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Abstract

Recent automatic speech recognition (ASR) models struggle
to correctly transcribe pathological speech but implicitly cap-
ture phonetic, syntactic, and semantic properties. Unlike state-
of-the-art methods that rely on speech features based on time-
consuming handcrafted speech transcription, we propose a sim-
ple and fully automated approach using ASR log-probabilities
to quantify intelligibility in spontaneous speech of patients with
Huntington’s disease. By linking this measure with clinical
scores, we explore its potential as a scalable and lightweight
biomarker for disease progression. Our findings suggest that
ASR-derived uncertainty offers a novel, efficient, and non-
invasive alternative for clinical assessment.

Index Terms: Huntington’s disease, speech biomarkers, in-
telligibility, automatic speech recognition, pathological speech,
Whisper ASR, clinical score prediction

1. Introduction

Huntington’s disease (HD) is an autosomal dominant neurode-
generative disease due to CAG repeats in the mutant Htt gene
[1]. This complex disease is characterized by a triad of mo-
tor, cognitive, and psychiatric symptoms leading to progressive
disability [2]. With the increasing development of innovative
disease-modifying therapies [3], there remains a critical need
for biomarkers that are not only sensitive to disease progres-
sion and cost-effective, but also need to be ecologically valid,
i.e., easily generalizable to a patient’s actual functioning in their
daily environment. Current HD assessment methods are based
heavily on neurological examinations, time-consuming cogni-
tive batteries [4], brain imaging [5] or invasive analysis of cere-
brospinal fluid [6].

Recent studies have explored speech as a potential
biomarker in HD, demonstrating the efficacy of distinguishing
HD patients from controls [7], and identifying prodromal stages
[8]. These approaches have shown results in the prediction
of clinical outcomes, including motor, functional, and cogni-
tive severity [9, 10, 11, 12]. [9] notably achieved good perfor-
mances using a simple counting task, using mostly acoustic fea-
tures, but also collateral tracks, sequence errors, and persever-
ations that relied on speech therapist transcriptions. Although
these findings are promising, the reliance on time-consuming
human transcriptions presents a significant limitation for the fu-
ture automation of speech biomarkers. Automatic speech recog-
nition (ASR) faces challenges in neurologic disorders due to in-
creased errors, especially in dysarthric speech [13]. Although
not strictly evaluated in HD, ASR could perform even worse
in HD, which combines both dysarthria and linguistic impair-
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ments [14, 15, 16, 17]. However, these transcription errors,
while problematic in linguistic studies when a precise transcrip-
tion is needed, may offer valuable insights when analyzed from
a different perspective.

Several studies have used ASR-derived features to predict
intelligibility [18] using the estimated probabilities of specific
phonemes occurring at a given time in speech (called poste-
rior probabilities). This methodology has been used in clini-
cal applications, for example for the classification of neck can-
cer [19] or dysphonia [20]. [21] demonstrated that uncertainty
in vowel predictions by an ASR was associated with clinical
scores (Spearman correlations up to 0.51) and longitudinal pro-
gression of cerebellar ataxia. Different combinations of acous-
tic and ASR-derived features (phoneme or syllable probability)
allowed a regression of the disease score (with Spearman cor-
relations of up to 0.56) in participants with Parkinson’s disease
[22].

Beyond phoneme or vowel probabilities, recent ASRs such
as Whisper[23] use actionable log-probabilities to indicate the
probability that each token will appear in the output sequence
given the context of the previous tokens. [24] correlated in-
telligibility with ASR uncertainty, using an approach based on
decoded tokens log-probabilities. Such log-probabilities mod-
els take into account not only phonetics, but also syntax and
lexico-semantic plausibility [25]. This approach could be par-
ticularly relevant for HD where speech is impaired at different
levels of language (phonetics, phonology, morphology, syntax,
and lexico-semantics) [26]. Our study aims to use Whisper-
produced log-probabilities from spontaneous speech to predict
the clinical aspects of HD, potentially offering a novel auto-
mated approach to speech-based biomarkers in this complex
neurodegenerative disease.

2. Clinical database
2.1. Medical Assessment

Carriers of at least 36 CAG repeats in the Htt gene were re-
cruited at the National Reference Center for Huntington’s Dis-
ease at the Henri-Mondor Hospital in Créteil, France, in two
prospective cohorts: BIOHD (NCT01412125) and CAPIT-HD
beta from Repair-HD (NCT03119246). All participants signed
an informed consent. The studies were conducted in accordance
with the Declaration of Helsinki, current guidelines for good
clinical practice, and local laws and regulations.

Certified neurologists assessed participants using the Uni-
fied Huntington’s Disease Rating Scale (UHDRS [27]), which
includes the Total Motor Score (TMS). We calculated the com-
posite UHDRS (cUHDRS) as described by [28]. Functional
decline was assessed using the Total Functional Capacity score
(TFC) [29]. The participants’ clinical characteristics are sum-
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marized in Table 1.

Table 1: Participants demographics and clinical scores. Values
are mean = standard deviation

Number of participants 82

Sex F44/M38

Age 52.97 £10.53
CAG Repeats 43.56 £+ 2.85
cUHDRS 10.33 £3.94
T™S 28.63 £+ 16.68
TFC 10.77 £ 2.20

2.2. Voice Database

All participants completed a standardized speech battery that
included (1) constrained tasks (such as counting backwards and
forwards) and (2) spontaneous speech tasks, where participants
were asked to narrate a sad, angry, joyful stories, the red-riding
hood story, their most recent 24 hours and to describe a pic-
ture. The entire battery took less than 15 minutes and was
recorded with a Zoom H4nPro (sampled at 44.1 kHz with 16-bit
resolution). Using the Praat software [30] and the Seshat plat-
form [31], speech pathologists blindly provided (1) diarization
(if necessary) and (2) annotations of the linguistic content and
possible linguistic anomalies (collateral tracks).

3. Features

Two sets of features were extracted from our audio corpus,
Counting and LogprobASR.

3.1. Counting features

The Counting features set was computed from the “counting”
task of our audio corpus. We used the features defined in [9].
We only used features computed from the backward counting
part of the task, as they hold most of the predictive power [9].
These state-of-the-art features required careful annotations by
speech-language pathologists, which allowed us to extract pre-
cise lexical and phonetic features from the participants’ speech,
as well as the collateral tracks (such as fillers or abnormal vo-
calizations).

3.2. Intelligibility features

The LogprobASR features set was computed from the “last
24h” spontaneous speech task, which was the most emotion-
ally neutral task and easy to use in future clinical applications.
We used the annotations from the speech pathologists to reli-
ably obtain audio segments free of any non-participant speech.
The amount of audio per participant was 73(£38) seconds. We
then fed those audio segments to the Whisper[23] * ASR model.
This model works in two steps: it first uses its internal Voice
Activity Detection (VAD) filter to re-segment the input audio
into smaller segments; then, it produces a transcription for each
of these smaller segments. For each transcription of segment
s, Whisper also outputs the average log-probability of the tran-
scriptions. We set the temperature parameter of the decoding
to 0.0 to ensure a deterministic behavior. The formula for that
log-probability is:

*Using large-v3, on whisper package version 20231117
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Figure 1: Diagram of Counting and LogprobASR feature sets
extraction from a single participant’s interview.
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Where s = (zo, ..., z7) is the sequence of decoded tokens.
log po (x;|x <) is the log-likelihood of the i—th decoded token,
conditioned on the previously decoded tokens (<;).

As “last 24h” was a spontaneous speech, there is a variable
amount of decoded segments per participant speaker. We call
P = (AvgLogprob(so), ..., AvgLogProb(sy)) the array of
all these average log-probabilities for a given participant. To
obtain a fixed-length array of features for each participant, we
pooled the values of P by computing their mean and standard
deviation. In short, for a participant P:

LogprobASR(P) = (mean(P), std(P)) )

4. Methods

4.1. Statistical analysis

The patient sample for analysis consisted of 82 participants
who met two criteria: (1) completion of both the “last 24h”
task and the “counting” task, and (2) availability of annotated
data from the “counting” task required for the Counting fea-
ture extraction. To investigate the relationship between the ex-
tracted audio features and clinical scores, we assessed the cor-
relation between the LogprobASR-mean feature and the clin-
ical outcomes (cCUHDRS, TMS, and TFC). We employed both
Pearson and Spearman correlation coefficients to capture dif-
ferent aspects of these relationships. Pearson’s correlation was
used to measure linear associations, assuming normally dis-
tributed data, while Spearman’s rank correlation provided a
non-parametric assessment, capturing potential monotonic but
non-linear relationships.

4.2. Feature Sets

We considered three distinct feature sets to predict clinical
scores: LogprobASR, Counting, and Demog. The Demog
feature set included three demographic variables: age, sex,
and number of CAG triplets (which is obtained when HD is
confirmed with the Htt mutation). In addition to evaluating
each feature set individually, we explored various combina-
tions of feature sets to assess whether their integration could
improve or degrade predictive performance. By comparing



Figure 2: Chart of MAE prediction results for cUHDRS, TMS and TFC. "+ indicates a combination of two feature sets. All predictions
are done using linear regression, except for feature sets containing Counting. * p < 0.05, ** p < 0.01, *** p < 0.001 after Bonferroni
correction and is measured versus MAE values from Demog. Bars around mean values indicate the 95% confidence interval.
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Figure 3: Chart for correlations between LogprobASR-mean
and clinical scores. The red line is a linear regression.

models trained on single feature sets versus combinations (e.g.,
LogprobASR+Demog, Counting+Demog, or all three com-
bined), we aimed to identify potential synergies or redundan-
cies between features. This approach allows us to determine
whether complementary information from different sources en-
hances prediction accuracy.

To establish a "Dummy Baseline” for model performance,
we also used a dummy model that predicts the mean of the target
variable, allowing us to compare the predictive value of each
feature set against a simple, non-informative benchmark.

4.3. Models

We employed different machine learning models based on the
nature of each feature set. For LogprobASR and Demog, we
used linear regression due to its simplicity and efficiency, partic-
ularly effective when dealing with low-dimensional data. In the
case of LogprobASR, which contains only two features, linear
regression minimizes the risk of overfitting without the need for
complex regularization techniques.

For the Counting feature set, we opted for ElasticNet re-
gression to remain consistent with the methodology of [10, 9].
ElasticNet, which combines L1 and L2 regularization, is better
suited for handling Counting’s larger set of features.

We used scikit-learn’s [32] implementations of both mod-
els for training and testing. To ensure robustness against po-
tential outliers and differences in feature scales, we applied the
RobustScaler class from scikit-learn to all individual fea-
tures.
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Figure 4: MAE of clinical score predictions using the Log-
PprobASR feature set across different Whisper model sizes, over
100 folds with 80/20 splits with Linear Regression. Error bars
represent standard deviations across folds.

4.4. Prediction Assessment

Model performance was evaluated using Mean Absolute Error
(MAE) and the coefficient of determination (R?) for each clini-
cal score. We conducted a 100-fold cross-validation procedure
with an 80/20 train/test split in each fold. We used a t-test to
compare the MAE of the Demog set to the six other feature
sets. P-values were corrected for multiple comparisons for the
six feature set and three clinical scores using bonferroni cor-
rection. For each combination of feature sets and models, we
report the mean and standard deviation of MAE and R? across
the 100 folds in Table 2.

4.5. Post-hoc analysis

In a post-hoc analysis, we aimed to evaluate the variations in
clinical score prediction performance across different Whisper
model sizes. To achieve this, we repeated our previous ma-
chine learning protocol using LogprobASR for each clinical
score and each model size. This allowed us to assess the im-
pact of model complexity on prediction accuracy and determine
whether larger models provided any advantage over smaller
ones. We report the MAE variations in Figure 4.

5. Results & Discussion

ASR log-probabilities (Figure 3) strongly correlated to cUH-
DRS (Pearson 0.65, Spearman 0.60), TMS (Pearson -0.61,
Spearman -0.61, and TFC (Pearson 0.59, Spearman 0.51).



Table 2: MAE and R2 of predictions over 100 folds. Values are the mean over 100 folds + standard deviation. Lowest MAE and highest
R2 are bolded. The Counting feature set baseline was the previous state-of-the-art.

cUHDRS TMS TFC

MAE| R2t MAE/ R2t MAE/ R2t
Features sets
Dummy Baseline 3.21 +£0.52 —0.10+0.13 14.21£2.03 —-0.09+0.14 1.76 £0.27 —0.13+0.23
Demog 2.70 +0.47 0.16 £ 0.21 11.18 +1.58 0.29+£0.18 1.63 +£0.29 —0.02+0.35
Counting[9] 2.25+£0.41 0.46 £0.14 9.12 £ 1.41 0.52 £0.15 1.61 +0.26 0.04 £0.20
Counting+Demog 2.25+0.41 0.46 +£0.14 9.01 +1.37 0.54 +0.14 1.61 +£0.26 0.04 +0.20
LogprobASR 243 +£0.41 0.35+0.19 11.19+1.61 0.28£+0.19 1.38 +0.24 0.24 £0.27
LogprobASR+Demog 2.09+0.36 0.49+0.20 9.02+1.34 0.53+£0.16 1.34 £0.27 0.25+0.32
Counting+LogprobASR 2.13 £0.40 0.51+0.13 8.94+1.36 0.54 +£0.14 1.50 +0.24 0.16 £0.19
Counting+LogprobASR+Demog ~ 2.13 4 0.40 0.51 +0.13 882+1.33 0.56+0.14 1.50 £ 0.24 0.16 £0.19

We replicated the MAE reported by [9] using the same
Counting feature set for each of the clinical scores, with all
the clinical predictions superior to Demog.

The LogprobASR feature set demonstrated comparable
cUHDRS and TFC predictions to the Counting feature set (Fig-
ure 2), proving the potential of Whisper log-probabilities in HD
assessment. This approach aligns with several studies that have
employed similar methods based on intelligibility for clinical
predictions [18, 19, 20, 22, 21]. Our methodology can be con-
ceptualized within the framework of human psycholinguistics
as a hierarchical predictive model, as proposed by [33]. In this
model, language comprehension is based on context encoded at
various levels of internal representation, ranging from phonol-
ogy to semantics. Whisper’s ability to indicate the likelihood
of tokens (not just acoustic phonemes or syllables) potentially
offers a wider range of internal representation levels, thus cap-
turing a broader syntax and lexico-semantic context [25]. These
log-probabilities could be particularly valuable in complex neu-
rological diseases like HD, where intelligibility is affected not
only by motor but also by cognitive or linguistic impairment.

In detail (Table 2), we observed a superior performance
of the combination of LogprobASR with simple Demog fea-
tures, particularly for cUHDRS and TFC prediction where Log-
probASR+Demog outperformed Counting+Demog and Log-
probASR+Counting. This synergy suggests a potential influ-
ence of participant characteristics such as sex, age, and CAG re-
peat length on LogprobASR performance, consistent with pre-
vious HD studies [34] showing associations between age, CAG
repeats, and disease severity. Moreover, age and sex may in-
fluence voice characteristics, and thus ASR predictions. Thus,
incorporating demographic information could enhance the pre-
dictive power of LogprobASR, possibly by adjusting for indi-
vidual variations in HD-related speech patterns. These findings
underscore the importance of including demographic features
in future automatic speech models for HD.

Interestingly, the Counting feature set provided better TMS
prediction than LogprobASR, with performance further en-
hanced by combining Counting and LogprobASR features.
This discrepancy likely stems from the more acoustic nature
of Counting, which may be more closely related to dysarthria
(mainly a speech motor disorder) and therefore more related to
the motor aspects assessed by TMS. Counting [9] should still
be used preferentially when the evaluation concerns motor as-
pects. In contrast, none of the combinations using Counting
features performed better than LogprobASR+Demog to pre-
dict cUHDRS and TFC. This suggests that cUHDRS, a com-
posite general score, and TFC, which assesses daily functional
autonomy, might encompass a broader range of linguistic or
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cognitive functions beyond motor skills. These findings in-
dicate that some general HD scores could be influenced by a
more complex interplay of neurological factors. In such cases
Counting from [9] should be avoided in favor of Whisper log-
probabilities calculated from a spontaneous speech task.

The log-probabilities are inherently dependent on both (1)
the size of Whisper model and (2) its built-in Voice Activity
Detection (VAD). Regarding (1), smaller model size could not
achieve comparable predictive performance across all the three
clinical scores (Figure 4). For (2), we replicated our analysis
using our human-annotated VAD boundaries, yielding to only
marginal predictive performance gains (which are not reported
in this paper). This suggested that the predictions are primar-
ily driven by the log-probabilities themselves, and not critically
biased by the choice of Whisper’s VAD boundaries.

6. Conclusion & Future Work

Our study introduced a novel approach to predicting clinical
scores in Huntington’s disease (HD) using Automatic Speech
Recognition (ASR) log-probabilities derived from the Whisper
model. This method, which estimates speech intelligibility, has
shown promising results in predicting key clinical measures in-
cluding cUHDRS, TMS, and TFC, particularly when combined
with demographic characteristics such as age, sex, and CAG
repeat count. The use of Whisper log-probabilities offers sev-
eral advantages for clinical assessment in HD as it provides (1)
an off-the-shelf solution for automatic analysis of spontaneous
speech, and (2) captures a broader range of features, including
syntax and lexico-semantic context, which may be particularly
relevant in complex neurodegenerative disorders like HD.

Whisper log-probabilities are an off-the-shelf solution and
our approach demonstrates promising results for automatic
spontaneous speech analyses; however, its applicability remains
limited to this specific ASR. In future work, we plan to evaluate
whether similar predictive performance can be achieved with
alternative ASR models. This will determine the generalizabil-
ity and robustness of logprob-derived features for clinical score
prediction in Huntington’s disease.
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