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Identifying clusters of coexisting conditions and outcomes
among adults admitted to hospital with community-acquired
pneumonia: a multicentre cohort study
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Background: Little is known about patterns of coexisting conditions and their influence on clinical care or outcomes in adults admit-
ted to hospital for community-acquired pneumonia (CAP). We sought to evaluate how coexisting conditions cluster in this population
to advance understanding of how multimorbidity affects CAP.

Methods: We studied 11085 adults admitted to hospital with CAP at 7 hospitals in Ontario, Canada. Using cluster analysis, we iden-
tified patient subgroups based on clustering of comorbidities in the Charlson Comorbidity Index. We derived and replicated cluster
analyses in independent cohorts (derivation sample 2010-2015, replication sample 2015-2017), then combined these into a total
cohort for final cluster analyses. We described differences in medications, imaging and outcomes.

Results: Patients clustered into 7 subgroups. The low comorbidity subgroup (n = 3052, 27.5%) had no comorbidities. The DM-HF-Pulm
subgroup had prevalent diabetes, heart failure and chronic lung disease (n = 1710, 15.4%). One disease category defined each remaining
subgroup, as follows: pulmonary (n = 1621, 14.6%), diabetes (n = 1281, 11.6%), heart failure (n = 1370, 12.4%), dementia (n = 1038, 9.4%)
and cancer (n = 1013, 9.1%). Corticosteroid use ranged from 11.5% to 64.9% in the dementia and pulmonary subgroups, respectively.
Piperacillin—tazobactam use ranged from 9.1% to 28.0% in the pulmonary and cancer subgroups, respectively. The use of thoracic com-
puted tomography ranged from 5.7% to 36.3% in the dementia and cancer subgroups, respectively. Adjusting for patient factors, the risk of
in-hospital death was greater in the cancer (adjusted odds ratio [OR] 3.12, 95% confidence interval [Cl] 2.44-3.99), dementia (adjusted OR
1.57, 95% Cl 1.05-2.35), heart failure (adjusted OR 1.66, 95% Cl 1.35-2.03) and DM-HF-Pulm subgroups (adjusted OR 1.35, 95% CI
1.12-1.61), and lower in the diabetes subgroup (adjusted OR 0.67, 95% Cl 0.50-0.89), compared with the low comorbidity group.

Interpretation: Patients admitted to hospital with CAP cluster into clinically recognizable subgroups based on coexisting conditions.
Clinical care and outcomes vary among these subgroups with little evidence to guide decision-making, highlighting opportunities for
research to personalize care.

neumonia is one of the most common reasons for hos- o i )
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pital admission' and patients with pneumonia have a

wide range of clinical outcomes.”* The clinical care of
patients with pneumonia is known to vary with respect to
choice of antibiotics,? type of imaging used* and adjunctive
therapies.’ It is not known whether patterns of coexisting
conditions are associated with differences in clinical care or
outcomes among patients admitted to hospital with pneu-
monia. As populations age, more people are living with multi-
ple chronic conditions.® Although single coexisting diseases,
such as dementia,” and greater comorbidity levels in general®2
are known to affect clinical outcomes in patients with pneu-
monia, less is understood about patterns of coexisting illnesses
among patients admitted to hospital for pneumonia. Clinical
practice guidelines for pneumonia offer little guidance for
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how coexisting conditions should affect care.>"* Host pheno-
typing has been identified as a crucial next step in advancing
the treatment of pneumonia, including calling for a focus on
improving our understanding of comorbid illnesses.'*

The objective of this study was to examine how coexisting
conditions cluster in patients admitted to hospital with
community-acquired pneumonia (CAP). We hypothesized
that clinically recognizable subgroups could be identified
based on patterns of coexisting conditions, and that subgroups
would differ in use of diagnostic imaging and medication, and
in clinical outcomes. Our overall aim was to advance under-
standing of how multimorbidity affects CAP and to inform
future research toward more personalized treatment strategies
for patients admitted to hospital with CAP.

Design and setting

This was a retrospective cohort study using data from 7 large
hospitals in Toronto and Mississauga, Ontario, Canada that
were participating in the General Medicine Inpatient Initia-
tive (GEMINI), which collects administrative and clinical data
from all admissions to general internal medicine.! Clinical
data are extracted from hospital information systems and
administrative data are collected from hospitals as reported to
the Canadian Institute for Health Information (CIHI)
National Ambulatory Care Reporting System and Discharge
Abstract Database.'®!¢ To ensure data quality, GEMINI
implements numerous computational checks, followed by
manual validation of samples of data, with each round of data
collection from hospitals. This approach has been described
in detail and resulted in 98%-100% congruence of data sam-
ples with manual review.!” The participating hospitals serve
diverse, multiethnic urban and suburban populations and hos-
pital services are publicly insured.

Study sample

We included all patients discharged from general internal medi-
cine between Apr. 1, 2010, and Oct. 31, 2017. At all participat-
ing hospitals, nearly all patients with CAP who are not admitted
to the intensive care unit (ICU) are admitted to general internal
medicine rather than specialized respirology services. To iden-
tify patients with CAP, we included patients for whom the most
responsible discharge diagnosis as reported to CIHI was “pneu-
monia,” defined by the Canadian version of the International
Statistical Classification of Diseases and Related Health Problems,
10th Revision (ICD-10-CA), codes J10-]J18.1181 We also
included patients for whom pneumonia was a comorbid diagno-
sis with a most responsible discharge diagnosis of chronic
obstructive pulmonary disease (COPD, defined by ICD-10-CA
codes J41-J44).° These patients were included because coding
convention dictates that COPD be coded as the primary diag-
nosis for patients with coexisting pneumonia.'® Previous chart
abstraction studies have shown that the ICD-10 code J18 alone
had a sensitivity of 80% for pneumonia,*' whereas the group of
ICD-10 codes J10-J18 were found to be 98% sensitive and 97 %
specific for pneumonia among patients aged 65 years and

E800 CMAJ OPEN, 11(5)

older.’® To enhance the specificity of case identification and to
separate CAP from hospital-acquired pneumonia, we included
only patients who received an antibiotic with activity against
respiratory pathogens*?2* every day for the first 4 days of
admission or until death or hospital discharge, in accordance
with a standard 5-day treatment regimen for CAP"* (assuming
up to 1 day of antimicrobial administration in the emergency
department before admission). We excluded patients who were
not admitted from the emergency department, or who were
admitted to hospital in the previous 30 days, given the possibil-
ity that their pneumonia may have been related to the previous
admission. For patients with multiple admissions, we included
only 1 randomly selected admission during the study period.

Measures and outcomes

Patient characteristics

Baseline patient characteristics included age, sex, residence in
a long-term care facility, transport to hospital by ambulance,
overall level of comorbidity as estimated using the Charlson
Comorbidity Index score (range 0-24, with higher scores
indicating greater comorbidity)**2¢ and severity of illness,
estimated using the Laboratory-based Acute Physiology Score
(LAPS) (range 0-256, with higher values indicating greater
illness severity),”” which is a validated predictor of in-hospital
mortality based on 14 laboratory tests.”®?’

Coexisting conditions

We selected comorbid conditions of interest based on one of
the most widely used comorbidity indices, the Charlson
Comorbidity Index.”* We measured conditions that are
included in this index using patient discharge diagnoses, cat-
egorized with ICD-10 codes.” Sensitivity and specificity for
most of these ICD-10 codes have been reported previously
and all were more than 95% specific, while sensitivity ranged
from 25% for HIV/AIDS to 83% for metastatic cancer.’® The
Charlson Comorbidity Index defines chronic lung disease as
all obstructive and restrictive diseases.”’ It also separates dia-
betes, liver disease and malignant disease into subcategories
based on disease severity and complications,”® which we col-
lapsed into single categories for each disease.

Processes of clinical care

We described the use of respiratory-acting antibiotics, other
medications intended to improve respiration (i.e., glucocort-
coids, inhalers and furosemide) and the use of computed
tomography (CT) of the thorax. Medication data come from
physician medication orders documented in pharmacy infor-
mation systems. Given the lack of medication standardization
across hospitals, we manually reviewed medication lists to
identify medications of interest.

Clinical outcomes

The study outcomes were in-hospital death, ICU admission
after admission to general internal medicine, total hospital
length of stay and readmission to general internal medicine at
any participating hospital, within 30 days of discharge.



Statistical analysis

We performed cluster analysis to identify subgroups of patients
with CAP based on the presence of coexisting medical condi-
tions that form the Charlson Comorbidity Index, namely dia-
betes, chronic lung disease (including both obstructive and
restrictive lung disease), congestive heart failure, cancer, demen-
tia, renal disease, myocardial infarction, stroke, liver disease,
peripheral vascular disease, rheumatic disease, paralysis, peptic
ulcer disease and HIV. Full methodological details are in Appen-
dix 1, eMethods, available at www.cmajopen.ca/content/11/5/
E799/suppl/DCI1. In brief, we used 3 unsupervised machine
learning (clustering) techniques (K-modes,*!' partitioning
around medoids [PAM]*? and hierarchical agglomerative clus-
tering [HAC]).* Each method derives data-driven clusters or
subgroupings by either iteratively optimizing group selections
through a top-down approach (i.e., K-modes and PAM) or
through bottom-up groupings of observations into a number
of clusters (i.e., HAC). This allowed a comparison of how dif-
ferent approaches performed, since there is no agreed best
method for cluster analysis. To assess the stability and repro-
ducibility of the identified patient subgroups, we performed
the same cluster analysis in a derivation cohort (Apr. 1, 2010,
to Mar. 31, 2015) and replication cohort (Apr. 1, 2015, to
Oct. 31, 2017), similar to Seymour and colleagues®® (Appen-
dix 1, eFigure 1). We excluded patients who had an admission
in both the derivation and replication period from the latter
cohort so that they were only captured once. We reported
demographics, baseline characteristics and the prevalence of
coexisting conditions for the 2 cohorts. We used standardized
mean differences greater than 0.10 (10%) to identify any
meaningful imbalance between the cohorts.** After confirming
a clinically relevant, stable and reproducible clustering
approach in the 2 cohorts (Appendix 1, eMethods), we reran
the cluster analysis using the entire study period (Apr. 1, 2010,
to Oct. 31, 2017) (Appendix 1, eFigure 1). We performed all
further analyses using the total cohort.

We compared patient characteristics, clinical care and out-
comes across subgroups using ? tests for categorical variables
and Kruskal-Wallis tests for continuous variables. We used
separate logistic regression models to evaluate the effect of
coexisting condition subgroups on each of in-hospital death,
30-day readmission and ICU admission. We used quantile
regression to model median length of hospital stay as a reflec-
tion of the nonbinary outcome of total length of stay. We
adjusted models for age, sex, hospital, arrival to hospital from
a long-term care facility, arrival to hospital by ambulance and
LAPS. To capture potential nonlinear effects of age and
LAPS, we used natural cubic splines with 5 degrees of free-
dom.** Since patients were clustered within hospitals, we
obtained cluster-robust standard errors using a clustered
sandwich estimator for binary outcomes*®’” and cluster-robust
bootstrapping for quantile regression.’® As a sensitivity analy-
sis, we included all coexisting conditions that were not the
drivers of the clusters (including renal disease, myocardial
infarction, stroke, liver disease, peripheral vascular disease) as
additional covariates. We performed all analyses in R version
4.0.0 (R Foundation for Statistical Computing).
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Ethics approval

This study received Research Ethics Board (REB) approval
with a waiver of informed patient consent from all partici-
pating hospitals (St. Michael’s Hospital, Sunnybrook
Health Sciences Centre and University Health Network
Clinical Trials Ontario no. 1394, Trillium Health Part-
ners REB no. 742 and Mount Sinai Hospital REB no.
15-0075-C).

Overall, we included 11085 patients in the study cohort
(Appendix 1, eFigure 1). The median age was 79 (interquartile
range [IQR] 65-87) years and 5832 (52.6%) were male. The
mean Charlson Index score was 1.7 (standard deviation [SD]
1.7). The 5 most common coexisting conditions were chronic
lung disease (n = 3178, 28.7%), diabetes (n = 2978, 26.9%),
heart failure (n = 1892, 17.1%), dementia (z = 1401, 12.6%)
and cancer (n = 1194, 10.8%).

Appendix 1, eTable 1 and eTable 2 summarize demo-
graphics, baseline characteristics and prevalence of coexist-
ing conditions in the derivation, replication and total
cohorts, and across the 7 hospital sites. There were
7066 patients in the derivation cohort and 4019 patients in
the replication cohort, and the 2 cohorts were generally sim-
ilar (Appendix 1, eTable 1). There were some differences in
the prevalence of coexisting conditions among different hos-
pital sites, most notably a higher proportion of cancer in hos-

pital A (Appendix 1, eTable 2).

Cluster analysis

Subgroups were driven primarily by the 5 most common
comorbidities in the cohort (i.e., pulmonary disease, dia-
betes, heart failure, dementia and cancer), and 72.5% of
patients had at least 1 of these 5 conditions (Figure 1). We
selected a 7-cluster solution, derived by the PAM algorithm,
as the optimal set of subgroups from our cluster analysis
(Figure 1 and Appendix 1, eResults and eAppendix). We
identified these as the low comorbidity subgroup (7 = 3052,
27.5%), which had none of the coexisting conditions in the
Charlson Index; the diabetes-heart failure—pulmonary
(DM-HF-Pulm) subgroup (z = 1710, 15.4%), which was a
multimorbid subgroup with high prevalence of all 3 of those
conditions; the pulmonary subgroup (z = 1621, 14.6%),
which included patients with either chronic obstructive or
restrictive lung diseases; the diabetes subgroup (z = 128]1,
11.6%); the heart failure subgroup (z = 1370, 12.4%), a
group that also had a relatively high prevalence of renal dis-
ease; the dementia subgroup (z = 1038, 9.4%); and the can-
cer subgroup (z = 1013, 9.1%).

Patient characteristics

Subgroups differed significantly in age, sex and other baseline
characteristics (Table 1). The cancer subgroup was the
youngest of all the subgroups (median age 72 yr), while the
dementia subgroup was the oldest (median age 86 yr). The
cancer subgroup had the highest proportion of males (60.7%),
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Subgroup, no. (%) of patients
Low comorbidity =~ DM-HF-Pulm Pulmonary Diabetes Heart failure Dementia Cancer
Total 3052 (27.5) 1710 (15.4) 1621 (14.6) 1281 (11.6) 1370 (12.4) 1038 (9.4) 1013 (9.1)
Pulmonary - 0 1249 (73.0) 1621 (100.0) 0 140 (13.5) 168 (16.6)
DM - 0 1272 (74.4) 0 1281 (100.0) 0 246 (23.7) 179 (17.7)
CHF - 0 1145 (67.0) 0 0 0
< Dementia 0 187 (10.9) 0 117 (8.5) 1038 (100.0) 59 (5.8)
% Cancer | 0 124 (7.3) 0 57 (4.2) 1013 (100.0) P’e"a'f(;‘:ev %
E’, Renal 0 134 (7.8) 83 (5.1) 73 (5.7) 301 (22.0) 62 (6.0) 50 (4.9) I -
.‘% Mi 0 166 (9.7) 61(3.8) 58 (4.5) 159 (11.6) 40 (3.9) 28 (2.8) "
§ Stroke - 0 72 (4.2) 32 (2.0) 49 (3.8) 128 (9.3) 56 (5.4) 27 (2.7) 2
© Liver 1 0 38 (2.2) 52 (3.2) 34 (2.7) 108 (7.9) 4(0.4) 29 (2.9) 0
PVD A 0 70 (4.1) 32 (2.0) 27 (2.1) 71 (5.2) 15 (1.4) 21 (2.1)
Rheumatic 0 24 (1.4) 37 (2.3) 19 (1.5) 114 (8.3) 7(0.7) 10 (1.0)
Paralysis 0 12 (0.7) 8(0.5) 21 (1.6) 62 (4.5) 14 (1.3) 8 (0.8)
PUD - 0 15 (0.9) 12(0.7) 8 (0.6) 31(2.3) 5(0.5) 4(0.4)
HIV 0 3(0.2) 6(0.4) 1(0.1) 1(0.1) 1(0.1) 0

Figure 1: Subgroups of patients with community-acquired pneumonia admitted to general internal medicine (Apr. 1, 2010, to Oct. 31, 2017)
identified by cluster analysis according to coexisting conditions. Note: CHF = congestive heart failure; DM = diabetes mellitus; DM-HF-Pulm =
patients with diabetes, congestive heart failure and chronic lung disease; liver = liver disease; Ml = myocardial infarction; pulmonary = chronic
lung disease, including both obstructive and restrictive; PUD = peptic ulcer disease; PVD = peripheral vascular disease; renal = renal disease;
rheumatic = rheumatic disease. See text for details regarding cluster analysis. Subgroups were named by the condition(s) present in all or most

patients within a subgroup.

while the dementia subgroup had the lowest proportion
(45.9%). The dementia subgroup had the highest proportion
of patients from a long-term care facility (37.6%) and arriving
to hospital by ambulance (89.5%). The DM-HF-Pulm group
had the highest presenting LAPS (mean 27.1, SD 18.8),
whereas the low comorbidity subgroup had the lowest LAPS
(mean 20.7, SD 15.3). The cancer subgroup had the highest
Charlson Index score (mean 3.8, SD 2.0) whereas the low
comorbidity subgroup had the lowest score (mean 0, SD 0),
by definition.

Clinical care

The use of respiratory-acting antibiotic classes, glucocorti-
coids, inhalers, furosemide and CT of the thorax differed sig-
nificantly between subgroups (Table 2). The most notable
differences were the high use of piperacillin-tazobactam
(28.0%) and CT thorax (36.3%) in the cancer subgroup, com-
pared with the overall population (13.3% and 18.3%, respect-
ively). Use of fluoroquinolone antibiotics was highest in the
pulmonary subgroup (48.2%) and use of CT thorax was low-
est in the dementia subgroup (5.7%). Use of glucocorticoids
was greatest in the pulmonary subgroup (64.9%), as was use
of all inhaler types. Furosemide use was greatest in the DM-
HF-Pulm subgroup (61.6%).
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Clinical outcomes

Subgroups differed significantly in the 4 clinical outcomes
(Figure 2, Table 3). Compared with the overall study popula-
tion, the low comorbidity subgroup had fewer deaths (4.2% v.
6.9%), ICU admissions (6.7% v. 8.9%) and 30-day readmis-
sions (7.7% v. 10.0%), and shorter lengths of stay in hospital
(median 3.7 [IQR 2.0-6.7] d v. 4.7 [IQR 2.6-8.5] d). Con-
versely, the DM-HF-Pulm subgroup had worse outcomes
than the overall population on in-hospital deaths (8.4%), ICU
admissions (14.4%), 30-day readmissions (13.2%) and median
lengths of stay (6.2 [IQR 3.4-10.7] d).

After adjusting for age, sex, hospital, arrival to hospital
from a long-term care facility, arrival by ambulance and
presenting LAPS, the risk of death was greater in the can-
cer (adjusted odds ratio [OR] 3.12, 95% confidence interval
[CI] 2.44-3.99), dementia (adjusted OR 1.57, 95% CI
1.05-2.35), heart failure (adjusted OR 1.66, 95% CI 1.35-
2.03) and DM-HF-Pulm (adjusted OR 1.35, 95% CI 1.12—
1.61) subgroups compared with the low comorbidity sub-
group. The heart failure and DM-HF-Pulm subgroups had
worse outcomes on all 4 measures, compared with the low
comorbidity subgroup. The diabetes subgroup had lower
risk of death (adjusted OR 0.67, 95% CI 0.50-0.89) than
the low comorbidity subgroup, longer median hospital
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Table 1: Baseline characteristics for subgroups of patients with community-acquired pneumonia admitted to general internal
medicine (Apr. 1, 2010, to Oct. 31, 2017), identified by cluster analysis according to coexisting conditions
No. (%) of patients*
Low DM-HF- Heart
Overall comorbidity Pulm Pulmonary  Diabetes failure Dementia Cancer
Characteristic n=11085 n = 3052 n=1710 n=1621 n=1281 n=1370 n=1038 n=1013 pvalue
Age, yr, 79 75 80 77 75 83 86 72 < 0.001
median, IQR (65-87) (55-86) (71-87) (64-85) (66—-83) (69-90) (81-91) (62-82)
Sex, 5832 1533 940 838 741 689 476 615 < 0.001
male (52.6) (50.2) (55.0) (51.7) (57.8) (50.3) (45.9) (60.7)
From long-term care 1224 213 237 113 102 139 390 30 < 0.001
(11.0) (7.0) (13.9) (7.0) (8.0) (10.1) (37.6) (3.0)
Arrived to hospital 6849 1672 1146 1002 765 867 929 468 < 0.001
via ambulance (61.8) (54.8) (67.0) (61.8) (59.7) (63.3) (89.5) (46.2)
LAPS, 23.4 20.7 271 22.1 25.8 25.3 245 212 < 0.001
mean + SD +16.9 +15.3 +18.8 +17.0 +16.6 +17.7 +16.4 +15.8
Charlson Comorbidity 1.7 0.0+0.0 3.4 1.3 1.8 1.8 1.8 3.8 < 0.001
Index score, +17 +14 +0.7 +10 +11 +1.0 +2.0
mean + SD
Charlson < 0.001
Comorbidity Index
score category, %
0 3052 3052 0 0 0 0 0 0
(27.5) (100.0)
1 3209 0 0 1347 583 729 550 0
(28.9) (83.1) (45.5) (53.2) (53.0)
2 2191 0 510 152 489 390 273 377
(19.8) (29.8) (9.4) (38.2) (28.5) (26.3) (37.2)
3 1266 0 530 92 110 172 148 214
(11.4) (31.0) (5.7) (8.6) (12.6) (14.3) (21.1)
>4 1367 0 670 30 99 79 67 422
(12.3) (39.2) (1.9) (7.7) (5.8) (6.5) (41.7)
Note: DM-HF-Pulm = patients with diabetes, congestive heart failure and chronic lung disease; IQR = interquartile range; LAPS = Laboratory-based Acute Physiology
Score, SD = standard deviation.
*Unless indicated otherwise.
t2-tailed p value for differences between subgroups, determined by y? test for categorical variables and Kruskal-Wallis tests for continuous variables.

stays (0.25 d longer, 95% CI 0.00-0.49 d), and no signifi-
cant differences in ICU admission or readmission. The
pulmonary subgroup had greater risk of ICU use (adjusted
OR 1.42, 95% CI 1.16-1.74) and longer median hospital
stays (0.41 d longer, 95% CI 0.02-0.80 d) than the low
comorbidity subgroup but no significant difference in risk
of death or readmission. The dementia subgroup had lon-
ger median hospital stays (1.23 d longer, 95% CI 0.74-
1.72 d) but no significant difference in risk of ICU use or
readmission. The cancer subgroup had higher risk of
30-day readmission (adjusted OR 1.41, 95% CI 1.16-1.70)
and longer median hospital stays (1.18 d longer, 95% CI
0.82-1.54 d), but no difference in risk of ICU admission.

After adjusting for the less common comorbidities,
which were not the drivers of clustering, the results were
generally consistent with our primary analysis (Appendix 1,
eTable 7).

We used machine learning techniques to identify 7 reprodu-
cible and clinically recognizable subgroups of patients admitted
to hospital with CAP based on patterns of coexisting condi-
tions. We found that 5 disease categories were the most preva-
lent coexisting conditions and drove the pattern of clustering,
namely chronic lung diseases, diabetes mellitus, heart failure,
dementia and cancer. We characterized the pattern of disease
clustering. Five subgroups were dominated by a single disease
category (pulmonary, diabetes, heart failure, dementia and
cancer). One subgroup represented a classically multimorbid
phenotype with high prevalence of chronic lung disease, dia-
betes and heart failure and one subgroup reflected patients
with little comorbidity. We found that use of diagnostic imag-
ing, antibiotics and other medications differed among these
subgroups. Clinical outcomes also differed by subgroup, even
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Table 2: Antibiotic use, medication use and imaging use among subgroups of patients with community-acquired pneumonia
admitted to general internal medicine (Apr. 1, 2010, to Oct. 31, 2017), identified by cluster analysis according to coexisting conditions*

No. (%) of patients

Low DM-HF- Heart
Overall comorbidity Pulm Pulmonary Diabetes failure Dementia Cancer
Variable n=11085 n = 3052 n=1710 n=1621 n=1281 n=1370 n=1038 n=1013 p valuet
Third-generation 6696 1921 1021 885 767 840 658 604 < 0.001
cephalosporin} (60.4) (62.9) (59.7) (54.6) (59.9) (61.3) (63.4) (59.6)
Macrolide§ 6305 1803 950 892 700 768 562 630 < 0.001
(56.9) (59.1) (55.6) (55.0) (54.6) (56.1) (54.1) (62.2)
Fluoroquinolonef| 4592 1136 784 781 523 566 434 368 < 0.001
(41.4) (37.2) (45.8) (48.2) (40.8) (41.3) (41.8) (36.3)
Penicillin-derived 2131 614 310 357 240 247 170 193 0.006
B-lactamases™* (19.2) (20.1) (18.1) (22.0) (18.7) (18.0) (16.4) (19.1)
Piperacillin—tazobactam 1472 334 232 148 169 173 132 284 < 0.001
(13.3) (10.9) (13.6) 9.1) (13.2) (12.6) (12.7) (28.0)
Othertt 862 253 110 104 88 124 70 113 < 0.001
(7.8) (8.3) (6.4) (6.4) (6.9) (9.1) (6.7) (11.2)
MRSA coveragetf 592 164 82 58 75 78 60 75 0.002
(5.3) (5.4) (4.8) (3.6) (5.9) (5.7) (5.8) (7.4)
Simple penicillins§§ 296 96 43 43 34 39 24 17 0.292
(2.7) (3.1) (2.5) (2.7) (2.7) (2.8) (2.3) (1.7)
Ceftazidime 159 24 35 46 12 19 8 15 < 0.001
(1.4) (0.8) (2.0) (2.8) (0.9 (1.4) (0.8) (1.5)
Tetracyclines (doxycycline) 115 19 19 23 15 20 7 12 0.07
(1.0) (0.6) (1.1) (1.4) (1.2) (1.5) (0.7) (1.2)
Carbapenems (pseudomonas 106 16 15 1 17 12 10 25 < 0.001
coverage)1ll (1.0) (0.5) (0.9) 0.7) (1.3) (0.9) (1.0) (2.5)
Clindamycin 59 1 1 6 10 8 8 5 0.468
(0.5) (0.4) (0.6) (0.4) (0.8) (0.6) (0.8) (0.5)
Carbapenems (no 38 7 5 7 7 5 6 1 0.352
pseudomonas coverage) (0.3) (0.2) (0.3) (0.4) (0.5) (0.4) (0.6) (0.1)
CT thorax*** 2032 609 241 341 180 234 59 368 < 0.001
(18.3) (20.0) (14.1) (21.0) (14.1) (17.1) (5.7) (36.3)
Furosemide 3217 441 1054 314 342 694 205 167 < 0.001
(29.0) (14.4) (61.6) (19.4) (26.7) (50.7) (19.7) (16.5)
Glucocorticoid 3119 351 874 1052 176 232 119 315 < 0.001
(28.1) (11.5) (51.1) (64.9) (13.7) (16.9) (11.5) (31.1)
Short-acting B agonist 5179 976 1245 1355 451 466 345 341 < 0.001
(46.7) (32.0) (72.8) (83.6) (35.2) (34.0) (33.2) (33.7)
Short-acting muscarinic 3611 530 1021 1093 251 280 233 203 < 0.001
antagonist (32.6) (17.4) (59.7) (67.4) (19.6) (20.4) (22.4) (20.0)
Long-acting B agonist 100 8 24 48 3 7 2 8 < 0.001
(0.9) (0.3) (1.4) (3.0) 0.2) (0.5) (0.2) (0.8)
Long-acting muscarinic 1770 126 595 733 57 52 101 106 < 0.001
antagonist (16.0) (4.1) (34.8) (45.2) (4.4) (3.8) (9.7) (10.5)

Note: CT = computed tomography, DM-HF-Pulm = patients with diabetes, congestive heart failure and chronic lung disease; MRSA = methicillin-resistant Staphylococcus aureus.
*Antibiotics included only those specifically mentioned in the Infectious Diseases Society of America guidelines’*? or Dragen and colleagues.?? Cephalexin was also
included since it has the same spectrum of activity to cefazolin.

t2-tailed p value for differences between subgroups overall, determined by %2 test.

tCeftriaxone, cefotaxime, cefepime, cefdinir, cefditoren, cefpoxidime and ceftaroline.

§Azithromycin, clarithromycin, erythromycin.

flLevofloxacin, moxifloxacin, ciprofloxacin, gemifloxicin.

**Amoxicillin—clavulinic acid, ampicillin—sulbactam, ticarcillin—clavulanate.

ttAztreonam, streptomycin, colistin, gentamicin, trimethoprim—sulfamethoxazole), first- and second-generation cephalosporins (cefazolin, cefprozil, cefuroxime,
cephalexin).

t$Vancomycin, linezolid.

§§Penicillin G, amoxicillin, ticarcillin, flucloxacillin, ampicillin, pipracillin.

ffiCarbapenems with pseudomonas coverage include meropenem, imipenem, impenem—cilastatin. Carbapenoms without pseudomonas coverage include ertapenem.
***CT thorax performed in the first 4 days of admission.
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ICU admission, % In-hospital death, % 30-day readmission, % Median LOS, d
Lowcomoricy |+ — e -
DM-HF-Pulm — — — —
§. Pulmonary - —= — -
g, Diabetes — — — —
R
t?) Heart failure | || — —
Dementia - —— — — —
Cancer — —_ — —
T T T T T T T T T T
-4 0 4 -5 0 5 -25 0 25 50 -1 0 1 2
Difference from overall cohort (95% Cl)
Overall Lom_l . DM-HF-Pulm Pulmonary Diabetes  Heart failure Dementia Cancer P
comorbidity
No. of patients 11 085 3052 1710 1621 1281 1370 1038 1013
ICU admission, n (%) 989 (8.9) 203 (6.7) 247 (14.4) 154 (9.5) 106 (8.3) 154 (11.2) 46 (4.4) 79 (7.8)  <0.001
In-hospital death, n (%) 761 (6.9) 128 (4.2) 144 (8.4) 68 (4.2) 46 (3.6) 133 (9.7) 126 (12.1) 116 (11.5) < 0.001
30-day readmission, n (%) 1022 (10.0) 221 (7.7) 206 (13.2) 146 (9.5) 103 (8.4) 138 (11.2) 106 (11.6) 102 (11.4) <0.001
LOS, median (IQR) 47 (2.6-8.5) 3.7 (2.0-6.7) 6.2(3.4-10.7) 4.5 (2.6-7.6) 4.5 (2.6-7.6) 5.6 (3.2-9.6) 5.8 (3.5-10.6) 4.9 (2.6-9.0) < 0.001

Figure 2: Outcomes for subgroups of patients with community-acquired pneumonia admitted to general internal medicine (Apr. 1, 2010, to
Oct. 31, 2017) identified by cluster analysis according to coexisting conditions. Coloured bars are the differences in outcome (percentage or
median) between the overall cohort and each subgroup. Overall cohort includes patients not belonging to the subgroup being compared (e.g.,
ICU admissions among the dementia subgroup v. all other admissions except those in dementia subgroup). Error bars represent 95% confi-
dence intervals (calculated as Wilson score—based interval for proportions and percentile bootstrap interval with 2000 replications for length of
stay). In the table, the unadjusted outcomes are reported for each subgroup. Note: DM-HF-Pulm = patients with diabetes, congestive heart fail-
ure and chronic lung disease, ICU = intensive care unit, IQR = interquartile range, LOS = length-of-stay.

Table 3: Association of patient subgroup based on coexisting conditions with clinical outcomes after
multivariable adjustment*

Subgroup

OR (95% Cl)

Coefficient (95% CI)

In-hospital death

ICU admission

30-day readmission

Median length of stay

Low comorbidity
DM-HF-Pulm
Pulmonary
Diabetes

Heart failure
Dementia

Cancer

Ref.
1.35 (1.12-1.61)
0.85 (0.63-1.14)
0.67 (0.50-0.89)
1.66 (1.35-2.03)
1,57 (1.05-2.35)
3.12 (2.44-3.99)

Ref.
2.19 (1.79-2.67)
142 (1.16-1.74)
1.12 (0.99-1.28)
1.82 (1.45-2.30)
0.87 (0.68-1.12)
1.20 (0.76-1.88)

Ref.
1.57 (1.14-2.16)
1.19 (0.81-1.76)
1.02 (0.71-1.47)
1.32 (1.02-1.71)
1.28 (0.96-1.70)
1.41 (1.16-1.70)

Ref.

1.67 (1.34-2.01)
0.41 (0.02-0.80)
0.25 (0-0.49)
1.30 (0.80-1.79)
1.23 (0.74-1.72)
1.18 (0.82-1.54)

Note: Coeff = coefficient in quantile regression; Cl = confidence interval; DM-HF-Pulm = patients with diabetes, congestive heart failure and chronic
lung disease; ICU = intensive care unit; OR = odds ratio; Ref. = reference category.
*Results for in-hospital death, ICU admission and 30-day readmission are from binary logistic regression analysis. Results for length of stay are from
quantile regression. Each subgroup was defined as a binary variable and compared with the low comorbidity subgroup as a reference. We adjusted
models for patient age, sex, hospital, arrival to hospital from a long-term care facility, arrival to hospital by ambulance and Laboratory-based Acute
Physiology Score (LAPS). Age and LAPS were modelled using nonlinear splines.
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after controlling for age, sex and severity of illness at presen-
tation. Examining patterns of coexisting conditions, rather
than single comorbidities, offers novel insights that align
with a proposed paradigm shift from single disease treatment
toward cluster medicine for patients with multimorbidity*’
and lays the groundwork for decision-support tools* to
incorporate patient preferences and other factors to person-
alize care.

Our study extends the previous literature related to comor-
bidity and CAP, which has focused on describing the preva-
lence of coexisting conditions,* associating single coexisting
conditions with outcomes”** and measuring comorbidity in
general rather than exploring patterns of disease.!> Diabetes
mellitus has been associated with significantly increased mor-
tality in patients admitted to hospital with pneumonia.®* We
found that 42.7% of patients with diabetes were part of the
subgroup with high rates of chronic lung disease and heart
failure, 8.3% had coexisting dementia and 6.0% had coexisting
cancer. All of these subgroups had significantly greater risk of
death, and poorer outcomes in general, than patients with no
comorbidities. However, another 43.0% of patients with dia-
betes were in a subgroup without other Charlson comorbid-
ities and these patients had significantly lower risk of death
than patients with no comorbidities. This reveals that the rela-
tionship between diabetes, pneumonia and death in hospital is
not as simple as was previously understood. Given that ICD-10
codes are highly accurate in identifying patients with diabetes
in our data set (sensitivity 97%, positive predictive value
96%),* our findings are not likely to be explained by misclassi-
fication errors. We do not interpret our findings to suggest
that diabetes has a protective effect on mortality but rather
that diabetes may not have a uniformly negative effect on in-
hospital outcomes and the association may be driven by com-
plications associated with diabetes. Importantly, these findings
do not pertain to the overall relationship between diabetes and
CAP, because our sample includes only patients admitted to
hospital and diabetes is a known risk factor for both the acqui-
sition of CAP* and for hospital admission for CAP.*

The DM-HF-Pulm subgroup had the most coexisting
conditions and had poor outcomes overall, similar to previous
studies of multimorbidity in pneumonia.’'° The specific pat-
tern of coexisting conditions illuminates opportunities for fur-
ther research in this subgroup. For example, the use of macro-
lide (55.6%) and fluoroquinolone (45.8%) antibiotics was not
lower in this subgroup, but these drugs cause cardiac compli-
cations.*? Corticosteroids were prescribed in 51.1% of
patients in this group, perhaps in part to treat concomitant
exacerbations of COPD, but corticosteroids may also worsen
heart failure and glycemic control.’!’? Corticosteroid use var-
ied across subgroups, from 64.9% in the pulmonary subgroup
to 11.5% of patients in the low comorbidity subgroup. There
may be practice variation related to the controversial litera-
ture on the benefits of corticosteroids in nonsevere CAP.>%*
Further research could seek to quantify whether the risks and
benefits of corticosteroids vary across subgroups, and differ-
ences in net benefits may provide opportunities for more per-
sonalized medicine.
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The pulmonary subgroup had greater ICU use and longer
hospital stays but no increased risk of death, consistent with
previous literature.”>=7 These findings correspond with the
COPD guideline from the Global Initiative for Chronic
Obstructive Lung Disease,’® which cautions against
therapeutic pessimism among patients admitted to hospital
with acute exacerbations of COPD. Risk of death was greater
in the dementia, cancer and heart failure subgroups than
among patients with no comorbidities, which is similar to pre-
vious studies.”*®’? The dementia subgroup had less use of the
ICU and thoracic CT overall, suggesting that clinicians and
patients may be opting for less intensive approaches. The can-
cer subgroup had the highest Charlson Index score with the
greatest standard deviation, likely related to combining all
malignant diseases and severities in 1 group, with weights
varying between 2 and 6 based on their association with
death.?® Given this heterogeneity, there may be utility in
exploring further subgroups based on type and severity of
cancer in future studies. The cancer subgroup also had a
greater use of thoracic CT scans (36.3% v. 18.3% overall) and
greater use of broad-spectrum antibiotics (e.g., piperacillin—
tazobactam used in 28.0% of patdients v. 13.3% overall), which
may be related to neutropenia or risk factors for Pseudomonas
infection. However, there remains limited evidence about
when to select broader antibiotic therapy or advanced diag-
nostic imaging in patients with cancer and CAP. Further
research should seek to clarify what patient factors are associ-
ated with differences in therapeutic and diagnostic choices,
and determine whether there are opportunities to standardize,
personalize and improve care.

Limitations

We used ICD-10-CA codes to identify medical conditions in
our cohort, including CAP. Although some studies suggest
these codes are highly specific, their sensitivity varies.!®?° We
augmented ICD-10-CA codes with clinical data regarding
antibiotic prescribing to increase the specificity of our defin-
ition of CAP, although we note that physician orders may not
always reflect administered medications. We used the Charl-
son Comorbidity Index to define chronic conditions given its
widespread use and simplicity, and because ICD-10 codes for
its components have been validated,*® but this index is not
exhaustive, leaving out some potentially important conditions,
including psychiatric illness. Other indices, such as the Elix-
hauser Index,” could be considered in future work to further
validate our findings. We also used the same disease group-
ings as in the Charlson Index,?® which do not represent single
diseases. Chronic lung disease, cancer, dementia, heart failure,
and diabetes (type 1 and type 2) are all heterogeneous cat-
egories, to varying degrees. The index does not capture dura-
tion of disease or extent of end-organ involvement, and we did
not capture number of admissions and readmissions, which
could have been reflective of severe disease; all of these factors
may also have affected outcomes. Our study was conducted in
7 large hospitals, and should be externally validated. The preva-
lence of the most common conditions in our cohort was gener-
ally similar to population-based studies of pneumonia in the



United States,* United Kingdom® and Canada,’! including
several with prospectively collected comorbidity data, suggest-
ing that our findings are likely generalizable. Processes of
care, such as advanced imaging use, may be less generalizable
to smaller hospitals, depending on availability of resources.
We measured coexisting conditions at discharge and these
may not have been present on admission. However, most of
these conditions are chronic diseases and it is unlikely that the
admission for CAP would represent the first occurrence of
this disease. For example, the incidence of cancer after admis-
sion for CAP has been reported as 1.1% within 90 days of dis-
charge and the rate of discovery during the CAP admission is
likely even lower.? Our data set included only patients admit-
ted to general internal medicine. Nearly all patients with CAP
are admitted to general internal medicine at participating hos-
pitals, with the exception of a small number of patients with
complex lung diseases or acute coronary syndromes who may
be cared for on dedicated respirology or cardiology units.
Although participating sites included 7 of the largest hospitals
in the Greater Toronto Area, one of Canada’s most ethnically
diverse regions, patient-level data about ethnicity and other
social determinants of health were not available in GEMINI,
limiting our ability to examine the impact of these on the
prevalence and pattern of coexisting conditions. We were also
unable to include patient vital signs or other clinical markers
of illness severity because much of that documentation
occurred in paper charts during the study period. The stabil-
ity of our clustering solution is strengthened by the reproduc-
ibility of results using different clustering approaches and
temporally split data sets. However, other approaches have
been commonly applied to binary clinical data such as latent
class analysis, which may offer additional insights and could be
explored in future work.53*

Conclusion

In this study, we used unsupervised machine learning methods
to identify stable and clinically recognizable subgroups of
patients admitted to hospital with CAP based on coexisting
conditions. Clinical care and outcomes varied by subgroup,
despite no strong evidence about how comorbid illnesses
should inform treatment decisions. This highlights opportun-
ities for future research about whether and how hospital care
for patients with CAP can be more personalized.
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