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Abstract—Voice dysfunction is a common complication fol-
lowing thyroid surgery. However, the application of explainable
machine learning for predicting postoperative voice recovery
remains largely unexplored. Therefore, an investigation was done
to examine voice recovery based on acoustic, objective, and glottal
features. Voice recordings were collected from female patients
before surgery and one month after surgery. Acoustic and glottal
parameters, including Quasi Open Quotient, Speed Quotient, age,
and others, were automatically extracted from the recordings.
Random Forest, Support Vector Machines, and Logistic Regres-
sion with Sequential Feature Selection were applied to examine
model behavior and identify feature importance. Model stabil-
ity and interpretability were evaluated across cross-validation
folds. Performance metrics varied over folds, highlighting the
exploratory and statistically fragile nature of predictions in small
datasets. SHAP (SHapley Additive exPlanations) analysis revealed
variability in feature contributions, emphasizing the need for cau-
tious interpretation and detailed methodological reporting. Our
findings provide preliminary guidance for applying explainable
machine learning to small biomedical datasets. They demonstrate
the importance of careful methodological design.

Keywords—XAI; explainable AI; SHAP; glottal features; SVM;
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I. INTRODUCTION

Thyroidectomy is a surgical intervention performed to
remove a portion or the entire thyroid gland. It can be
performed to treat malignant or benign thyroid diseases [1].
This surgery is mostly followed by a change in voice quality,
reported in approximately 30% to 80% of patients [2], [3].
This change is described as a disorder characterized by an
impaired pitch, volume, vocal effort, or voice quality, which
alters communication or voice-related quality of life [4].

To detect pathological voices, both subjective and objective
assessment methods are commonly used [5], [6]. The subjec-
tive voice assessment method includes an auditory perceptual
assessment and visual examination of the vocal cords in the
hospital [5], [7]. However, the diagnosis based on this type
of evaluation is difficult because it relies on the experience
of doctors, and there is also a high possibility of clinical
errors [8]. In contrast, the objective assessment is based on
non-invasive computer analysis of acoustic signals to identify
pathological voice, which may not even be audible to a human
being [5].

Despite these advances, speech pathology remains an un-
derexplored area, and the field has not yet received significant
attention from researchers. This creates a significant need

for further research and improved diagnostic tools for voice-
related disorders [9]. Thyroid cancer is one of these diseases. It
is the second most common cancer for both men and women
in the 15 to 34 age group and the most common cancer in
women [2], [10].

Regrettably, most existing works have focused on voice
analysis or classification tasks. In particular, research has
aimed to identify acoustic parameters associated with voice
changes post-surgery and to develop computer-based diagnos-
tic systems using a combination of these features. These clas-
sification techniques have been widely used to build automated
detection systems. However, they are not commonly applied to
predict voice quality or recovery following thyroidectomy.

In this pilot research, we propose a ML-based system that
uses voice recordings from two stages: pre-operative and one
month postoperative. Objective, acoustic and glottal features
are used to train multiple classifiers. We also apply Sequential
feature selection (SFS) for feature selection to improve pre-
diction performance. Finally, we integrate SHapley Additive
exPlanations (SHAP) to interpret the decision-making process
of the best-performing model. The aim was to address a binary
classification problem to differentiate between recovery and
non-recovery voice. The main contributions of this research
are as follows:

e We implement a leakage-safe, group-stratified ma-
chine learning pipeline suitable for extremely small
biomedical voice datasets.

e We demonstrate the use of group-stratified nested
cross-validation combined with sequential feature se-
lection to reduce evaluation bias in longitudinal voice
data.

e  We provide an empirical analysis of model instability
and performance variance under small-sample regimes
using bootstrapped confidence intervals and learning
curves.

e  We investigate the limitations and reliability of SHAP-
based explainability when applied to small-scale tab-
ular datasets.

II. RELATED WORK

Recently, scientists focused on building several systems
for detecting pathological voices using machine learning al-
gorithms. These approaches can be classified into two primary
techniques: traditional pipeline methods and end-to-end tech-
niques [11]. End-to-end approaches utilize the original raw
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voice or transformed speech, such as the spectrogram in its
2D form as input for the classification model, and employ
deep learning techniques to generate target labels [12].

On the other hand, the traditional pipeline approaches
involve two stages: firstly, the extraction of relevant parameters
from a speech signal, and secondly, using these extracted
features to train the model and classify the labeled output
according to the intended purpose (normal/pathology voice,
type of pathology, etc.) [12]. Most studies have used a set of
objective and subjective parameters to realize these automatic
systems. These measurements contain jitter, glottal parameters
[12], etc.

To address this, some researchers have proposed new
detection frameworks using ML or deep learning algorithms to
forecast voice recovery after thyroid surgery. For example, Lee
et al. [13] published a study to predict patient voice recovery
after three months of postoperative spectrograms with a deep
neural network algorithm. They initially proposed an approach
that employed pre-operative and first postoperative patients’
voice recordings and GRBAS scores to predict the patient’s
voice GRBAS scores after three months post-surgery. The
utilization of GRBAS scores primarily aimed to characterize
vocal quality by evaluating the degree of voice impairment
during each session. In their study, 114 patients were followed.
All patients who have undergone surgery for thyroid cancer.
The participants were taken before surgery, two weeks, and
three months after the operation. The proposed method has
shown that long-term voice disorders can be predicted using
pre- and postoperative spectrograms [13].

Another study by Kurt e al. [14], focused on developing
a detection system using ML techniques to determine patients
at risk of developing vocal cord palsy before thyroidectomy
[14]. They included a sample of 1039 patients who underwent
thyroidectomy in their research. The authors used a set of
variables based on clinician reports, which can divided into
two categories: continuous variables such as age, tumor size,
white blood cell count, etc., and categorical variables including
sex of patient, type of resection, presence of comorbidity,
and so on. They achieved an accuracy of 100%. However,
although Lee et al. [13] used spectrograms and GRBAS scores
(Grade, Roughness, Breathiness, Asthenia, Strain) in their deep
learning approach, this method has not yet been evaluated with
traditional machine learning techniques or direct acoustic and
glottal parameters. Most existing studies focus on evaluating
voice quality before and after surgery using statistical tests
[15], [16], [17].

In terms of classification, the majority aim to develop
systems that distinguish between pathological and normal
voices. To our knowledge, no study has yet explored ML-based
prediction of post-thyroidectomy voice recovery using glottal,
objective, and acoustic features with SHAP explainability.

III. MATERIALS AND METHODS

In this section, we outline the methodology and materi-
als used in the present study. Fig. 1 presents the proposed
framework for predicting voice recovery after thyroidectomy.
The system comprises different steps, including data collec-
tion (longitudinal audio recordings), pre-processing, feature
extraction, classification, and interpretability analysis using the
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SHAP method. Classification was performed using the SFS
algorithm.

A. Data Collection

Twenty-five females (aged 17-66 years, SD = 14.44) were
included in this study. They underwent either partial or total
thyroidectomy for malignant or benign thyroid cancer. Among
them, 12 underwent partial thyroidectomy, and 13 underwent
total thyroidectomy. All participants underwent thyroidectomy
for benign thyroid, except for five who underwent surgery
for malignant thyroid. The subjects did not have any vocal
cord damage or history of alcohol before thyroid surgery.
Moreover, no treatments were administered to the patients
between the first day and one month after surgery, except
for those who experienced vocal fold paralysis on the first
day. Voice therapy is recommended in cases of vocal cord
paralysis. Thyroidectomy was performed by various surgeons
using a conventional cervical method, without the assistance of
intraoperative neuromonitoring (IONM) for the identification
of either the external branch of the superior laryngeal nerve
(EBSLN) or the recurrent laryngeal nerve (RLN). Each patient
underwent a laryngeal endoscopic examination conducted by
a senior physician or a trained resident during quiet phona-
tion and breathing. Voice recordings were acquired using a
microphone integrated into the endoscopy column, positioned
approximately 20 cm from the patient’s lips. Patients sustained
the French vowel /i/ at pre-surgery, and 30 days post-surgery.

B. Data Pre-processing

The duration of audio recordings varied among participants
because they were instructed to pronounce the vowel for as
long as possible at a comfortable volume and pitch. To ensure
consistency across samples, a 3-second segment was extracted
from the middle of each recording. This segment length
was chosen after initially extracting 3-second segments from
the beginning, middle, and end of each recording. Statistical
analysis using ANOVA showed no significant effect of segment
position on the acoustic parameters. Therefore, the middle 3-
second segment was selected, as it represents the most stable
portion of the sustained vowel. Acoustic and glottal parameters
were then extracted from this segment for each participant.

C. Feature Extraction

In this section, we present the features used in the current
study. They are classified into two categories: acoustic features
and glottal features. In this work, we used only the parame-
ters extracted on the day before the operation and excluded
the other features. Additionally, the VHI-10 parameter was
excluded from the training process to avoid any data leakage.

1) Acoustic parameters: From the vocal samples, we ex-
tracted the mean values of the fundamental frequency (F0). FO
presents the vocal fold vibration frequency, measured in Hertz,
which is defined by the duration of each period T;. The study
also includes information on age, type of operation (partial
or total), the nature of the thyroid (malignant or benign), and
the Voice Handicap Index (VHI-10). The VHI-10 is a metric
employed to record the patient’s perception of handicap or
impairment due to a speech disease, where scores above 11 are
defined as pathology and indicate vocal disability. To further
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Fig. 1. Proposed method for predicting voice recovery stages following thyroidectomy.

improve the analysis, glottal flow features were used due to
their demonstrated effectiveness in capturing the vocal effects
of thyroidectomy [18].

2) Glottal parameters: In the literature, many techniques
have been developed to obtain the glottal signal features.
Among these methods, we find the Iterative Adaptive Inverse
Filtering (IAIF) method [19], which estimates the glottal signal
from the input speech signal through a two-step iterative
process. Initially, the method estimates the glottal waveform
and the vocal tract transfer function [18], [20]. It then refines
these estimates to improve the performance of glottal signal
estimation [18], [20].

In our work, we use the Pitch-Synchronous Iterative Adap-
tive Inverse Filtering (PSIAIF) method [21] because of its
ease of implementation. PSIAIF uses the IAIF method to
extract glottal flow from the speech signal. Its main goal is
to eliminate the influence of glottal excitation from the speech
spectrum of the original signal [22]. The method proceeds by
first estimating the vocal fold model using Linear Prediction
Coefficients (LPC), and then obtaining the glottal flow through
inverse filtering [22]. PSIAIF incorporates pitch-synchronous
markers on the glottal waveform, which reduces the effect
of formant ripple in comparison to IAIF [22]. This method
has been implemented in the MATLAB toolbox Aparat [23].
Below, we provide a summary of the features that were
extracted:

e  The open quotient (OQ): is the ratio of the duration
of the vocal fold open phase to the total duration of a
glottal cycle [24].

e 0OQIl: Open quotient calculated from the primary

opening of the glottal flow.

e 0Q2: Open quotient calculated from the secondary
opening of the glottal flow.

e  The Speed Quotient (SQ): is the ratio of the duration
of the opening phase to the duration of the clos-
ing phase [24]. SQ1 and SQ2 represent the speed
quotients calculated from the primary and secondary
openings, respectively.

e  The normalized amplitude quotient (NAQ): is defined
as the ratio of the amplitude quotient to the total
duration of the glottal pulse [24].

To extract these features we used the methodology de-
scribed in Alku (1992) [21]. The LPC analysis orders for
the vocal tract and glottal source were set based on the
sampling frequency, approximately 2 x round(fs/2000) + 4
and 2 x round(f,/4000), respectively.

A leaky integration coefficient of 0.99 was used to model
lip radiation. A single pass of a high-pass FIR filter (cutoff
frequencies at 40 Hz stopband and 70 Hz passband) was
applied prior to inverse filtering to remove low-frequency
noise. The analysis was performed on frames windowed with
a Hanning window. The audio signal was processed using its
original sampling rate.

D. Classification Techniques

In the current study, a change in VHI-10 (AVHI;() was
calculated for each patient as:
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A\/vHIlU = VHIIO,I month — VHIIO,pre—op

A negative AVHI;( (< 0) indicated improvement and was
classified as recovered, while AVHI o > 0 was classified as
not recovered.

Given the limited dataset size, we employed cross-
validation with stratification to evaluate the models. Specifi-
cally, we used StratifiedGroupKFold with k = 5. This value was
selected after testing k values from 2 to 7, with the best perfor-
mance achieved at k = 5. To avoid data leakage, groups were
defined by patient ID, ensuring that recordings from the same
patient did not appear in both training and testing sets. The
models were evaluated using a pipeline that applied MinMax
scaling to the input features, which normalizes each feature
by subtracting the minimum value and dividing by the range
(max - min). The models were evaluated using the Sequential
Feature Selection (SFS) method. To assess model stability
and avoid data leakage, a nested cross-validation procedure
was applied inside SFS during the feature selection phase. In
addition, a bootstrapped validation with 10000 resamples was
performed to calculate the corresponding confidence intervals
(CIs) for model performance metrics.

For classification, various machine learning techniques,
including SVM, REF, and Logistic Regression (LR) were used.
The SVM was chosen as the representative algorithm due to its
stability with limited samples. RF and LR were evaluated for
comparison and to verify that performance differences were
consistent; results are reported for completeness.

E. Hyperparameters

For hyperparameter tuning, GridSearchCV method was
applied to each algorithm using the same StratifiedGroupKFold
cross-validation process described above. For the SVM model,
parameters such as the regularization parameter C' (ranging
from 1 to 50), kernel type (linear, RBF, polynomial, sigmoid),
and gamma (auto or scale) were optimized. RF tuning in-
cluded the number of estimators (1 to 40), maximum tree
depth (1 to 51), and the criterion (Gini or entropy). The
selected parameters were then employed in this study. The
best hyperparameters were then used for each model. The final
hyperparameters for each model were:

e SVM: C =1, gamma = scale, kernel = rbf
e LR: max_iter = 1000

e RF: max_depth = 2, criterion=gini, n_estimators =
3

All analysis were conducted in Python with scikit-learn
version 1.6.1, pandas, and matplotlib. The experiments were
conducted on an HP laptop with an Intel Core i7-1165G7
processor (2.80 GHz) and 32 GB of RAM.

F. Shapley Additive Explanations (SHAP)

Recently, many studies have applied Explainable Artifi-
cial Intelligence (XAI) techniques to understand better the
decision-making processes of machine learning models [25].
In this field, researchers have introduced numerous methods to
explain how model features, inputs, or components influence
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model outputs [26]. In particular, these include Gradient-
weighted Class Activation Mapping (Grad-CAM), Local In-
terpretable Model-Agnostic Explanations (LIME), and SHAP
[26]. However, LIME and SHAP are the most widely used be-
cause they can be applied to both tabular data and image data.
SHAP, introduced by Lundberg and Lee [27], explains model
results using concepts from cooperative game theory. SHAP
can be applied for both local and global explanations [27].
Local explanations provide insight into individual predictions,
while global explanations summarize feature influence across
the entire dataset. Shapley values identify the contribution of
each feature to the prediction produced by the model.

IV. RESULTS

In this section, we present an analysis of the features and
show the results of the classification experiments. In addition,
it includes an interpretability analysis of the best-performing
model using the SHAP framework.

A. Feature Distribution Analysis

A violin plot is a powerful visualization tool used to display
the distribution of data and its probability density function.
It summarizes key statistical values, including the median
and quartiles, while also showing the full distribution of the
dataset. In this study, we present violin plots for the numeric
acoustic parameters, grouped by recovery status (Recovery vs.
No Recovery).

In Fig. 2, the median value of MeanFO0 in the No-Recovery
group (171.644 Hz), with data points largely concentrated
between 150 Hz and 250 Hz, is slightly higher than that
of the Recovery group (168.300 Hz). Similarly, for all other
parameters, the No-Recovery group consistently shows higher
values compared to the Recovery group. This may suggest
that higher values are associated with poorer voice recovery.
However, this observation remains preliminary and requires
further confirmation.

B. Classifier Performance

Table I summarizes the classification performances for the
SVM, LR, and RF algorithms. The experiments reveal that
SVM outperforms the other models in terms of accuracy. It
reaches an accuracy of 76% with a standard deviation (SD)
of 0.09, a recall of 87%, an Fl-score of 80%, a precision of
77%, and an AUC score of 70%. This suggests their ability
to identify the positive class. However, the SD value indicates
that the model’s performance is unstable between folds. In
contrast, the RF model reaches the highest precision of 77%.
However, its lower recall (73%) and accuracy (73%) indicate a
lower ability to detect all true positives. Also, its performance
is more variable. The lower results were obtained using the
LR model, except for AUC (80%), which was higher than that
of the SVM and RF methods.

In addition, the CI interval for SVM (accuracy: [0.68,
0.80]) shows moderate stability, indicating relatively consis-
tent performance across folds. However, the wide confidence
intervals for all models show that their performance can change
significantly with different data.
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Fig. 2. Violin plots of acoustic and glottal features in the Recovery and No-Recovery groups: a) Mean fundamental frequency (MeanF0), b) Primary Open
Quotient (OQ1), ¢) Secondary Open Quotient (0Q2), d) Normalized Amplitude Quotient (NAQ), and e) Secondary Speed Quotient (SQ2).

TABLE 1. CROSS-VALIDATED PERFORMANCE METRICS USING SFS SELECTION METHOD (MEAN + SD) [95% CI]

Algorithms Accuracy Precision Recall F1 AUC Features
076+0.09 077+0.14 087+0.18 080+0.08 0.70+0.15
SVM [0.68,0.80]  [0.68,0.88]  [0.73, 1.00]  [0.73,085]  [0.58,0.82]  Pe-CN. Type
0.72+0.23 0774022 0734028 0.73+0.22 0.78+0.23
RF [0.56, 0.88]  [0.60,093]  [0.53, 093]  [0.56, 089]  [0.60,005 g% TypeCN, Type, NAQ
. 0.64£0.17  0.69+£0.19 073£0.28 0.68+£017 0802024
[0.52, 0.76] [0.57, 0.85] [0.53, 0.93] [0.53, 0.79] [0.62, 0.98] 8¢, 1ype_LI, 1ype
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C. Statistical Comparison

To verify whether the differences were statistically signif-
icant among the three classifiers, we conducted a Wilcoxon
signed-rank test based on the bootstrapped Fl-scores. The
obtained results indicated that SVM consistently outperformed
both RF and LR, with mean differences of 0.063 (95% CI
[0.061, 0.065]) for SVM vs RF and 0.113 (95% CI [0.111,
0.114]) for SVM vs LR. In addition, RF achieved higher F1-
scores than LR, with a mean difference of 0.050 (95% CI
[0.049, 0.051]). Effect sizes were moderate to large (r = -0.55
for SVM vs RF, r = —0.87 for SVM vs. LR, r = —0.87 for
RF vs. LR), and all comparisons were statistically significant
(p < 0.001). These findings suggest that SVM demonstrates
superior performance in distinguishing between classes on the
dataset analyzed.

D. Model Interpretation and Error Analysis

Fig. 3, Fig. 4, and Fig. 5 present the confusion matrix,
learning curve, and ROC curve, respectively, for the SVM
classifier. Overall, the model demonstrated a strong ability to
differentiate between the classes. It performed particularly well
in identifying recovery recordings, correctly classifying 12 out
of 14 samples. The no-recovery class was classified moderately
well, with 7 correct predictions, though some samples were
misclassified as recovery.

To better understand the model’s behavior, we analyzed
the misclassified samples from the SVM model predictions in
Table II. The analysis shows that most false positives (FP) (pa-
tients predicted as recovered but who did not actually recover)
occurred in three patients who underwent partial surgeries for
benign conditions. It generally occurs in younger or middle-
aged adults (ages 35-53). A false positive was also observed
in a patient who had a total thyroidectomy for a malignant
thyroid. In contrast, false negatives (patients predicted as not
recovered but who actually recovered) were more common
among younger patients (ages 31-42) who underwent total
surgeries for benign thyroid conditions. These findings suggest
that the model’s performance is significantly influenced by the
type of surgery and the underlying pathology. In addition, ROC
analysis supports these findings, with an AUC of 65% achieved
for the recovery class. However, due to the small number of
misclassified cases, we did not perform statistical tests, as such
analyses would not provide reliable or meaningful results.

Dealing with the SVM learning curve (see Fig. 5) displays
initial overfitting, with high training accuracy but low valida-
tion accuracy. As the training size increases, validation accu-
racy rises and converges toward the training curve, indicating
improved generalization and reduced overfitting.

E. SHAP Results

Fig. 6 presents the SHAP summary plot (mean absolute
SHAP values) by class. These values represent the average
contribution of each feature to the predictions of the model.
In the No recovery class, the most influential variables were
Type (partial/total) and Age (patient age), with SHAP values
of 0.09 and 0.05, respectively. Other relevant features included
Type_CN (benign/malign), OQ1, MeanF0, NAQ, SQ2, and
0Q2. In contrast, the Recovery class is mainly associated with
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Fig. 3. Confusion matrix for the SVM model predicting post-thyroidectomy
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Fig. 4. Learning curve for the SVM method predicting post-thyroidectomy
voice recovery. The x-axis represents the number of training samples used,
and each point shows the mean accuracy over five cross-validation folds.
Shaded regions indicate +1 standard deviation across folds.

Type (0.08), Type_CN (0.03), and Age (0.03), which have the
highest impact.

Fig. 7 presents SHAP-based waterfall plots for three partic-
ipants selected at random. These plots illustrate the contribu-
tion of individual variables to the prediction of the model for
each patient. The horizontal axis represents the value predicted
by the model, denoted as while each bar illustrates the marginal
effect of a specific variable on this prediction. In each plot, red
bars indicate positive contributions to the decision, while the
blue bars represent a negative contribution. In other words, red
means features that increase the model’s predicted probability
of class, whereas blue bars correspond to features that reduce
1t.

www.ijacsa.thesai.org

871 |[Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 17, No. 2, 2026

TABLE II. ERROR ANALYSIS OF MISCLASSIFIED PATIENTS FOR SVM MODEL

Patient_ID ErrorType Age | Type Type_CN | TrueLabel PredictedLabel
1 False Positive 35 Partial Benign 0 1
2 False Negative 42 Total Benign 1 0
3 False Positive 52 Partial Benign 0 1
4 False Positive 53 Partial Benign 0 1
5 False Positive 31 Total Malign 0 1
6 False Negative 31 Total Benign 1 0
o Global ROC Curve (AUC = 0.65) Per-Fold ROC Curves with Mean ROC
1.0
0.8 081
& z
& 0.61 & 0.6 1
] v
2 =
= =
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e Fold 2 (AUC=0.50)
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Fig. 5. ROC curve for the SVM method: a) Global ROC curve showing the overall discriminative performance (AUC calculated on all test predictions across
folds). b) Per-fold ROC curves with the mean ROC curve (bold line) to illustrate variability across cross-validation folds.

1) Participant 1: is a 35-year-old woman who underwent
partial thyroidectomy for a benign condition. For this woman,
the predicted score is -0.129 which is below the mean value
(-0.004). Type, OQ1, and Age show negative contributions (-
0.06, -0.01, and -0.07, respectively), while NAQ contributed
positively. Other features had negligible effects.

2) Participant 6: is a 35-year-old woman who underwent
total thyroidectomy for a malignant condition. The model
predicted a score of 0.016, higher than the baseline value of
0.004. Most features contributed negatively to the prediction,
except for Type_CN, MeanF0, and Age, which had positive
effects. Among these positive contributors, Type_CN had the
largest value (+0.07), in contrast to what was observed for
Participant 1.

3) Participant 15: is a 64-year-old woman who underwent
a partial thyroidectomy for a benign condition. Most parame-
ters had negligible effects.

V. DISCUSSION

Vocal changes are one of the common problems for sub-
jects undergoing thyroid surgery. In the current work, we pre-
dict vocal recovery following thyroidectomy. For this purpose,
machine learning techniques (ML) and a set of features are
used. In addition, we use various ML algorithms to classify
voices into recovery and non-recovery classes. All participants
were evaluated before surgery and a month postoperative. This
work was designed as a pilot feasibility study rather than a
fully powered trial.

The SVM technique achieved the highest performance,
with an F1-score of 80%. The SHAP analysis revealed that the
most important features contributing to no-recovery predictions
were the type of performed operation (partial/total), followed
by age, and then the nature of the thyroid (malignant/benign).
Various works have also found that speech can be affected
by the extent of thyroid surgery [28], [29], [30]. Yilmaz et
al. [31] reported that the type of surgical procedure (subtotal
thyroidectomy or total), age, histopathologic diagnosis, and sex
did not significantly impact vocal quality after thyroidectomy.
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Fig. 6. SHAP summary plot (mean absolute SHAP values) for recovery and no recovery classes.
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Fig. 7. Example of waterfall plots for three participants selected randomly from the dataset.

However, they observed that voice changes were associated
with tumor type. This may be due to various factors, such
as injuries to the Recurrent Laryngeal Nerve (RLN) [32].
In addition, patients’ emotions, experiences, and professional
occupations may significantly impact these outcomes. Some
existing studies have also identified female gender and the
volume of the resected gland as risk factors for post-operative
speech alterations after total thyroidectomy [28]. Also, a set of
glottal features corresponding to different phases of the glottal
cycle also contributed to the model’s performance. Among

these, OQ, and SQ are commonly used time-based parameters,
while NAQ represents the shape and timing of the glottal
waveform [18].

In our SHAP analysis, the glottal features had a similar
impact in predicting both classes. Existing studies showed
that in healthy individuals, higher OQ1 and OQ2 values are
associated with better voice quality. In contrast, lower values
are generally associated with pathological conditions such
as nodules and vocal fold paralysis [18]. Moreover, OQ is
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inversely correlated with vocal intensity, meaning that lower
values correspond to higher vocal intensity [24].

For the NAQ parameter, higher values are indicative of a
more symmetrical glottal waveform and are associated with
breathy phonation type [33], [34]. OQ and NAQ are also
inversely related to vocal intensity [24]. A decrease in NAQ
may reflect increased vocal intensity due to a prolonged glottal
closure phase [35].

Previous studies have revealed that the SQ2 parameter is
lower in healthy voices than in pathological ones. In Addition,
decreased values of these parameters have been reported in
female patients with heart failure, suggesting their sensitivity to
physiological alterations [24]. The glottal parameters are also
applied to distinguish between patients with healthy voices and
those with vocal fold paralysis [20] or neurological disorders
such as Parkinson’s disease [36]. These outcomes underline the
clinical value of using glottal source features in postoperative
voice assessment.

Some recent studies related to this current study have
utilized ML techniques to predict thyroid cancer in patients
who underwent thyroidectomy. They also achieved promising
results in predicting thyroid cancer [14], [13], [37]. Lee et al.
[13] developed a deep neural network using preoperative and
two-week postoperative spectrograms to predict three-month
postoperative vocal recovery in 114 patients. Their model
achieved high predictive performance, with AUC values of
0.918 for breathiness, 0.735 for asthenia, and 0.894 for grade.
In contrast, the present study achieved an AUC of 0.65 for
the recovery class using acoustic and glottal features with
SVM model on a smaller dataset of 25 patients. The lower
performance may be attributed to the smaller sample size and
differences in feature representation. Also, our study did not
include deep learning models for classification. However, our
method provides interpretable predictions using SHAP analysis
to identify parameters that most contribute to voice recovery.

In terms of predictive performance, our results show lower
accuracy compared with Kurt ez al. [14] in identifying patients
at risk of developing vocal cord palsy before thyroidectomy us-
ing ML techniques. However, their study addressed a different
clinical problem, focusing on preoperative risk prediction of
vocal cord palsy, while the present study predicts postoper-
ative voice recovery. Therefore, direct numerical comparison
of accuracy is not appropriate. Although deep learning ap-
proaches have demonstrated promising results and the potential
to enhance model performance, they were not employed in
this study. This decision was primarily due to the limited
size of our dataset, which is significantly smaller than those
used in comparable studies. Furthermore, this research does
not primarily aim to optimize performance measures, but to
investigate glottal and acoustic parameters relevant to thy-
roidectomy. These parameters have previously demonstrated
their ability to detect changes in voice after thyroid surgery.

A. Limitations of the Study

Several limitations must be acknowledged. In our study,
we employ the PSTAIF method to estimate glottal flow without
feature-sensitivity analysis. This method, however, is sensitive
to parameter configuration, which can affect the performance
of derived features such as OQ and NAQ. In addition, the
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dataset was relatively small wich may introduce statistical
fragility, as model performance and feature importance es-
timates may be sensitive to minor variations in the data.
Although cross-validation was employed to mitigate overfit-
ting, small datasets inherently increase the risk of variability
and reduced generalizability. Also, calibration analysis was
not performed. Therefore, the agreement between predicted
probabilities and actual outcomes remains unassessed. Another
limitation is that all participants were female. This approach
has reduced the variability of vocal parameters related to
physiological differences between the sexes, but it also limits
the generalizability of the results to male patients. In fact,
male and female voices differ in fundamental frequency and
glottal configuration, which can influence these parameters.
It is therefore essential to create predictive models that reflect
actual clinical diversity. In addition, we did not include external
validation because the existing datasets in the literature are
private and not publicly accessible. More precisely, no publicly
available longitudinal datasets containing preoperative and
postoperative voice recordings were identified. As a result, the
generalizability of the proposed models to external populations
remains unconfirmed. Finally, we used traditional ML models
due to their interpretability and suitability for small datasets.
However, the deep learning approaches were not explored in
this work due to the limited dataset size.

VI. CONCLUSION

This pilot feasibility study applied machine learning tech-
niques based on different features to predict voice recovery af-
ter thyroidectomy. The dataset was collected on the day before
surgery and a month after surgery. Preliminary performance
varied between models, with the SVM classifier achieving
an Fl-score of 80%. These findings suggest that machine
learning-based prediction is feasible, but not yet conclusive.
Future research is encouraged to address the study’s limitations
through several directions. It is necessary to use a larger,
mixed-gender cohort to improve the generalization of the
model. In addition, model performance could be improved by
applying advanced inverse filtering methods, such as TAIF+,
or closed-phase covariance approaches. Another direction is
to employ deep learning architectures, which may further
improve predictive accuracy. Taken together, these preliminary
findings suggest that machine learning may provide a feasible
approach for predicting voice recovery after thyroidectomy.
However, external validation is required before clinical appli-
cation.
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