“How good are we at predicting

stroke outcomes?”




Disclosures

* ZIp




ODbjectives

* 1. List clinical measures and investigations used In predicting stroke outcomes

* 2. ldentify which measures are most useful

* 3. Consider future methods of predicting stroke outcomes




Why and when are we asked to predict?

* Hyperacute setting - prognosis, treatment decisions

* Admission to hospital - expectations for patient/family

°* Team meetings - Nursing, therapists




What methods do you use?

* Recent experiences?
* Similar case?

* PMHX?

Clinical findings?




Expertise

* EXperts In stroke care are correct only 17% of the time In predicting death or
disability at discharge (Saposnik et al, 2013))

* Experts wrong more than half the time in all predictions post stroke, and worse
post thrombolysis (Ntaois et al, 2016)

. PT’s_ asked to predict only upper limb motor fl_Jnc_ti_on within 3 days of

Why? - cognitive biases, heterogeneous disease, variable co-morbidities,
unaware of pre-stroke functioning, variable genetics, inconsistent health care
settings, widely different social supports



Functional scales

(Which ones are best?)

* NIHSS
* MRS
* AlphaFIM

\/
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Illustrattion of the 7 modified Rankin Scale (mRS) health states



Scale Inclusions

What to include and where to stop?

* Age/sex
* LOC

* Time from stroke, and various logistical measures up to thrombolysis (door to needle etc)
* Acute stroke scores (NIHSS, CNS)

al defic

* Limb weakness/vi




Scales’ predictive success?

* NIHSS (National Institute of Health Stroke Scale) - O (no deficit) to 42 (severe deficit)

Accurately predicts severe disablility/death (>=16) or excellent outcomes (<=6)
(Adams et al 1999)

* mRS - Day 4 and day 90 scores highly correlated for mRS 0-2, and 6 (Asanad 2017)

* AlphaFIM - 4 motor items and 2 cognitive items. Acute scores could predict full FIM
scores at admission to and discharge from Rehab units. Could not predict community

REMEMBER - Predictive models are used for large groups not your patient



Generalizability: Is this patient well
represented in the source data?

Were the patients treated,

untreated, or both? e.g. if only

treated patients, can’t know | |
magnitude of treatment effect

Care system and workflow: was the N
model trained in a comparable setting?

Age of the data: Key aspects of care
may have changed dramatically

Is the outcome clinically relevant? Does it reflect
the patient’s priorities? E.g. Predicting outcome
better than mRS 5/6 may be too generous

Is the outcome reproducible? What is the model’s
precision and how should we measure it? At what
stage does precision become low enough to make
the model redundant?

Dichotomization vs ordinal outcomes: Classifying
patients as “good” or “bad” outcome e.g. mRS O-
2 vs 3-6 may not adequately capture the
spectrum of post-stroke outcomes

* Conclusion - All models run into a “prediction ceiling” and are

not “clinically useable”

What
patients
contributed
to the
model?

What was
the model’s
intended
purpose?

What
variables
are in the

model?

What
outcome Is
being
predicted?

Models for population-level
outcomes or post-decision
prognosis can afford more errors
than models intended for pre-
decision use in patients

Purpose may inform whether we
should adopt an optimistic vs
pragmatic approach for
uncertain variables of interest

Should we accept the model’s
prediction, or strive to beat it?

Quantifiability: Critical variables like family
support may not be measurable in a dataset

Knowability: Key factors in model may be
unknown at time of decision-making due to
information bottlenecks or because they
happen in future (e.g. quality of reperfusion)

Modifiability: If key factors like time-to-
reperfusion and post-stroke complications are
modifiable, how stable are the predictions?
What is the relative weighting of these factors?




Predictive Models Success?

Matsumoto et al, 2020, “Stroke prognostic scores and data driven prediction of
clinical outcomes after acute ischemic stroke”

* 6 prognostic scores evaluated for data driven machine learning models
* Similarly good at predicting death (mMRS=6)
* Marginally better than best clinical prognostic scores

* Still dichotomized predictions (MRS 0-2 or 3-6)

“...can’t be the sole foundation for decision making. Experienced comprehensive
assessment and clinical acumen must still play a role.”




Does ASPECTS help? (Alberta Stroke Program Early CT
'Slggsrig?md In Calgary 2000

* Initially used non-contrast CT to estimate volume of MCA
Infarctions to predict outcomes, intracranial hemorrhage
post thrombolysis, and eligibility for EVT (since used with
CT perfusion and DWI MRI with similar results)

* Scale of O (extensive iIschemia) - 10 (normal)

* <7 = Increased risk of functional dependence (MRS >2)

e >=6 = EVT eligible



Current Limitations to accurate predictions

* Heterogeneous disease (infarct vs hemorrhage, MCA/ACA/Basilar/PCA)

* Heterogeneous impairments (paresis, ataxia, speech, visual, perceptual, etc)
* |Influence of numerous comorbidities

* Evolving stroke care - hyperacute, rehabllitation

* Evolving imaging technology

* Models are not dynamic. They don’t provide trajectory of recovery predictions




Combine all available data -
clinical assessment
Imaging

scales

Communicate uncertainty
Plan early for rehabllitation

Reassess patient regularly




How soon will we be better at
oredicting stroke outcomes?




Stay Tuned...Al?

Barouhou et al, 2025 “Unlocking the potential of deep learning in brain
stroke prognosis: a systematic review”

e 38 studies reviewed between 2017-2022

* "Machine Learning” - limited by human input to guide the algorithm

* “Deep Learning” - uses artificial neural networks (ANN) to determine




From: Unlocking the potential of deep learning in brain stroke prognosis: a systematic
literature review
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Key steps for a stroke prognosis DL based decision support system




Stay Tuned...Genomics?

Soderholm M, “Genome-wide association meta-analysis of functional outcome and
iIschemic stroke”, 2019

* Single significant variant identified associated with outcome 3 mo post-stroke

* “plausible mechanistic links to post-stroke recovery” related to a protein known
to be involved with neuroplasticity, among other brain functions
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