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ABSTRACT

Objective Nursing homes’ residents and staff constitute
the largest proportion of the fatalities associated with
COVID-19 epidemic. Although there is a significant
variation in COVID-19 outbreaks among the US nursing
homes, we still do not know why such outbreaks are larger
and more likely in some nursing homes than others. This
research aims to understand why some nursing homes are
more susceptible to larger COVID-19 outbreaks.

Design Observational study of all nursing homes in the
state of California until 1 May 2020.

Setting The state of California.

Participants 713 long-term care facilities in the state of
California that participate in public reporting of COVID-19
infections as of 1 May 2020 and their infections data could
be matched with data on ratings and governance features
of nursing homes provided by Centers for Medicare &
Medicaid Services (CMS).

Main outcome measure The number of reported
COVID-19 infections among staff and residents.

Results Study sample included 713 nursing homes.

The size of outbreaks among residents in for-profit

nursing homes is 12.7 times larger than their non-

profit counterparts (log count=2.54; 95% Cl, 1.97 to

3.11; p<0.001). Higher ratings in CMS-reported health
inspections are associated with lower number of infections
among both staff (log count=—0.19; 95% Cl, —0.37 to
—0.01; p=0.05) and residents (log count=—0.20; 95% Cl,
—0.27 to —0.14; p<0.001). Nursing homes with higher
discrepancy between their CMS-reported and self-reported
ratings have higher number of infections among their

staff (log count=0.41; 95%Cl, 0.31 to 0.51; p<0.001) and
residents (log count=0.13; 95%Cl, 0.08 to 0.18; p<0.001).
Conclusions The size of COVID-19 outbreaks in nursing
homes is associated with their ratings and governance
features. To prepare for the possible next waves of
COVID-19 epidemic, policy makers should use these
insights to identify the nursing homes who are more likely
to experience large outbreaks.

INTRODUCTION

Nursing homes have been most severely
impacted by the COVID-19 pandemic owing
to the advanced age and high number of
comorbidities of their residents.' % In Europe,
as much as 57% of all deaths related to

3,4

Strengths and limitations of this study

» A bivariate Poisson model is employed to better
capture the interdependencies of COVID-19 cases
between staff and residents.

» Predictive models are developed to identify nurs-
ing homes with the highest chance of experiencing
COVID-19 outbreaks.

» Data analysed are only from California.

» The dataset on nursing homes’ features is based on
the year 2017.

» The number of COVID-19 cases reported by nursing
homes may be subject to under-reporting.

COVID-19 were at such facilities.? In the USA,
nursing homes’ residents and staff account
for 34% of all COVID-19 fatalities.* Infection
prevention and control at nursing homes and
long-term facilities has therefore become a
priority in managing the epidemic.’ 6

Given the considerable variation in the prev-
alence and size of the COVID-19 outbreaks at
nursing homes, the objective of this research
is (1) to understand why some nursing homes
are more susceptible to COVID-19 outbreaks,
and (2) to develop predictive models that
can identify such nursing homes so that they
could be prioritised in efforts to prevent and
contain next waves of the epidemic.7 s

METHODS

Patient and public involvement

Patients had no influence on the research
questions or outcomes of this research. No
patients were involved in the design of this
study. We used blind patient files; there-
fore, no patient recruitment took place. We
only used data on the aggregated number
of patients with COVID-19 and staff in the
nursing homes as reported by the state of Cali-
fornia and therefore no personal information
of patients was used in this study. Given the
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nature of removing all personal information, there is no
requirement to disseminate the information to patients.

Data sources and study variables

We collected data from various publicly available sources.
The New York Times aggregates and provides data on
COVID-19 cases per county.” California Department of
Public Health (CDPH) provides data on the number of
confirmed COVID-19 infections among staff and resi-
dents of nursing homes in the state.'” Centers for Medi-
care & Medicaid services (CMS) provides data on nursing
home characteristics, including their self-reported ratings
and CMS health inspections.'" A description of this data
is provided in the next section. Applying the methods
suggested by Han et al,'* we identified the nursing homes
with significant discrepancies between their self-reported
measures and independent CMS inspections for a consec-
utive H-year period. We aggregated the results and used
the number of years a nursing home is predicted to be a
likely inflator as the overall inflation score for a nursing
home. Therefore, an honest nursing home will have an
inflation score of 0 while an inflating nursing home can
have an inflation score between 1 and 5, with 5 being the
most severe. In our dataset, 19.25% of nursing homes
were inflating their scores and some of these had a score
of 5 indicating that they inflated their scores in all 5 years.

These methods rely on data that are only available for
nursing homes in California and therefore, the scope of
this study is also limited to nursing homes in California.
After cleaning and merging the abovementioned data
sources, we analysed a final dataset consisting of 713
nursing homes in California. Details of the data cleaning
and merging process are presented in online supple-
mental appendix 1.

We examined the following outcomes in this study:
whether a nursing home has at least one COVID-19
infection among its residents or staff, the number of
confirmed COVID-19 infections among its residents and
the number of confirmed infections among its staff. We
also calculated a fourth outcome that indicates the large
outbreaks as the ones in which more than 10 members
of staff or residents were infected with COVID-19. This
threshold translates to approximately 95th percentile of
the number of infected staff. Given that more residents
are infected than staff, this threshold translates to 75th
percentile of the number of residents.

The independent variables describe the severity of the
COVID-19 outbreak in the surrounding area of a nursing
home, its governance characteristics, as well as its ratings
on quality, staffing and CMS inspections. Table 1 provides
detailed description of the study variables. Note that
while almost all nursing homes have resident councils,
only 20% of nursing homes have existing family councils.
We included the existence of family council as a binary
variable in our analysis with the contention that it may
imply closer coordination and higher engagement with
the families of the residents.

Description of CMS’ nursing home compare system

The CMS nursing home rating data consist of basic infor-
mation about nursing facilities such as name, address,
phone number and so on, as well as some key features
used in our analysis, such as the number of certified beds,
whether the nursing home is for-profit or non-profit,
whether the nursing home has a family council and so on.

The CMS nursing home rating data serve the CMS
nursing home compare system, in which nursing home
ratings are generated based on three domains: inspec-
tion, staffing and quality measures. The inspection is
conducted and reported by CMS-certified inspectors
annually. The other two domains are self-reported by
nursing homes. The annual inspection investigates
areas such as medication management, nursing home
administration, environment, food service and residents’
rights and quality of life. The staffing domain is evalu-
ated based on the selfreported CMS Certification and
Survey Provider Enhanced Reports staffing data. The two
measures used are the total nursing hours and registered
nursing hours and are adjusted for case-mix based on the
resource utility group case-mix system derived from the
minimum data set. The staffing star rating is then updated
by the end of the quarter when raw data are collected.
Note that with more recent changes, the staffing data
reported by nursing homes are subject to validation with
nursing homes’ payroll data reported through payroll-
based journal. The quality measure rating uses quality
measurement criteria, which covers both long-stay terms
and shortstay terms. The quality measure star rating is
updated by the end of each quarter by using the results
from three most recent quarters.

To calculate the star ratings, CMS first assigns an initial
star rating to all nursing homes based on their annual
inspection results. Nursing homes are then assigned star
ratings for the staffing and quality measures domains. The
overall star rating is then calculated by considering the
inspection rating as the baseline, increasing or decreasing
by one star if any self-reported domain satisfies the condi-
tions stated as follows. Both 4 and 5 stars in staffing
rating are qualified for obtaining additional overall star
rating, while only 5 stars in quality measure is qualified.
Additional conditions apply to nursing homes whose
inspection ratings are only 1 star, and for nursing homes
which are in the CMS’s special focus facility programme.
The overall star rating is lowered by one star if any self-
reported domain is 1 star. The overall star rating cannot
be more than 5 stars or less than 1 star. Detailed data from
CMS on nursing homes are available online."

Statistical analysis

To answer the first research question and understand why
some nursing homes are more susceptible to COVID-19
outbreaks, we applied Zero Inflated Bivariate Poisson
(ZIBP) regression. The model allows us to examine the
effects of nursing homes’ ratings, governance features
and their surroundings on the likelihood and size of their
COVID-19 outbreaks. Econometric details of the model
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are provided by Walhin."* Conventional Poisson models
are suitable for modelling count data, while the zero
inflated variation of Poisson model is more suitable for
modelling count data with excess zeros, especially when
excess zeros are generated by a separate processes that
could be modelled separately. This leads to a framework
that consists of a logit model for estimating the excess
zeros in addition to a Poisson count model. ZIBP model
is an extension of zero inflated Poisson model and is
best suited for situations in which the count data with
excess zeros are generated for two outcomes that may
be correlated. In cases where the outcome variables are
independent, the model reduces to the product of two
independent zero inflated Poisson regression models,
referred to as Zero Inflated Double Poisson model. in
our setting, the two count variables are the number of
COVID-19 infections among staff, and residents. These
counts include excess zeros since many nursing homes
reported no COVID-19 cases, primarily because they are
located in areas where at the time of the data collection,
had not yet experienced significant surges in COVID-19
cases. These two counts are also correlated since they
both happen at the same nursing home and the factors
that give rise to them are common at the nursing home
level.

Intuitively, we assume that the number of zero’s in the
count of infected staff and residents is generated either
because the nursing home was in an area that was less
infected by the COVID-19 or because it implemented
successful prevention procedures to protect its staff and
residents. Moreover, we assume that in a nursing home,
the number of infected staff covaries with the number of
infected residents since they can infect each other and
since common infection prevention and control policies
apply to both groups. Taking this interdependency into
account also alleviates the concerns over the possible
impact of omitted variables in our model. In this context,
because of the close proximity of residents and staff, the
same variables that could affect the number of infec-
tions among one group would most likely also impact
the number of infections among the other group. The
covariance coefficient captures this interdependency
in outcomes. As a sensitivity analysis, we also report the
results of Zero Inflated Double Poisson regression. In this
model, the counts of infections among staff and residents
are assumed to be independent from each other. We use
NLMIXED procedure in SAS software to estimate our
models."” ' Note that we have provided access to both the
data and the SAS code for this analysis.'” '®

To answer the second research question and identify
the nursing homes with the highest risk of COVID-19
outbreaks, we used our models to predict the proba-
bility of experiencing an infection and compared their
performance with common machine learning tech-
niques, namely neural networks (NN) and support
vector machine with radial basis function (SVM-RBF)
kernel. Since our problem has a highly nonlinear struc-
ture, advanced machine learning models such as NN and

SVM that do not rely on data structure assumptions may
provide a flexible and desired solution. The target vari-
able in each model is equal to 1 if at least one patient
or staff reported to be infected. The prediction features
include nursing home governance features such as occu-
pancy rate, number of certified beds, whether a family
council presents, whether the nursing home is for profit
or not and inflation score evaluated from past years.
The nursing homes’ health inspection rating, staffing
rating and quality rating are also included. The machine
learning models are implemented in Python V.3.7 with
70% data training and 30% data testing. The entire
dataset is used to plot the lift chart. We also measured
the performance of our models in predicting the nursing
homes with highest risks of experiencing large outbreaks
with more than 10 infections.

RESULTS

Study sample

During the data cleaning and merging process, 493
nursing homes were eliminated from our final sample,
either because their names were not matching across
different datasets, or their ratings information is not
available from CMS, or because their COVID-19 infec-
tions are not reported by CDPH. To ensure that the final
sample is random and our results are not biased, we
compared the eliminated nursing homes with the ones
in the study sample. The results of two sample t-tests
and logistic regression are presented in online supple-
mental appendix 1. None of the observed governance
factors affect the chance of being included in the sample.
Among the remaining variables, while the difference with
regards to quality ratings and county infections per 100
000 is statistically significant between the two groups,
their magnitude is small and serve to make our estimates
more conservative.

Study sample included 713 nursing homes in California.
As reported in table 1, as of 1 May 2020, 23% of the study
sample reported at least one COVID-19 infection among
either their staff or residents. Of those, 31% experienced
large outbreaks with more than 10 infections among
either their staff or residents. The geographic spread
of COVID-19 infections in California nursing homes
is graphically presented in the online supplemental
appendix 1.

Preventing COVID-19 infections

According to the model selection criteria reported in
table 2, the ZIBP model provides a better fit as its Akaike
information criterion (AIC), Bayesian information crite-
rion (BIC), and —2log likelihood are all smaller than
those of Zero Inflated Double Poisson model. We there-
fore report the estimates of the ZIBP model in the text.
The coefficients in the first panel of table 2 represent how
the log odds of experiencing an infection changes with
one unit of increase in the corresponding predictor. As
reported in the first panel of table 2, the only variables
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Table 2 Effects of study variables on the likelihood and the size of COVID-19 outbreaks

Zero Inflated Bivariate Poisson Model

Zero Inflated Double Poisson Model

Parameter Estimate 95% Cl P Value Estimate 95% Cl P Value
Nursing home (likelihood of nursing home getting at least one COVID-19 infection)
Intercept -2.34 -4.41t0 -0.28 0.03 -1.76 -3.7510 0.24 0.08
County infections per 100K 0.01 0.01 to 0.02 <0.001 0.01 0.01 to 0.02 <0.001
For profit -0.36 -0.94 t0 0.22 0.22 -0.27 -0.85 to 0.31 0.36
Family council 0.19 —-0.28 to 0.64 0.44 0.21 —-0.26 to 0.67 0.38
Certified beds 0.01 0.01 to 0.02 0.01 0.01 0.01 to 0.02 0.01
Occupancy rate -0.2 -1.99 to 1.59 0.83 -0.98 -2.69 t0 0.74 0.26
Inspection rating -0.02 -0.19t0 0.17 0.9 -0.02 -0.19t0 0.17 0.90
Quality rating -0.14 -0.36 to 0.1 0.26 -0.13 —-0.35t0 0.1 0.27
Staffing rating 0.01 -0.17100.18 0.97 -0.01 -0.18t0 0.17 0.96
Inflation score 0.06 -0.18 t0 0.28 0.67 0.06 -0.17 t0 0.29 0.61
Infected staff (number of staff with confirmed COVID-19 infections)
Intercept 0.21 -2.11 t0 2.52 0.87 —-0.43 -2.1t01.25 0.63
County infections per 100K -0.01 —-0.01 to 0.01 0.23 -0.01 -0.01 to 0.01 0.11
For profit -0.21 -0.78 t0 0.37 0.49 -0.16 -0.55 to 0.24 0.44
Family council -0.04 -0.54 t0 0.46 0.89 0.19 -0.12t0 0.49 0.24
Certified beds 0.01 0.01 to 0.01 <0.001 0.01 0.01 to 0.01 0.02
Occupancy rate -2.39 -4.3 10 -0.47 0.02 -1.11 -2.53100.32 0.13
Inspection rating -0.19 -0.37 to -0.01 0.05 -0.16 —-0.28 to -0.03 0.02
Quality rating 0.4 0.13 to 0.67 0.01 0.33 0.15to 0.52 <0.001
Staffing rating 0.11 —-0.07 to 0.28 0.23 0.25 0.12 to 0.37 <0.001
Inflation score 0.41 0.31 to 0.51 <0.001 0.27 0.1910 0.35 <0.001
Infected residents (number of residents with confirmed COVID-19 infections)
Intercept 1.36 0.36 t0 2.35 0.01 1.69 0.84 to 2.55 <0.001
County infections per 100K -0.01 -0.01 to -0.01 <0.001 -0.01 -0.01 to -0.01 <0.001
For profit 2.54 1.97 to 3.11 <0.001 1.88 1.51102.26 <0.001
Family council 0.07 -0.09 to 0.21 0.4 0.1 -0.04 to 0.24 0.15
Certified beds 0.01 0.01 to 0.01 0.04 0.01 -0.01 to 0.01 0.13
Occupancy rate -0.24 —-1.01 to 0.54 0.55 -0.15 -0.88t0 0.6 0.71
Inspection rating -0.2 -0.27 to -0.14 <0.001 -0.2 -0.26 to -0.14 <0.001
Quality rating 0.13 0.05 to 0.21 0.01 0.15 0.08 to 0.23 <0.001
Staffing rating -0.26 -0.31t0 -0.2 <0.001 -0.2 -0.25to0 -0.15 <0.001
Inflation score 0.13 0.08 t0 0.18 <0.001 0.11 0.06 to 0.16 <0.001
Covariance 0.69 0.54 to0 0.87 0.01
Fit statistics
-2 log likelihood 4422.7 4561.7
AIC 4484.7 4621.7
BIC 4626.4 4758.8

Note: The coefficients in the first panel represent how the log odds of experiencing an infection changes with one unit of increase in the
corresponding predictor. The coefficients in the second and third panels represent how the expected log count of the infections changes
for each unit increase in the corresponding predictor.

AIC, akaike information criterion; BIC, bayesian information criterion.

with statistically significant impact on the chance of
COVID-19 outbreaks at nursing homes are their size and
the rate of infections per 100 000 residents at the county

in which they are located. For both variables, a one-unit
of increase is associated with a 1% increase in the odds of
experiencing at least one COVID-19 infection.
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Density
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Figure 1 Impact of improved rating system on infection
density curves. Note: the blue (solid) curve represents the
density of predicted number of infections under current
rating system while the red (dashed) curve shows the density
of counterfactual number of infections had there been no
discrepancy between self-reported and CMS-reported
ratings. The vertical blue and red lines show the average
number of predicted infections with and without discrepancy
in ratings.

Controlling COVID-19 outbreaks

The coefficients in the second and third panels of table 2
represent how the expected log count of the infections
changes for each unit increase in the corresponding
predictor.

As reported in the second and third panels of table 2,
the expected rate of infections among both staff and resi-
dents increases with the size of the nursing home. This
indicates that the severity of COVID-19 epidemic in the
surrounding area increases the chance of experiencing at
least one infection at the nursing homes.

While the size of outbreaks among residents is about
12.7 times higher in for-profit nursing homes, the size of
outbreak among staff in for-profit nursing homes is not
statistically different from non-profit ones. This is in line
with prior empirical research that has repeatedly shown
that for-profit nursing homes are inferior in many aspects
of care quality.'"*

Occupancy rate, which represents the ratio of the
number of patients to the number of certified beds of a
nursing home, is associated with a lower rate of infections
among staff such that a 1% increase in occupancy rate
decreases the expected count of infections among staff
by 2.4%.

Among the three different ratings, the CMS-reported
health inspection rating is associated with a sizeable

decrease in the number of infections among both staff
and residents. One unit of increase in CMS-reported
health inspection ratings is associated with a 17% and
18% decrease in the expected number of infections in
staff and residents, respectively. A one-unit improvement
in staffing rating is associated with a 23% decrease in the
number of infections among residents. Note that better
staff rating is highly dependent on higher ratio of staff
to residents and the higher number of staff per resident
would allow nursing homes to control infections more effi-
ciency among their residents. While the observed associ-
ations between ratings on health inspections and staffing
with the number of infected staff and residents were
expected, the association between self-reported quality
ratings and the number of infections is the opposite of
our expectations. One unit of increase in self-reported
quality ratings is associated with, respectively, 49% and
14% increase in infections among staff and residents. This
finding is aligned with the emerging stream of research
that shows nursing homes embellish their self-reported
quality ratings and therefore these ratings may not always
indicate better quality of care for residents.'* *° Our
final variable, inflation score, quantifies the discrepancy
between the self- and CMS-reported ratings. The higher
the discrepancy, the more likely it is that the nursing
home is overstating their quality measures. With a one-
unit increase in such discrepancy, the expected number
of infections among staff and residents increases by 51%
and 14%, respectively.

Improving the quality reporting system

CMS could solve these discrepancies and improve the
reporting process by implementing better inspection and
auditing strategies.27 Figure 1 shows how the number of
infections among staff and residents could be compressed
had the self-reported quality measures by nursing homes
were truly reflecting their quality of care.

Given the importance of ratings for nursing homes,
with a reliable rating system with no discrepancy between
self-reported and CMS-reported measures, nursing
homes would strive to elevate their ratings through actual
improvements in their quality of care. As shown in the
upper panel of figure 1, compared with the current
system, lower number of predicted infections among
staff would have been more frequent under an improved
rating system such that predicted average number of
infections among staff would have decreased from 1.85 to
1.52, which is equal to 17.6% fewer total infections across
the staff of all nursing homes. As shown in the lower panel
of figure 1, the same effect is observed for nursing home
residents. Had self-reported quality ratings were truly
reflecting the quality of care, the expected number of
infections among residents of nursing homes would have
reduced from 8.67 to 8.15 which is equal to 5.8% fewer
total infections across the residents of all nursing homes.

Finally, the sizeable covariance estimate (0.68; 95% CI
0.54 t0 0.87; p=0.1) indicates that the number of infected
staff is not independent from the number of infected

28
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Figure 2 Comparison of performance of ZIBP, NN and
SVM-RBF models in predicting at least one infection. Note:
the first 50 nursing homes are zoomed in at the top right
corner of the figure. The lift of ZIBP model is presented in
green, while the lifts of NN and SVM-RBF are presented with
purple and red lines, respectively. NN, neural network; SVM-
RBF, support vector machine with radial basis function; ZIBP,
Zero Inflated Bivariate Poisson.

residents. This observation empirically confirms our
expectation of dependency between the count of infec-
tions in staff and residents such that nursing homes with
high number of infected staff also have high number
of infected residents. This finding was expected as resi-
dents and staff are in close contact with each other and
once infections occur among the members of one group,
it would be very difficult to prevent them in the other
group. More importantly, common infection control
procedures implemented by nursing homes would
apply to both groups and prevent infections among
both groups. Note that as discussed earlier, according
to all the model selection criteria, the ZIBP performs
better than its competitors. This is not surprising since
it has the advantage of modelling and adjusting for the
correlation between the count of infections among staff
and residents. In the online supplemental appendix 1,
we provide further empirical details on the correlation
between the number of infections among residents and
staff.

Lift

10 20 30 40 50 60 70 80 %0 100 110 120 130 140 150
Cumulative Number of Nursing Homes With More Than One Confirmed Infection

Residents.

Start

Figure 3 Performance of ZIBP model for predicting

large outbreaks (more than 10 infections) among staff and
residents. Note: the lifts of the ZIBP model for identifying
large outbreaks among residents and staff are presented,
respectively, by the green and purple lines. ZIBP, Zero Inflated
Bivariate Poisson.

Identifying nursing homes with highest chance of COVID-19
infections and outbreaks

Figure 2 compares the lift of the ZIBP model with those of
NN and SVM-RBF. We use lift as a measure for the ability of
the model at predicting or classifying cases with respect to
random selection. Lift shows how much better our model
works compared with a random selection model. The first
50 nursing homes are zoomed in at the top right corner
of the figure. The ZIBP model’s performance is compa-
rable with the common NN and SVM-RBF methods. For
the first 50 nursing homes, the rate of true positives of
ZIBP model is between 2.45 and 2.73 times higher than
that of a random selection model. The area under the
curve for ZIBP, NN and SVM-RBF models is respectively
0.68, 0.73 and 0.62.

Figure 3 presents the lifts of the ZIBP model in identi-
fying the nursing homes with large COVID-19 outbreaks
among those that have confirmed at least 10 infections.
For the first 50 nursing homes, ZIBP correctly identifies
nursing homes with large outbreaks among staff between
1.3 and 3.9 times better than a random selection model.
The model’s performance for predicting large outbreaks
among residents for the first 50 nursing homes is 1.5-2.1
times better than a random selection model.

DISCUSSION

Staff and residents of nursing homes constitute the largest
demographic of COVID-19 fatalities in the USA. However,
nursing homes have not been uniformly impacted by
the epidemic; some have not experienced even a single
infection while some others have been devastated by
COVID-19 fatalities. To prepare for the possible next
waves of the epidemic, it is critical to uncover the under-
lying reason of such variation and to explore the nursing
homes’ features that are associated with higher chance
and size of outbreaks.

The aim of this research was to understand how
publicly available data on nursing homes can explain the
significant variation in the chance and size of COVID-19
infections at nursing homes, and to also develop predic-
tive models that can identify the nursing homes with the
highest chance and size of outbreaks.

Our results indicate that COVID-19 outbreaks are more
likely to happen at larger nursing homes and those with
higher rate of COVID-19 infections in the surrounding
area. These factors have been shown to be associated with
higher probability of experiencing infections by other
researchers as well.”

Those with better staffing and health inspection ratings
are more successful in controlling the outbreaks. The
association between staffing levels and likelihood of
having COVID-19 infections among both staff and resi-
dents has been reported by other researchers as well.”
Interestingly, higher self-reported quality ratings are
associated with larger size of outbreaks. This counterin-
tuitive result could further evidence that nursing homes
exaggerate their self-reported quality measures. Higher
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discrepancy between self-reported measures and CMS-
reported health inspections was associated with larger
COVID-19 outbreaks.

The size of the outbreaks among residents is signifi-
cantly higher in for-profit nursing homes which have
been previously shown to also be of poorer quality in
various aspects of care.'

There is a complex relationship between the main vari-
ables in our models. For-profit Nursing Homes generally
have lower nurse staffing, more deficiencies, larger in size
and have a greater likelihood of inflating their ratings.”" **
It is therefore not surprising that they were found to be
more likely to have larger numbers of COVID-19 infected
residents and staff.

The model developed in this research can correctly
identify the nursing homes that are more likely to experi-
ence an infection or are at the highest risk of an outbreak.

The insights of this research help policy makers to
identify the nursing homes with the highest probability
and size of COVID-19 outbreaks. This will allow them to
prioritise such nursing homes in their efforts to control
the epidemic. Such efforts could entail devoting more
resources towards nursing homes with significantly higher
risk or when feasible, temporarily transferring patients to
different nursing homes to control the spread of the virus.

Our results show that our ZIBP model outperforms
SVM and that the predictive ability of the NN is only
modestly better than ZIBP model. That is, the applica-
tion and comparison of these machine learning models
with the results of the ZIBP model confirms that not only
the ZIBP model can explain the relationship between
various independent variables and COVID-19 infections
at nursing homes, but it also offers competitive predictive
performance.

An important takeaway from this research is the impor-
tance of data collection and transparency. Our research
was made possible because of the availability of key infor-
mation on COVID-19 infections in nursing homes in the
USA and publicly available data such as ownership, size,
staffing and key performance measures. Access to such
data is invaluable in both understanding and taking
preventive action to curb the COVID-19 infections in
nursing homes. As such we hope that other industrialised
nations take necessary steps to collect and disseminate
such information to protect and safeguard the vulnerable
residents in long-term care facilities.

This work leaves several areas for future research.
First, given the variation in testing at different nursing
homes, the number of confirmed infections may be
undercounting the actual number of infections and
therefore a more reliable measure would be the number
of fatalities associated with COVID-19. Second, should
temporal data become available, researchers can study
growth curves of infections or deaths among staff and
residents and examine their interlinked effects on each
other. Third, should national data become available, we
can test our contentions using a much larger sample
at the national level. This would increase the external

validity and generalisability of our findings. Finally, when
data from other states and other time become available,
we can include a spatial random effect in the model to
account for spatial dependencies between the infections
at different nursing homes.

One of the limitations of the study is that its data on
nursing homes’ features are collected in 2017 which is
over 2years prior to the outbreak. Although more recent
data were available on the time of the study, the vari-
able ‘inflation score’ had to be adopted from the 2017
data. We should also note that 86% of California nursing
homes are for-profit and these nursing homes were prob-
ably more likely to under-report their infection rates and
deaths than other nursing homes for fear of losing resi-
dents and revenue.”
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