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Introduction: Several studies in developed and developing countries have analyzed the health risk
factors associated with COVID-19 mortality. Comorbid diseases are a key explanatory factor behind
COVID-19 mortality, but current studies treat comorbidities in isolation, at average-population val-
ues, and rarely assess how death risk varies for different health profiles across institutions. Estimating
death risk variations for different interactions between comorbid diseases and across healthcare insti-
tutions is crucial to gaining a significant depth of understanding in relation to mortality during the
pandemic.

Methods: This study relies on data from approximately half a million people in Mexico (of all
recorded cases through August 15, 2020) and on Bayesian estimation to provide a more robust estimate
of the combined effect of several comorbidities and institutional inequalities on COVID-19 mortality.

Results: The findings of the study illustrate the additive effects of several comorbid diseases, with
the presence of obesity, diabetes, hypertension, and chronic kidney disease increasing the mortality
risk of COVID-19. There are also variations in the risk of death across the heterogeneous Mexican
health system.

Conclusions: This study shows that COVID-19 mortality risk sharply increases in patients with 2
or more comorbid diseases (obesity, diabetes, hypertension, and cardiovascular diseases) in Mexico.
However, death risk varied significantly across institutions for patients with the same comorbidity
profile.
Am J Prev Med 2021;60(4):471−477. © 2020 Published by Elsevier Inc. on behalf of American Journal of Preven-
tive Medicine.
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Coronavirus disease 2019 (COVID-19) emerged
in Wuhan, China, in December 2019 caused by
the virus strain severe acute respiratory syndrome

coronavirus 2 (SARS-CoV-2).1 Infection manifestations
range from no symptoms to a severe acute respiratory
disease that can lead to serious illness or death.2

International research in developed countries suggests
that older age and comorbid diseases such as diabetes,
hypertension, cardiovascular disease (CVD), chronic lung
disease, and chronic kidney disease (CKD) are risk factors
for severe illness—patients requiring hospitalization,
intensive care unit admission, and invasive mechanical
ventilation—and death.3−6 These risk factors have also
been correlated with other similar viral infections, such as
influenza H1N1, severe acute respiratory syndrome, and
Middle East respiratory syndrome.1,2,5,7,8
Hypertension has been the most prevalent underlying
condition among hospitalized patients with COVID-19
across different countries.9 A total of 3 meta-analyses
found a positive relationship between hypertension and
COVID-19 severity (Y Chen, unpublished data, March
2020),10,11 but evidence on the effects of hypertension
on mortality suggest that among nonsurvivors, it is the
most common disease.12,13
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CVD also correlates with the severity of COVID-19
infection. Patients in the U.S. with pre-existing heart dis-
ease are more likely to require invasive mechanical ven-
tilation during hospitalization.14 In China, the second
most prevalent underlying condition among hospitalized
patients with COVID-19 is CVD.9,15 Findings from 2
meta-analyses of Chinese studies support the thesis that
the presence of coronary heart disease and CVD increases
the risk of developing severe illness almost threefold.11,12

In addition, 2 small retrospective studies in China suggest
that patients with CVD have a significantly higher risk of
death13,16; however, CVD does not have an effect in a
sample of U.S. patients with COVID-19.17

Several studies have suggested that diabetes increases
the severity of COVID-19.8 In China, the pooled esti-
mate from 9 studies indicates that it increases the risk of
severe illness almost 3-fold.11,17 Descriptive cross-tabu-
lated data suggest that higher percentages of deaths are
prevalent among those patients with a previous diagno-
sis of diabetes.11,13,18,19 A meta-analysis of 4 studies finds
weak evidence of the effect of CKD,20 but a pooled-data
model in the same study suggests that its effect on death
risk is higher than reported in single studies.
Obesity has also been reported as another critical risk

factor.4 Patients who are obese studied in China are
more likely to progress to severe pneumonia owing to
COVID-19.21 A small retrospective cohort study con-
ducted in France indicates that the risk of receiving inva-
sive mechanical ventilation was higher for those patients
with a BMI >35 kg/m2.22 A large prospective cohort
study in the U.S. reported that among people with
COVID-19 admitted to hospital (n=5,279), those with a
BMI >40 kg/m2 had a greater risk of critical illness and
death.17 Similarly, another study determined that those
aged <60 years with obesity (BMI 30−34.9 kg/m2) were
more likely to be admitted to acute and critical care.23

Many of the extant studies model the effect of comor-
bid diseases in isolation at average-population values, and
the emerging evidence from developing countries regard-
ing COVID-19 risk factors echoes the same approach.
This recent research forms an important addition to the
literature because it analyzes data from countries where
health and institutional profiles differ significantly from
those in developed countries. In Mexico, recent studies
have examined the risk factors associated with the risk of
infection,24 severity, and mortality.25−28 This literature is
consistent with the international research but uses data
that do not include the approximately 250,000 new
cases that occurred during the peak of the pandemic in
July−August. Furthermore, Mexico’s epidemiologic
profile includes a high prevalence of obesity (36.1% in
adults in 201829), CVD, and diabetes—the 3 leading
causes of mortality—combined with high levels of
institutional inequality.30 Therefore, it is important to
conduct more detailed analyses (using a most recently
updated database) of the interactions of comorbidities
(in such unequal institutional settings) and their impact
on COVID-19 mortality risk.
The aims of this study are 2-fold. First, it sets out to

examine how the interaction effects of noncommunica-
ble diseases affect mortality risk by analyzing a larger
sample of patients with COVID-19 and using more
robust statistical modeling. Second, it aims to estimate
how the risk varies across institutions for different
comorbidity profiles.
METHODS

Study Sample
Patient data came from official records of all confirmed COVID-
19 cases and deaths in Mexico (August 15, 2020). There are
515,090 total cases in the patient data (n=55,963 registered
COVID-19 deaths). The data are public and freely available.31
Measures
This study modeled the variation in COVID-19 death risk across
several comorbidities and different healthcare institutions after
adjusting for individual characteristics and other relevant auxil-
iary variables. The outcome variable was a binary indicator
(COVID-related confirmed deaths versus COVID-19 positive but
alive). The effects of both comorbid diseases being treated in a
given institution on the risk of death were adjusted according to
the following sets of variables: (1) sociodemographic information
(age, sex, ethnic background), geographic data (state and munici-
pality of residence), patient’s ancillary variables (asthma, smoking,
immunosuppressants, and other illnesses), and information on
the time of diagnosis and healthcare intervention to control for
time dependency. Table 1 and Appendix Table 1 (available online)
describe these variables, and Figure 1 shows the coefficients from
the model.
Statistical Analysis
A hierarchical Bayesian modeling approach was implemented
to estimate the adjusted effects of both comorbid diseases and
institutions on COVID-19 mortality risk. A total of 2 reasons
underpin the selection of this approach. First, both large differ-
ences in population across states and municipalities and
unknown contextual factors might influence the point esti-
mates from a standard model. Hierarchical models result in
better estimates than model uncertainty using random effects
(i.e., intercepts for states and municipalities) and produce par-
tially pooled estimates (i.e., shrink the point estimates toward
average-population values).32 Therefore, state-level differences
are conditional on the model. Second, random effects from
hierarchical Bayesian models are more robust than those from
maximum likelihood estimation, and the Bayesian model relies
on the Hamiltonian Monte Carlo algorithm (M Betancourt,
unpublished data, July 2018), which outperforms standard
maximum likelihood estimators when using large and complex
models in terms of both speed and accuracy.32
www.ajpmonline.org



Table 1. Descriptive Statistics of the Different Factors and
Individual-Level Characteristics in the Sample

Variable
With characteristic,
% total sample (total)

Demographic

Male 53 (271,822)

Indigenous people 1 (5,312)

Aged ≤49 years 62 (320,936)

Illness

Obesity 19 (95,840)

Diabetes 16 (82,062)

Asthma 3 (13,634)

Smoker 7 (37,021)

Immunosuppressants 1 (5,988)

High blood pressure 20 (101,806)

Chronic renal disease 2 (10,107)

Heart disease 2 (10,668)

Institution

State (local) 2 (11,196)

IMSS 32 (164,732)

ISSSTE 4 (22,294)

PEMEX 1 (5,999)

Private 3 (15,465)

SEMAR 1 (4,033)

SEDENA 1 (3,360)

SSA 55 (283,028)

Note: Age was included in the model as a continuous variable. Army
health system includes SEDENA and SEMAR; Mexican Petroleum Insti-
tution includes PEMEX; open public health system includes SSE; and
social security systems include IMSS and ISSSTE.
IMSS, Instituto Mexicano de Seguro Social; ISSSTE, Instituto de Seguri-
dad y Servicios Sociales para los Trabajadores del Estado; PEMEX, Pet-
r�oleos Mexicanos; SEDENA, Secretaría de la Defensa Nacional; SEMAR,
Secretaría de Marina; SSA, Secretaría de Salubridad y Asistencia.
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A 3-level hierarchical model (states, municipalities, and indi-
viduals) with a Bernoulli distribution was fitted to the data
(Appendix, available online). The model uses weak priors
(ui » ½0; 1�) for all variables included in the model32 and was esti-
mated in R, version 4.0.2, using Rstan in combination with the
brms() package.33,34

A key objective of this paper was to obtain the interaction effect
of comorbidities. However, the interaction of binary variables is
difficult to interpret, especially for interactions with ≥3 variables.
Hence, in the second step, marginal effects (i.e., adjusted probabil-
ities for different population profiles) were obtained from the
model for different combinations of factors to assess more clearly
the variations in death risk probability for different combinations
of comorbidities. This procedure uses the coefficients of the hier-
archical model to calculate adjusted probabilities for a given com-
bination of variables, such as the probability of death for patients
with both obesity and diabetes (after adjusting by the mean popu-
lation values of all other variables in the model). Hence, probabili-
ties for all possible interactions of the 4 comorbidities were
estimated (4£ 4=16).

The use of the procedure and the large sample size allowed the
authors to go beyond average-population probabilities and look at
April 2021
the changes in the risk for specific population profiles. For the
analysis of the institutional differences in risk, probabilities for 2
different profiles were produced: high and medium risks. The
high-risk group comprises the population with ≥2 comorbid-
ities, and the medium-risk group represents the population with
average values in all variables, including comorbid diseases.
Therefore, this study can assess how the risk varies according to
each institution for both average/typical populations and high-risk
populations.

The data were not prepared specifically for a fully randomized
experiment, so it is important to consider the impact of different
sources of error and bias: measurement/coding errors, sample/
data dependency, and model dependency. To cross-validate the
consistency of estimates from the Bayesian model, quasi-experi-
mental analyses were undertaken as a second robustness check
because they help to establish whether the effect holds for 2 other-
wise similar patients. For each comorbidity, the nearest neighbor
method, using the Mahalanobis distance, was implemented to
obtain a well-matched subset of similar/comparable (given all
observable characteristics in the data) patients.35 This subsample of
equivalent patients was then used to estimate the effect of the
comorbidity in question. The resulting effect was compared with
that from the hierarchical Bayesian model (Appendix Figures 2−4,
available online). R-package MatchIt() was used to conduct the
quasi-experimental analyses.35
RESULTS

Table 1 shows the raw proportion of recorded deaths for
each demographic and illness status and by institution.
In almost all cases, there are observable differences
within each group. Individuals who were male, indige-
nous (indigenous language speakers), and older were
more likely to die from COVID-19. Those with diabetes,
CVD, CKD, and hypertension, in addition to those tak-
ing immunosuppressants, were also at a higher risk of
death. There was significant variation in death rates
across institutions, ranging from 1% to 20%.
Figure 1 shows the estimated coefficients from the

hierarchical Bayesian model. Females, leaving the other
variables constant, had a lower fatality risk than males.
Indigenous patients also had a higher risk than those
with no declared indigenous background. Age also had a
strong linear effect, with an OR of 1.14 (95% CI=1.13,
1.15) for each additional year of age. Patients taking
immunosuppressants had a higher risk than those who
do not (OR=1.60, 95% CI=1.40, 1.70). Smokers did
not seem to have a greater risk once other factors were
considered.
Duration of the disease was greater for sick patients at

the peak of the pandemic (July), although there is, of
course, a lag between diagnosis and mortality. The gap,
measured in days, between developing symptoms and
seeking medical attention had a small but positive effect.
Hence, the longer it takes to receive medical attention,
the higher the death risk.

https://www.facebook.com/SEDENAmxOficial/


Figure 1. Estimated coefficients from the hierarchical Bayesian model.
Note: ORs (95% CI) x-axis in log-scale. IMSS, Instituto Mexicano de Seguro Social; ISSSTE, Instituto de Seguridad y Servicios Sociales para los Traba-
jadores del Estado; PEMEX, Petr�oleos Mexicanos; SEDENA, Secretaría de la Defensa Nacional; SEMAR, Secretaría de Marina; SSA, Secretaría de
Salubridad y Asistencia.
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Diabetes, obesity, hypertension, and chronic renal dis-
ease increased the odds of COVID-19−related death,
with chronic renal disease having the highest effect
(2.31, 95% CI=2.20, 2.42). Diabetes (OR=1.63, 95%
CI=1.66, 1.59) and obesity (OR=1.48, 95% CI=1.44,
1.51) had similar effect sizes. CVD did not seem to influ-
ence death risk. The combined effect of these comorbidities
is further explored and explained below.
There was also a clear relationship between the institu-

tion offering medical attention and death risk. Patients at
private clinics and within the navy health system (Secreta-
ría de Marina) had lower death risks than those in the
open public health system (Secretaría de Salubridad y
Asistencia). Yet, people receiving care at public local state
hospitals, the army (Secretaría de la Defensa Nacional),
and the 2 major social security systems (Instituto Mexi-
cano de Seguro Social [IMSS] and Instituto de Seguridad
y Servicios Sociales para los Trabajadores del Estado
[ISSSTE]) had higher death risks. These findings reflect
large interinstitutional inequalities in Mexico, and these
effects are explored further in the following subsections.
After adjusting for individual-level factors, the

state-level intercepts from the model suggest that the
COVID-19−related death risk varied considerably
www.ajpmonline.org
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Figure 2. Adjusted probabilities of COVID-19 mortality by com-
binations of comorbidities (95% CI).
CKD, chronic kidney disease.
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across states and municipalities (Appendix Figure 4, avail-
able online). Around 12% of the unexplained variance
was due to municipal differences and 8% due to state-level
differences. This result indicates that there are other sour-
ces of risk across the Mexican territory affecting patients’
chances of overcoming the illness. States with lower aver-
age death risk tend to perform better across several key
indicators, including gross domestic product per capita,
infrastructure quality, and lower multidimensional pov-
erty, than some of those with higher average death risk.
However, the pattern is not conclusive, and this hypothe-
sis requires further exploration to assess the contextual
factors that explain interstate differences.
A second objective of the analysis was to estimate

adjusted probabilities for different population profiles.
These probabilities draw on the hierarchical model and
were calculated to explore how interactions between the
main risk factors can increase patient risk. The probabil-
ities below consider the average value of the other varia-
bles so that these estimates approximate the mean
probability for the typical sample population.
Figure 2 shows interactions among the 4 diseases

(obesity, diabetes, hypertension, and CKD). Because the
interaction is across binary variables (with and without
the disease), this leads to 16 possible states. The circle in
the bottom panel on the right shows the probability of
COVID-19−related fatality for people without any of
the 4 diseases (7%). In the same panel, it is possible to
see the increase in probability for people with diabetes
but not with the other 3 diseases. By contrast, the top
panel on the left shows the probability of death for peo-
ple with all the 4 diseases (26%), which, according to
these findings, was 3.5 times higher for this second
group than for those without them.
Figure 3 shows the estimated probabilities for each

healthcare subsector. The estimates approximate 2 types
of populations: typical and high risk (see Methods sec-
tion). The results show that there was substantial varia-
tion across institutions. The probability of death ranged
between 5% and almost 10% across institutions for the
average population (medium risk). These values almost
tripled once high health risks were included; however,
the effect was much higher for patients at primary social
security institutions (IMSS and ISSSTE) and local public
hospitals (Secretaría de Salubridad y Asistencia). The
lowest probability was for those patients in the private
sector, whereas the probability was nearly the same as
for relatively healthy patients at the IMSS.
Figure 3. Adjusted probabilities of COVID-19 mortality accord-
ing to healthcare sector by health risk group.
IMSS, Instituto Mexicano de Seguro Social; ISSSTE, Instituto de Seguri-
dad y Servicios Sociales para los Trabajadores del Estado; PEMEX, Pet-
r�oleos Mexicanos; SEDENA, Secretaría de la Defensa Nacional; SEMAR,
Secretaría de Marina; SSA, Secretaría de Salubridad y Asistencia.
DISCUSSION

The study aimed to examine, after adjusting by different
individual-level characteristics, how noncommunicable
April 2021
disease interactions affect mortality risk by COVID-19
in Mexico and how death risk varies across institutions
for different comorbidity profiles. The findings of this
study suggest that obesity, diabetes, hypertension, and
CKD increase the mortality risk of COVID-19, in line
with previously published research in Mexico26 and
internationally.12,17−20

When examining how death risk varies for different
combinations (interactions) of comorbid diseases, it
doubles when obesity interacts with diabetes, CKD, or
hypertension. Obesity is a major health problem in the

https://www.facebook.com/SEDENAmxOficial/
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Mexican population, and the models show that COVID-
19 mortality increases in line with this metric. The
increased risk of death among patients who are obese is
consistent with other studies in Mexico25,26 and 1 in the
U.S.,17 which is expected considering that these 2 coun-
tries have the highest prevalence of obesity worldwide.36

For the case of Mexico, the results in this study raise
questions about the specific mechanisms through which
the Mexican obesity epidemic interacts with the current
pandemic. These questions are of major importance for
the clinical literature because they will not only help
improve the healthcare protocols in situ for populations
with obesity but also highlight the importance of
strengthening obesity prevention strategies.
The interaction of diabetes with other comorbidities,

namely CKD and hypertension, also doubles the risk of
COVID-19 mortality. This is of utmost importance in
the Mexican context because diabetes mellitus was the
second cause of death in the country in 2018.30 Hence,
the combination of the COVID-19 pandemic and the
precarious health profile of the Mexican population has
exacerbated the nation’s death risk.
This paper examined the role of Mexican health insti-

tutions in managing the current health crisis. The analy-
sis suggests that death risk significantly varies across
institutions. The risk is higher for patients attending 2 of
the main social security institutions (IMSS and ISSSTE):
the death risk for an average patient is 2 times that of
the national average and 3 times higher than that in the
private sector. When considering critical health profiles
(i.e., people suffering from ≥2 comorbidities), the risk
increases across all institutions but remains low in the
private health sector and triples for social security insti-
tutions. The differences in human and material resour-
ces and patient demand between private and public
institutions might be key explanatory factors in these
dramatic differences because they mirror longstanding
health and spatial inequalities in Mexico.37−39

Limitations
This study has both strengths and limitations. First, this
is the largest data set of patients with COVID-19 ever
analyzed in Mexico to date, resulting in robust estimates
of the effects of interactions between comorbidities on
mortality. In addition, it is the first study to estimate
how death risk varies across institutions in relation to
different health profiles. One limitation is that under-
reporting and bias could influence the model results in
different ways. The impact of bias could be major if offi-
cial records do not include a large population with a pro-
file that is too different from those included in the data.
This study employed a double robustness check to mini-
mize the impact of any sources of biases.
The study did not model the state- or municipal-level
effects, so research is required to cover this weakness.
Another important consideration is the contrasting find-
ing from this study in relation to the international litera-
ture (mostly Chinese studies) that CVD is not associated
with mortality, as noted by Petrilli et al.17 in the U.S. A
potential explanation for this similarity is that both
countries share similar health profiles, defined in part by
the obesity epidemic and health inequalities, which
apparently seem to cancel out the potential effect of
CVD on mortality. This requires further research with
an even larger sample size to ensure that CVD has no
role in increasing mortality in patients with COVID-19.
Finally, this study is limited because it did not look at
intrainstitutional variations. Empirical research on this
matter is fundamental to understanding more precisely
the performance of public health institutions.
CONCLUSIONS

This study shows that COVID-19 mortality risk sharply
increases in patients with ≥2 comorbid diseases (obesity,
diabetes, hypertension, and CVDs) in Mexico. However,
the paper shows that death risk varies significantly
across institutions for patients with the same comorbid-
ity profile. Hence, it is very likely that 2 otherwise similar
patients will have different outcomes if they are treated
in different institutions. The study of the source of these
variations in risk across institutions is central to under-
stand the impact of differences in resources and provi-
sion on individuals’mortality.
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