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Abstract

Background and Aims: Few studies have meta-analyzed different prognostic models
developed for older adults, especially nursing home residents. We aimed to
systematically review and meta-analyze the performance of all published models
that predicted all-cause mortality among older nursing home residents.

Methods: We systematically searched PubMed and EMBASE from the databases'
inception to January 1, 2020 to capture studies developing and/or validating a
prognostic/prediction model for all-cause mortality among nursing home residents.
We then carried out both qualitative and quantitative analyses evaluating these
models' risks of bias and applicability.

Results: The systematic search yielded 23,975 articles. We identified 28 indices that
predicted the risk of all-cause mortality from 14 days to 39 months among older
adults in nursing homes. The most used predictors were age, sex, body weight,
swallowing problem, congestive heart failure, shortness of breath, body mass index,
and activities of daily living. Of the 28 indices, 8 (29%) and 3 (11%) were internally
and externally validated, respectively. None of the indices was validated in more
than one cohort. Of the 28 indices, 22 (79%) reported the C-statistic, while only
6 (6%) reported the 95% confidence interval for the C statistic in the development
cohorts. In the validation cohorts, 11 (39%) reported the C-statistic and 8 (29%)
reported the 95% confidence interval. The meta-analyzed C statistic for all indices is
0.733 (95% prediction interval: 0.669-0.797). All studies/indices had high risks of
bias and high concern for applicability according to PROBAST.

Conclusion: We identified 28 indices for predicting all-cause mortality among older
nursing home residents. The overall quality of evidence was low due to a high degree
of bias and poor reporting of model performance statistics. Before any prediction
model could be recommended in routine care, future research is needed to
rigorously validate existing prediction models and evaluate their applicability and

develop new prediction models.
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1 | INTRODUCTION

The COVID-19 pandemic has had a profound impact on lives across
the globe, especially those of older adults. A study from Canada
showed that the increasing age was associated with the development
of critical illness and death among COVID-19 patients.! It has been
well-documented that older adults bear disproportionally higher rates
of hospitalization and mortality due to COVID-19.2 Older adults were
also found to have worse outcomes and raised rates of functional
decline and social isolation when they were afflicted by the COVID-
19 pandemic.® Nursing home residents, living in relatively confined
spaces and usually in poorer health status with multiple comorbid-
ities, were hit hardest by the pandemic. One-third to more than half
of the fatalities during the early waves of the COVID-19 epidemic
were nursing home patients.* Understanding the risk factors for
death and developing and implementing a multivariable prediction
model is critical for the early identification of nursing home residents
at risk, which in turn, could inform the design of person-centered care
plans and resource allocations.

Research on prediction models for death has grown rapidly ever
since the introduction of the well-known Charlson Comorbidity
Index, a model that predicts the 10-year mortality for a patient who
may have a range of comorbid conditions, in 1994.> More prediction
models have been developed more recently to encompass a wider
variety of individual factors.® Older adults in a wide variety of settings
have been studied, such as community, hospital, and nursing home.
Despite the increasing amount of efforts to develop prediction
models of death among nursing home residents, these models varies
greatly in many features, such as population, sample size, length of
study, and selection of predictors. In addition, little is known about
the quality of prediction indices among this population, limiting their
clinical use.

In the present study, we aimed to systematically review and
meta-analyze the performance of all published models that predicted
all-cause mortality among older nursing home residents. This
endeavor would pave the way for the potential development of an
accurate and clinically useful index, the use of which could guide and
lead to better clinical choices, both diagnostic and therapeutic. This,
in turn, could also be used in the decision-making regarding resource

allocation in nursing homes.

2 | METHOD

2.1 | Literature search

We systematically searched PubMed and EMBASE from the
databases' inception to January 1, 2020 to capture studies develop-
ing and/or validating a prognostic/prediction model for all-cause
mortality among nursing home residents. In the search algorithm, we
included keywords relevant to prediction models and all-cause
mortality among older adults. The keywords and detailed search
algorithm used were shown in the Supporting Information.

Furthermore, we manually searched the reference lists, reviews,
and citations of each eligible article to identify additional studies. No
restriction regarding publication, period, sex, race/ethnicity, or
country was applied in our searches. The language of our searched
articles was limited to English. The protocol for this systematic review
and meta-analysis was registered on PROSPERO with CRD of 2020
CRD42020165261.

2.2 | Eligibility criteria

We included all studies reporting at least one multivariable model,
tool, or index that has been proposed for predicting the risk of all-
cause mortality among older adults. Studies were eligible for inclusion
if they met both of the following criteria: (1). the average age of the
study participants was at least 60 years old; (2). the main outcome of
the predictive models, tools, or indices was all-cause mortality.
Studies were excluded from our analysis if they fell into any of the
following categories: (1) in-vitro or animal model studies; (2) studies
that examined intensive care unit (ICU), in-hospital, or disease-
specific mortality; (3) case reports, case series, letters, editorials,
thesis, reviews, protocols, conferences, or news; and (4) abstracts of
articles or book chapters. In each model, we defined the group not
developing the outcome of interest—all-cause mortality—as the
control/reference group. The type of studies we considered were
observational studies, excluding cross-sectional studies, examining

the predictive value of a multivariable model for all-cause mortality.

2.3 | Screening process

Two investigators (S. Zhang and Y. Chen) independently screened
titles and abstracts and then texts of full-length articles passing the
title and abstract screening. Disagreement was resolved by consen-
sus involving a third investigator (C. Wu). We downloaded all the
references into the reference management software EndNote
(Clarivate Analytics, Philadelphia, and Pennsylvania). To obtain full
texts of the articles, we searched through the holdings of Duke
University libraries and on the rare occasions where we were not able
to find the full texts of the articles this way, we attempted to contact
the relevant study authors. Two independent reviewers screened
titles and abstracts and examined the full texts as well as any
potentially related references and citations for inclusion. During the
entire process of the review, any disagreement arisen was discussed

and resolved through consensus or adjudicated by a third reviewer.

2.4 | Data extraction

Two investigators (S. Zhang and Y. Chen) conducted the data
extraction independently. We constructed a standardized data
extraction form based on the Critical Appraisal and Data Extraction
for Systematic Reviews of Prediction Modeling Studies checklist
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(CHARMS checklist), which listed relevant items to extract from
individual studies in a systematic review of prediction models.” The
following information was extracted: author name, publication year,
study design, study population, geographical location, predicted
outcome, prediction horizon (i.e., length of follow-up), modeling
method and method of internal and external validation, sample size,
basic demographic, and clinical characteristics of study participants
(age, sex, race/ethnicity, chronic conditions, and disability), number
and type of predictors in the final models, model presentations, and
measures of predictive performance. Data were first extracted onto
an electronic case record Excel form and were later consolidated and
prepared into a data frame in R (R, version 4.0.2). If there were any
missing data or unclear information, we attempted to contact the

relevant study authors for clarification.

2.5 | Risk of bias assessment and critical appraisal
We used the Prediction Model Risk of Bias Assessment Tool
(PROBAST),® a standardized tool for assessing multivariable predic-
tion models, to evaluate the risk of bias in four domains: (1) selection
of study participants; (2) selection and measurement of predictors; (3)
definition and determination of modeling outcome; and (4) statistical
analysis. We considered the quality of evidence downgraded if we
detected a high risk of bias through PROBAST.

We extracted key data reflecting the predictive performances of
models/indices in our chosen studies in the domains of model
discrimination, calibration, and classification to conduct quantitative
meta-analysis. C-statistic was used to assess model discrimination
with a C-statistic< 0.6 considered poor discrimination, 0.6-0.75
considered good discrimination and, >0.75 considered excellent
discrimination. Classification, if reported in our chosen studies, were
presented in sensitivity, specificity, and predictive values. Calibration,
if reported in our chosen studies, were summarized in either
calibration plots, Hosmer-Lemeshow statistics or observed to
expected ratios.

2.6 | Statistical analysis

Meta-analysis was conducted for all included indices. We first
performed a descriptive analysis to capture key study characteristics,
to assess the methodology of eligible studies and to summarize the
predictive performances of all included models/indices. We imple-
mented the random effects meta-analysis model where weights in
the model are based on the within-study error variance rather than
the number of events in each study. We applied the 2-sided
restricted maximum likelihood estimation for the calculation of
summary C-statistics at 0.05 significance level. For the approximate
95% prediction intervals, we used the Hartung-Knapp-Sidik-Jonkman
method to calculate the 95% confidence intervals for the average
performance. We described the statistical heterogeneity across

studies using both the > measure and results from the Q tests.

Open Access

Neither classification nor calibration could be analyzed across studies
due to lack of data (only five out of the twenty-one included studies
reported statistics for classification or calibration).

To examine whether the study results were distorted by low
quality evidence, we performed a subgroup analysis by excluding
those studies at high risk of bias (e.g., study populations with pre-
existing underlying conditions), to evaluate the robustness of the

results. All statistical analyses were performed in R (R, version 4.0.2).

3 | RESULTS

3.1 | Selection process

The PRISMA flow chart of our search process that generated the
finalized sample of included studies is shown in Figure 1. The first
step of our search process returned 23,975 articles. After multiple
rounds of title and abstract screening, 503 papers were eligible for
full-text screening, resulting in 241 articles to be included in
systematic literature review. We conducted systematic literature
review on all 241 articles and identified 21 studies focusing
specifically on nursing home residents. From these 21 studies, we
identified 28 unique indices, of which 79% (n=22) reported
C-statistics for the development cohorts while only 21% (n=6)
reported 95% confidence intervals for the C-statistics in the
development cohorts. Out of the 28 included indices, 39% (n=11)
reported C-statistics for their validation cohorts but only 29% (n = 8)
reported 95% confidence intervals for their C-statistics in the
validation cohorts.

We conducted a sensitivity analysis on a sub-sample of the
finalized sample of included indices. This sub-sample is chosen as a
group of indices focusing on the general populations, defined as
cohorts of populations not chosen for one or more certain specified
pre-existing conditions/comorbidities in the studies. We deemed this
sub-sample of the indices to be less biased than the total finalized
sample based on generalizability. This sub-sample consisted of 64%
(n=18) of the total finalized sample. Out of the total number of
indices in the sub-sample, 67% (n = 12) reported C-statistics for the
development cohorts while only 22% (n = 4) of the indices reported
95% confidence intervals for the C-statistics in the development
cohorts. Out of the included indices in the sub-sample, 33% (n = 6)
reported C-statistics for their validation cohorts but only 28% (n = 5)
reported 95% confidence intervals for their C-statistics in the

validation cohorts.

3.2 | Summary of findings

3.2.1 | Study designs and index characteristics

Table 1 shows the summary information of each included study.
Of the 28 included prediction indices, there were 12 different
types: 7-day (n=1, 3.6%), 14-day (n=1, 3.6%), 1-month (n=1,
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* Studies identified through database searching: n=23,975
Identification
« Studies screened: n=23,975
e « Studies excluded: n = 20,705
S * Duplicates removed: n=2
« Studies screened: n=3,268
Abstract | * Studies removed: n=2,765
* Studies screened: n=503
mies Studies removed: n=256
S;Jre;nj;;g * Duplicates removed: n=6
» Studies included in systematic review: n=241
Systematic | * Studies focused on nursing home residents: n=21
Review
M * Studies included in meta-analysis for nursing home residents: n=21
eta-
Analysis

FIGURE 1 Flowchart of literature search for prognostic models for all-cause mortality among older adults in nursing home. The PRISMA flow

chart of our search process that generated the finalized sample of included studies.

TABLE 1 Study details and patient characteristics.
References Design N Average age
Falcone et al.? Prospective observational study 446 80°
Flacker et al.*° Retrospective cohort study 780 88.3
Harrold et al.'* Prospective cohort study 466 78
Mehr et al.*? Prospective cohort study 975 60-90°
Mitchell et al.? Prospective/retrospective cohort study 22,405 84.5
Naughton et al.1*  Retrospective chart review 378 83
Porock et al.*® Retrospective cohort study 32,599 65-85+°
Rauh et al.*® Cohort study 380 84.2
Schoufour et al.t” Longitudinal observational study 982 62
Sharifi et al.*® Prospective cohort study 247 65
Bont et al.*? Cohort study 821 64.1
Chan et al.?° Prospective cohort study 585 85.6
Flacker et al.?* Retrospective cohort study 52,402 N/A
Flacker et al.?* Prospective cohort study 19,812 N/A
Frisoni et al.?? Cohort study 104 82
Ogarek et al.?® Cohort study 1,297,117 81.6
Ogarek et al.” Cohort study 1,297,117 816
Ogarek et al.2® Cohort study 1,297,117 81.6
Woo et al.? Cohort study 208 78.4

2Median age.

bAge range.

Men, %
424
241
46
329
23.0
34.1
26.44
43
51
N/A
51
34.7
31
259
19.2
357
35.7
357
27.9

Follow-up, months
30 days

1 year

6 months
30 days
12 months
30 days

6 months
14 days

3 years

39 months
30 days

2 years

1 year

1 year

18 months
30 days
60 days

1 year

3 months

Mortality rate, %
28.7
7.1-85.7
6-96

14.7

40.6

214

23

14

14.5

30

9.5

321

321

214

20
0.9-73.7
2.5-78.8
14.5-91.8

13.9
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3.6%), 30-day (n =6, 21.4%), 60-day (n =2, 7.1%), 3-month (n =2,
7.1%), 6-month (n=6, 21.4%), 1-year (n=5, 17.9%), 12-month
(h=1, 3.6%), 18-month (n=1, 3.6%), 2-year (n=1, 3.6%) and
3-year (n=1, 3.6%). As for the sub-sample of indices on general
population, there were nine different types: 7-day (n=1, 4.8%),
1-month (n =1, 4.8%), 30-day (n = 6, 28.6%), 60-day (nh =2, 9.5%),
3-month (n =2, 9.5%), 6-month (n =2, 9.5%), 1-year (n = 5, 23.8%),
18-month (n=1, 4.8%) and 2-year (n=1, 4.8%).

The number of predictors ranged from 4 to 51. Predictors were
generally clinical signs, measurements or observations that could be

collected easily and noninvasively.

3.2.2 | Risk of bias

Table 2 shows the PROBAST we used to assess the risk of bias of
both the development and validation of the included studies and
indices. The PROBAST showed that both the development and
validation of all studies and indices were at high risk of bias. We also
used the PROBAST to identify several major sources of bias,
including: (1). Insufficient, unclear, or nonreporting of key perform-
ance statistics and measures (e.g., missing discrimination, calibration,

classification); (2). Censoring resulting in an absence of accounting

Open Access

(e.g., unclear justification of the selection of candidate variables,
complete model selection); (4). Poor/unclear handling of missing data
(e.g., not described in writing clearly or in details in the literature of
the studies); (5). Lack of either internal or external validation.

The PROBAST also showed that all studies/indices had high
concern for applicability due to the selection of study populations
with restrictive inclusion criteria and unclear exclusion criteria, as

well as the selection of a specified timeline for the studies.

3.2.3 | Prediction model performance
Indices reported their discrimination performances using the C-
statistics. C-statistics reported in the total finalized sample of
included indices ranged from good to excellent with no indices in
the poor range, suggesting satisfactory discrimination performances
across all studies and indices (Tables 3 and 4). As for the C-statistics
reported in the sub-sample of included indices on general population,
discrimination performances also ranged from good to excellent with
no indices in the poor range.

We cannot analyze either classification or calibration due to lack
of data and insufficient reporting from the studies. Only five out of
the 21 eligible studies reported measures of classification or

for model complexity; (3). Issues regarding modelling methods calibration.
TABLE 2 Risk of bias assessment using the PROBAST tool.
Risk of bias Applicability
Study Year Population Predictors Outcome  Analysis Overall Population Predictors Outcome  Overall
Falcone et al.” 2018 + - - + + + - - +
Flacker et al.*° 1998 - - - # + = - - "
Harrold et al.'* 2005 - - - + + - - - +
Mehr et al.'2 2001 + - - + + + - - ¥
Mitchell et al.® 2010 + ? + + + + ? " ¥
Naughton et al.X* 2000 + - - + + + - - ¥
Porock et al.® 2005 - - - + + - - - +
Rauh et al.*® 2019 + - - + + + - - ¥
Schoufour et al.t” 2015 + + + + + + + + +
Sharifi et al.*® 2012 - ? + + + = ? + o
Bont et al.? 2008 - + + + + - + + +
Chan et al.?° 2012 + - - + + + = - +
Flacker et al.** 2003 - - - + + - - - +
Frisoni et al.*? 1994 - - - + + - - - "
Ogarek et al.2® 2018 - - - + + - - - +
Woo et al.** 1989 - - - + + - = = +

Note: -, indicates low risk of bias/low concern regarding applicability; +, indicates high risk of bias/high concern regarding applicability;?, Indicates unclear

risk of bias/unclear concern regarding applicability.
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TABLE 3 Discrimination performances and heterogeneity assessment.
Development Validation
Indices on general Indices on general
All indices population All indices population
Discrimination performances
Poor 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Good 13 (47%) 8 (45%) 6 (21%) 3 (17%)
Excellent 9 (32%) 4 (22%) 5 (18%) 3 (17%)
NA 6 (21%) 6 (33%) 17 (61%) 12 (67%)
C-statistic, Cl 0.733 (0.669-0.797) 0.709 (0.652-0.766)
I? measure 99.89% 99.87% 99.89% 99.90%
Q Test 860.2548, p <0.0001 829.1577, p <0.0001 5562.8, p <0.0001 5249.0167, p < 0.0001
3.3 | Statistical analysis A half number of the papers included in this literature review

Of the 28 indices reported in 21 studies, 8 (28.6%) and 3 (10.7%)
were internally and externally validated, respectively. None of the
indices was validated in more than one cohort.

In the assessment of summary measures and heterogeneity
for the development and validation cohorts, we have found that,
for the development cohort, the summary C-statistic calculated
for all indices [0.733; Approximate 95% Prediction Interval:
(0.669-0.797)] outperformed than that calculated for indices on
general population only [0.709; Approximate 95% Prediction
Interval: (0.652-0.766)], with high heterogeneity (12 >99%). As
for the validation cohort, the summary C-statistic calculated for
[0.719; Approximate 95%
(0.675-0.762)] did not outperform than that calculated for
indices on general population only [0.722; Approximate 95%
Prediction Interval: (0.678-0.766)], also with high heterogene-
ity (17> 99%).

all indices Prediction Interval:

4 | DISCUSSION

4.1 | Main findings and interpretations

Our systematic review and meta-analysis included all prognostic
models and indices for all-cause mortality developed or validated
for nursing home residents from 1989 to 2020. 28 unique
prognostic indices from 21 different studies were considered and
analyzed in this systematic review and meta-analysis. Very few
(n=3) indices were validated externally and none of the 28
included prognostic indices were validated in more than one
cohort. Discrimination performances of the individual all-cause
mortality prognostic indices for nursing home residents are overall
satisfactory, ranging from good to excellent with no indices in the
poor range. Calibration for the included prognostic indices was

poorly reported.

were developed in global settings, such as Italy, Hong Kong, Iran,
and the Netherlands. The Italian population was selected from
Italian Long-term care facilities, and nursing homes.”?? The
research studies from Hong Kong enrolled older Chinese
residents from Hong Kong's nursing homes or chronic care
institutions.?%2* Three studies from the Netherlands used data
from the PneuMonitor Study, or collected data from Dutch care
provider services and general practitioners.2®71? An Iran study
used older adults' data from Kahrizak Elderly Study in Kahrizak
Charity Foundation.®

The Minimum Data Set (MDS), a clinical and administrative data
set that is legally required in all US nursing homes, was used or
examined by nine indices. To identify mortality-related factors to
establish long-term care residents, the MDS information was
examined to estimate mortality.’® In the multivariate proportional
hazard regression, the study's authors discovered eight variables
were linked to 1-year mortality. These included swallowing issues,
congestive heart failure, old age, male gender, weight loss, shortness
of breath, and functional impairment. Another study also obtained
and measured potential risk factors from MDS, such as depression
and delirium, to predict 30-day all-cause mortality.'? With the
Advanced Dementia Prognostic Tool, a study identified the residents
with dementia using MDS assessments and obtained mortality from
Medicare records to determine 12-month survival.®®> MDS as an
instrument was used in a study from Missouri to evaluate to predict
6-month deaths involving death certificate data.’® A few other
studies used a similar way to get both MDS and National Death Index
or Medicare Master Beneficiary Summary File to develop a tool to

estimate risk for mortality.?2%

4.2 | Challenges and opportunities

Our systematic review and meta-analysis yielded useful results that
could assist clinicians and researchers in their future efforts of
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studying the diverse prognostic models and indices for nursing home
residents as well as giving them a comprehensive guideline of tools to
try to identify, in different settings with different objectives and time
lengths, nursing home residents at serious risks of potential adverse
outcomes. Our systematic review and meta-analysis also pointed out,
given the high levels of heterogeneity and risks of bias for all the
prognostic indices of all-cause mortality currently developed and
validated for nursing home residents, the difficulties in identifying
these nursing home residents at risks of potential adverse outcomes

both reliably and consistently.

4.3 | Strengths and limitations

Our systematic review and meta-analysis have several notable
strengths. First, to our knowledge, this is the first ever systematic
review and meta-analysis conducted for the prognostic models of all-
cause mortality specifically for older nursing home residents. Given
the generally poorer health conditions of nursing home residents and
their relatively bigger risks of developing adverse health outcomes,
our systematic review and meta-analysis provide insights particularly
meaningful for any future development of similar prognostic models
as well as for the design and implementation of evidence-based
interventions in protecting this vulnerable population group in our
rapidly aging world. Second, we conducted a broad search of existing
literatures pertaining to the prognostic models of nursing home
residents, encompassing models developed using various sets of
different clinical risk factors identified by said models. Third, we then
carried out detailed examination of the evidence and comprehensive
meta-analyses, both qualitative and quantitative, across these
different multivariable prognostic models, mapping out their char-
acteristics, examining their development and validation methodolo-
gies as well as synthesizing their statistical modelling performances.
Fourth, we used the most updated tools for our analyses including
the recently published PROBAST risk of bias tool. Our systematic
review and meta-analysis made possible the future potential
development of a composite index for nursing home residents,
drawing on the strengths and addressing the limitations and
weaknesses of the existing prognostic models and indices.

Despite the numerous strengths listed, we identified several
challenges and limitations for our systematic review and meta-
analysis. For our systematic review, most notably, our review is
limited by both a high degree of bias and the poor reporting of
available data. Most studies failed in the complete reporting of one or
more of the following categories: (a). the justification or rationale for
the selection of candidate predictors; (b). the justification or rationale
for the development and validation methodologies; (c). the justifica-
tion or rationale for the selection of modeling predictors included in
the finalized model; (d). the justification or rationale for the handling
of missing data. In addition, there is no identified authorized
prognostic tool to predict older adults' mortality. The prognostic
models were used inconsistently in the literature. The heterogeneity

of included studies was high. The pooled results should be

interpreted cautiously. Nevertheless, the present study was among
the first to provide an overview of prediction model for mortality
among nursing home residents. These results provided a solid
foundation for future studies.

As for our meta-analysis, the most prominent challenge we
observed was the poor reporting of performance characteristics,
including both calibration and classification measures. This lack of
available data, caused by the omissions in prognostic models'
performance statistics, has led to a low or very low grading of the
overall quality of the evidence. Only 3 indices were validated
externally. None of the included prognostic indices was validated in
more than one cohort, internal or otherwise. Moreover, a high degree
of heterogeneity was observed among the prognostic models
(I? > 99%), which could be due to the variations in country of cohort,
study inclusion criteria as well as the prediction horizon. Different
countries of cohorts represent different health care and nursing
home systems as well as different nursing home populations,
contributing to this high degree of heterogeneity across prognostic
models. We were not able to carry out a meta-regression analysis to
further examine the effects of different study inclusion criteria on
modeling performances due to the insufficient number of studies.
This high degree of heterogeneity posed difficulties and obstacles for
the generalization and applicability of the prediction models.

4.4 | Implications for policy and future research

To address these challenges and limitations, future studies should
first determine a unified scoring system as the tools and focus on the
development of new prognostic models. The current level of the total
number of studies (n=21) remains low in this niche space. More
research attention needs to be brought upon this vulnerable group of
population, nursing home residents, in this world of global aging.
When developing new models, inclusion criteria need to be broad
and recalibration should be used to ensure the generalizability of
study results. When reporting for discrimination, calibration and
classification measures, researchers should make sure to follow the
general practice and usual recommendations regarding the conduct
and evaluation of prognostic model validation studies to include
complete reporting of the performance statistics. Besides the
development of new prognostic models, future studies could also
be carried out to validate, update and expand existing models, both
rigorously and extensively, with good performance statistics, espe-

cially discrimination.

5 | CONCLUSIONS

In summary, overall quality of evidence was low due to a combination
of factors ranging from a high degree of bias to the poor reporting of
performance statistics. As a result, further research and study is
necessary before any prognostic model for nursing home residents

could be recommended and used for research or clinical practice.
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