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Abstract

Background—Pneumonia is a common cause of illness and death in older adults (=65 years
of age). Pneumonia prediction models could be used by clinicians in counseling patients and by
policy makers and researchers for risk adjustment.

Objectives—To develop three prognostic indices, which vary in degree of detail required, for
two-year pneumonia risk in older adults.

Setting—Community-dwelling enrollees in Group Health (GH), an integrated healthcare
delivery system.

Participants—The study included 3,375 subjects enrolled in the Adult Changes in Thought
study. Participants were =65 years of age, dementia-free, and enrolled in GH for at least two years
prior to start of follow-up. Subjects were divided into development (n=2,250) and validation
(n=1,125) cohorts.

Exposures—Questionnaire data and interviewer assessments on functional status, medical
history, smoking and alcohol use, cognitive function, personal care, problem solving, physical
measures including grip strength and gait speed, and administrative database information on
comorbid illnesses, laboratory tests, and prescriptions dispensed.

Main outcome—Incident community-acquired pneumonia, defined presumptively from
administrative data and validated by medical record review.

Results—Participants (59% female) contributed 12,998 visits at which risk factors were
assessed; 642 pneumonia events were observed during follow-up. Age, sex, chronic obstructive
pulmonary disease and congestive heart failure, body mass index, and use of inhaled or oral
corticosteroids were key predictors in all prognostic indices. A risk score based on these seven
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variables, which are commonly available in electronic medical records, had equal or better
performance (c-index, 0.69 in the validation cohort) than scores including more detailed data such
as functional status.

Conclusion—Data commonly available in electronic medical records can stratify older adults
into groups with varying subsequent two-year pneumonia risk.

Keywords
Pneumonia; Predictive Value of Tests; Aged; Aged, 80 and over

INTRODUCTION

Community-acquired pneumonia (CAP) is an important cause of morbidity and mortality
among older adults (=65 years of age). In the United States, the incidence CAP in older
adults is 20 to 30 cases per 1,000 person-years.1~3 Approximately 40% of older adults with
CAP are hospitalized,23 and older adults hospitalized for CAP have high rates of
complications, including elevated risks of both short- and long-term mortality.*® Risk
factors for CAP in older adults include increasing age, chronic lung disease, smoking, low
body mass index (BMI), and functional status impairments.6-11

Risk scores have been developed to predict the risk of complications or death among persons
hospitalized for CAP.412-15 However, other than studies predicting the risk of pneumonia in
persons hospitalized for stroke,16:17 little work has been done to predict risk of developing
CAP in older adults. Such a prediction score could be used clinically, for example to
encourage pneumococcal vaccination in high-risk patients, or to counsel patients
contemplating behavioral change such as smoking cessation. Such prediction could also
have research or policy uses, such as identifying patients at high risk for pneumonia for
clinical trials, or adjusting for baseline pneumonia risk in observational studies or when
calculating performance measures for healthcare systems.

We sought to develop risk scores that could predict the two-year risk of developing CAP in
dementia-free older adults. We aimed to create three separate scores: a clinical score that
would be sufficiently rapid and accurate for use in clinical practice; a research score
involving more intensive data collection but potentially higher predictive accuracy; and a
score that uses only data typically available in electronic medical record (EMR) systems that
could be computed automatically.

METHODS

Study population

The study population was enrollees in the Adult Changes in Thought (ACT) study, which
has been described in detail elsewhere.18 In brief, ACT is a prospective cohort study
conducted among enrollees in Group Health Cooperative (GH), an integrated healthcare
delivery system in Washington and Idaho States. ACT enrolled 3,392 older adults enrolled in
GH living in the Seattle area between 1994-1996 and 2000-2003. Eligible participants were
community-dwelling, cognitively intact, aged 65 years or older, and free from dementia.
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Additional details on the study population are available in the Supplemental Methods
section.

At enrollment, ACT participants underwent detailed evaluation of physical and cognitive
function. Follow-up visits occurred at two-year intervals, with repeated evaluation of most of
the characteristics measured at enrollment. Participants who scored less than 86 on the
Cognitive Abilities Screening Instrument!® or who had symptoms or signs of dementia
received a more detailed assessment. Participants judged by a multidisciplinary consensus
committee to be dementia-free after this evaluation continued the biennial follow-up
schedule. For the present study, we included all ACT enrollees and followed them from
initial ACT enrollment until death, onset of dementia, disenrollment from ACT or GH, or
end of the study period (December 315t, 2007).

Study outcome: incident CAP

We identified incident CAP in our study subjects using data and methods from a prior study
of pneumonia among GH members, the Pneumonia Surveillance Study (PSS).2% The PSS
study first identified presumptive episodes of pneumonia among all GH members between
1998 and 2004, defined based on International Classification of Diseases, Version 9, Clinical
Modification (ICD-9-CM) codes 480-487.0 or 507.0 assigned to outpatient and inpatient
medical encounters. Presumptive pneumonia episodes were considered validated if manual
review of chest radiograph reports within 30 days of first pneumonia diagnosis indicated the
presence of an infiltrate not known to be chronic. For GH members hospitalized in non-GH
hospitals (for whom radiograph reports may not have been available), presumptive
pneumonia episodes were validated by reviewing hospital admission, consultation, and
discharge summaries.

In the present study, we linked the ACT cohort to the PSS outcomes to identify validated
CAP cases between 1998 and 2004. We repeated the PSS methods to identify incident
pneumonias between 1994 and 1997 and between 2005 and 2007.

Data on potential pneumonia predictors

We used several data sources to create a broad list of variables that we judged could have
prognostic value for CAP based on review of the literature (e.9.51911), First, we used
variables available from the ACT enrollment and biennial visits. These visits included
extensive in-person evaluations, with questionnaire data, standardized cognitive function
measures, interviewer assessments of memory, orientation, personal care, and problem
solving; and physical measures such as grip strength and gait speed.

We also collected data on study subjects from GH’s electronic databases, which combine
data from the GH Electronic Medical Record (EMR) system and claims for outside services.
We used ICD-9-CM codes assigned to inpatient and outpatient encounters in the 24 months
prior to each ACT study visit to define conditions such as serious cancer, malnutrition, and
prior pneumonia. We used laboratory data on hematocrit and creatinine-based estimated
glomerular filtration rate (EGFR) in the 24 months prior to each ACT study visit. We used
prescriptions dispensed in the 12 months prior to each ACT visit to identify use of
medications such as statins, angiotensin-converting enzyme (ACE) inhibitors, insulin, and
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proton pump inhibitors. Finally, we used GH administrative records to identify frequency of
outpatient and inpatient medical encounters. Notably, we did not include pneumococcal
vaccination as a possible predictor. Pneumococcal polysaccharide vaccines such as PPV23
were recommended for use in older adults during our study period.?! These have been
shown to protect against invasive pneumococcal disease but not against CAP.22 This study
was conducted prior to the recommendations for use of the newer pneumococcal conjugate
vaccines in older adults,?3 and so there was little use of these vaccines in our population.

Using the above sources, we assembled a list of 71 variables that could be predictive of CAP
risk. The candidate predictor variables, along with a limited number of pre-specified
possible interactions, were grouped into six domains for model development: demographic,
comorbidity, functional status, behavioral, pharmacological, and detailed (eTable
Supplement). The “detailed” domain includes potential predictors that are not typically
available in the context of a clinic visit but that could be collected in a research setting, such
as grip strength and gait speed.

We then characterized each of these variables based on completeness (i.e., extent of missing
information) and on distribution of values (e.g., prevalence for binary variables, distributions
for categorical or continuous variables) across all ACT study visits. Based on these
univariate statistics, we discarded variables for which the distribution of values was too
narrow for predictive discrimination (e.g., 299% of the population had the same values for a
covariate). These decisions were made without assessing the association between the
variables and pneumonia.

To account for missing data in our potential predictors, we used multiple imputation via
chained equations24 to generate 50 imputed datasets. Because our model building included
step-down variable selection (described below), we erred on the conservative side in the
number of imputations performed.

model

Potential predictors were assessed at the time of each ACT visit (enrollment or biennial). As
our goal was to develop a model that predicts risk of CAP within two years, we treated each
ACT visit as an observation and looked out up to two years from the visit for the earliest of
CAP, subsequent biennial visit, or a subject’s end of follow-up (as described under the study
population). In this context, death and disenrollment were considered competing risks for
the CAP outcome, and the other endpoints were considered censoring events. We then
estimated the 2-year cumulative incidence of CAP, adjusted for covariates, using the Fine
and Gray model, which models cumulative incidence in the presence of competing risks.2>
Additional information on the model and on model development is available in the
Supplemental Methods section.

Model development

To develop the prediction models, we first separated our study population of individuals (and
their corresponding ACT visits) into a development cohort and a validation cohort, using an
approximately 2/3-1/3 split, respectively. We then used a systematic two-step backwards
selection process to determine which variables to include in the final clinical model. First,
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we used backward selection separately within each of five variable domains (demographic,
comorbidity, functional status, behavioral, pharmacological) to identify a smaller set of
candidate variables with highest apparent prognostic ability, using a cut-off of p<0.2. We
then combined these identified variables from each of the five domains into a single model
and repeated the backwards selection process to potentially further reduce this set of
predictors, using a cut-off of p<0.05. The variables remaining after this selection constituted
our final clinical prediction model.

We developed the EMR model using the same process, but including only variables that
would be expected to be available as coded values (i.e. not in free text) from an EMR
system. Finally, we developed a research model that could include variables from the
detailed variable domain. For the research model, we entered all the variables from the final
clinical model with the detailed domain variables into a single model and repeated the
backward selection process.

Model validation

We assessed performance of our prediction models in terms of calibration (a measure of the
agreement between observed and predicted pneumonia risk) and discrimination (a measure
of the models’ ability to separate those who do vs. do not develop pneumonia).28 For
calibration, we grouped observations into deciles of predicted two-year pneumonia risk (as
predicted by the final selected models), computed the observed risk in each group, and
plotted observed versus average predicted risk within each group. This provides a visual
assessment of calibration. In a perfectly calibrated model, all points would lie along the
diagonal where observed and predicted CAP risk is equal. This process was done for each of
the imputed datasets in the development cohort and separately, the validation cohort.

To assess discrimination of our prediction models we computed estimates of a concordance
(¢) index.?” This c-index is directly analogous to the usual c-statistic reported for logistic
regression models but accounts for the use of survival analysis with competing risks.28
Higher values of the c-index indicate better discrimination. The c-index was estimated in the
development cohort and separately in the validation cohort.

Finally we examined whether discrimination was notably impacted by a coarser
representation of the models, in which each of the variables in the final risk models was
assigned an integer point score based on the regression coefficients. This simplification
would allow a risk score to be calculated easily for any given patient by summing the points
for all the patient’s risk factors. We plotted the observed risk for groups defined by these risk
scores. All data management, statistical modeling, and descriptive summaries were
conducted using a combination of statistical software including: SAS software, version 9.2
(SAS Institute, Inc., Cary, NC); R, version 2.15.3 (R Foundation for Statistical Computing,
Vienna, Austria); and Stata 12.1 (Stat Corp., College Station, TX), along with the user-
written module stcompet2®
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RESULTS

Characteristics of participants

The study population consisted of 3,375 subjects (17 ACT enrollees were excluded due to
insufficient GH enrollment history), who contributed 12,998 ACT visits. During the follow-
up period these older adults experienced 642 incident pneumonias, and 574 died (Table 1).
The majority of participants (59%) were female. At ACT enrollment, 723 (21%) were 65-69
years of age, 1,785 (53%) were 70-79 years of age, 793 (23%) were 80-89 years of age, and
74 (2%) were 90 years of age or older. The study population was randomly divided into a
development cohort (N=8,579 visits among 2,250 subjects) and a validation cohort (N =
4,419 visits among 1,125 subjects). The distributions of demographic characteristics,
comorbidities, and other characteristics were similar between the two cohorts (Table 1,
eTable in Supplement). Most of the variables were significantly associated with CAP risk in
bivariate analyses; exceptions included measures of weekly exercise, self-reported diabetes
or recent cancer diagnosis, and use of immunosuppressive medications, among others.

Multivariable models

After backward selection within each domain and then in the full model, the final clinical
model included 12 predictors: age; sex; self-reported histories of chronic obstructive
pulmonary disease (COPD), congestive heart failure (CHF), pneumonia; use of home
oxygen; difficulties in dressing or walking half a mile; history of alcohol-related aggressive
behavior; body mass index; and prescriptions for inhaled corticosteroids or for oral
corticosteroids (Table 2). In the development cohort, the c-index for this model was 0.72
(95% CI 0.70-0.75) which indicates moderate discrimination. The high agreement between
observed and predicted risk, evidenced by the light grey points aligning closely with the
diagonal (top panel of Figure 1), indicates good calibration. In the validation cohort, the
model showed slightly lower discrimination (c-index 0.70, 95% CI 0.66-0.73) than in the
development cohort, and the calibration was worse, as evidenced by the deviation of the dark
grey points from the diagonal (top panel of Figure 1). In particular, the model tended to
underestimate the actual risk for groups with an average predicted risk in the 5-10% range
in the validation cohort.

When we allowed the detailed research covariates to compete with the clinical model
variables, none of the laboratory values, physical function measures, or healthcare utilization
measures from the detailed domain were retained in the model. Only the covariate indicating
prior pneumonia (based on administrative data codes in the prior two years) ultimately was
added. This detailed model did not meaningfully differ from the clinical model in terms of
calibration or discrimination (c-index in development cohort, 0.73, 95% CI 0.70-0.76; c-
index in validation cohort, 0.71, 95% CI 0.67-0.74) and for simplicity is not presented
further here.

When repeating the entire variable selection process restricting to variables that could easily
be obtained from an EMR, the final EMR model included seven variables: age; sex; histories
of COPD or CHF; body mass index; and prescriptions for inhaled corticosteroids or for oral

corticosteroids (Table 2). The c-index for this model was similar in both the development
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cohort (c-index 0.69, 95% CI 0.67-0.72) and the validation cohort (c-index 0.69, 95% CI
0.66-0.73). Further, the model showed similar calibration in both cohorts (bottom panel of
Figure 1).

Risk scores

For simplification, each of the variables in the clinical and EMR models was assigned a
point score based on the regression coefficients (Table 2). For the clinical model, the c-index
in the development cohort based on the exact model coefficients (0.72, reported earlier) was
virtually the same as the c-index based on the converted point-based risk score (0.72, 95%
Cl 0.69-0.75); the same was true in the validation cohort (point-based risk score c-index
0.69, 95% CI 0.66-0.73, compared to c-index of 0.70 reported earlier). Similar results were
seen when comparing discrimination for the EMR model and its point-based analogue.

Finally, Figure 2 shows plots of the observed risk in groups classified based on their
computed clinical risk score (top panel) and computed EMR risk score (bottom panel), both
in the development cohort (light grey) and the validation cohort (dark grey). Both scores
showed similar patterns in the development cohort, with two-year pneumonia risk of <5%
for older adults with scores <4, pneumonia risk of approximately 5-17% in those with
scores of 4-7, and pneumonia risk of approximately 25% for older adults with scores of 8 or
higher. In the validation cohort, however, observed pneumonia risk tended to be similar for
scores of 5 and greater predicted from the clinical risk score (dark grey in top panel), while
observed risk increased approximately linearly with increasing predicted risk score from the
EMR model (dark grey in bottom panel). In the validation cohort, 70% of subjects had
clinical risk scores <4, 26% had scores 4—7, and 4% had scores of 8 or higher. For the EMR
score, 79% had scores <4, 18% had scores 4-7, and 3% had scores of 8 or higher.

DISCUSSION

We set out to create three different pneumonia risk scores that could be used in different
settings, depending on the expected time and data available for calculating the risk score. We
had expected that a detailed risk score, which could include information on comorbidities,
functional status, exercise, prescriptions, laboratory test results, and strength/gait tests,
would show the greatest discrimination and calibration. Such a score could be used to
identify patients at high risk of pneumonia in clinical trials. We likewise expected the
clinical and EMR scores, designed to be quickly (clinical) or automatically (EMR)
calculated in the context of a provider visit based on more limited data, to show acceptable
calibration and discrimination, but not to perform as well as the research score.

Instead, we found that all three scores tended to include the same variables. Even when
detailed data on laboratory results, strength/gait tests, and indicators of serious disease were
allowed to compete in the detailed model, these variables did not meaningfully predict two-
year pneumonia incidence beyond the more readily available clinical model variables.
Because they included similar variables, all three scores showed similar discrimination and
calibration in the validation cohort. In fact, the EMR risk score, which only included seven
variables, appeared to be at least as well calibrated and discriminative as the clinical risk
score, which included 12. Given the trivial differences in discrimination between the EMR
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risk score and the detailed risk score, the seven-variable EMR risk score will likely be of
greatest utility both for clinical practice and for research use. For research, this score could
be used in observational studies for pneumonia prevention, treatment, or outcomes, which
can use EMR data to control for baseline risk of pneumonia. It could also be used to identify
high risk patients to recruit into clinical trials of potential interventions (such as recent trials
of pneumococcal conjugate vaccine in older adults). The EMR score could also have clinical
uses. A discussion of personal pneumonia risk could be used to encourage use of
pneumococcal conjugate vaccines in patients that have not been vaccinated or only received
polysaccharide vaccine. Pneumonia risk could help patients and their clinicians weigh the
risks and benefits of interventions. For example, the benefits of corticosteroids for patients
with osteoarthritis may be outweighed by the risk of CAP in patients at high risk for CAP.
CAP risk could also be useful for advance care planning, in which older adults at high risk
for CAP could be asked about the types of interventions they may or may not want (e.g.
ventilator use, resuscitation). Since the EMR score relies solely on data available in medical
records, EMR systems could automatically calculate the score for providers, reducing
providers’ burden of using the risk score.

The comparative success of the EMR risk score suggests that the majority of pneumonia risk
in older adults might be driven by age, sex, chronic heart/lung disease, and BMI, which are
known risk factors.”~9 Some risk factors such as alcohol abuse and functional limitations
appeared in the clinical risk score but did not meaningfully improve pneumonia prediction
relative to the EMR risk score. Other known risk factors, such as smoking and lack of
physical activity,?3 did not appear in any of the risk scores. This highlights an important
feature of risk prediction, which is that strong etiologic risk factors (such as smoking) are
not always predictors in multivariable models, particularly when the risk factors are
mediated through intermediates (such as COPD) that are also included in the model.

One interesting finding was that, in a model controlling for factors such as age, comorbidity,
and prescription medications, increasing BMI was associated with decreased risk of CAP.
Our study was not aimed at testing the causal association between BMI and CAP risk, so
these results should be interpreted with caution, as there may be confounders of the
BMI/CAP association that were not included in our models. However, there is some
evidence that higher BMI may be linked to a lower pneumonia risk. Studies not restricted to
older adults have found that overweight individuals have a lower risk of CAP than
underweight or normal weight individuals,3! with conflicting data on the risk in obese
individuals.32:33

The risk scores presented in this paper have several limitations. Our study population was
restricted to community-dwelling older adults without dementia. The scores will likely not
be applicable to older adults in nursing homes or other institutions, whose pneumonia risk
factors may differ from community-dwelling persons.3* The risk scores may also be less
predictive in older adults with dementia. Second, while the risk scores have been internally
validated through the use of development and validation cohorts, further work is needed to
validate the risk scores in other populations. Finally, we recognize that our model selection
process likely eliminated some covariates with actual prognostic ability or that we might
have failed to consider some predictive interactions. Our goal, though, was to construct a
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parsimonious tool that would not be too cumbersome to assess in clinical settings, even if
achieving this simplicity meant sacrificing some model performance.

The seven-variable EMR risk score for pneumonia in older adults, based on readily available
data, may be useful both for clinical practice and for public health research.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Predicted vs. observed two-year pneumonia risk in dementia-free older adults from two

prediction models, across 50 imputed datasets. Light grey dots, pneumonia risk within the
development cohort; dark grey dots, pneumonia risk within the validation cohort. (Top
panel) Clinical model; (Bottom panel) Electronic Medical Record (EMR) model. Diagonal
lines indicate perfect agreement between observed and predicted risk.
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Figure 2.
Pneumonia risk score vs. observed pneumonia risk in dementia-free seniors from two

prediction models, across 50 imputed datasets. Light grey dots, pneumonia risk within the
development cohort; dark grey dots, pneumonia risk within the validation cohort. (Top
panel) Clinical risk score; (Bottom panel) Electronic Medical Record (EMR) risk score
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Table 2
Model coefficients and risk scores
Clinical model EMR model
Covariates Hazard ratio” Points Hazard ratio” Points
(95% CI) (95% ClI)
Age
65-69 REF 0 REF 0
70-74 0.87 (0.53, 1.42) 0.91 (0.56, 1.49)
75-79 1.09 (0.69, 1.72) 1.18 (0.74, 1.86) 1
80-84 1.16 (0.73, 1.87) 1 1.31(0.82, 2.11)
85-89 1.78 (1.11, 2.87) 2 2.19 (1.35, 3.54) 3
90+ 1.77 (1.01, 3.10) 2.43 (1.40, 4.20)
Gender
Male 1.75 (1.40, 2.19) 2 1.73 (1.38, 2.17) 2
Comorbidity
COPD 1.59 (1.23, 2.06) 2 2.03(1.57,2.62) 3
CHF 1.61 (1.17, 2.19) 2 1.91 (1.40, 2.60) 2
Pneumonia 1.94 (1.56, 2.41) 2 Nl NI
Home oxygen use in prior 24 1.68 (1.02, 2.76) 2 NI NI
months
Functional
Any difficulty dressing yourself | 1.42 (1.04, 1.93) 1 NAZ NA
Difficulty walking a half- mile
Some difficulty 1.33(0.98, 1.80) 1 NA NA
Much difficulty/cannot do 1.44 (1.08, 1.91) NA NA
Behavioral
History of alcohol- related 1.69 (1.12, 2.54) 2 NA NA
aggressive behavior
Body mass index
<185 1.39 (0.76, 2.54) 1 1.41 (0.77, 2.60) 1
18.5 to <25 REF 0 REF 0
25 t0 <30 0.75 (0.58, 0.95) -1 0.77 (0.60, 0.98) -1
30 to <35 0.69 (0.49, 0.97) 0.78 (0.56, 1.09)
235 0.45 (0.25, 0.81) -3 0.54 (0.30, 0.96) -2
Pharmacy
Inhaled corticosteroid 1.49 (1.05, 2.12) 1 1.75(1.21, 2.51) 2
Oral corticosteroid 1.87 (1.32, 2.66) 2 2.22 (1.56, 3.15) 3
C-index (95% CI) Development | 0.72 (0.70, 0.75) | 0.72 (0.69, | 0.69 (0.67,0.72) | 0.69 (0.66,
cohort 0.75) 0.72)
C-index (95% CI) Validation 0.70 (0.66, 0.73) | 0.69 (0.66, | 0.69 (0.66,0.73) | 0.69 (0.66,
cohort 0.73) 0.73)
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*
Estimate from the Fine and Gray model, also known as a proportional sub-distribution hazards model (see Supplemental Methods)
fNI = Not included in final model

17tNA = Not applicable (i.e. variable not expected to be available in EMR)
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