2021. Data were extracted from the
MCMC system, which is affiliated with the Ministry
of Health's emergency services in Iran. This system
records clinical information for patients who presented
to hospitals in Kermanshah province with symptoms
suggestive of COVID-19, with diagnoses confirmed
by CT scan and/or PCR testing. The outcome variable
was the daily number of confirmed COVID-19 cases
in Kermanshah province. Because a population
denominator was not available, incidence rates were
not calculated. Predictor variables included mean age,
and proportions of cardiovascular disease, chronic
blood disorders, chronic kidney disease, asthma, other
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pulmonary diseases, chronic neurological disorders,
history of hypertension, contact history with an
infected individual, smoking, substance abuse, cancer,
sex, chronic liver disease, and diabetes on a daily basis.
Thus, the predictors used in the Markov Switching
model represent daily aggregate characteristics of the
confirmed case series, rather than individual-level
predictors. They were included to assess whether the
clinical and epidemiological composition of the
observed daily cases was associated with differences
in daily case-count patterns across the outbreak and
non-outbreak regimes identified by the Markov
Switching model. These associations were interpreted
at the aggregate temporal level and were not intended
to establish individual-level risk factors or causal
relationships.

Statistical analysis

In this study a two-state autoregressive Markov
Switching regression model was used to characterize
temporal changes in daily COVID-19 case counts. The
unobserved state variable represented two regimes: an
outbreak state and a non-outbreak state. The Markov
Switching  framework allows the regression
parameters to vary across these unobserved regimes,
thereby accounting for potential changes in the
temporal relationship between the response variable
and the covariates. Markov Switching models, also
known as regime-switching models, have a key
feature: the switching mechanism is controlled by an
unobserved state variable that follows a first-order
Markov chain [21]. The Markov property assumes that
the current state depends only on the immediately
preceding state. In the present study, a two-state
Markov Switching regression model was used to
characterize temporal variation in daily confirmed
COVID-19 case counts, with State 1 representing the
non-outbreak regime and State 2 representing the
outbreak regime. A Markov Switching regression
model includes a time series Y: (t =1, ..., T) and a
sequence of covariates xi, .., x T, with the
relationship between x, and Y; defined as follows:

= f6I(x,) + oy 1)

where & represents the conditional error term, and s;
represents the unobserved state at time t, following an
N-state Markov chain. In a two-state model, defining
state 2 as the outbreak period and state 1 as the non-
outbreak period, the long-run probability of being in
the outbreak state at time t+1 can be calculated as [22]:

P[St+l = 1] = (1 — P22)/2 — P11 — P22), (2)
P[St+1=2]=(1 — P11)/(2 — P11 — P22).

In the present analysis, the response variable Yt
represented the daily number of confirmed COVID-19
cases, while the covariates represented daily aggregate
clinical and epidemiological characteristics of the
confirmed case series.

Statistical analyses were performed using SPSS
version 26 and R version 3.6.3. SPSS was used for data
management and descriptive statistical analyses. The
two-state Markov Switching model, including
estimation of regime-specific coefficients and
transition  probabilities, was fitted in R.
The “msmFit” function from the “MSwM” package in
R was employed for fitting the Markov Switching
model using the Expectation-Maximization (EM)
algorithm.

Results

Descriptive Characteristics

From January 31, 2020 to January 5, 2021, a total of
9,255 confirmed COVID-19 cases were recorded in
Kermanshah province, including 4,912 males (53.1%)
and 4,343 females (46.9%). The maximum daily
number of confirmed COVID-19 cases was 92, and the
minimum was 1. The mean age of patients was 54.65
years (median: 55.27 years). Approximately 49% of
patients reported a history of contact with a confirmed
COVID-19 case. Among all patients, 14.6% had
hypertension, 8.8% had diabetes, and 8% had
cardiovascular disease. The monthly trend of COVID-
19 cases in Kermanshah province is illustrated in Fig.
1.
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Fig. 1 Monthly trend chart of the number of COVID-19
cases 2020.
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Markov Switching Model Results

A two-state Markov Switching model was fitted to
the data. Daily aggregate clinical and epidemiological
characteristics included mean age and proportions of
cardiovascular disease, blood disorders, kidney
disease, asthma, other pulmonary diseases,
neurological disorders, hypertension, contact history
with an infected individual, smoking, substance abuse,
sex, liver disease, and diabetes. The response variable
was the daily number of confirmed COVID-19 cases.
The estimated coefficients for the two regimes are
presented in Table 1. These variables therefore showed
the greatest differences in their estimated associations
between the outbreak and non-outbreak regimes.

In State 2, the daily proportion of confirmed cases
with asthma showed a statistically significant positive
association with daily case counts (B = 3.066, SE =
1.359, p = 0.024). Chronic neurological disorders
showed a statistically significant negative association
in State 2 (B =-2.968, SE=1.339, p =0.027). In State
1, contact history with a patient with coronavirus
showed a statistically significant positive association
with daily case counts (B = 0.131, SE = 0.029, p <
0.001). In State 1, chronic liver disease showed a
statistically significant negative association with daily
case counts (B = —0.445, SE = 0.207, p = 0.031). The
other covariates did not show statistically significant
associations in the corresponding regimes (Table 1).
The smoothed and filtered state probabilities for
regime 1 and regime 2 in the two-state model are
shown in Figure 2. This figure illustrates the time-
series trend of COVID-19 alongside the smoothed and
filtered probabilities for regime 1. Smoothed
probabilities were used to identify peaks and troughs,
with a cut-off value of 0.5 for distinguishing between
states 1 and 2. Filtered probabilities were computed
using observations up to time t, while smoothed
probabilities were computed using all observations.

The autocorrelation and partial autocorrelation plots
of the residuals and squared residuals are presented in
Fig. 3. The residual ACF and PACF plots were
examined using their corresponding statistical
confidence bounds. The diagnostic plots indicated
evidence of residual serial correlation at several lags,
particularly in State 2. Therefore, the residuals could
not be considered completely independent. Q-Q plots
were also examined to assess the normality of the
residuals. The Q-Q plot in Fig. 4 shows that the
normality assumption for the residuals was
guestionable. The transition probability matrix for the
two-state Markov Switching model was:
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Py 1312]= Py 1—1311]= 3
Py1 Pp 1=Pp Py

0.99 0.01]

0.02 0.98

Thus, P11 = 0.99 (probability of staying in the non-
outbreak state), P22 = 0.98 (probability of staying in
the outbreak state), P12 = 0.01 (estimated long-run
probability of transitioning from non-outbreak to
outbreak), and P21 = 0.02 (estimated long-run
probability of transitioning from outbreak to non-
outbreak). The estimated long-run probability of an
outbreak at time t+1 was:

1-0.98
PlSts1 = 1] = =5 === 0.67 (4)

The estimated long-run stationary probability of being
in the outbreak regime (State 2) was 33.0%, compared
with 67.0% for the non-outbreak regime (State 1). The
expected duration of an outbreak was 1/(1 - P22) = 50
days, and the expected duration of a non-outbreak
period was 1/(1 - P11) = 100 days. The fact that P11 >
P21 and P22 > P12 indicates that both states (outbreak
and non-outbreak) were persistent. Furthermore, P21
> P12 suggests that prolonged non-outbreak periods
may reduce the estimated long-run probability of
subsequent outbreaks.

Regime 1

yothed Probabilities

Filtered Probabilities

babilities

1 Pro

Filtered Probabilities

Fig. 2 Smoothed and filtered state probabilities for regimes
one and two in the two-state model
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Table 1 Results of fitting the two-state Markov switching model

Variables (state)

MSM with two states

B SE p-value

Intercept (1) 14.941 4.193 <0.001*
Intercept (2) 34597 44.943 0.441
Age (1) -0.107 0.067 0.111
Age (2) -0.109 0.494 0.826
Chronic blood disorders (1) -0.106 0.353 0.764
Chronic blood disorders (2) -1.244 1.923 0.518
Cardiovascular disease (1) 0.035 0.059 0.551
Cardiovascular disease (2) -0.021 0.901 0.981
Chronic Kidney disease (1) 0.051 0.203 0.803
Chronic kidney disease (2) 0.280 1.946 0.886
Asthma (1) -0.093 0.173 0.592
Asthma (2) 3.066 1.359 0.024*
other pulmonary diseases except asthma (1) 0.190 0.167 0.255
other pulmonary diseases except asthma (2) -0.093 2.075 0.964
Chronic neurological disorders (1) 0.039 0.346 0.910
Chronic neurological disorders (2) -2.968 1.339 0.027*
History of hypertension (1) 0.095 0.057 0.093
History of hypertension (2) 0.002 0.030 0.956
Contact history with an infected individual (1) 0.131 0.029 <0.001*
Contact history with an infected individual (2) 0.326 0.206 0.113
Cigarette smoking history (1) 0.147 0.164 0.370
Cigarette smoking history (2) 0.037 0.023 0.112
History of Drug Abuse (Opium) (1) -0.136 0.197 0.490
History of Drug Abuse (Opium) (2) 1.398 1.017 0.169
Cancer (1) -0.013 0.142 0.930
Cancer (2) -1.279 0.673 0.057
Chronic liver disease (1) -0.445 0.207 0.031*
Chronic liver disease (2) 1.332 6.063 0.826
Diabetes (1) -0.075 0.049 0.137
Diabetes (2) 0.037 0.333 0.911
Gender ratio (1) 3.268 3.084 0.289
Gender ratio (2) 5.979 32.315 0.853

Note: (1) State 1: Non-outbreak; (2) State 2: Outbreak. * Indicates statistical significance at the 0.05 level (p < 0.05).
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Fig. 1 Autocorrelation and partial autocorrelation plots of
residuals and squared residuals for the two-state model
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Fig. 4 Normal probability plot of model residuals in the two-
state model

Discussion

This study employed a two-state Markov Switching
model to decompose the temporal pattern of daily
COVID-19 case counts in Kermanshah province into
two distinct regimes—"outbreak” and "non-
outbreak"—and to examine aggregate clinical and
epidemiological characteristics associated with daily
case counts within these regimes. The model identified
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periods with different temporal patterns in the
observed case-count series, reflecting the wave-like
nature of the COVID-19 pandemic described in
previous studies [23, 24]. However, these regimes
were identified in-sample using the same data used for
model estimation and were not independently
validated. Therefore, the identified outbreak and non-
outbreak periods should be interpreted as model-
derived temporal regimes rather than externally
validated epidemic phases. The application of Markov
Switching models to time-series data, particularly in
the presence of structural changes, was pioneered by
Hamilton [25]. These models can identify hidden
regime changes in time series—a capability often
overlooked in classical linear models such as random-
walk or fixed-parameter models [26]. In the context of
COVID-19 modeling, studies have shown that
dynamic and non-linear models can provide more
accurate predictions than simple linear models,
especially when transmission intensity varies over
time [27].

Among the factors examined, the daily proportion
of confirmed cases with asthma showed a positive
association with daily case counts during the outbreak
regime. This finding should be interpreted cautiously,
as the present analysis does not estimate an individual-
level association between asthma and COVID-19
infection or establish a causal relationship. Rather, it
indicates that days with a higher proportion of
confirmed cases reporting asthma were temporally
associated with higher daily case counts within the
outbreak regime. This finding aligns with studies
indicating that underlying respiratory conditions can
increase susceptibility to infection or severity of
COVID-19 outcomes [28]. Contact history with an
infected individual also showed a positive association
with daily case counts in the non-outbreak regime,
which is epidemiologically expected, as close contact
is a primary transmission route for SARS-CoV-2 [29].
Conversely, some chronic conditions, including
neurological disorders, and chronic liver disease,
showed negative associations in certain regimes. This
finding may be attributable to more protective
behaviors adopted by these patients or stricter
restrictions imposed on these vulnerable groups [30].
However, these findings should not be interpreted as
protective effects. Several factors may potentially
contribute to such temporal patterns, including
differences in healthcare-seeking behavior, case
ascertainment, clinical presentation, behavioral
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responses, public-health restrictions, and other
contextual factors. However, these factors were not
directly measured or included in the present study.
Therefore, these explanations should be considered
hypothesis-generating rather than direct explanations
supported by the study data.

From a statistical perspective, the residual
diagnostics indicated serial correlation at several lags,
particularly in State 2, as well as departures from
normality. These findings indicate that some of the
underlying assumptions of the Gaussian Markov
Switching model were not fully satisfied. In addition,
the discrete and potentially over dispersed nature of
the daily COVID-19 case counts should be considered
when interpreting the model estimates. In such
settings, generalized models with alternative
distributions, such as Poisson or negative binomial
models, may provide alternative approaches [31]. The
findings of this study have important practical
applications. Early identification of entry into an
outbreak regime can assist public health officials in
implementing non-pharmaceutical interventions more
rapidly. Epidemiological modeling studies have
demonstrated that timely interventions can
significantly reduce mortality burden and healthcare
system strain [32].

Recent evidence further supports the value of
regime-based approaches for COVID-19 surveillance,
while highlighting their role as complementary rather
than stand-alone approaches. Regime-switching
models can capture shifts between different phases of
COVID-19 case-count patterns and to provide an
interpretable representation of changing epidemic
states [33]. Other modeling approaches have also
emphasized the importance of incorporating time-
varying parameters, external data sources, and
epidemiological information when characterizing
changing transmission dynamics [34, 35]. Importantly,
comparative evaluations of COVID-19 modeling
approaches further indicate that no single modeling
framework consistently outperforms all others across
different epidemic waves and settings [36]. Taken
together, these findings support the use of the Markov
Switching framework as a complementary approach
for characterizing temporal variation in daily COVID-
19 case counts and identifying outbreak and non-
outbreak regimes in a regional setting. Future studies
could extend this approach by incorporating directly
measured behavioral, public-health, healthcare-
seeking, and virological information to better

characterize the contextual factors underlying
temporal changes in COVID-19 case counts.

Limitations

This study has several limitations. First, the analysis
was based on hospital-ascertained confirmed cases and
lacked a population denominator; therefore, the
findings represent daily case counts rather than
population-based incidence. Changes in testing, case
ascertainment, and reporting over time may also have
influenced the observed patterns. Second, the clinical
and epidemiological predictors were aggregated as
daily proportions among confirmed cases, which may
introduce ecological bias and limits individual-level or
causal interpretation. Third, the Gaussian error
specification does not explicitly account for the
discrete and potentially over dispersed nature of the
outcome. Finally, no formal out-of-sample forecasting
evaluation or external validation was performed.
Therefore, the findings should be considered primarily
as an exploratory characterization of temporal
regimes, and independent validation would be needed
before broader monitoring or predictive applications.

Conclusion

In summary, the two-state Markov Switching model
identified distinct outbreak and non-outbreak regimes
in the temporal pattern of daily confirmed COVID-19
case counts in Kermanshah province. Several
aggregate clinical and epidemiological characteristics
showed statistically significant temporal associations
with daily case counts within specific regimes,
including asthma, chronic neurological disorders,
chronic liver disease, and contact history. These
associations should be interpreted at the aggregate
temporal level and should not be considered
individual-level risk factors, protective effects, or
causal relationships.
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