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Abstract

Background: Predicting specific abilities (e.g. walk and talk) to provide a functional profile six months after disabling
stroke could help patients/families prepare for the consequences of stroke and facilitate involvement in treatment
decision-making.

Aim: To develop new statistical models to predict specific abilities six months after stroke and test their performance in
an independent cohort of patients with disabling stroke.

Methods: We developed models to predict six specific abilities (to be independent, walk, talk, eat normally, live without
major anxiety/depression, and to live at home) using data from seven large multicenter stroke trials with multivariable
logistic regression. We included 13,117 participants recruited within three days of hospital admission. Ve assessed
model discrimination and derived optimal cut-off values using four statistical methods. We validated the models in an
independent single-center cohort of patients (n=403) with disabling stroke. We assessed model discrimination and
calibration and reported the performance of our models at the statistically derived cut-off values.

Results: All six models had good discrimination in external validation (AUC 0.78-0.84). Four models (predicting to walk,
eat normally, live without major anxiety/depression, live at home) calibrated well. Models had sensitivities between 45.0
and 97.9% and specificities between 21.6 and 96.5%.

Conclusions: We have developed statistical models to predict specific abilities and demonstrated that these models
perform reasonably well in an independent cohort of disabling stroke patients. To aid decision-making regarding treat-
ments, further evaluation of our models is required.
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probability of good (survival with independence) and
poor (death or dependency) outcome based on func-
Clinicians may estimate future recovery of patients who tional scales such as the modified Rankin scale
have had a disabling stroke based on their clinical (mRs).® However, two people who are in the same
experience. They may also incorporate information mRs category after stroke may vary with respect to
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their ““specific abilities” (e.g. to walk and to talk) and
reported quality of life.” While some models have pre-
dicted recovery of one function, such as walking and
arm function,® none have predicted multiple abilities to
provide a functional profile for the patient and many
have not been externally validated.?

Second, to influence decision-making regarding
treatments, predictions need to be made early especially
since treatments after stroke may have different conse-
quences. For example, intermittent pneumatic compres-
sion” and enteral tube feeding'® increase the probability
of survival but do not improve functional recovery,
therefore increasing the probability of survival with
severe disability. However, the trajectory of acute
stroke is difficult to predict, and therefore, decisions
are made at a time of uncertainty.*

To facilitate shared decision-making about treat-
ments in acute disabling stroke, patients and families
need to understand possible outcomes, the uncertainty
of prognosis, and possible effects of treatments.
Therefore, we propose communicating prognosis with
respect to “‘specific abilities” to provide a functional
profile and in terms which are quantifiable in the
early period after disabling stroke; to do so, we need
adequately validated statistical models which provide
predictions of “specific abilities.”

Aims

a. Develop new models building on the existing six
simple variable (SSV) models to predict the prob-
ability of a patient with stroke having “‘specific abil-
ities” (being independent, able to walk, to talk, to
eat normally, to live without major anxiety or
depression, and to live at home) by six months.

b. Test the performance of these models in an inde-
pendent cohort of patients with disabling stroke.

Methods

We report our methodology and results based on the
TRIPOD (transparent reporting of a multivariable
prognostic model for Individual Prognosis or
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therefore easily available to us. The “specific abilities”
(to be independent, walk, talk, eat normally, live with-
out major anxiety or depression, and live at home)
could be derived from the outcomes these trials col-
lected at six months.

The FOOD trial evaluated feeding policies in
patients admitted to hospital with a recent stroke.'
The three trials enrolled 5033 patients (November
1996-July 2003).

CLOTS tested external compression devices for pre-
vention of deep venous thrombosis in acute stroke
patients.” The three trials enrolled 8228 patients
(March 2001-September 2012).

The IST3 assessed the benefits and harms of intra-
venous thrombolysis within six hours of acute ischemic
stroke.'? The trial enrolled 3035 patients (May 2000—
July 2011).

Since we aimed to make predictions which might
influence early decisions about treatment, we included
only the 13,117 (79.1%) participants from these trials
recruited by day 3 of hospital admission who had com-
plete bascline data (Supplementary Table 1).

Validation cohort

We recruited an independent cohort of adults
(>18 years) after disabling stroke from the UK teach-
ing hospital (10 May 2017-25 May 2018) and followed
them up for about six months. Due to challenges
recruiting patients within three days after major
stroke (patients were medically unwell, families
needed more time to consider participation), the
recruitment window was extended to 10 days. Our
sample size was calculated based on a locally collected
dataset to achieve an event per variable rate of at least
10."* We recruited patients who we defined as having
had a disabling stroke; i.e. (a) mRs 3 or above at base-
line or (b) mRs 0-2 but with two or more abilities (to
walk, talk, and eat normally) affected by the stroke
because our aim was to identify models which may be
used in the prognostication of such patients. Patients or
proxies (where the patient lacked capacity) provided
informed consent.”

Definition of outcomes
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stroke) may confound results, we chose to predict out-
comes at six months. We had data on four of these “spe-
cific abilities” (to be independent, to walk, to live without
major anxiety or depression, and to live at home) from
all trials. Ability to talk was only available from IST-3
and ability to eat normally from the FOOD trials.

Selection of predictor variables

We used the SSVs (age, independent before stroke,
living alone before stroke, being able to lift arms after
stroke, being able to walk after stroke, and normal
verbal score of the Glasgow Coma Scale after stroke)
based on recommendations to build on existing vali-
dated models.*® These models which predict survival
and functional independence at six months have been
validated for use in the acute setting'* and perform as
well as models including more variables.®!> The vari-
ables are clinically relevant and have good inter-rater
reliability.® The SSVs were also common to both our
development and validation datasets.

We had initially explored if adding some variables
(sex, overweight, diabetes) to SSVs improved discrim-
ination of our models. For two outcomes picked at
random (to be independent and to talk), we also
tested if model discrimination was improved if we
assumed that a specific ability at baseline would be
retained at six months. These did not improve the
models and were therefore not included in our final
models (Supplementary file 2).

Statistical methods

We developed the models using multivariable logistic
regression.

We assessed discrimination (the ability of the model
to separate individuals who develop the outcome of
interest from those who do not) by calculating the
area under the receiver operating characteristic (ROC)
curve (AUC) of sensitivity versus 1 minus specificity.
An area of 1 implies a test with perfect discrimination,
whilst an area of 0.5 implies that the model’s predic-
tions are no better than chance.'® We reported 95%
confidence intervals of the AUCs. We determined opti-
mal cut-off values in our development cohort from the
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In our validation cohort, we assessed discrimination
and calibration. The latter is an assessment of whether
predicted probabilities of specific abilities of patients
were higher or lower than those actually observed.'
We plotted calibration curves based on tenths of
patients. A model is well-calibrated if the predicted
and observed probabilities are similar. We reported
model performance (sensitivity, specificity, positive pre-
dictive value (PPV), and negative predictive value
(NPV)) at the statistically derived optimal cut-off
values. Where the values were different using different
methods, we reported all the solutions. We also calcu-
lated the Matthews correlation coefficient (MCC)
which provides complementary information and may
be less dependent on class imbalance:

MCC = (True positive x True negative)
— (False positive x False negative)
+/(True positive + False Positive)
(True positive + False negative)
(True negative + False positive)
(True negative + False negative)

An MCC value can be between —1 and +1; +1
describes a perfect prediction, 0 is no better than
chance, and —1 describes inconsistency between predic-
tion and observation.

We used SAS 9.4 (SAS institute, 2013) to develop
our models and Stata 15 (StataCorp, College Station,
TX, USA) for external validation.

Ethics

Ethical approval was not required to use anonymized
data from the trials for the development cohort. The
recruitment of our validation cohort was approved by
the Scotland A Research Ethics Committee (Ref: 17/
SS/0029).

Results

The characteristics and specific abilities of the patients
in our development (n=13,117) and validation
(n=403) cohorts are shown in Table 1. The mean dif-
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Table |. Baseline characteristics and specific abilities at six months

Development cohort Validation cohort  Mean difference in
Variables n= 13,117 (n (%)) (n=403) (n (%)) proportions (95% Cl, p)
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Table I. Continued

Development cohort Validation cohort  Mean difference in

Variables n= 13,117 (n (%)) (n=403) (n (%)) proportions (95% ClI, p)
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Figure |. External validation: calibration curves for specific abilities that were well calibrated. AUCs are shown within each

curve: (a) to walk; (b) to eat normally; (c) to live without major anxiety or depression (d) to live at home; (e) to be independent;

and (f) to talk.
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Table 2. Discrimination of models

AUC (95% Cl)

In validation cohort

Model for specific ability at six months In development cohort

To be independent 0.79 (0.78-0.80) 0.84 (0.79-0.89)

To talk 0.79 (0.77-0.81) 0.80 (0.76-0.85)

To live without major anxiety or depression

0.72 (0.71-0.73)

0.78 (0.73-0.83)

sensitivities between 45.0 and 97.9%, specificities
between 21.6 and 96.5%, and MCC between 0.3 and
0.5 (depending on the “specific ability”).

Our work has several strengths. We developed our
models using the SSVs that are easy to collect with
good inter-rater reliability.> Our development cohort
included patients with a wide range of characteristics
who were prospectively recruited using standardized
definitions and methods of data collection with minimal
losses to follow-up.”'%!? Our models are flexible; des-
pite the difference in recruitment window and stroke
severity between our development and validation
cohorts, our models performed reasonably well.

However, our work also has limitations. Our devel-
opment cohort was not designed for the purpose of
predicting “‘specific abilities” after stroke. Therefore,
certain baseline variables which might have improved
predictions of certain “‘specific abilities™ (e.g. anxiety or
depression) were not collected. We were limited to pre-
dicting outcomes available in our development dataset
at six months and therefore could not predict other
specific abilities such as continence and cognition
which would help complete the functional profile. Our
validation cohort of 403 patients was of modest size,
and hence our measures of model performance were
relatively imprecise. The difference in prevalence of spe-
cific abilities in our cohorts may explain the poorer
calibration of some models. For some ‘“‘specific abil-
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We did not restrict our analysis to treatment or pla-
cebo groups because the effect sizes of the interventions
studied by the trials are small compared to the effect of
the predictive factors we included. Besides, in clinical
practice, predictions are needed in patients who may or
may not have had the trial interventions.

We reported the performance of the models in our
validation dataset based on optimal cut-off values
derived using purely statistical criteria. Whilst these
cach reflect a certain utility view for decision-making,
they do not explicitly reflect the values of individual
patients. It might be clinically more relevant to
choose cut-offs based on judgments about the relative
“cost” or importance to the patient of a false-positive
or a false-negative classification. For instance, a false-
positive prediction of having a specific ability may
provide hope, leading to acceptance of treatments
that prolonged survival. The outcome would be that
the patient would survive with significant disability
which they may judge to be worse than death. In con-
trast, a false-negative prediction may result in refusal of
treatments. Therefore, patients may die before attaining
the specific ability. This is challenging, and only indi-
vidual patients and families are in a position to judge
relative “costs” of predictions. An important step in
using these models to support decision-making will be
to establish peoples’ preferences for living with or with-
out specific abilities.

XY7L ‘1 .+« (. .
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Table 3. Optimal cut-off values and performance of models in validation dataset

Negative
Specific ability Method Cut-off Sensitivity Specificity PPV predictive value MCC
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understand what their future life might be like or even
to help them make choices about treatments in the con-
text of an acute disabling stroke.
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