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Abstract

Background
Acromegaly has an insidious onset and prolonged diagnostic delay. Vocal changes are a recognized
clinical feature, the diagnostic value of deep learning architectures remains underexplored. We aimed to
assess Wav2Vec2.0-based voice analysis as a non-invasive digital biomarker for acromegaly.

Methods
This single-center case-control study included 70 patients with acromegaly and 68 age- and sex-matched
controls. Clinical status was defined by standard biochemical criteria, symptoms, comorbidities, and
residual tumor. Voice samples were recorded with a standard mobile phone and resampled to 16 kHz.
Wav2Vec2.0 was used to extract high-dimensional embedding vectors. These embeddings, were used to
train and validate four different machine learning classifiers using an 80%/20% train–test split with five-
fold cross-validation. Model calibration was assessed with the Brier score, and clinical utility with decision
curve analysis (DCA).

Results
Demographics were similar between acromegaly (mean age 45.5 years; 57.1% female) and control (mean
age 47.5 years; 61.8% female) groups. In five-fold cross-validation, Logistic Regression(LR) performed
best, with an AUC of 0.86 (95% CI: 0.79–0.93), sensitivity 0.73 (0.57–0.90), and specificity 0.79 (0.72–
0.87). On the test set, LR maintained high accuracy (AUC 0.84; specificity 0.92; sensitivity 0.71) and
showed good calibration (Brier score 0.1753). DCA confirmed that LR provided the highest benefit across
a clinically relevant range of threshold probabilities (~ 15–85%).

Conclusion
Voice analysis Wav2Vec2.0-based model demonstrates good diagnostic accuracy for acromegaly. These
preliminary findings suggest that voice may serve as a promising non-invasive digital biomarker, pending
validation in larger and more diverse cohorts.

Introduction
Acromegaly is a rare endocrine disorder typically characterized by the hypersecretion of GH and IGF-1,
most commonly due to a pituitary adenoma. Due to the insidious onset and slow progression of clinical
symptoms, achieving a timely diagnosis remains a significant challenge [1, 2]. Research indicates that the
diagnostic delay in acromegaly can span from 2 to 25 years [3]. For instance, the ACRO-POLIS study,
involving 472 patients, reported a substantial mean interval of 14.2 (± 11.3) years between the initial onset
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of symptoms and diagnosis [4]. Such prolonged diagnostic delays are critically associated with increased
mortality rates and a significant decline in patient quality of life [5]. Consequently, extensive research has
focused on developing advanced diagnostic tools to facilitate both the early detection of acromegaly and
the timely identification of disease recurrence [6].

Acromegaly is a rare multisystemic disorder that necessitates lifelong clinical management due to its
association with extensive comorbidities. These complications encompass a broad spectrum of
cardiovascular, metabolic, and skeletal manifestations, as well as orofacial changes and soft tissue
abnormalities [7]. Specifically, growth hormone (GH) promotes the proliferation of osteoblastic lineage
cells and modulates the differentiation of mesenchymal progenitor cells, thereby stimulating both
osteoblastogenesis and chondrogenesis [8]. When these processes involve the craniofacial skeleton, they
result in the characteristic facial appearance pathognomonic of acromegaly.

Voice alterations in acromegaly result from complex orofacial and laryngeal structural modifications
secondary to prolonged exposure to elevated GH levels. Cortical bone thickening involving the cranium
significantly alters the resonance properties of the vocal tract [9]. Furthermore, hypertrophy of the
paranasal sinuses -particularly the frontal sinuses- combined with laryngeal tissue expansion, typically
leads to a deeper, more resonant vocal quality [10]. Characteristically, patients exhibit a lower vocal pitch
and increased hoarseness, which are attributed to the thickening and increased laxity of the vocal folds
[11]. While soft tissue hypertrophy may be partially reversible following the normalization of GH levels [12–
14], the relationship between hormonal activity and certain comorbidities remains complex.

Previous studies utilizing digital acoustic voice analysis in patients with acromegaly have identified
significant abnormalities in vocal components. These alterations are often clinically perceived as
dysphonia and may manifest as persistent hoarseness, breathiness, or a characteristic deepening of the
vocal pitch [15–17].

Digital voice data, when analyzed through a combination of artificial intelligence (AI) and machine learning
(ML), holds significant potential as a biomarker for monitoring disease progression across various patient
cohorts [18]. Despite the promising results of deep learning methodologies, several challenges persist,
including the scarcity of large-scale, high-quality datasets and the subjective, time-consuming nature of
feature engineering based on domain expertise [19]. To date, research in this field has primarily focused on
Alzheimer’s disease, Parkinson’s disease, and depression [19–22].

While numerous studies have applied machine learning to facilitate the diagnosis of acromegaly through
facial photography [23–26], research integrating digital voice analysis with ML remains extremely limited.
To date, only a single study, by Vouzouneraki et al., has explored this intersection, using a classical
machine learning approach [27].

Voice alterations are a clinically significant and frequent manifestation of acromegaly that substantially
impair patient quality of life. We therefore hypothesized that acromegaly-specific vocal signatures could
serve as a reliable, non-invasive digital biomarker. Capturing such signatures, however, requires methods
capable of extracting fine-grained acoustic detail.
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Recent advances in speech analysis offer such methods. Self-supervised architectures such as Wav2Vec
2.0 (Wave-to-Vector), Whisper, WavLM (Waveform Large-scale Model), and HuBERT (Hidden-unit BERT) are
pre-trained on vast quantities of unlabeled audio data [28, 29]. Among these, Wav2Vec 2.0 focuses on
extracting acoustic properties -such as raw waveforms and spectral features- rather than parsing linguistic
or semantic content, and its reduced reliance on large labeled datasets makes it well suited for acoustic
feature extraction within multimodal frameworks [22].

Building on these capabilities, the present study applied transfer learning -a technique that leverages
knowledge from a pre-trained model to improve learning in a target domain [30]- to identify disease-
specific acoustic characteristics using the Wav2Vec 2.0 architecture. To our knowledge, this is the first
application of this approach in acromegaly. We aimed to evaluate its diagnostic utility and to establish
voice analysis as a non-invasive screening tool for clinical practice.

Materials and Methods

Study Population and Ethical Approval
This study included a total of 138 participants, comprising 70 patients diagnosed with acromegaly who
presented to the endocrinology clinic between January 2024 and June 2025 and 68 age- and sex-matched
control subjects with non-functioning pituitary adenomas. The acromegaly cohort included patients in
both biochemically active and remission states. All participants underwent comprehensive laryngoscopic
examination by an ear, nose, and throat specialist for the assessment of vocal fold thickness. In addition,
the SAGIT score, which incorporates signs and symptoms, associated comorbidities, GH levels, IGF-1
levels, and tumor characteristics, was calculated for each patient in the acromegaly cohort to evaluate
disease activity and severity. The study protocol was reviewed and approved by the Local Institutional
Ethics Committee (Approval No: 711, Date: December 27, 2023) and was conducted in accordance with
the ethical principles of the Declaration of Helsinki. Before enrollment, written informed consent was
obtained from all participants after a detailed explanation of the study objectives and procedures.

Audio Data Collection and Preprocessing
Voice data collection was conducted in a controlled, quiet examination room. Each participant was
instructed to repeat the Turkish words ‘zaman’ and ‘simit’ three times [31]. To ensure consistency, a fixed
mobile phone microphone position at a standard distance of 15 cm was utilized. Each participant provided
exactly one continuous audio recording containing the concatenated repetitions, resulting in a total of 138
unique audio clips (70 acromegaly, 68 control) and a strict 1:1 participant-to-clip ratio. Audio
preprocessing was implemented in Python using the librosa library (version 0.10.1) [32]. The recordings
were loaded at their native 16 kHz sampling rate in mono channel format. To normalize length and limit
computational load, the audio waveforms were truncated to a maximum duration of 15 seconds. No
silence trimming or manual amplitude normalization was applied to the raw waveforms before feature
extraction.
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Classical Acoustic Feature Extraction
Acoustic features were extracted from preprocessed voice recordings using the praat-parselmouth library
(version 0.4.7) [33], a Python interface for Praat [34]. Eleven acoustic parameters were analyzed: F0
descriptors, local jitter, local shimmer, Harmonics-to-Noise Ratio (HNR), and the first three formant
frequencies (F1–F3). F0 was estimated by autocorrelation-based pitch detection, HNR by cross-
correlation-based harmonicity analysis, and formants by the Burg linear predictive coding algorithm.
Variables that could not be reliably estimated were treated as missing and excluded from the
corresponding analyses without imputation.

Deep Feature Extraction via Wav2Vec 2.0
In addition to conventional acoustic parameters, deep speech features were extracted using the Wav2Vec
2.0 architecture [35]. The multilingual facebook/wav2vec2-large-xlsr-53 model (36) was used as a fixed
feature extractor without further training. Feature extraction was performed locally using PyTorch (version
2.10.0) [37] and the Hugging Face Transformers library (version 4.44.2) [38]. Each 15-second mono voice
recording was processed by the model, and the resulting time-dependent hidden representations were
averaged over time to obtain a single 1024-dimensional deep acoustic feature vector for each participant.

Machine Learning Classification Pipeline
The development and reporting of the diagnostic prediction models adhered to the Transparent Reporting
of a multivariable prediction model for Individual Prognosis Or Diagnosis + Artificial Intelligence (TRIPOD + 
AI) statement [39]. A machine learning classification framework was developed using scikit-learn (version
1.7.2) [40] to assess the diagnostic utility of the deep embeddings. Four algorithms were evaluated:
Logistic Regression (LR) [41], Support Vector Machine (SVM) with a radial basis function kernel (42),
Random Forest (RF) [43], and Extreme Gradient Boosting (XGBoost; version 2.1.4) [44]. The dataset of 138
participants was split into a stratified training set (80%, N = 110; 56 acromegaly, 54 controls) and an
internal hold-out test set (20%, N = 28; 14 acromegaly, 14 controls). Feature scaling with StandardScaler
was incorporated into a scikit-learn Pipeline to prevent data leakage. Hyperparameter optimization was
conducted on the training set using randomized search combined with stratified 5-fold cross-validation.
The final model was evaluated on the internal hold-out test set, and probability calibration of the best-
performing model, Logistic Regression, was assessed using the Brier score [45].

Statistical Analysis
Continuous demographic and acoustic parameters were summarized as median values with interquartile
ranges (Q1–Q3) as their distribution deviated from normality. Group comparisons between the acromegaly
and control cohorts were conducted using the non-parametric Mann–Whitney U test. Classification
performance was evaluated using Accuracy, AUC, Sensitivity (Recall), Specificity, Precision, F1-score,
Cohen’s Kappa, and Matthews Correlation Coefficient. All statistical analyses were performed using
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Python software (version 3.10.12) utilizing Pandas (version 2.3.3) for data management and SciPy
(version 1.15.3) for statistical testing. All statistical tests were two-sided, with statistical significance
defined as p < 0.05.

Results

Patient Characteristics
The final cohort included 138 participants: 70 patients with acromegaly and 68 controls with non-
functioning pituitary adenomas. The acromegaly group comprised patients with either biochemically
controlled or biochemically active disease. Median age was 45.5 years in the acromegaly group and 47.5
years in the control group. Females accounted for 40 patients (57.1%) in the acromegaly group and 42
(61.8%) in the control group, while males accounted for 30 (42.9%) and 26 (38.2%), respectively. Age and
sex distribution did not differ significantly between groups (p = 0.44 and p = 0.58, respectively). Vocal cord
thickness did not differ between the control and acromegaly groups (5.0 mm [Q1–Q3: 4.4–5.0] vs 5.0 mm
[Q1–Q3: 5.0–5.0], respectively; p = 0.14) (Table 1).

Table 1
Comparison of demographic and laryngeal parameters between the acromegaly

and control groups.
Characteristic Control (n = 68) Acromegaly (n = 70) p

Age (years) 47.5 (40.4–58.0) 45.5 (39.8–53.1) 0.44

Females, n (%) 42 (61.8%) 40 (57.1%) 0.58

Vocal cord thickness (mm) 5.0 (4.4–5.0) 5.0 (5.0–5.0) 0.14

Values are expressed as median (Q1–Q3) unless otherwise stated.

Within the acromegaly cohort, patients represented both newly diagnosed cases and individuals under
long-term follow-up. Disease duration ranged from 1 month to 37 years, with a median of 62 months. 42
patients (60%) were classified as biochemically controlled, whereas 28 (40%) had biochemically active
disease. Sex distribution was comparable between disease-status subgroups; females represented 59.5%
of the biochemically controlled group and 53.6% of the active disease group (p = 0.62).

Biochemical and clinical parameters differed according to disease status. Median IGF-1 was 1.0 × upper
limit of normal (ULN) (Q1–Q3: 1.0–1.0) in the biochemically controlled group and 1.8 × ULN (Q1–Q3: 1.4–
2.8) in the active disease group (p < 0.01). The prevalence of hypertension was similar between groups (p 
= 0.81). Surgical history differed significantly, with 40 patients (95.2%) in the biochemically controlled
group and 20 (71.4%) in the active disease group having undergone surgery (p = 0.01). Median tumour size
was greater in the active disease group (11.5 mm [Q1–Q3: 6.3–20.7]) than in the biochemically controlled
group (0.0 mm [Q1–Q3: 0.0–0.0]; p < 0.01). SAGIT scores were also higher among patients with active
disease (median 8.0; Q1–Q3: 6.4–11.6) than among those with biochemically controlled disease (median
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4.0; Q1–Q3: 2.9–4.0; p < 0.01). Radiotherapy exposure did not differ significantly between groups (p = 0.33)
(Table 2).

Table 2
Comparison of demographic, biochemical and laryngeal parameters according to biochemical disease

status in acromegaly patients.
Characteristic Biochemically controlled (n = 

42)
Biochemically active (n = 
28)

p

Females, n (%) 25 (59.5%) 15 (53.6%) 0.62

Males, n (%) 17 (40.5%) 13 (46.4%) 0.62

Vocal cord thickness
(mm)

5.0 (5.0–5.0) 5.0 (4.4–5.0) 0.94

IGF-1 (× ULN) 1.0 (1.0–1.0) 1.8 (1.4–2.8) < 0.01

Hypertension, n (%) 12 (28.6%) 7 (25.9%) 0.81

Surgery, n (%) 40 (95.2%) 20 (71.4%) 0.01

Radiotherapy, n (%) 3 (7.1%) 4 (14.3%) 0.33

Tumour size (mm) 0.0 (0.0–0.0) 11.5 (6.3–20.7) < 0.01

SAGIT score 4.0 (2.9–4.0) 8.0 (6.4–11.6) < 0.01

IGF-1: insulin-like growth factor 1; ULN: upper limit of normal. Values are expressed as median (Q1–Q3) or
n (%). Hypertension percentages are based on the patients with available comorbidity data.

Acoustic parameters
Baseline acoustic analysis demonstrated lower central F_0 measures in the acromegaly group compared
with controls; however, the differences in F_0 mean and F_0 median did not reach statistical significance
(p = 0.079 and p = 0.097, respectively). F_0 minimum was comparable between groups (p = 0.398),
whereas F_0 maximum was significantly higher in the control group than in the acromegaly group (p = 
0.032).

Among vocal perturbation parameters, median jitter and shimmer were numerically lower in the
acromegaly group, although neither difference reached statistical significance (p = 0.162 and p = 0.073,
respectively). HNR differed significantly between groups, with a higher median value in the acromegaly
group than in controls (p = 0.007).

Taken together, conventional acoustic parameters showed a pattern characterized by lower F_0-related
measures and higher HNR in the acromegaly group, although only F_0 maximum and HNR reached
statistical significance (Table 3).
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Table 3
Median (Q1–Q3) values of baseline voice parameters in acromegaly and control groups

Acoustic parameter Acromegaly (n = 70) Control (n = 68) p

F_0 mean (Hz) 160.64 (120.95–189.66) 173.39 (128.04–197.76) 0.079

F_0 median (Hz) 166.21 (115.37–189.87) 173.53 (128.13–199.54) 0.097

F_0 minimum (Hz) 105.98 (86.01–158.87) 98.55 (83.56–140.82) 0.398

F_0 maximum (Hz) 207.87 (141.61–236.16) 225.10 (159.88–266.02) 0.032 *

Jitter (local) 0.010 (0.008–0.015) 0.012 (0.009–0.016) 0.162

Shimmer (local) 0.058 (0.047–0.085) 0.072 (0.055–0.085) 0.073

HNR (dB) 14.71 (12.90–16.72) 13.72 (12.08–14.73) 0.007 *

F_0: fundamental frequency; HNR: harmonics-to-noise ratio. Values are median (Q1–Q3). Group
comparisons by Mann–Whitney U test. * p < 0.05.

Machine Learning-Based Voice Analysis
To assess whether voice recordings could discriminate patients with acromegaly from controls, recordings
from all participants were converted into high-dimensional Wav2Vec 2.0 embedding vectors and used as
input features for four classifiers: Logistic Regression (LR), Support Vector Machine (SVM), Extreme
Gradient Boosting (XGBoost) and Random Forest (RF). Model development was performed using five-fold
cross-validation within the training cohort, followed by independent evaluation in the hold-out test cohort.

5-Fold Cross-Validation Results

During five-fold cross-validation, LR demonstrated the most consistent overall performance. It achieved
the highest mean AUC (0.86; 95% CI: 0.79–0.93), accuracy (0.76; 95% CI: 0.68–0.85), sensitivity (0.73; 95%
CI: 0.57–0.90), specificity (0.79; 95% CI: 0.72–0.87), precision (0.79; 95% CI: 0.73–0.85), F1 score (0.75;
95% CI: 0.66–0.85), Cohen’s kappa (0.53; 95% CI: 0.36–0.70), and MCC (0.54; 95% CI: 0.37–0.71) among
the evaluated models.

SVM showed the second-highest discrimination, with an AUC of 0.80 (95% CI: 0.70–0.89) and an MCC of
0.43 (95% CI: 0.27–0.59). XGBoost yielded an AUC of 0.77 (95% CI: 0.66–0.89), sensitivity of 0.67 (95% CI:
0.47–0.86), and MCC of 0.37 (95% CI: 0.19–0.56). RF showed the lowest cross-validation performance,
with an AUC of 0.71 (95% CI: 0.55–0.88) and an MCC of 0.32 (95% CI: 0.10–0.55) (Table 4).
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Table 4
Five-fold cross-validation performance of the machine learning models in the training cohort (n = 110).
Model Accuracy AUC Sensitivity Specificity Precision F1 Kappa MCC

LR 0.76
(0.68–
0.85)

0.86
(0.79–
0.93)

0.73
(0.57–
0.90)

0.79
(0.72–
0.87)

0.79
(0.73–
0.85)

0.75
(0.66–
0.85)

0.53
(0.36–
0.70)

0.54
(0.37–
0.71)

SVM 0.71
(0.63–
0.79)

0.80
(0.70–
0.89)

0.72
(0.58–
0.85)

0.70
(0.55–
0.86)

0.73
(0.63–
0.83)

0.71
(0.63–
0.79)

0.42
(0.26–
0.58)

0.43
(0.27–
0.59)

XGBoost 0.67
(0.59–
0.76)

0.77
(0.66–
0.89)

0.67
(0.47–
0.86)

0.69
(0.53–
0.84)

0.70
(0.61–
0.80)

0.66
(0.56–
0.76)

0.35
(0.18–
0.52)

0.37
(0.19–
0.56)

RF 0.65
(0.55–
0.76)

0.71
(0.55–
0.88)

0.65
(0.45–
0.85)

0.67
(0.61–
0.72)

0.66
(0.59–
0.73)

0.64
(0.52–
0.77)

0.31
(0.10–
0.52)

0.32
(0.10–
0.55)

LR: logistic regression; SVM: support vector machine; XGBoost: extreme gradient boosting; RF: random
forest; AUC: area under the ROC curve; F1: F1 score; Kappa: Cohen’s kappa; MCC: Matthews correlation
coefficient. Results are reported as mean values with 95% confidence intervals.

Test Set Results
In the independent test cohort, LR achieved the highest AUC (0.847), specificity (0.929), and precision
(positive predictive value, 0.909). Its accuracy, sensitivity, F1 score, Cohen’s kappa, and MCC were 0.821,
0.714, 0.800, 0.643, and 0.658, respectively. XGBoost achieved the highest accuracy (0.857), sensitivity
(0.857), F1 score (0.857), Cohen’s kappa (0.714), and MCC (0.714), with an AUC of 0.811 and specificity of
0.857. SVM showed intermediate performance (AUC 0.827; accuracy 0.786), whereas RF had the lowest
test-set performance (AUC 0.724; MCC 0.144) (Table 5).

Table 5
Performance of the machine learning models in the independent test cohort (n = 28).

Model Accuracy AUC Sensitivity Specificity Precision F1 Kappa MCC

LR 0.821 0.847 0.714 0.929 0.909 0.800 0.643 0.658

SVM 0.786 0.827 0.714 0.857 0.833 0.769 0.571 0.577

XGBoost 0.857 0.811 0.857 0.857 0.857 0.857 0.714 0.714

RF 0.571 0.724 0.500 0.643 0.583 0.538 0.143 0.144

LR: logistic regression; SVM: support vector machine; XGBoost: extreme gradient boosting; RF: random
forest; AUC: area under the ROC curve; F1: F1 score; Kappa: Cohen’s kappa; MCC: Matthews correlation
coefficient. Values are point estimates on the hold-out test set.

Across cross-validation and hold-out testing, LR provided the most stable discriminatory performance,
with an AUC of 0.86 in cross-validation and 0.84 in the test cohort, together with high specificity and
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positive predictive value in the independent test set. On this basis, LR was selected as the primary
classifier for subsequent calibration and decision-curve analyses.

Probability Calibration of the Logistic Regression Classifier
Probability calibration was subsequently evaluated for the LR classifier in the test cohort. The model
yielded a Brier score of 0.1753, indicating adequate calibration of predicted probabilities.

Decision Curve Analysis (DCA)
DCA was performed to quantify the clinical net benefit of each classifier across threshold probabilities
from 1% to 99%. The LR model showed the highest net benefit relative to SVM, XGBoost, RF, and the
default treat-all and treat-none strategies. A positive net benefit for LR was observed across a broad range
of threshold probabilities, approximately 15% to 85%.

Discussion
The primary finding of this study is that LR model consistently superiorly outperformed the other three
machine learning models evaluated. In the LR model high diagnostic accuracy maintained across both
training and independent testing phases (AUC 0.86 vs. 0.84) confirms the model's robustness and the
absence of overfitting. Crucially, this performance was validated on data entirely external to the training
phase, which the model had not previously encountered. The consistency between the cross-validation
results and the test set performance confirms the absence of overfitting, ensuring that the model
effectively to unseen patient data.

A key technical contribution of our work is the application of transfer learning through the Wav2Vec2.0
architecture. By leveraging pre-trained representations and fine-tuning them on our specific dataset, we
successfully developed a high-performing classification model despite the inherent constraints of a
relatively small sample size. This approach allowed the model to utilize features learned from vast
amounts of diverse speech data and repurpose them for the specialized task of identifying acromegalic
vocal changes. Consequently, our findings suggest that deep learning-based embeddings, even with
limited clinical data, can provide a diagnostic biomarker.

While Wav2Vec 2.0 is a complex deep learning architecture, we used it solely as a feature extractor to
generate fixed-length embedding vectors, not as an end-to-end classifier. The final diagnostic decision was
made by LR, which -unlike deep neural networks that are often criticized as "black boxes" with opaque
internal decision processes- is a transparent, white-box model. LR assigns an explicit coefficient to each
input feature, expressed as an odds ratio, allowing the contribution of every variable to the model's output
to be quantified directly. For the hand-crafted acoustic features (e.g., jitter, shimmer, F_0, HNR), these
coefficients carry direct physiological meaning and thus provide clinically interpretable insight. For the
Wav2Vec 2.0 embeddings, the coefficients quantify the contribution of individual latent dimensions, which
do not have a direct clinical correlate. We therefore interpret feature contributions on the log-odds scale
and rely primarily on the acoustic-feature coefficients for clinical interpretation [46].
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Our findings demonstrate a diagnostic performance that is comparable to previous machine learning
applications in acromegaly. In a notable study by Vouzouneraki et al., the authors utilized an ensemble of
Support Vector Machines (SVM), Random Forest (RF), and k-Nearest Neighbors (KNN) models, trained on
3,274 acoustic features from a larger cohort of 290 participants (n = 151 acromegaly, n = 139 control).
Their model ensemble yielded a sensitivity of 0.71, a specificity of 0.77, and an AUC of 0.84 [27]. In
comparison, our study achieved a similar AUC (0.84) and sensitivity (0.71), while demonstrating a notably
higher specificity (0.92), despite having a smaller sample size (n = 70 acromegaly, n = 68 control). This
efficiency is largely attributed to our methodology: while traditional acoustic parameters were used for
group comparisons, the machine learning component utilized the Wav2Vec2.0 model for feature
extraction. This approach facilitated the generation of 1024-dimensional embedding vectors, providing a
more comprehensive representation of vocal characteristics than traditional features.

Early researches have established the premise that digital voice analysis, integrated with machine learning,
can serve as a diagnostic tool for cardiovascular, neurological, respiratory, and mental diseases [47]. A
review of existing literature on machine learning-based speech analysis indicates that the Wav2Vec2.0
technique is frequently employed for vocal assessment [22, 48, 49]. This architecture enables machine
learning models to learn robust speech representations from unlabeled data by predicting masked or
missing segments of the input sequence [48]. By utilizing multiple encoding layers, Wav2Vec2.0 extracts
meaningful features from raw audio signals, facilitating more efficient data processing for downstream
clinical classification tasks [22].

An examination of literature utilizing the Wav2Vec2.0 framework alongside machine learning reveals
varying performance outcomes across different deep learning models. For instance, in a study by Dudek et
al. regarding Parkinson's disease, the most favorable measurement values were achieved using the
XGBoost model [28]. Similarly, research by Kiyoshige et al. demonstrated high predictive performance
(AUC: 0.89) when using XGBoost and Deep Neural Network (DNN) models to identify cognitive impairment
through vocal biomarkers [50]. In our study, the highest average AUC value was obtained with the LR
model, reaching 0.86 (95% CI: 0.79–0.93).

Traditional acoustic analysis was also carried out within our cohort. When comparing these findings to the
existing literature, certain parallels and distinctions emerge. Specifically, while Bogazzi et al. reported a
significant decrease in the fundamental frequency (F_0) among acromegaly patients, the maximum F_0 in
our study was significantly higher in the control group compared to the acromegaly group (p = 0.032). Our
findings regarding the HNR were consistent with previous research. The median HNR was significantly
higher in the acromegaly group in our study (p = 0.007). These changes in the harmonic structure likely
reflect the structural modifications in supraglottic resonance space characteristic of the disease [17].

In patients with acromegaly, chronic hormonal elevations lead to characteristic dental and craniofacial
structural alterations [51]. The most prominent changes typically manifest in the facial bones, specifically
through the bossing of the frontal bone and a measurable increase in the anterior vertical facial height [9,
52]. Previous evaluations have identified the mandible as the site of the most significant abnormality,
where the ascending ramus exhibits a more pronounced growth pattern compared to the mandibular body
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[53]. Although chronic GH and IGF-1 excesses are typically associated with soft tissue hypertrophy, our
study did not find a statistically significant difference in vocal fold thickness between the groups. Our
findings suggest that the changes in voice parameters -such as the significant increase in HNR- might be
driven more by changes in the resonance chambers (sinuses, oral cavity, and pharyngeal space) rather
than the physical thickness of the vocal folds themselves.

Digital biomarkers are experiencing rapid advancement within the field of digital medicine by using
smartphones or wearable digital systems [54–58]. Speech, in particular, provides a wealth of information
regarding cognitive function and is frequently affected by various psychiatric and neurodegenerative
conditions [54, 59]. While previous research in acromegaly has explored the development of diagnostic
algorithms using facial photographs, only one prior study has utilized voice analysis for this purpose.
Although digital biomarkers may not immediately shift the overall medical paradigm, these novel methods
of measuring health status offer observations and perspectives into disease states that were previously
unavailable [60].

A key methodological strength of our work is its pioneering approach to acromegaly screening. To our
knowledge, this is the second study to investigate digital voice parameters as a potential biomarker for the
machine learning-based diagnosis of acromegaly, and the first to apply the Wav2Vec 2.0 architecture to
voice analysis in this patient population.

Our study has limitations that should be acknowledged. First, specific clinical information regarding the
participants' active smoking status and recent asthma treatments was not available, which are factors
that may influence vocal quality. Second, the study cohort included acromegaly patients at various clinical
stages -ranging from recent diagnosis to biochemical remission- a factor that potentially affects the
degree of vocal alteration. And also due to the relatively small sample size within each clinical subgroup,
we were unable to conduct a comparative analysis of voice parameters between patients in biochemical
remission and those with active disease. A further limitation is that while Wav2vec2.0 provides high-
dimensional feature extraction, its 'black-box' nature lacks the transparent clinical interpretability and
physiological counterparts found in traditional acoustic measurements. Consequently, the potential
influence of current hormonal activity on specific acoustic features remains to be elucidated in larger,
stratified cohorts. Furthermore, as acromegaly is a rare disease, the sample size was relatively small,
which inherently limits the amount of data available for training machine learning models for diagnostic
purposes. By utilizing the Wav2vec 2.0 model and leveraging the power of transfer learning, we were able
to develop a machine learning model that achieved a high AUC rate despite the smaller patient cohort.

Conclusion
Machine learning-based analysis of mobile phone recorded voice samples may offer a promising, non-
invasive approach for the detection of acromegaly. Using Wav2Vec 2.0-derived speech embeddings, LR
showed the most consistent diagnostic performance, with favorable discrimination in both cross-
validation and independent test analyses, along with high specificity and positive predictive value. These
preliminary findings support the potential utility of voice-derived digital biomarkers as a complementary
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screening tool for acromegaly. Further validation in larger, clinically diverse, and multilingual cohorts is
required to confirm the robustness, generalizability, and clinical applicability of this approach.
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