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ARTICLE INFO ABSTRACT

Keywords: Introduction: Accurate prediction of outcome destination at an early stage would help manage patients presenting

Stroke with stroke. This study assessed the predictive ability of three machine learning (ML) algorithms to predict

Discharge destination outcomes at four different stages as well as compared the predictive power of stroke scores.

M‘,ic,hme l,e amm,g Methods: Patients presenting with acute stroke to the Canberra Hospital between 2015 and 2019 were selected

Clinical diagnosis . . . . . s .

Decision support techniques retrospectively. 16 potential predictors and one target variable (discharge destination) were obtained from the

Health information systems notes. k-Nearest Neighbour (kNN) and two ensemble-based classification algorithms (Adaptive Boosting and
Bootstrap Aggregation) were employed to predict outcomes. Predictive accuracy was assessed at each of the four
stages using both overall and per-class accuracy. The contribution of each variable to the prediction outcome was
evaluated by the ensemble-based algorithm and using the Relief feature selection algorithm. Various combina-
tions of stroke scores were tested using the aforementioned models.

Results: Of the three ML models, Adaptive Boosting demonstrated the highest accuracy (90%) at Stage 4 in
predicting death while the highest overall accuracy (81.7%) was achieved by kNN (k=2/City-block distance).
Feature importance analysis has shown that the most important features are the 24-hour Scandinavian Stroke
Scale (SSS) and 24-hour National Institutes of Health Stroke Scale (NIHSS) scores, dyslipidaemia, hypertension
and premorbid mRS score. For the initial and 24-hour scores, there was a higher correlation (0.93) between SSS
scores than for NIHSS scores (0.81). Reducing the overall four scores to InitSSS/24hrNIHSS increased accuracy to
95% in predicting death (Adaptive Boosting) and overall accuracy to 85.4% (kNN). Accuracies at Stage 2 (pre-
treatment, 11 predictors) were not far behind those at Stage 4.

Conclusion: Our findings suggest that even in the early stages of management, a clinically useful prediction
regarding discharge destination can be made. Adaptive Boosting might be the best ML model, especially when it
comes to predicting death. The predictors’ importance analysis also showed that dyslipidemia and hypertension
contributed to the discharge outcome even more than expected. Further, surprisingly using mixed score systems
might also lead to higher prediction accuracies.

Introduction

A stroke is the sudden onset of neurological dysfunction caused by an
interruption of blood supply or by a hemorrhage. It can affect the brain,
spinal cord, or eye, and, in general, stroke represents the third leading
cause of death in Australia.”> From the time of stroke onset, multiple
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management decisions must be made, including determining whether
the patient has had a stroke®, determining which hospital is the most
appropriate place to manage the patient, deciding whether hyperacute
therapy is indicated and, if so, which therapy. Accurate prognostic in-
formation contributes to managing the expectations of patients and
carers and could enhance cost-effectiveness, for example by highlighting
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the need for rehabilitation input at an early stage.

Many authors have proposed tools that can assist in patient man-
agement”, for example, the Field Assessment Stroke Triage for Emer-
gency Destination (FAST-ED).° Algorithms based on the National
Institutes of Health Stroke Scale (NTHSS)" and the Scandinavian Stroke
Scale (SSS)G, and Rapid Arterial oCclusion Evaluation (RACE)’ are based
on the best evidence that is currently available in the literature but there
may be additional factors which might influence the outcome that are
not currently being considered.

Risk factors for stroke are well known. Investigating the contribution
of these risk factors to eventual patient outcomes at the time of admis-
sion could improve the precision of decision making.® Until recently,
studying the impact of large numbers of predictors on individual pa-
tients” outcomes has not been possible. Machine Learning (ML) now
offers the potential to do this and can therefore help in determining
which factors do indeed make a difference to the outcome and therefore
require consideration when making management decisions. In this way,
management decisions can be better tailored to individual patients’. In
order to achieve this, methods of interpretable machine learning prove
useful. In a recent survey'’, the authors discussed SHapley Additive
exPlanations and Gradient Class Activation Mapping for tabular and
image data as applied to healthcare systems and showed that feature
importance analysis provided medical practitioners with additional in-
formation that allowed them to make more knowledgeable decisions
using machine learning.

In regard to acute stroke patients, ML models have been successfully
applied to predict patients’ outcomes. Rana et al. used penalized
regression with Lasso to predict discharge destinations using electronic
administrative records.'’ The authors considered patients with hae-
morrhage, ischemic stroke, and transient ischemic attacks and looked at
four different outcomes: home, rehabilitation, nursing home and
in-hospital death. The authors reported the Area under the Receiver
operating characteristic Curve (AUC) 0.85 and 0.825 for predicting
discharge to rehabilitation and all other outcomes vs. death for ICH.
Alpaydin et al., on the other hand, concluded that no single algorithm
was able to predict clinical outcomes with an acceptably high level of
accuracy.'?

Teale et al. concluded that their Six Simple Variables (SSV) model
performed as well as more sophisticated models in predicting stroke
outcomes.® SSV is a regression model with the following six predictors:
age, living alone, independence in activities of daily living before the
stroke, the verbal component of the Glasgow Coma Scale, arm power,
and ability to walk. Counsell et al. proposed to predict 30-day survival
after stroke and survival in a non-disabled state at 6 months.'*

Konig et al. proposed two models based on age and NIHSS score
assessed within 6 h after stroke to predict survival and functional in-
dependence 3 months after acute stroke.'>!® The first model correctly
predicted 62.9% of the patients who were left disabled or had died and
83.2% of the patients who had completely recovered. The second model
correctly predicted 57.9% of the patients who had died and 91.5% of
surviving patients. Chen et al focused on predicting the possibility of
offering intravenous thrombolysis to acute ischemic stroke patients and
proposed the Intravenous Thrombolysis Score that showed a good pre-
dictive accuracy.!”

In a recent study'®, Yang et al., pointed out that, even though NIHSS
scores play a key role in assessing patients’ conditions, these data are
usually presented in a free-text format and are not standardized. They
suggested employing language models to extract scale scores from the
records.

More recently, several studies investigated the applicability of ML to
predicting 30-day readmission after stroke'®, post-stroke activities of
daily living (ADL)?°, stroke outcomes?!, and identifying patients with
suspected stroke at the emergency department.®?

More specifically, out of 74 features available in clinical records the
authors' selected the top 20 of 6558 patients to train XGBoost in order
to predict 30-day readmission. The authors also demonstrated that as
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few as 5 features were sufficient to accurately predict the readmission
(AUC:0.76) while using 10 features further improved the model per-
formance (AUC: 0.80). The features were selected using SHAP values.

The authors of the ADL study”’, employed logistic regression(LR),
support vector machine, and random forest(RF) to predict the Barthel
index status at discharge from rehabilitation, which was split into low
the Barthel index(BI), medium BI and high BI categories. The models
were trained on the clinical information comprising 17 features of 313
post-stroke patients. The authors compared the results of the ML models
with the 3 single features (BI score on admission, instrumental activities
of daily living scale(JADL), and Berg balance test(BBT). Among the three
aforementioned features, BI on admission with no surprise was the best
predictor of BI at discharge (AUC: 0.756), while among ML models both
LR and RF performed comparably (AUC: 0.796).

The current pilot study has also employed ML to look at discharge
outcome after stroke. However, there are several difference from pre-
vious studies in that it focuses on (a) predicting the outcome of hospital
discharge with emphasis on death, (b) explanatory features are added at
four stages to simulate the timeline of a stroke patient from admission to
discharge, (c) the evolution of features’ importance at each stage is
investigated, (d) various combinations of stroke score systems are
studied including contributions of other factors in predicting the
outcome.

Methods
Patient selection and data extraction

This study was a retrospective study of patients treated in a
comprehensive stroke unit for a period of 5 years (2015 — 2019). The
study was approved by the ACT Health Human Research Ethics Com-
mittee (2021.LRE.00127, REGIS reference number 2021/ETH11170).
Individuals were included if they had had an ischaemic stroke, either
proven on MRI or CT scan or were diagnosed clinically to have had a
stroke by an experienced stroke neurologist after review of their case
notes. In addition, information about patient outcome destination was
necessary for inclusion. Exclusion criteria comprised strokes presenting
more than 24 h after onset, transient ischaemic attacks, or patients with
a non-stroke diagnosis on discharge. Outcome discharge destinations
were classified into three categories based on information as close to 90
days after stroke onset as possible (see below). Prediction of discharge
destination was undertaken by using simple machine learning algo-
rithms on limited, but easily available, demographic and clinical data in
addition to the scores on standard stroke scales, namely the NIHSS and
SSS.

Explanatory features extracted from the clinical notes of each patient
included age, sex, ethnicity, history of previous stroke, premorbid
modified Rankin Scale (mRS), admission NIHSS and SSS scores, type of
stroke (ischaemic vs. haemorrhagic), known atrial fibrillation at the
time of admission, known dyslipidemia, known hypertension, whether
endovascular clot retrieval (ECR) was performed, intravenous throm-
bolysis was administered, or the patient was started on dual antiplatelet
therapy, the NIHSS and SSS scores at 24 h, and the discharge
destination.

In the 24-hour window, intravenous tPA (TT), intravascular clot
retrieval (EVT) or dual antiplatelet therapy (DAPT) were performed
according to standard clinical guidelines.

The outcome variable was the discharge destination which
comprised three categories, namely ‘home’, ‘rehabilitation’ (which
included both discharge to inpatient rehabilitation and/or nursing
home) and ‘death’. Patient numbers did not allow a distinction between
discharge home without support and discharge home with support.
Similarly, patients requiring further support in the form of rehabilitation
or residential care were collapsed into one category (‘rehabilitation’)
granted the relatively small numbers involved. The category ‘death’
included both patients who died in the hospital and patients who died
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Table 1
The four assessment stages and relevant features available at each stage.

Stage Included Features Total num. of
factors
1. pre- age, sex, ethnicity, premorbid mRS, history of 5
admission stroke

2. admission as for Stage 1 plus atrial fibrillation, hypertension, 11
dyslipidaemia, stroke type,initial NIHSS and SSS

as for Stage 2 plus whether dual antiplatelet agents 14
were started, thrombolysis administered and/or

ECR performed.

as for Stage 3 plus 24-hour NIHSS and SSS 16

3. treatment

4.24h

following discharge (but before 90 days from stroke onset).

Of note, the fact that patients’ notes were reviewed retrospectively
ensured that stroke mimics (in which the eventual diagnosis was not, in
fact, stroke) and stroke chameleons (in which a genuine stroke presen-
tation was initially misdiagnosed as something else) could be excluded
for the purpose of this study.

It is also important to stress that the aim of this study was to try to
determine outcomes at an early stage in the stroke journey, ideally
before such complications as aspiration pneumonia, UTI, DVT and PE,
NOMI and delirium would have had a chance to occur. This sort of
clinical information was therefore not included in this study.

Prediction at different time points (stages)

In an effort to simulate information that would be available at
different points along a patient’s early stroke journey, the ability to
predict outcome was determined at each of the four stages. Available
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information (features) gradually increased from one stage to the next.
The relevant features at each stage are shown in Table 1.

Machine learning analysis

To determine which ML model might be most suited for use in this
context, we examined three ML models, looking at the interplay of
various explanatory features in predicting the discharge destination at
each of the four stages. These models included k-nearest-neighbour
(kNN) looking at different values of k and both Euclidean and City-block
distances,”® as well as two ensemble-based models: Adaptive Boosting
(AdaBoost) and Bootstrap Aggregation (Bag).24

As an initial step to gain an overview of the data and assess whether
there was clustering of the three discharge destinations, we visualised
the data in two dimensions at each of the four stages using a 1-layer
Autoencoder, a technique that slightly extends Principal Component
Analysis by introducing nonlinearity in the principal component (latent)
space.”” We used a network with 2 latent neurons, and M inputs and
outputs, where M was equal to the number of features available at each
stage.

The three ML models were then assessed in terms of their overall
performance at each of the four stages based on their accuracy in pre-
dicting discharge destination. A leave-one-out (LOO) cross-validation
procedure was used to validate the performance of the models. Each
set of tests involved removing a single patient while the remaining pa-
tients were used for training; therefore, this training / testing procedure
was repeated N times, N being the total number of patients in each
group. The LOO was selected to mitigate the impact of a small number of
patients who died, unfortunately, this prevented us from computing p-
values and confidence intervals.

Identification of patients from database

Patients identified from
Database(N = 2,720)

Patients removed before
—>{ screening (N = 6)
* Undetermined diagnosis

Excluded from patient summary

(N =1,170)

—
e Stroke mimics
« TIA

—> Records not retrieved (N = 0)

|| Patients excluded: (N = 1,248):
* Incomplete data

*  Stroke mimic
« TIA
* Presenting 24 hours after

Patient included for further
analysis (N = 296)

Patients screened (N = 2,714)
]
Patient records sought for
retrieval (N = 1,544)
]
Patient assessed for eligibility
retrieval (N = 1,544)

Fig. 1. PRISMA diagram to demonstrate selection of patients for ultimate inclusion in the study.
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Fig. 2. Pairwise scatter plots for the 16 attributes present in the dataset. Both axes are equally labelled, although the labels on the x-axis are not shown due to size
limitations, instead the values that corresponding attributes take, are shown. The charts on the main diagonal are class histograms for the corresponding attribute.
Discharge destination is colour-coded as red for dead, blue for rehab, and green for home. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

The per-class accuracy was computed as a ratio of correctly predicted Overall patient numbers
outcomes divided by the total number of outcomes in a single class. The
overall accuracy was defined as the sum of all correctly predicted out- The aim was to evaluate the models and determine whether their
comes divided by N. We also computed and presented the macro- performance was consistent with both clinical experience and any in-
averaged F1 score (F-macro), as a measure of model performance, as it formation available in the literature. Consequently, we analyzed the
is known to be robust to imbalanced datasets. contribution of individual attributes to predicting the outcome

(discharge destination) at each of the four stages (Table 1) using
ensemble-based feature importance and the Relief algorithm®® that
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Fig. 3. Autoencoder-based feature-reduced space for outcomes at four stages. Each of the 296 patients is allocated one of three colours depending on the outcome
destination at each of the four stages. The gradual increase in separation into three clusters of outcomes can be observed.

penalizes predictors giving different values to neighbors of the same
class while rewarding predictors that give different values to neighbours
of different classes.

In addition, to determine how much the change from initial to 24-
hour stroke severity scores influenced the results, we examined the ef-
fect on overall precision of using only initial and only 24-hour scores. We
were also interested in comparing the performance of the SSS and NIHSS
scales. We looked at the change between initial and 24-hour scores as a
function of discharge destination, as well as looking at the correlation
between the scores of the two scales at both initial and 24-hour time
points. To determine whether SSS or NIHSS might perform better for
prediction purposes, we calculated the overall accuracy of each of the
four models at each of the four stages limiting the models to the SSS or
NIHSS score (but not both) at the initial and at 24-hour time points.

Results

The total number of patients admitted to the stroke unit over the
period in question and the number of patients excluded is shown in
Fig. 1. Many of the patient records were incomplete, particularly in
relation to discharge destination and these patients were therefore
excluded.

In summary, 296 patients (men: 175 (59.1%); women: 121 (40.9%);
age: 31-98 years, median: 74 years) were included in the analysis. Of
these, 200 (67.5%) went home, 76 (25.8%) went to rehabilitation, and
20 (6.8%) died. Of the 296 patients, 256 (87%) were Caucasian, 228

(78%) had dyslipidemia, and 183 (63%) had hypertension.
Fig. 2 presents pairwise scatter plots and per-class histograms for all
16 attributes (Table 1).

Visual inspection using Autoencoder

The results of the two-dimensional visualisation using Autoencoder
are shown in Fig. 3. There was a significant improvement in the sepa-
ration of patients from different discharge destinations in Stage 2
compared to Stage 1. Adding the three additional features of Stage 3 did
not visually improve the separation of the patients compared to Stage 2,
but the addition of the two additional features of Stage 4 improved the
separation somewhat further. This visually observed clustering implied
that ML should have the capacity to separate outcomes and, indeed, to
predict them.

Overall accuracy of machine learning models at each of the four stages

Accuracies and F-scores of the individual models at each of the four
stages are shown in Table 2. The error did not vary much with the
number of neighbours when kNN with Euclidean distance was used,
although classification error increased slightly as the number increased.
The smallest error occurred at 12 and 14 nearest neighbours, so k = 12
was selected as representative. For City-block distance, k =2 was
selected as representative.

The overall accuracy of predicting discharge destination by all
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Table 2

Overall and per-class accuracies. The numbers in bold font highlight the highest
overall accuracies of the three models while the numbers shown in italic font
highlight the best per-class prediction accuracies/F-score.

Stage 1 overall accuracy (%) per class
accuracy (%) F-macro dead home rehab
kNN (k = 2, City-block) 75.9 0.600 40.0 88.9 51.3
kNN (k = 2, Euclidean) 68.6 — 0.0 95.0 17.1
Bag 68.5 — 0.0 93.5 21.1
AdaBoost 67.1 — 0.0 93.2 18.4
Stage 2 overall accuracy (%) per class
accuracy (%) F-macro dead home rehab
kNN (k = 2, City-block) 79.3 0.678 50.0 88.9 59.2
kNN (k = 2, Euclidean) 77.4 0.681 55.0 89.5 51.3
Bag 73.9 0.639 55.0 84.4 47.4
AdaBoost 69.8 0.641 85.0 80.4 38.2
Stage 3 overall accuracy (%) per class
accuracy (%) F-macro dead home rehab
kNN (k = 2, City-block) 78.6 0.648 40.0 89.4 60.5
kNN (k = 2, Euclidean) 77.7 0.684 55.0 90.0 51.3
Bag 71.5 0.631 55.0 83.4 44.7
AdaBoost 66.2 0.619 85.0 80.5 31.6
Stage 4 overall accuracy (%) per class
accuracy (%) F-macro dead home rehab
kNN (k = 2, City-block) 81.7 0.716 45.0 89.4 71.1
kNN (k = 2, Euclidean) 77.7 0.668 40.0 87.0 63.2
Bag 74.2 0.647 50.0 85.4 51.3
AdaBoost 77.3 0.727 90.0 83.4 57.6
Table 3

Accuracies attained by the machine learning models using only initial SSS and
initial NIHSS, only 24-hour SSS and 24-hour NIHSS scores, or all four scores. The
numbers in bold font highlight the best scores across the three ML models while
the numbers in italic font highlight the highest per-class accuracy for predicting
death.

initSSS / initNIHSS overall accuracy (%) per class

accuracy (%) F-macro dead home rehab

kNN (k = 2, City-block) 82.0 0.689 45.0 92.0 65.8
kNN (k = 2, Euclidean) 73.9 0.608 40.0 86.9 48.7
Bag 65.4 0.538 40.0 78.9 36.8
AdaBoost 67.8 0.585 45.0 82.9 34.2
24hSSS / 24hNIHSS overall accuracy (%) per class
accuracy (%) F-macro dead home rehab

kNN (k = 2, City-block) 80.6 0.700 55.0 87.4 69.7
kNN (k = 2, Euclidean) 75.2 0.656 30.0 85.4 60.5
Bag 69.5 0.556 40.0 81.9 44.7
AdaBoost 72.8 0.599 40.0 84.4 51.3
InitSSS / InitNIHSS / 24hSSS overall accuracy (%) per class
/ 24hNIHSS

accuracy F- dead home  rehab

(%) macro
kNN (k = 2, City-block) 80.3 0.656 45.0 91.5 60.5
kNN (k = 2, Euclidean) 75.9 0.635 30.0 86.4 60.5
Bag 74.2 0.588 30.0 85.9 55.3
AdaBoost 70.5 0.545 30.0 84.4 44.7

models increased from Stage 1 to Stage 2. However, adding additional
predictors (i.e. types of intervention) did not improve the performance
further. KNN with City-block distance and 2 nearest neighbours out-
performed kNN with Euclidean distance and 12 nearest neighbours. In
particular, the accuracy of the former model at Stage 2 was 79.3%,
increasing to 81.7% at Stage 4 while, for the latter model, the accuracy
only reached 77.7%. The maximum accuracies using Bag and AdaBoost
at Stage 4 were 74.2% and 77.3%, respectively.
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Table 3 presents the accuracies resulting from using only the stroke
scores at different time points, either initial SSS and NIHSS, 24-hour SSS
and NIHSS, or all four. kNN/City-block achieved the best overall accu-
racies of 82.0% using only the initial scores and 80.6% when only 24-
hour scores were used; there was no benefit to using all four scores.
The maximum accuracies of Bag and AdaBoost were 74.2% and 72.8%,
respectively. Again, there was little improvement conferred by including
initial scores as well as 24-hour scores.

Accuracy of predicting specific outcomes

The ability of these models to predict outcome destination is shown
in Table 2. The accuracy of predicting death using either the kNN model
or Bag at Stage 2 was 50% — 55%, while at Stage 4 it was 40% — 50%,
suggesting vulnerability to noise in the data. The accuracy using Ada-
Boost, however, was 85% at Stage 2 and 90% at Stage 4, suggesting that
it was more robust and less affected by noise. In terms of predicting
discharge home, all three models were similar with accuracies of 80% —
90% at Stage 2 and Stage 4. In predicting rehabilitation outcome, kNN
performed best at all stages. Only AdaBoost demonstrated increased per-
class accuracy for all three classes. Overall performance using only
initial or only 24-hour stroke scores was reduced using all models to
65% — 80% with predicting death dropping to 30% — 55% (Table 3).

In summary, kNN (k = 2, City-block) had the best overall accuracy of
79.3% at Stage 2 and 81.7% at Stage 4 when all variables were included.
Looking at individual outcomes, all models were able to predict
discharge home with over 80% accuracy at all stages. Looking at death,
AdaBoost consistently performed best with accuracies of 80% — 90%
from Stage 2 onwards (Table 2). Rehabilitation was the hardest to pre-
dict, with the highest accuracies being achieved by kNN/City-block of
59.2% and 71.1% at Stages 2 and 4, respectively. By comparison, Ada-
Boost achieved 38.2% and 57.9%, respectively.

Contribution of individual feature to the prediction of outcome

The importance of each factor in relation to predicting discharge
destination is shown in Fig. 4. Given that the LOO strategy was
employed, for every model run, feature importance was estimated,
resulting in 296 importance vectors for each stage. The brackets in Fig. 4
represent the standard deviation of each component in the importance
vector.

The results of the Relief algorithm are shown in yellow: at Stage 2,
the most important factors were initial SSS, pre-morbid mRS score and
having had a previous stroke. At Stage 4, 24-hour SSS, 24-hour NIHSS,
Initial SSS, pre-morbid mRS, and previous stroke were the variables that
contributed most to the prediction of final outcome.

Using Bag (shown in red), the initial SSS score, premorbid mRS, and
age were the highest contributors in Stage 2, while 24-hour SSS, 24-hour
NIHSS and Initial SSS were the highest contributors in Stage 4. Using
AdaBoost (shown in blue), both 24-hour scores were the most important
predictors at Stage 4, although the SSS demonstrated higher importance
than the NIHSS. Interestingly, dyslipidemia and hypertension were
important to AdaBoost, but not to other models.

Comparison of SSS and NIHSS

Comparison of the initial and 24-hour scores and the comparison of
the SSS and NIHSS scores are shown in Fig. 5. There was visual clus-
tering by discharge destination, but not all patients fit into the clusters:
Some of the patients who died were outliers, that is, their scores
apparently improved over 24 h and yet they still died. Interestingly, the
correlation between initial and 24-hour SSS scores was higher (0.93)
than the corresponding correlation of NIHSS scores (0.82). This implies
that the 24-hour SSS score provided little additional predictive infor-
mation over and above the initial SSS score. Furthermore, there was a
higher correlation between the two 24-hour scores than between the
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Fig. 4. Relative importance of factors in outcome prediction at each stage (Stages 1 to 4, from top to bottom). DAPT: dual anti-platelet therapy, EVT: endovascular

therapy, Fib: fibrillation, TT: thrombolytic therapy.

initial scores, indicating that the two scores had a tendency to converge
24 h after the onset of the stroke.

This raised the question of whether one or the other scoring system
might outperform the other. The effects of using either SSS or NIHSS
scores alone, or in various combinations, are shown for each stage in
Table 4. Interestingly, the highest predictive accuracy was obtained
when the initial and 24-hour scores were derived from different scoring
systems. Specifically, at Stage 4, a combination of initial SSS and 24-
hour NIHSS scores resulted in the best overall performance using 2
out of 4 models, and in the remaining two, the accuracy was not too far
behind the best accuracies. In terms of the prediction accuracy of the
death outcome, the same score combinations were equal to or better
than the accuracies of other score combinations attained by all models.

Discussion

The process of progressively adding the available information in
each of the four stages demonstrated a stepwise improvement in the
ability of the three models to predict the outcomes. Of note, reasonable
predictions were possible even at the time of arrival in the hospital, the
pre-morbid mRS and initial SSS/NIHSS scores being as predictive as the
scores at 24 h. Knowledge of which treatments were offered at stage 3
appeared to contribute relatively little to the models’ ability to predict
outcomes. There may have been many reasons for this lack of effect but
the small numbers in the two intervention groups were likely to be
responsible.

Three ML algorithms were compared to each other in terms of their
ability to analyze the data. Though there was no single algorithm that
could consistently predict all three outcomes better than the others, kNN
with City-block distance was able to predict 89.9% of the patients that
would go home at Stage 2, while Bag and AdaBoost correctly predicted

80.4% and 84.4% of patients, respectively. It was harder for the models
to predict death because of the small numbers involved. However,
AdaBoost significantly outperformed the other models, correctly pre-
dicting death in 85% (Table 2).

Looking at the prediction of stroke outcome after the intervention
had occurred (i.e. at Stage 4), kNN (k = 2, City-block) had the highest
overall accuracy (81.7%). When using kNN algorithms, it is possible that
the use of small numbers of neighbours might result in overfitting.
Consistent with this, increasing the number of neighbours and using
different distance functions resulted in decreased overall accuracy: an
example using 12 neighbours with Euclidean distance is shown in
Table 2. AdaBoost, on the other hand, is recognised to be more resistant
to overfitting than many other ML algorithms: applied to this data set, it
was able to predict an outcome of death with 85% accuracy at Stage 3
and 90% accuracy at Stage 4, significantly outperforming the other
models. Of note, dyslipidaemia and hypertension were important fea-
tures when using AdaBoost as opposed to the other models. While these
are well-known risk factors for ischaemic stroke, their inclusion could
contribute to the higher predictive accuracy of AdaBoost. Overall, the
data suggest that AdaBoost might be the most appropriate model to use
to predict discharge outcomes, but this requires further confirmation
(see below).

It is also worth noting that AdaBoost ranked ethnicity as the third
most important factor at stage 1, with the importance value comparable
to age. In total, 87% of the selected patients were White/Caucasian.
Unfortunately, we did not have access to the socioeconomic background
of the patients to further investigate its impact on discharge outcomes.

It should be noted that restricting the models to using only the SSS
and NIHSS scores resulted in accuracies at each of the stages that were
similar to those generated when the additional features were used. This
demonstrates the high predictive power of stroke scores. However,
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(b) Scatter plot for initial (left) and 24-hour (right) SSS and NIHSS scores
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Fig. 5. Comparison of NIHSS and SSS scores at different time points. Outcome (discharge destination) is colour-coded as in Fig. 2.

looking at per-class accuracies for predicting death and rehabilitation,
models using all available predictors performed better. In general, the
models predicted home destination better than death or rehabilitation,
but this is probably related to the fact that most (67.5%) patients went
home, while only 6.8% died, and only 25.8% went to rehabilitation.
Looking at the factors that contributed most to prediction at Stages 1
and 2, premorbid mRS, initial SSS and initial NIHSS scores were, un-
surprisingly, as important as age, previous history of stroke, hyperten-
sion, AF, and dyslipidaemia. In fact, the Relief algorithm found that
premorbid mRS was important at all four stages. Broderick et al. discuss
the strengths and limitations of mRS.”° In the case of the two
ensemble-based methods, though, premorbid mRS was less important,
being overtaken by the initial SSS score at Stage 2. Previous studies have

stressed the importance of variables like age, sex, previous stroke, hy-
pertension, NIHSS, SSS, and mRS scores.?®>? This study suggested that,
at Stages 1 and 2 when a decision whether to intervene or not must be
made, the initial SSS score and the premorbid mRS score were almost
universally more important than any of the other variables, though
AdaBoost identified dyslipidaemia as an important factor. Interestingly,
the initial NIHSS score appeared to be a weaker contributor than the
initial SSS score. SSS and NIHSS assess similar items so it is not sur-
prising that they were highly correlated with each other (Fig. 5). The
scores are, however, slightly different and this resulted in slightly
different contributions to the ability to predict outcomes. Table 4 shows
that the highest accuracies were obtained when initial and 24-hour
scores were derived from different scoring systems: the combination of
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Table 4

Accuracies (%) attained by the machine learning models using various combi-
nations of initial and 24-hour SSS and NIHSS scores. The main values represent
the overall accuracy, while the values in parentheses represent the per-class
accuracy looking at death as an outcome. The numbers in bold font highlight
the best scores across all four combinations of stroke scores at Stages 2 and 4
while the numbers in italic font highlight the highest per-class accuracy for
death.

kNN/City-block Stage 1 Stage 2 Stage 3 Stage 4

All scores 75.9 (40.0) 79.3(50.0) 78.6(40.0) 81.7(45.0)
initSSS/24hSSS 80.7(55.0) 78.6(40.0) 81.7(60.0)
initSSS/24NIHSS 85.4(60.0)
initNIHSS/24hSSS 79.3(50.0) 78.6(40.0) 82.0(55.0)
initNIHSS/24hNIHSS 83.7(55.0)
kNN/City-block Stage 1 Stage 2 Stage 3 Stage 4

All scores 68.6 (0.0) 77.4(55.0) 77.7(55.0) 77.7(40.0)
initSSS/24hSSS 66.6(5.0) 66.6(45.0) 68.9(25.0)
initSSS/24NIHSS 76.7(50.0)
initNIHSS/24hSSS 75.0(45.0) 74.7(45.0) 77.0(50.0)
initNIHSS/24hNIHSS 76.7(50.0)
kNN/City-block Stage 1 Stage 2 Stage 3 Stage 4

All scores 75.9 (40.0) 72.9(55.0) 71.5(55.0) 74.2(50.0)
initSSS/24hSSS 67.1(50.0) 71.5(50.0) 72.2(70.0)
initSSS/24NIHSS 75.9(55.0)
initNIHSS/24hSSS 70.2(55.0) 71.5(55.0) 75.9(55.0)
initNIHSS/24hNIHSS 73.9(50.0)
kNN/City-block Stage 1 Stage 2 Stage 3 Stage 4

All scores 75.9 (40.0) 69.8(85.0) 68.2(85.0) 77.3(90.0)
initSSS/24hSSS 68.5(65.0) 61.5(85.0) 73.6(70.0)
initSSS/24NIHSS 75.9(95.0)
initNIHSS/24hSSS 68.1(85.0) 68.1(85.0) 73.6(70.0)
initNIHSS/24hNIHSS 72.5(95.0)

initial SSS and 24-hour NIHSS scores generated the highest overall ac-
curacy using kNN/City-block and Bag, and a better performance when
predicting death in all models. Hence mixing the scores may provide the
optimum predictive power going forward.

An important question is whether ML adds anything to existing
clinical scores. One published clinical score is the Stroke Prognostication
using Age and NIHSS score (SPAN-100)33, designed to predict the clin-
ical outcome of thrombolysed patients. To evaluate this, the accuracies
of the predictions of the ML models in the current study were compared
with those of the SPAN-100 scores.’> To align with the results of
SPAN-100, we classified ‘discharge home’ as a favourable outcome and
collapsed ‘rehabilitation’ and ‘death’ as unfavourable outcomes. Using
our data, SPAN-100 correctly predicted a favourable outcome with
69.4% accuracy and an unfavourable outcome with 61.1% accuracy. By
way of a fair comparison, these scores were compared to the outcome of
the ML models at Stage 2 (i.e. before intervention). A favourable
outcome was predicted by the ML models 78.6% — 82.3% of the time
while an unfavourable outcome was accurately predicted 58.7% —
73.1% of the time. This demonstrates the ability of ML to enhance, and
therefore outperform, existing clinical tools.

Limitations

This study was a pilot study from a single tertiary care hospital and
was only able to assess a very limited sample size of 296 patients because
of incomplete information available in the patients’ notes. Because of
the relatively small numbers involved, it was necessary to collapse
outcome groups which would, ideally, have been left separate. In
addition, the majority of our patients were white, meaning that the
possibility that ethnic background might have influenced outcome
destination could not be assessed. Similarly, socioeconomic factors
might have contributed to the outcome but these were not studied here
as our medical records did not provide adequate information.

Journal of Stroke and Cerebrovascular Diseases 33 (2024) 107514

Premorbid factors such as dyslipidaemia and hypertension were
included for the purposes of exploration without proposing any specific
mechanism whereby they might have actually influenced the ultimate
discharge destination. The fact that they clearly appeared to influence
outcome deserves further exploration and explanation.

Future prospective studies should provide more definitive informa-
tion, and this study strongly suggests that such studies would be
worthwhile. These future studies should investigate additional clinical
information, such as socioeconomic factors and the existence of diabetes
mellitus before stroke onset, in addition to initial clinical assessments
such as blood pressure, temperature and blood sugar, and the results of
initial blood tests at the time of presentation.

Finally, it is important to note that this study only investigated three
possible ML models. Future studies could broaden the scope with a view
to determining which model provides the most reliable results and
would therefore be most helpful to clinicians in clinical use.

The way forward

This study demonstrated that ML models have the potential to
improve predictive accuracy in the initial stages of acute stroke man-
agement. Different ML algorithms performed better with respect to
different outcomes, but in general AdaBoost appeared to perform best in
this study. However, in reality, no single ML algorithm consistently
outperformed the others. Further clarification would be obtained from a
larger prospective study that could also explore the optimal use of NIHSS
and SSS scores. The findings of radiological investigations and the
clinical location of the stroke could be incorporated into future studies.
Ultimately, a randomized controlled trial will be required to determine
whether the incorporation of ML algorithms into predictive models can
usefully influence clinical decision-making, both in terms of patient
outcome and cost-effectiveness.

Conclusion

This was a pilot study that evaluated a small cohort of stroke pa-
tients, looking at a limited number of factors and ML models. Consid-
ering the ability of the included ML models to predict outcome on the
basis of such a small subset of factors, a second prospective phase of this
study is proposed, looking at a larger cohort with a larger number of
variables aiming to address some of the above limitations.

All models demonstrated comparable performance, while AdaBoost
appeared to be the most robust model in predicting death. Importantly,
the ML models outperformed clinical tools, such as the SPAN-100 score.
Premorbid mRS and SSS scores had the highest feature importance in
predicting discharge outcomes, while dyslipidemia and hypertension
were important factors in predicting death. Overall, we conclude that
the ML models have the capacity to be useful to clinicians in predicting
discharge outcomes at an early stage in the management of patients
presenting with acute stroke, and this information is potentially useful in
influencing subsequent clinical management decisions. Finally, an
analysis of the various individual components of the scoring systems has
been performed showing that some score combinations perform better
than others and even better when all scores are used.
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