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Abstract
Objective
To determine whether a new index for multiple chronic conditions (MCCs) predicts post-
stroke functional outcome (FO), we developed and internally validated the newMCC index in
patients with ischemic stroke.

Methods
A prospective cohort of patients with ischemic stroke (2008–2017) was interviewed at baseline
and 90 days in the Brain Attack Surveillance in Corpus Christi Project. An average of 22
activities of daily living (ADL)/instrumental ADL (IADL) itemsmeasured the FO score (range
1–4) at 90 days. A FO score >3 (representing a lot of difficulty with ADL/IADLs) was
considered unfavorable FO. A new index was developed using machine learning techniques to
select and weight conditions and prestroke impairments.

Results
Prestroke modified Rankin Scale (mRS) score, age, congestive heart failure (CHF), weight loss,
diabetes, other neurologic disorders, and synergistic effects (dementia × age, CHF × renal
failure, and prestroke mRS × prior stroke/TIA) were identified as important predictors in the
MCC index. In the validation dataset, the index alone explained 31% of the variability in the FO
score, was well-calibrated (p = 0.41), predicted unfavorable FO well (area under the receiver
operating characteristic curve 0.81), and outperformed the modified Charlson Comorbidity
Index in predicting the FO score and poststroke mRS.

Conclusions
A new MCC index was developed and internally validated to improve the prediction of
poststroke FO. Novel predictors and synergistic interactions were identified.

Classification of Evidence
This study provides Class II evidence that in patients with ischemic stroke, an index for MCC
predicts FO at 90 days.
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Up to 53% of patients with stroke have long-term disability
in activities of daily living (ADLs).1,2 Clinically, accurate
prediction of poststroke functional outcome (FO) could aid
in decision-making regarding the balance of side effects and
benefits of aggressive treatments.3,4 It would help patients,
families, and physicians to have realistic expectations, set
attainable rehabilitation goals, and plan for home adjust-
ment, community support, or institutional care.3,4 From a
research perspective, prognostic factors are important in
observational studies for case mix adjustment and in clinical
trials for consideration of imbalance in treatment arms.3,4

Stratifying patients into prognostically comparable groups
can increase power to detect clinically relevant differences.5,6

Comorbidity increases risk of poor poststroke FO.7–10 Al-
though many studies have linked individual comorbid con-
ditions to FO, most patients have multiple chronic conditions
(MCCs) at stroke onset, which may affect FO
synergistically.11,12 Hospital-based studies have shown that
MCCs, measured by the modified Charlson Comorbidity
Index (mCCI), predict FO,13–16 but it is not clear whether the
conditions in the mCCI are adequate for MCC assessment in
patients with stroke. Comorbidities have been included in
prognostic scores for poststroke FO, although the comorbid
conditions have varied across studies.8–10 Furthermore, cog-
nitive and psychosocial impairments have not been consid-
ered, although they may interact synergistically with other
comorbidities to influence poststroke FO.17,18 The prediction
of FO can potentially be improved by adding functionally
relevant conditions, prestroke impairments, and synergistic
interactions to MCC assessment.14 Using machine learning,
we aimed to develop and internally validate a newMCC index
that improves the prediction of poststroke FO at 90 days.

Methods
We conducted a prospective cohort study nested in the Brain
Attack Surveillance in Corpus Christi (BASIC) Project
(November 8, 2008–March 31, 2017). BASIC methodology
has been described previously.19,20 BASIC is an ongoing
population-based stroke surveillance study in Nueces County,
Texas. In 2016, the county population was 361,350, with 63%
being Mexican Americans, who are mostly second- or third-
generation US-born citizens.20,21 Stroke cases were

ascertained through active and passive surveillance in the 7
hospitals in the county.18–20 Active surveillance identifies
cases through daily screening of admission logs, medical
wards, and intensive care units for validated cerebrovascular
diagnostic terms. Passive surveillance identifies cases through
searching hospital and emergency department discharge di-
agnoses using ICD-9/10 codes (430–438/I60–I69).22

Strokes are defined as a focal neurologic deficit of acute onset
specifically attributable to cerebrovascular distribution that
lasts >24 hours. All stroke cases were validated by a
fellowship-trained stroke physician blinded to race–ethnicity
and age. To study additional comorbid conditions not in-
cluded in the BASIC medical record abstraction, hospital
discharge data were requested but only available from 3
hospitals, which covers ;70% of acute strokes in the area.
Patients without hospital discharge data were excluded. In this
study, only the first ischemic stroke event for each patient was
included, although a patient may have had prior strokes or
TIA events. Patients aged <45 years, living outside of Nueces
County, or with traumatic strokes were excluded based on the
BASIC exclusion criteria.20 Patients of race/ethnicity other
than Mexican American or non-Hispanic white (6.3%) were
excluded to reduce sparsity.

Structured, in-person interviews (English/Spanish) were
conducted shortly after stroke onset (baseline interview) and
at;90 days after stroke (outcome interview). If a patient was
unable to complete an interview, a proxy interview was con-
ducted. Patients who died before the outcome interview were
excluded. Poststroke FO score was measured at ;90 days
using an average score of self-reported levels of difficulty with
22 ADL/instrumental ADL (IADLs) tasks. Self-reported level
of difficulty for each task was recorded as 1 (no difficulty), 2
(some difficulty), 3 (a lot of difficulty), or 4 (can only do with
help).23 The total FO score was dichotomized into none/
mildly impaired (≤3) and dependent (>3, a lot of difficulty
with ADL/IADLs). Patients from recent years (since October
2014) also have modified Rankin Scale (mRS) 9Q scores at
;90 days, a 9-question yes/no survey that measures post-
stroke mRS.24

Chronic conditions were abstracted frommedical records and
complemented by extracting ICD-9 and -10 codes from
hospital discharge data. A total of 22 chronic conditions were
considered, including those in the mCCI and Elixhauser

Glossary
ADL = activities of daily living;AUC = area under the receiver operating characteristic curve;BASIC = Brain Attack Surveillance
in Corpus Christi; BMI = body mass index; FO = functional outcome; CHF = congestive heart failure; IADL = instrumental
activities of daily living; ICD-9 = International Classification of Diseases–9; ICD-10 = International Classification of
Diseases–10; IQCODE = Informant Questionnaire on Cognitive Decline in the Elderly; IQR = interquartile range; Lasso =
least absolute shrinkage and selection operator; MA = Mexican American; MCC = multiple chronic conditions; mCCI =
modified Charlson Comorbidity Index;mRS = modified Rankin Scale; NIHSS = NIH Stroke Scale; ROC = receiver operating
characteristic; VIF = variance inflation factor.
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Comorbidity Index.25 Information on prestroke functional,
cognitive, and psychosocial impairments was ascertained from
the baseline interview. Prestroke function was measured by
the prestroke mRS using a series of structured questions re-
ferring to the prestroke period.26 Prestroke cognitive function
was measured by the Informant Questionnaire on Cognitive
Decline in the Elderly (IQCODE), a validated 16-item
questionnaire completed by a proxy informant who knows the
patient.27 Patients were classified as having normal cognition
(IQCODE ≤3), mild cognitive impairment (IQCODE
3.01–3.43), or dementia (IQCODE ≥3.44 or medical recor-
ded dementia) before stroke.28 Patients without a proxy have
missing information on IQCODE. Social support, marital
status, self-reported depression, and current/previous use of
antidepressants were used to measure prestroke psychosocial
impairments. The social support index was a sum of a 7-item
scale adapted from the Sacramento Area Latino Study on
Aging.29 Each item was scored 0 (never/rarely) to 2 (always)
with the final score ranging from 0 to 14 (higher for more
social support). Patients with a total score of more than 7 were
considered as having high social support.29 Information on
social support and depression status was not available if a
proxy interview was conducted. Race–ethnicity, education,
and insurance status were collected in the baseline in-
terview.20 Medical records included age, sex, smoking status,
alcohol use, body mass index (BMI) and morbid obesity
(BMI ≥ 40), prior stroke/TIA, and initial stroke severity
measured by the NIH Stroke Scale (NIHSS).30

Statistical Analysis
Data were divided into the training (November 8, 2008–
September 30, 2016, 90%) and validation datasets (October
1, 2016–October 31, 2017, 10%). In the training dataset,
baseline characteristics were compared by FO status at 90
days using Wilcoxon rank-sum tests and χ2 tests. Pairwise
correlations (Spearman) and linearity between each contin-
uous predictor and FO score were examined, and suitable
transformations were explored. Generalized additive models
with smoothing splines or piecewise linear regressions did not
provide better fit for the continuous variables (age, initial
NIHSS, BMI) and therefore they were modeled linearly. In-
formation on social support and depression status were
missing when proxy interviews were conducted among pa-
tients with more severe strokes. IQCODE, however, would be
less likely to be missing when a proxy interview was con-
ducted. Twenty-three percent of baseline and 21% of out-
come interviews were proxy interviews. To limit potential
selection bias in the analysis due to excluding patients with
missing information for these variables, multiple imputation
with the fully conditional specification method was used to
impute prestroke impairment variables (prestroke mRS,
IQCODE, social support index, and depression status) for
both the training and validation datasets. We performed 10
imputations with 100 burn-in iterations. The predictive mean
matching method was used for the continuous variable
(prestroke IQCODE). The distributions of IQCODE (me-
dian 3.06, interquartile range [IQR] 3–3.31) and social

support index (median 11, IQR 8–12) in the imputed and
complete dataset were similar. The proportions of patients
being dependent before stroke (25%) and with prestroke
history of depression (13%) or current antidepressant use
(20%) were also similar to those in the complete dataset,
respectively. The percentage imputed for prestroke
IQCODE, social support index, depression status, and mRS
were 11.6%, 25.7%, 22.5%, and 2.2%, respectively.

To build the new MCC index, variable selection was con-
ducted by including age, race–ethnicity, sex, and initial stroke
severity so that we could consider potential interactions be-
tween these factors and MCC. Traditional model selection
approaches, such as stepwise or backward elimination, are not
suitable for building the MCC index given the large pool of
potential predictors (conditions and interactions) and the
potential for unstable estimates and poor prediction
accuracy.31,32 Nova variable selection methods in machine
learning, such as the least absolute shrinkage and selection
operator (Lasso) regression method and its derivatives,33,34

can overcome these shortfalls and simultaneously select pre-
dictors, estimate their relative contribution to FO, and explore
interactions with improved accuracy and consistency.33,34

The assumptions for linear regression still apply to the Lasso
regularization extended for linear regression models. We ap-
plied the Lasso regression method for hierarchical interac-
tions (hierNet) method,35 which allowed us to explore the
effect of interactions between MCC by fitting a hierarchy
model, only allowing an interaction into the model if at least
one of the corresponding main effects is also in the model.35

Hierarchy models have demonstrated strong predictive power
among patients with neurologic problems.36 All potential
predictors were standardized before model fitting, and all
pairwise interactions among predictors were explored. The
model was evaluated using 5-fold cross-validation and the
tuning parameter was chosen based on both a smaller cross-
validation error and model interpretability. The variable se-
lection was separately done in each imputed dataset, and
predictors were selected only if they appeared in all models.37

After variable selection, a multiple linear regressionmodel was
refitted using the selected predictors from hierNet. Weights
for the new index were derived from the pooled β coefficients
multiplied by 10 and rounded to the nearest integer. The
overall score of the MCC index was a sum of the weights from
each component. Collinearity was investigated using the
Spearman correlation coefficients, tolerance, and variance
inflation factor (VIF). Tolerance, a commonly used measure
of multicollinearity, grows smaller when a variable is more
highly predicted by the other independent variables (collin-
earity). The VIF is the reciprocal of tolerance. A tolerance of
less than 0.20 or a VIF greater than 5 often cast concerns for
multicollinearity.38 R2 and adjusted R2 were calculated for the
final model.

Discrimination and calibration were assessed in the training
and validation datasets. The ability to discriminate between
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none/mildly impaired and dependent was assessed in the
training and validation datasets by the area under the receiver
operating characteristic (ROC) curve (AUC) equivalent to
the c statistic. In the validation dataset, the ability of the MCC
index to discriminate between favorable (mRS 0–2) and un-
favorable (mRS 3–5) outcome based on poststroke mRS-9Q
at ;90 days was also assessed. The predictivity of the MCC
index was compared with models using the established pre-
dictors of FO including age and stroke severity (e.g., initial
NIHSS).13,39 Calibration was assessed with the Hosmer-
Lemeshow goodness-of-fit test. ROC curves for models using
the new MCC index and the mCCI were compared using
nonparametric DeLong tests.40 Statistical analyses were
conducted with SAS (version 9.4, SAS Institute, Cary, NC)
and R (version 3.5.3, RStudio).

Primary Research Question
Does a new index for MCC predict FO at 90 days in patients
with ischemic stroke? This study provides Class II evidence
that an index for MCC predicted FO (an average score of
ADL/IADL) at 90 days in a prospective cohort of patients
with ischemic stroke (AUC 0.81).

Standard Protocol Approvals, Registrations,
and Patient Consents
This project was approved by the University of Michigan
institutional review board and the institutional review boards
of both hospital systems. Written informed consent was
obtained from all participants.

Data Availability
The data will not be made available to the public because of
their restricted nature.

Results
Between November 8, 2008, and September 30, 2016, 2,167
patients completed the baseline interviews and were followed
for the outcome (figure 1). Among the 1,872 survivors (86%)
at 90 days, 180 (9.6%) patients refused participation and 204
(10.9%) patients or their proxies could not be located for the
outcome interview. Thus 1,464 (78.2%) survivors completed
outcome interviews at 90 days. Hospital discharge data con-
taining ICD-9 or -10 codes were available for 1,064 (72.7%)
patients. After excluding 29 (2.7%) patients with missing in-
formation on baseline characteristics (<2% missing in each
variable), 1,035 patients were included in the training dataset.

Among the 1,035 patients, 69% were Mexican American, and
51% were female. The mean age was 68 ± 12.1 years. The
median initial NIHSS score was 4 (IQR 2–8) and the median
FO score at 90 days was 2.36 (IQR 1.55–3.41), representing
mild to moderate functional disability. The distribution of
baseline characteristics and the FO score are included in tables
1 and 2. In the unadjusted analysis, patients with higher
prestroke mRS and prior stroke/TIA had worse FO. Hyper-
tension, atrial fibrillation, cancer, congestive heart failure

(CHF), renal failure, other neurologic disorders, hypothy-
roidism, weight loss, and dementia were also associated with
worse FO score at 90 days.

Compared to those who were analyzed, patients who were
excluded due to a reason other than death (treated at the
other hospital system or refusal/cannot locate for outcome
interview) had a similar prevalence for all the comorbid
conditions from medical record abstraction and baseline in-
terview, although they were less likely to be dependent before
stroke (p < 0.05).

The MCC Index
Nine predictors and interactions were selected to be included
in the MCC index: prestroke mRS, age, CHF, weight loss,
diabetes, other neurologic disorders, dementia × age, CHF ×
renal failure, and prestroke mRS × prior stroke/TIA. Race–
ethnicity, sex, and initial NIHSS were found to be predictors
of FO, although no interactions were found between these
factors and the other predictors. Given that no interaction was
identified, we did not include these factors in the MCC index
but considered them as covariates in the regression model. In
the multiple linear regression model adjusting for race–
ethnicity, sex, and initial stroke severity, the tolerance for
these predictors ranged from 0.63 to 0.98 and the mean VIF
ranged from 1.02 to 1.62. Given that the model included 3
interaction terms and the VIF values were still small, multi-
collinearity was not a concern.

The weights for each component of the MCC index are
displayed in table 3. The actual scores that a patient re-
ceived given the combination of comorbid conditions and
impairment status are shown in figure 2. The median of
the total MCC score in the training dataset was 6
(IQR 4–11).

Discrimination and Calibration
The distribution of the FO status (FO score 1–2, 2.1–3, and
3.1–4) across the quintiles of MCC index is shown in figure
3A. The risk of worse FO increased with the quintile of the
MCC index. For example, the risk of being dependent at 90
days was 10%, 23%, or 78% for an MCC index score in
quintile 1 (score 0–3), quintile 3 (score 6–7), or quintile 5
(score 12+), respectively. The observed and predicted prob-
abilities of being functionally dependent (FO score >3) at 90
days were similar across the MCC index score subgroups (p =
0.60). Therefore, the MCC index was well calibrated in the
training dataset (figure 3B).

Statistics for the predictive performance in the training dataset
are summarized in table 4. The proportion of variability in the
FO score explained by the MCC index was 34% (adjusted R2

= 0.34) when FO was modeled continuously or di-
chotomously (FO score >3 vs 1–3). Compared to a model
including only initial NIHSS and age (adjusted R2 = 0.26),
including the MCC index explained an additional 16% of
variability in FO score (adjusted R2 = 0.42). Together with
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age and initial NIHSS, the MCC index predicted functional
dependency at 90 days with an excellent discriminating ability
(AUC 0.85).

Model Validation
TheMCC index was validated in the consecutive 111 patients
from BASIC (October 1, 2016–October 31, 2017) who were
alive at 90 days with FO recorded. Seven patients were ex-
cluded due to missing information for baseline characteristics.
These 104 patients had similar distributions of age, sex,
race–ethnicity, initial NIHSS, FO score, and MCC index
score as patients in the training dataset (all p > 0.05). Among
these 104 patients, 71% were Mexican American and 54%
were female. The mean age was 66 ± 11 years. The medians
for initial NIHSS and the FO score were 3 (IQR 1–5.5) and
2.35 (IQR 1.43–3), respectively. The median score of the
MCC index was 7 (IQR 3–11.5). The proportion (94%) of
patients with 2 or more conditions (of the 22 medical

conditions measured) was higher than that in patients in the
training dataset (88%, p < 0.05).

The additional amount of variance explained by the MCC
index (24%) compared to only including initial NIHSS and
age was even more notable than that in the training dataset
(16%, table 4). The MCC index predicted functional de-
pendency at 90 days more accurately (AUC 0.85) than the
model with initial NIHSS and age (AUC 0.66). The observed
and predicted probability of functional dependency at 90 days
in the validation dataset is plotted in figure 3C. The MCC
index was well calibrated in the validation dataset (p = 0.41).

The ability of the MCC index to discriminate favorable (mRS
0–2) vs unfavorable (mRS 3–5) outcome based on poststroke
mRS-9Q was also validated at 90 days (table 4). Similarly, age
and initial NIHSS-adjusted MCC index performed well in
discriminating favorable and unfavorable outcome (AUC

Figure 1 Flow Chart of Patient Participation

ADL = activities of daily living; BASIC =Brain Attack
Surveillance in Corpus Christi; IADL = in-
strumental activities of daily living.
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Table 1 Baseline Characteristics by Functional Outcome (FO) Status (n = 1,035)

None/mildly impaired, FO score ≤3 (n = 707) Dependent, FO score >3 (n = 328)

p ValueaN or median % or (Q1, Q3) N or median % or (Q1, Q3)

Age, y 64 (57, 73) 77 (65, 83.5) <0.0001

Female 330 46.7 195 59.5 0.0001

MA 455 64.4 255 77.7 <0.0001

Smoking

Never 401 56.7 232 70.7 <0.0001

Former 122 17.3 48 14.6

Current 184 26.0 48 14.6

Alcohol use

Never 162 22.9 100 30.5 <0.0001

<1 drink per week 300 42.4 163 49.7

1 + drink per week 245 34.7 65 19.8

Education

<High school 105 14.9 109 33.2 <0.0001

High school 363 51.3 148 45.1

College + 239 33.8 71 21.6

Insured 352 49.8 246 75.0 <0.0001

Prestroke mRS

0–1 364 52.4 68 21.4 <0.0001

2–3 300 43.2 143 45.0

4+ 30 4.3 107 33.6

Marital status

Single/never married 49 6.9 19 5.8 <0.0001

Married/living together 350 49.5 143 43.6

Widowed 141 19.9 116 35.4

Divorced/separated 167 23.6 50 15.2

Prestroke depression

None 431 65.6 93 64.1 0.0933

History of depression 97 14.8 14 9.7

Current antidepressant use 129 19.6 38 26.2

Prior stroke or TIA 162 22.9 132 40.2 <0.0001

IV tPA or endovascular thrombectomy 81 11.5 56 17.1 0.0131

Initial NIHSS 3 (1, 5) 8 (3, 13.5) <0.0001

IQCODE 3 (3, 3.3) 3.1 (3, 3.6) <0.0001

BMI 29.1 (25.6, 33.5) 27.4 (23.3, 32.1) <0.0001

Social support index 10 (7, 12) 10 (7, 12) 0.6646

Abbreviations: BMI = body mass index; IQCODE = Informant Questionnaire on Cognitive Decline in the Elderly; MA = Mexican American; mRS = modified
Rankin Scale; NIHSS = NIH Stroke Scale; tPA = tissue plasminogen activator.
a χ2 tests for categorical variables, Wilcoxon rank-sum test for continuous variables; amount missing: prestroke mRS 2.2%; IQCODE 11.6%; prestroke
depression 22.5%; social support index 25.7%.

Neurology.org/N Neurology | Volume 96, Number 1 | January 5, 2021 e47

Copyright © 2020 American Academy of Neurology. Unauthorized reproduction of this article is prohibited.

http://neurology.org/n


0.84), much better than a model only including initial NIHSS
and age (AUC 0.71).

MCC Index vs mCCI
We further compared ourMCC index with the most widely used
comorbidity index, the mCCI, for predicting FO in both the
training and validation dataset (table 4).13,14,41 We found that
mCCI alone explained little variability in FO.42 In the training
dataset when FO was modeled continuously, mCCI explained
3% of the variability in FO in addition to age and initial NIHSS,
much smaller than our MCC index (additional 16%). Findings
were similar when FO was modeled dichotomously. This dif-
ference in performance was even more obvious in the validation
dataset: our MCC index explained a much larger proportion of

variability and predicted FO at 90 days more accurately than
mCCI (table 4). Adjustment by initial NIHSS and age did not
change these findings. When looking at the unfavorable outcome
defined by mRS (3–5), these differences in performance were
largely unchanged (table 4). Comparisons of the ROC curves
showed that our MCC index was significantly more accurate in
predicting FO at 90 days than mCCI with or without adjusting
for initial NIHSS and age (all p < 0.05, figure 3D).

Discussion
We present the development and internal validation of a new
assessment tool for MCC in patients with stroke that

Table 2 Chronic Conditions of Eligible Study Participants by Functional Outcome (FO) (n = 1,035)

None/mildly impaired (FO score ≤3) (n = 707) Dependent (FO score >3) (n = 328)

p ValueaN % N %

Hypertension 571 80.8 284 86.6 0.0215

High cholesterol 366 51.8 154 47.0 0.1493

Diabetes 342 48.4 163 49.7 0.6923

Coronary artery disease 197 27.9 109 33.2 0.0783

Atrial fibrillation 72 10.2 71 21.6 <0.0001

Cancer 71 10.0 50 15.2 0.0154

COPD 75 10.6 37 11.3 0.746

Congestive heart failure 45 6.4 52 15.9 <0.0001

Myocardial infarction 49 6.9 17 5.2 0.2843

Renal failure 67 9.5 72 22.0 <0.0001

Other neurologic disorders 122 17.3 127 38.7 <0.0001

Hypothyroidism 87 12.3 67 20.4 0.0006

Peripheral vascular disorders 98 13.9 48 14.6 0.7397

Valvular disease 42 5.9 27 8.2 0.1692

Weight loss 11 1.6 23 7.0 <0.0001

Rheumatoid arthritis/collagen vascular diseases 21 3.0 9 2.7 0.8399

Liver disease 18 2.5 8 2.4 0.9185

Psychoses 12 1.7 8 2.4 0.42

Pulmonary circulation disorders 7 1.0 7 2.1 0.1382

Deficiency anemia 6 0.8 7 2.1 0.084

Coagulopathy 8 1.1 4 1.2 0.9021

Dementia 94 13.3 121 36.9 <0.0001

Morbid obesity (BMI ≥ 40) 59 8.3 21 6.4 0.2762

Abbreviations: BMI = body mass index; COPD = chronic obstructive pulmonary disease.
Weight loss: Kwashiorkor, nutritional marasmus, and protein–calorie malnutrition; other neurologic disorders: Parkinson disease and unspecified cerebral
degeneration, choreas, spinocerebellar and anterior horn cell diseases, CNS demyelinating disease, epilepsy and convulsions, encephalopathy and anoxic
brain damage; similar definition for weight loss and other neurologic disease was used in the Elixhauser Comorbidity Index; all missing <1%.
a χ2 tests.
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significantly improves the prediction of poststroke FO at 90
days. This relatively simple and yet integrated measure of

chronic conditions, prestroke functional and cognitive im-
pairments, and their synergistic effects can be assessed by
neurologists or other health care providers during the acute
hospitalization. Knowing the conditions that are most rele-
vant to poststroke FO improves the accuracy of outcome
prognosis, which is crucial for treatment decisions and dis-
charge planning. The risk of worse FO increases with the
index score in a graded fashion. The index alone, and with the
adjustment for initial stroke severity and age, was validated
internally to perform very well in discriminating FO status
measured by both ADL/IADLs and mRS at 90 days. The new
index demonstrates potential as an MCC assessment tool in
ischemic stroke although further external validation in other
stroke populations is required.

To build the MCC index, we used machine learning to per-
form variable selection—a novel approach for prognostic
modeling in stroke, which assured the validity and stability of
the selected predictors. The penalization regression method
allowed us to assess a larger number of conditions simulta-
neously and discover 2 new predictors (weight loss and other
neurologic disorders) that have not been considered before by
other stroke risk scores that were based on clinical judgment
or traditional model selection methods. The application of the
hierNet method also allowed for the exploration of all possible
interactions among potential predictors in a hierarchical
manner, which led to the finding of 3 important interactions
(dementia × age, CHF × renal failure, and prestroke mRS ×
prior stroke/TIA). In addition, this work was nested within a
population-based, longitudinal stroke cohort with ethnic

Table 3 A New Index for Multiple Chronic Conditions in Ischemic Stroke

Weights

Main effects

Agea 1

Prestroke mRSb 2

CHFc 2

Weight loss 4

Diabetes 1

Other neurologic disorders 1

Interactions

Dementia × agea 1

CHF × renal failurec 2

Prestroke mRS × prior stroke/TIAb 1

Abbreviations: CHF = congestive heart failure; mRS = modified Rankin Scale.
Weight loss = Kwashiorkor, nutritionalmarasmus, and protein–caloriemalnutrition; other neurologic disorders = Parkinson disease and unspecified cerebral
degeneration, choreas, spinocerebellar and anterior horn cell diseases, CNS demyelinating disease, epilepsy and convulsions, encephalopathy, and anoxic
brain damage; similar definition for weight loss and other neurologic disease was used in the Elixhauser Comorbidity Index.
a 1 point per decade from the age of 45; additional 1 point per decade from the age of 45 for patients with dementia (due to dementia × age interaction).
b 2 points per 1 unit increase in prestroke mRS; additional 1 point per 1 unit increase in prestroke mRS if patient had prior stroke/TIA (due to interaction).
c 1 point if CHF is present; additional 2 points if both CHF and renal failure are present (due to interaction).

Figure 2 A New Index for Multiple Chronic Conditions in
Ischemic Stroke

aWeight loss = Kwashiorkor, nutritional marasmus, and protein–calorie
malnutrition. bOther neurologic disorders = Parkinson disease and un-
specified cerebral degeneration, choreas, spinocerebellar and anterior horn
cell diseases, CNS demyelinating disease, epilepsy and convulsions, en-
cephalopathy and anoxic brain damage. Similar definitions for weight loss
and other neurologic disease have been used in the Elixhauser comorbidity
index. CHF = congestive heart failure; mRS = modified Rankin Scale.
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diversity, where capturing a full spectrum of comorbid con-
ditions in the broader stroke population was more possible
than studies conducted in single hospitals or rehabilitation-
based settings.

Our MCC index is constructed by age, prestroke mRS, CHF,
weight loss, diabetes, other neurologic disorders, dementia,
renal failure, and prior stroke/TIA as independent or syner-
gistic effects. The findings of these predictors are largely in
line with previous research on the associations of individual
comorbid conditions and poststroke FO. For example, CHF,
diabetes, renal failure, and prestroke dependency have been
included in existing MCC indices used in patients with stroke
or prognostic models for stroke, including the mCCI, iScore,

and the PLAN score.8,10,13,43,44 Although it was not our in-
tention to develop a comprehensive prognostic model for
stroke, including our index in a regression model with age and
stroke severity showed similar if not superior discrimination
compared with other prognostic models for poststroke FO
that include additional variables, such as iScore and the PLAN
score.9,10

Notably, several conditions in our MCC index were not in-
cluded in the commonly used comorbidity index—the mCCI.
The mCCI has been used predominantly by hospital-based
studies of patients with stroke.13,14 CCI, which includes 19
chronic conditions weighted by their strength of associations
with mortality, was originally developed as a prognostic

Figure 3 Discrimination and Calibration

(A) The proportions of patients in each functional outcome score levels by MCC index quintiles. Observed vs predicted proportion of functional dependency
(functional outcome score >3) at 90 days in the training (B) and validation (C) dataset are shown. Dots represent the actual proportion of patients being
functionally dependent. Vertical lines represent 95% confidence intervals of the actual proportion of patients being functionally dependent. The continuous
lines represent the predicted probability of being functionally dependent in the training (B) and validation (C) datasets. (D) Receiver operating characteristic
(ROC) curves formodels predicting functional outcome at 90 days in the validation dataset.MCC = the newMCC index;mCCI =modified Charlson Comorbidity
Index; mRS = modified Rankin Scale; NIHSS = NIH Stroke Scale.
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indicator in patients with a variety of conditions and validated
in patients with breast cancer.41 The mCCI is similar but
excludes cerebrovascular disease and hemiplegia.13 In this
study, we demonstrated the superior predictive performance
of our MCC index over the mCCI. Our index is also a simpler
tool that requires less information on comorbid conditions.
We found that the mCCI was only weakly correlated with our
MCC index. Although mCCI has been widely used to predict
FO after stroke, it does not appear to fully capture the effect of
function-related conditions in stroke. There has been some
work showing that certain comorbid conditions may affect FO
through pathophysiologic mechanisms that are specific to
stroke,45–47 and therefore a stroke-specific MCC index is
needed, as supported by our results.

Preferably, a stroke-specific MCC index should include not
only the conditions that are relevant to FO but also their
synergistic effects due to certain conditions clustering within
individuals. However, the effect of MCC clustering in stroke
outcomes is poorly understood, and interactions between
chronic conditions have never been included in stroke prog-
nostic scores. Take the interaction between prestroke function
and prior stroke/TIA, for example. Not only have these factors
rarely been examined together, many prognostic studies ex-
cluded patients with severe prestroke disability or were con-
ducted in first-ever patients with stroke only.39 Given the
limited data in this area, the mechanisms of the 3 interactions
included are not clear but are worth future investigation.

This research has several strengths. First, the study was nested
in a population-based, longitudinal stroke cohort with ethnic

diversity. With more than 7 years of data and more than 1,000
ischemic strokes, the BASIC Project provided a large study
population and sufficient statistical power to capture the
variance in FO explained by MCC. The surveillance and
validation of ischemic stroke cases and the identification of
comorbid conditions from medical records and baseline in-
terviews in addition to hospital discharge data and FO from
patient interviews limited case ascertainment and measure-
ment bias inherent in studies using administrative data alone.
Second, a new conceptual model adding prestroke impair-
ments assured a comprehensive assessment of MCC. The
BASIC Project collects detailed data on prestroke functional,
cognitive, and psychosocial impairments, which allowed the
implementation of such a conceptual model and the adjust-
ment of initial stroke severity and other important con-
founding factors. Third, using machine learning to perform
variable selection for prognostic modeling was a novel ap-
proach in stroke outcome research, which assured the validity
and stability of the selected predictors, and allowed for the
consideration of synergism among identified predictors.
Fourth, the developed MCC index is relatively simple, re-
quired less information compared to former MCC indices,
and yet performed superiorly than themost widely usedMCC
indices in predicting both ADL/IADLs score and mRS.

This study has several limitations. Generalizability may be
limited given the work was conducted in one community with
a high proportion of Mexican Americans and our validation
dataset was relatively small. External validation in larger stroke
cohorts with different racial and ethnic distributions is re-
quired in the future before the application of this index.

Table 4 Discrimination and Model Fit Statistics for Functional Outcome (FO) at 90 Days

Multiple linear regression

Logistic regression

FO score >3 mRS 3–5

Dataset Model R2 Adj R2 AUC R2 Adj R2 AUC R2 Adj R2

Training MCC 0.34 0.34 0.79 0.24 0.34

MCC, NIHSS, age 0.42 0.42 0.85 0.32 0.45

mCCI 0.05 0.05 0.59 0.03 0.05

mCCI, NIHSS, age 0.29 0.29 0.81 0.24 0.34

NIHSS, age 0.26 0.26 0.79 0.22 0.31

Validation MCC 0.32 0.31 0.81 0.26 0.39 0.75 0.16 0.24

MCC, NIHSS, age 0.4 0.39 0.85 0.3 0.45 0.84 0.28 0.4

mCCI 0.13 0.12 0.64 0.03 0.04 0.72 0.13 0.19

mCCI, NIHSS, age 0.26 0.24 0.71 0.11 0.17 0.79 0.22 0.33

NIHSS, age 0.16 0.15 0.66 0.09 0.14 0.71 0.12 0.18

Abbreviations: AUC = area under the receiver operating characteristic curve; MCC = the new index score for multiple chronic conditions; mCCI = modified
Charlson Comorbidity Index; mRS = modified Rankin Scale; NIHSS = NIH Stroke Scale.
All statistics were very close among the 10 imputed datasets in the training and validation data; only the minimum value for each statistic among the 10
datasets was reported. The differences between the maximal and minimal values of R2, adjusted R2, and AUC among the 10 datasets were all <0.01.
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Although the FO measurement by ADL/IADLs may not be
available in many other study populations, external validation
can be conducted to examine the performance of the MCC
index in predicting poststroke mRS. All predictors in our index
were obtained from hospital discharge data and medical re-
cords except that prestroke mRS and dementia contained in-
formation from baseline patient interviews, which could limit
the utility of our index in cohorts where interviews cannot be
conducted. Our measurement of chronic conditions may be
limited by the fact that only 25 diagnoses are available in the
hospital discharge data; some individuals may have >25 con-
ditions, and information on some geriatric syndromes (urine
incontinence and falls) was not available. We did not have
information to measure MCC severity, although including se-
veritymeasures in comorbidity indicesmay also add complexity
that challenges clinical utility.44 Due to the nature of the hos-
pital discharge data and medical records, the temporality of
some conditions and strokemay be ambiguous. Although some
comorbid conditions may be secondary to stroke, they can still
be broadly considered as comorbid conditions of stroke as they
“co-occur during the clinical course of stroke.”48 Nonmedical
factors, such as reimbursement, may influence the coding of
chronic conditions.49 Some conditions, such as weight loss and
other neurologic disorders, might be more susceptible to mis-
classification and low interrater reliability given that they were
identified based on ICD codes without detailed medical his-
tory. Sicker patients with higher MCC at baseline may more
likely be lost to follow-up at 90 days, introducing some selec-
tion bias. We excluded patients without hospital discharge data,
although our data suggest that excluded patients were similar to
included patients. We used multiple imputations to fill in
missing values of prestroke impairment variables, although
variables may not be missing at random. We limited our vari-
able selection to 2-way interactions for the sake of model
parsimoniousness and practical utility, which precluded the
search for 3-way interactions, which may be important. There
are other potential confounders that we did not control for in
our analysis, such as physical activity, income, poststroke care,
and rehabilitation, which are not collected by the current study.

We developed a relatively simple tool for the measurement of
MCC that is function-relevant and specific for ischemic
stroke. Weight loss, other neurologic disorders, and interac-
tions betweenMCC were discovered as novel predictors. The
MCC index showed superior ability in predicting poststroke
FO measured by both ADL/IADLs and mRS at 90 days. This
score demonstrates potential as an assessment tool for MCC
in stroke prognosis, but further external validation is needed.
Efforts to improve stroke survivorship may benefit from better
understanding, prevention, and management of MCC in the
population at high risk for stroke.
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