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Abstract
Post-stroke speech disorders impair communication and reha-
bilitation outcomes, often requiring prolonged, intensive ther-
apy sessions. The diversity of symptoms, coupled with the
high cost and logistical burden of traditional speech therapy,
underscores the need for accurate, automatic assessment to sup-
port tailored interventions. Leveraging SONIVA, our purpose-
built database of stroke patients’ speech, this study introduces
a feature-driven framework integrating traditional acoustic fea-
tures with physiologically informed glottal parameters for clas-
sifying impaired speech after stroke. Evaluating unimodal,
combined, and SHAP-derived (SHapley Additive exPlanations)
feature configurations, our approach achieved a 97% F1-score
in distinguishing pathological from healthy speech. These re-
sults highlight the potential of combining clinically meaningful
glottal and acoustic information to support early speech deteri-
oration detection, enhancing accessibility and personalised re-
habilitation strategies for improved patient outcomes.
Index Terms: Speech disorders, Machine Learning, Stroke As-
sessment, Interpretability

1. Introduction
The global burden of stroke affects approximately 12 million
people annually [1], with 35% of survivors developing speech
and language impairments [2]. Such speech disorders vary
greatly in nature, depending on the location and extent of the
lesioned brain tissue. Furthermore, there is heterogeneity in
impairments across individuals, as well as within the same pa-
tient over time, making standardised speech assessment highly
challenging. The nature of these impairments includes apha-
sia, apraxia, dysarthria, and dysphonia, which can co-occur to
different extents [3]. Aphasia primarily affects the cognitive
aspects of speech and language, leading to difficulties in un-
derstanding and forming coherent sentences [4]. Dysarthria re-
sults from impaired muscle control of the lips, tongue, and neck,
impacting articulation, pace, and rhythm, often causing slurred
speech [2]. Apraxia is a motor planning deficit that can cause
slow, halting, and distorted speech, while dysphonia affects
specifically the larynx activity, leading to abnormal changes in
pitch and loudness [5]. People with Stroke (PwS) may also ex-
perience various degrees of orofacial and body paralysis. Com-
pensation by overusing the unaffected side, respiratory weak-
ness, and tremors can result in abnormal speech patterns, in-

cluding reduced volume, a strained or hoarse voice, limited
speech to short phrases, and gasping between utterances [6].
This heterogeneity in speech and language impairments neces-
sitates personalised intensive speech therapy with frequent ses-
sions. However, delivering such effective speech therapy, along
with accurate diagnosis and ongoing monitoring, is both lo-
gistically and financially burdensome for healthcare providers
and patients [7, 8]. Automated day-to-day analysis may offer
valuable insights for the evaluation of post-stroke speech in an
objective, efficient, potentially remote and non-invasive man-
ner. Such analyses have traditionally been prioritising acous-
tic features like Mel-frequency cepstral coefficients and Linear
Predictive parameters [9]. This focus is partly due to the diffi-
culty of accurately detecting more laryngeal related information
in patients with abnormal voice characteristics, given that the
glottal opening and closing events are brief and easily masked
by vocal tract effects. Yet, recent advancements such as the
YAGA algorithm [10], have begun to address these challenges,
providing more reliable methods for glottal activity detection.
Indeed, the utility of glottal analysis with these algorithms has
been demonstrated to successfully assessing numerous respira-
tory tract diseases involving larynx conditions [11, 12], Parkin-
son’s [13, 14], or dysarthria caused by other neurological con-
ditions [15, 16]. However, this approach has not been explored
yet in post-stroke, largely due to the scarcity of speech data from
PwS.

Given the promising performance achieved using acoustic
features alone [17, 18, 19, 20], particularly with toolkits like
openSMILE [21], a combined approach integrating acoustic
and glottal source analyses presents significant potential for ob-
jective and efficient speech evaluation. Acoustic features cap-
ture the overall characteristics of the speech signal, reflecting
resonances and articulatory movements. In contrast, glottal
features provide detailed insights into laryngeal function, inde-
pendent of vocal tract resonances and articulatory movements,
which are subject to voluntary control [22].

To leverage these complementary aspects of speech anal-
ysis, we used SONIVA, below described, our purpose-built
database of stroke-affected speech and extracted features from
YAGA and openSMILE. The contributions of this work are: (a)
introducing a new large-scale PwS database; (b) demonstrat-
ing that glottal parameters are effective in classifying neurolog-
ically impaired patients vs. healthy controls, highlighting their
potential for automated screening and neurological monitoring;
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and (c) providing clinical interpretability of our model’s output
using SHAP (SHapley Additive exPlanations) [23], which re-
veals the most influential parameters for the classification. To
the best of our knowledge, this study pioneers the use of glot-
tal features for stroke assessment. By automating the process
of speech-disorders analysis, our approach potentially offers a
rapid, objective alternative to time-intensive clinician evalua-
tions, ultimately improving patient outcomes.

2. Methods
2.1. Database

The Imperial Comprehensive Cognitive Assessment in Cere-
brovascular Disease (IC3) [24, 25] is a longitudinal research
study conducted in the UK, designed to investigate post-stroke
cognitive and language recovery. It is part of SONIVA (Speech
recOgNItion Validation in Aphasia) speech database, which
currently holds data from ≈ 1000 stroke survivors and ≈ 7000
healthy controls. IC3 speech recordings were collected as part
of a digital cognitive battery and include both spontaneous and
structured speech tasks. In particular, picture description tasks,
featuring both custom-designed stimuli and standard images
from the Comprehensive Aphasia Test (CAT; [26]), were used
to elicit connected speech suitable for acoustic and linguistic
profiling. For this study, we analysed speech data from 388 au-
dio recordings of 125 unique patients which undertook the same
picture description tasks, including some with longitudinal data
spanning their recovery trajectories. The total duration of the
PwS data was 5 hours, while the control group sample, consist-
ing of 125 age-matched healthy individuals (µ = 61.51 years,
σ = 10.55 years), had a duration of 3 hours. All speech record-
ings were sampled at 16 kHz with a 16-bit resolution.

2.2. Feature Extraction

For the extraction of glottal parameters, PEFAC algorithm [27]
was first employed to retrieve voiced segments where phona-
tion occurred. We then applied the YAGA algorithm [10],
which uses an N-best dynamic programming technique to iden-
tify Glottal Closure Instant (GCI) and Glottal Opening In-
stant (GOI) in speech signals. YAGA was selected for its
demonstrated reliability and accuracy in GCI detection for clean
speech [28], and the parameter chosen are based on prior liter-
ature [11, 12, 13, 14, 15, 16]. These parameters can be cat-
egorised into time-domain and frequency-domain features. In
the time domain, key parameters include the Opening Quotient
(OQ) and Closing Quotient (CQ). The OQ measures the propor-
tion of the glottal cycle during which the glottis is open, defined
as the ratio between the fall time (the time between a glottal
opening instance, GOI, and the subsequent glottal closing in-
stance, GCI) and the cycle duration (the interval between two
consecutive GOIs) [29]. The CQ complements the OQ and is
computed as: CQ = 1 - OQ. Speed Quotient (SQ) captures the
asymmetry of the glottal pulse by taking the ratio between the
Rise Time (from a GCI to the following GOI) and the Fall Time
[29]. The Amplitude Quotient (AQ) and its normalised variant
(NAQ) describe the glottal flow’s closing phase. AQ is defined
as:

AQ =
fac

dpeak
(1)

where fac is the maximum amplitude of the glottal flow and
dpeak represents the negative peak amplitude of its derivative
during closure. The NAQ is obtained by normalising AQ by
the fundamental period T . Variations in these measures may

indicate irregularities including impaired vocal fold closure, af-
fecting voice quality and vocal efficiency.

In the frequency domain, the Harmonic Richness Factor
(HRF) serves as a vital metric of harmonic content. It quantifies
the ratio between the energy of higher harmonics and the fun-
damental frequency F0 calculated at each identified GCI, given
by:

HRF =

∑N
k=2 X(kF0)

X(F0)
, (2)

where X(F0) is the amplitude at the fundamental frequency
and X(kF0) denotes the amplitude of the k-th harmonic [30].
Higher HRF values correspond to richer harmonic content, typ-
ically associated with healthy phonation. The H1H2 and H2H4
parameters represent amplitude differences between successive
harmonics (H1-H2 and H2-H4, respectively) [31]. These differ-
ences reflect the balance of vocal fold vibrations, where lower
ratios generally signify more stable and healthy speech pro-
duction. The Parabolic Spectrum Parameter (PSP), as defined
by [32], measures how closely the power spectrum near each
GCI follows a parabolic shape. PSP is calculated as the ra-
tio of aoptimal, the coefficient from fitting a parabolic curve to
the signal’s power spectrum, to amax, obtained from a DC-level
approximation. This ratio provides insight into the spectral
smoothness and energy distribution. Finally, the Peak Slope
(PS), extracted using the COVAREP toolkit [33], quantifies the
sharpness of glottal closure by measuring the steepness of the
glottal pulse. This feature is associated with the degree of vocal
effort and closure abruptness. For each of these 10 features, de-
scriptive statistics—mean, standard deviation, minimum, max-
imum, kurtosis, median, skewness, and range—were computed
across glottal frames of each sample, for a total of 80 parame-
ters.

Acoustic features were extracted using the openSMILE
Python library (v. 3.0.1), based on the extended Geneva Min-
imalistic Acoustic Parameter Set (eGeMAPSv02; [21]) and
added to the glottal parameter set for the classification models.
This eGeMAPSv02 set includes 88 parameters, chosen for their
proven relevance in speech analysis, and widely validated for
evaluating pathological speech. The acoustic feature set encom-
passes prosodic measures (e.g., F0 stability, jitter, shimmer)
to assess pitch and phonatory control, spectral features (e.g.,
MFCCs, flux) for vocal resonance and articulatory precision,
and energy-related metrics (e.g., loudness, harmonics-to-noise
ratio, pauses) to evaluate fluency and rhythmic disturbances.

2.3. Model Architecture

The dataset was split into training and testing sets using a 90%-
10% ratio, ensuring that all samples from the same patient were
confined to a single partition through a stratified group split,
keeping the test portion completely unseen. This step was es-
sential due to the presence of multiple recordings from the same
patient, collected to assess intra-subject variability over time.
To evaluate the contribution of different modalities, classifica-
tion was conducted on acoustic features only, glottal features
only, and then their combination. Features were then scaled us-
ing MinMaxScaler, applied separately for each modality to
maintain consistent feature distributions while enabling stable
neural network training.

On the 90% split, a five-fold StratifiedGroupKFold
cross-validation was used to ensure patient-level consistency
across splits while maintaining balanced class distributions.
Given the class imbalance between healthy and patient sam-
ples, SMOTE [34] was employed within each fold to the mi-
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Table 1: Classification results across different feature modali-
ties, including the SHAP-selected model.

Modality Validation (5-Fold CV) Unseen Set

F1-score Accuracy F1-score Accuracy

Acoustic 0.920 0.890 0.930 0.898

Glottal 0.910 0.880 0.923 0.898

Combined 0.941 0.910 0.941 0.918

SHAP-Derived Set 0.886 0.832 0.969 0.959

nority class instances by interpolating nearest neighbours, thus
mitigating bias toward the majority class. The model archi-
tecture consisted of a feed-forward neural network with three
fully connected layers of decreasing size (128, 64, and 32
units). Each layer was followed by batch normalisation and
a 0.3 dropout rate to prevent overfitting and stabilise training,
with LeakyReLU activation functions used to mitigate vanish-
ing gradient issues. The final output layer comprised a single
sigmoid unit. The model was trained using binary cross-entropy
loss with Adam optimiser, configured with a learning rate of
0.001 and weight decay of 1 × 10−5 for regularisation. Per-
formance was evaluated using accuracy and F1-score, with the
latter prioritised due to its robustness under class imbalance.
The final performance was reported both from the validation
sets and from the held-out 10% test set, providing an unbiased
measure of the model’s generalisation capability.

Finally, SHAP was applied to the neural network classifier
on the combined model, using an independent masker to ap-
proximate conditional expectations. These features were then
selected to train an additional model reported in Table 1. SHAP
values were computed by considering all possible feature sub-
sets and quantifying the marginal contribution of each feature,
ensuring consistency and local accuracy. The explainer gener-
ated SHAP values for each feature, enabling the identification
of the most influential parameters in the classification.

3. Results
The classification results across the four evaluated configura-
tions—acoustic, glottal, combined, and the SHAP-derived sub-
set—demonstrate the superior performance achieved by inte-
grating acoustic and glottal features (Tab. 1). Specifically,
the combined modality reached an accuracy of 0.918 and an
F1-score of 0.941 on the unseen test set, outperforming the
acoustic-only (accuracy: 0.898, F1-score: 0.930) and glottal-
only (accuracy: 0.898, F1-score: 0.923) configurations. A
SHAP-derived model was then created using only the top 15
features identified by SHAP analysis. Despite the reduced fea-
ture set, this clinically interpretable model achieved an accu-
racy of 0.959 and an F1-score of 0.969 on the unseen test set.
These results not only surpass the performance of the combined
model but also demonstrate that a streamlined subset of clini-
cally meaningful features can yield robust classification perfor-
mance while maintaining interpretability, offering potential for
practical clinical deployment.

The SHAP analysis (Fig. 1) further highlights the underly-
ing model behaviour by ranking feature contributions to clas-
sification decisions (low in blue and high in red). Positive
SHAP values (towards the right) increase the predicted proba-
bility of patient classification, while negative values (towards
the left) push predictions towards healthy. This distribution

indicates how each feature influences the probability rather
than indicating a strict classification boundary. The most in-
fluential feature predominantly originated from the acoustic
set was mfcc4V_sma3nz_amean, indicating that spectral and
temporal dynamics play a critical role in patient classifica-
tion. However, glottal features including SQ_median, NAQ_std,
OQ_min, and CQ_kurtosis also exhibited substantial contri-
butions, suggesting that glottal flow characteristics related to
vocal fold closure and amplitude variability significantly af-
fect the classification boundary. Additionally, features such as
F0st_27.5Hz_sma3nz_meanFallingSlope and H2H4_skewness
provided discriminative power, emphasising the relevance of
frequency modulation and harmonic structure in the decision
process. The polarity of SHAP values revealed that higher
values in glottal irregularity features (e.g., NAQ_std) and re-
duced spectral richness are associated with patient classifica-
tion, whereas consistent acoustic patterns were linked to healthy
predictions. Overall, the combined modality’s improved perfor-
mance can be attributed to the integration of acoustic features (6
out of 15 top features) that capture the speech signal’s spectral
properties and glottal features (9 out of 15 top features) that en-
capsulate physiological vocal fold behaviour. The SHAP inter-
pretation not only validates the complementary effect of these
modalities but also identifies critical parameters that may be in-
dicative of underlying pathophysiological mechanisms in disor-
dered speech.

4. Discussion
The SHAP analysis revealed a complementary set of acous-
tic and glottal features that not only effectively distinguish be-
tween healthy controls and stroke patients but also provide
deeper insights into how stroke-induced neurological disrup-
tions impact speech production. The most influential feature,
mfcc4V_sma3nz_amean (Mel-frequency cepstral coefficient),
reflects the spectral envelope of speech, capturing subtle vari-
ations in vocal tract resonances and articulatory movements.
Clinically, its prominence underscores how stroke impairs ar-
ticulatory coordination and resonance characteristics, often re-
sulting in reduced clarity and distorted speech. The high SHAP
attribution to this feature aligns with previous findings where
spectral degradation signified compromised neuromotor control
in post-stroke speech [35].

Among glottal features, several parameters indicative of la-
ryngeal biomechanics emerged as critical discriminators. The
Speed Quotient (SQ_median), quantifying the ratio between the
glottal opening and closing phases, highlights the importance
of vocal fold vibratory asymmetry. Neurological impairments
following stroke can disrupt this balance, leading to inefficient
phonation and breathy voice qualities. Similarly, the Opening
Quotient (OQ_min)—representing the minimal open phase du-
ration—offers insights into laryngeal muscle tonicity. Reduced
OQ values may indicate hyperadduction of vocal folds, a con-
dition clinically associated with strained phonation or spastic
dysphonia [36].

The Normalised Amplitude Quotient variability (NAQ_std)
was another high-impact feature, reflecting the stability of glot-
tal flow amplitude across speech cycles. From a clinical per-
spective, increased variability in NAQ suggests impaired neuro-
muscular control of the vocal folds, often manifesting as voice
instability or pitch breaks. Such measures are essential for clin-
icians, offering quantifiable proxies for voice stability—critical
in the assessment of dysphonia severity post-stroke [37].

In the frequency domain, features such as
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Figure 1: SHAP summary plot showing the top 15 features im-
pacting the model’s output probability.

F0st_27.5Hz_sma3nz_meanFallingSlope and H2H4_skewness
revealed strong discriminative power. The first, the falling
slope parameter, reflects pitch modulation control, critical for
prosody and intonation patterns in speech. Stroke patients
often exhibit monotonic speech due to impaired pitch control,
a symptom captured by this feature. H2H4_skewness, on the
other hand, quantifies harmonic distribution, providing insights
into glottal source spectral tilt, which affects voice quality
attributes like breathiness and harshness. Deviations in this
parameter may indicate incomplete vocal fold closure or altered
subglottal pressure regulation. These patterns are consistent
with the roughness, breathiness, and instability observed in
PwS, due to the neural damage for paralysis conditions [6].

Further glottal parameters such as Closing Quotient kurto-
sis (CQ_kurtosis) and PSP standard deviation (PSP_std) con-
tribute critical insights into glottal closure regularity, param-
eters sensible for pathological speech discrimination also in
Parkinson’s Disease [14]. CQ_kurtosis measures the con-
sistency of vocal fold closure patterns—higher kurtosis val-
ues suggest irregular closures, potentially linked to spastic or
ataxic dysarthria. PSP_std reflects the abruptness of glottal
closure, with greater variability indicating compromised vo-
cal effort regulation. Lastly, the inclusion of loudness-related
features (i.e., loudness_sma3_percentile80.0) within the top
SHAP-ranked parameters emphasises the role of quantifications
of vocal projection capabilities, characteristics of respiratory-
laryngeal coordination. Indeed, stroke-induced respiratory
weakness often results in reduced voice intensity and vocal fa-
tigue [38].

Regarding the classification, the better performance of
the combined acoustic-glottal model over single-modality ap-
proaches demonstrates the value of comprehensive voice as-
sessment in stroke patients. The SHAP-derived subset model
yielded even better performance with just 15 features, suggest-
ing that focused assessment of specific voice parameters can
provide highly accurate diagnostic information. This result is
expected to be attributed to the reduction of noise and redun-
dancy present in the larger feature set. Indeed, the full feature
set, while comprehensive, may introduce complexity that poten-
tially masks the most discriminative characteristics of impaired
speech.

The classification accuracy observed across our models
aligns with and surpasses previous findings in speech disor-

der research. For instance, analyses employing openSMILE to
extract acoustic features differentiating dysarthric from healthy
speech based on single-word utterances [39] have reported ac-
curacies of 96.18% and 93.24% on the TORGO [40] and UA-
Speech[41] datasets, respectively. Similar to our approach, a
study on dysarthric conditions combined openSMILE and glot-
tal features reaching a classification accuracies of 91.88% (UA-
Speech) and 82.12% (TORGO) [42]. However, these studies fo-
cus solely on phonation-centric conditions, where acoustic fea-
tures are the primary discriminators. In contrast, stroke-induced
speech disorders involve more complex neurological disrup-
tions affecting motor control, laryngeal function, and language
abilities. To our knowledge, this is the first study that classify
speech with glottal features in post-stroke patients, making di-
rect performance comparisons challenging. Thus, the strong
performance of our model is particularly significant, as it not
only addresses the complexity of these conditions but also es-
tablishes an important baseline for future research.

5. Limitations and Future Work
Several limitations should be considered when interpreting
these results. First, only simple feed-forward neural network
has been used. Alternative architectures could also be explored
in next works, testing different fusion strategies beyond simple
concatenation. Additionally, while our IC3 test set comprised
unseen data, it may not fully represent the diversity of stroke-
related speech impairments in real-world clinical settings, so
the scores obtained should always be interpreted with caution.
This limitation is particularly relevant given the heterogeneous
nature of stroke-induced disorders and varying recording con-
ditions across healthcare facilities. Therefore, further valida-
tion using both additional data from our ongoing collection ef-
forts and external open-access pathological speech data would
be beneficial to establish the generalisability of our approach.
Such broader testing would help verify the robustness of our se-
lected feature set across different patient populations, recording
conditions, and clinical settings, ultimately supporting its tran-
sition into real-world clinical applications.

6. Conclusion
The findings of this study have significant implications for clini-
cal practice, as they demonstrate that a streamlined set of acous-
tic features (capturing overall voice output) and glottal parame-
ters (reflecting underlying physiological function) provides both
surface-level and deeper physiological insights into voice pro-
duction deficits. By combining these modalities, the classifi-
cation model of the SHAP-selected features achieved an F1-
score of 0.969, surpassing the unimodal acoustic (0.930) and
glottal (0.923) models by 3.9 and 4.6 percentage points, respec-
tively. This comprehensive approach may contribute to improv-
ing clinical practice by supporting more accessible, targeted,
and cost-effective rehabilitation. By facilitating earlier detec-
tion and more precise monitoring through the use of IC3, it
could help streamline clinical workflows and inform person-
alised recovery strategies, with the potential to improve patient
outcomes and reduce strain on healthcare systems.
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