Predicting Aphasia Severity and Type Post-Stroke Using Structural MRI and Machine
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Introduction

Aphasia (a language disorder) affects approximately one-third of stroke survivors (Flowers et
al., 2016), arising from disrupted language networks and producing highly heterogeneous
impairment patterns due to interactions among neuroanatomical, clinical, and demographic
variables (Plowman et al., 2012). Machine learning (ML) enables multivariate models that
integrate diverse factors to predict post-stroke language outcomes (Yourganov et al., 2016).
While ML shows promise for predicting aphasia severity, classification of distinct aphasia
syndromes remains underexplored — only one prior study has addressed this using the
Western classification (Yourganov et al., 2015). Luria's neuropsychologically grounded
taxonomy (for review, see Akhutina, 2016), which offers a principled bridge between focal
structural damage and qualitatively different language breakdown patterns, has not been
previously examined in ML research. Furthermore, the added value of multimodal MRI over
structural MRI (sMRI) alone is debated: multimodal approaches face practical barriers
including acquisition artifacts and limited clinical standardization (Tournier et al., 2011). At
the same time, SMRI is a clinical gold standard. This study had two objectives:

(1) to develop and validate a robust prognostic model capable of predicting overall severity
and syndrome types according to Luria's classification, and (2) to identify the specific neural
correlates most critical to these predictions using only demographic and sMRI data.

Methods

We had two cohorts of participants. The primary cohort comprised 304 native
Russian-speaking individuals with chronic post-stroke speech and language disorders (114
female, 190 male; mean age 55.1£10.7 years) >3 months post unilateral left-hemisphere
stroke, with an independent validation cohort of 41 participants (10 female, 31 male; mean
age 52.3+12.4 years) meeting the same inclusion criteria. Aphasia severity (6-point ordinal
scale from mild to very severe) and disorder type (7 categories) were assessed using the
Assessment of Speech in Aphasia within Luria's neuropsychological framework. Structural
MRI lesions were manually delineated, normalized to MNI space, and overlaid with gray
(116 regions) and white matter (55 tracts) atlases; feature reduction retained regions damaged
in >5% of participants, yielding 42 gray- and 36 white-matter features plus total lesion
volume and three demographic variables. Through systematic evaluation of multiple ML
algorithms and the introduction of a novel Robust Generalization Index, we identified an
optimal, generalizable model (TabPFN).
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Results

Our findings reveal a clear dissociation between the prediction of severity and syndrome
type. While aphasia severity was robustly predicted, particularly when consolidated into mild
versus non-mild categories (accuracy 85.4%, sensitivity 93.1%, AUC=0.90) with
performance linked interpretably to chronicity and gray- and white-matter integrity, the
classification of discrete aphasia syndromes proved more challenging, achieving only
moderate accuracy (validation accuracy 56%). SHAP analysis provided computational
validation of Luria's framework: efferent motor aphasia was predicted by Broca's area
damage with preserved posterior language structures; sensory aphasia by superior temporal
gyrus and arcuate fasciculus damage; afferent motor aphasia by postcentral gyrus damage
with intact superior temporal gyrus. Age showed class-specific predictive directions, and
59% of misclassified participants had mixed diagnoses, with the algorithm correctly
identifying secondary diagnoses in 15% of cases.

Discussion

This work delivers the validated computational tool for prognosis within Luria's clinically and
anatomically relevant classification system, addressing a critical gap in post-stroke language
rehabilitation. By integrating sMRI data with a rigorous ML framework, we demonstrate that
meaningful predictions of both aphasia severity and type can be derived from structural MRI
alone — despite the inherent complexity and heterogeneity of post-stroke speech and language
disorders. Furthermore, the model provides novel, data-driven insights into brain
structure-function relationships, identifying specific gray and white matter correlates that
distinguish among Luria's aphasia types and severity levels.
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