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PURPOSE

To develop and validate radiomics-based machine learning models combined with clinical param-
eters derived from venous phase contrast-enhanced computed tomography (CECT) for predicting
drainage success in patients with peritonsillar abscess (PTA), aiming to reduce unnecessary invasive
procedures.

METHODS

This retrospective study included 94 adult patients with PTA who underwent venous phase CECT
followed by incision and drainage within 24 hours. Patients were categorized into drainage (n = 52)
and non-drainage (n = 42) groups based on procedural outcomes. Clinical parameters (age, sex,
trismus, and uvula deviation) were integrated with 107 extracted radiomics features. Three-dimen-
sional manual segmentation was performed using 3D Slicer. Feature selection was conducted using
the least absolute shrinkage and selection operator (LASSO) regression with 10-fold cross-valida-
tion. Four machine learning algorithms—support vector machine (SVM), random forest classifier
(RFC), decision tree, and extreme gradient boosting (XGBoost)—were developed, and a combined
clinical-radiomics model was constructed. Model performance was evaluated using sensitivity,
specificity, and area under the receiver operating characteristic curve (AUC).

RESULTS

The LASSO selected 10 discriminative features (optimal A: 0.043). Inter- and intraobserver repro-
ducibility demonstrated good agreement (intraclass correlation coefficient > 0.75; Spearman’s
p > 0.8). Among the radiomics-only models, XGBoost achieved the highest diagnostic performance
(AUC: 0.919). The combined clinical-radiomics model further improved diagnostic performance,
reaching an AUC of 0.934, with a sensitivity of 90.2% and a specificity of 94.1%. The SVM yielded an
AUC of 0.899, whereas the decision tree and RFC demonstrated AUCs of 0.887 and 0.850, respec-
tively. Notably, the high specificity of the combined model suggests strong potential for identifying
non-drainable collections.

CONCLUSION

Integrating clinical parameters with radiomics-based machine learning, particularly the combined
clinical-radiomics model, can accurately predict drainage success in PTA using pre-procedural
CECT images. This quantitative approach may improve patient selection for invasive interventions.

CLINICAL SIGNIFICANCE

Pre-procedural identification of non-drainable collections may help avoid unnecessary drainage at-
tempts, reduce procedure-related morbidity, and support more informed clinical decision-making
in the management of PTA.
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eritonsillar abscess (PTA) is defined as a
P collection of pus within the peritonsillar

space, representing the most common
deep neck infection in the adult population.
Its clinical presentation includes severe uni-
lateral sore throat, fever, dysphagia, and ody-
nophagia, often accompanied by trismus.
The established management for PTA is the
evacuation of purulent material through an
invasive procedure—either needle aspiration
or incision and drainage (I&D)—supported by
systemic antibiotic therapy.>?

Although clinical assessment is the first
step, contrast-enhanced computed tomog-
raphy (CECT) is frequently employed to con-
firm the diagnosis, especially in ambiguous
cases, and to differentiate a suspected ab-
scess from non-suppurative peritonsillar cel-
lulitis (phlegmon).* The typical radiological
finding suggestive of an abscess is a periph-
erally rim-enhancing fluid collection. This
finding is crucial because it directly informs
the decision to proceed with an invasive
drainage attempt.®

However, a critical clinical challenge
arises from the fact that a decision to inter-
vene based on current diagnostic standards
does not guarantee a successful outcome. A
non-negligible proportion of drainage pro-
cedures, performed on lesions that appear
as well-defined abscesses on CECT, result
in a “dry tap” or failure to evacuate purulent
material despite surgical incision.5” This out-
come means that the patient underwent an
invasive procedure without the intended
therapeutic benefit; furthermore, these at-
tempts are not without their own potential
for morbidity. These procedural risks include
considerable pain, iatrogenic bleeding from

+ Conventional contrast-enhanced computed
tomography findings alone may not reliably
predict whether a peritonsillar abscess (PTA)
is amenable to successful drainage.

+ Computed tomography-based radiomics
can quantitatively analyze internal lesion
heterogeneity and provide additional infor-
mation beyond visual assessment.

* Among the tested models, the radiom-
ics-based extreme gradient boosting model
demonstrated high diagnostic performance
[area under the receiver operating charac-
teristic curve (AUC): 0.919], which was fur-
ther improved by integrating clinical param-
eters in the combined model (AUC: 0.934).

* Pre-procedural prediction of drainage suc-
cess may help reduce unnecessary invasive
interventions and improve clinical deci-
sion-making in patients with PTA.

local vasculature, and potential injury to crit-
ical nearby structures.'®

The mechanisms underlying failed drain-
age remain incompletely understood. It is
conceivable that some collections, although
radiologically consistent with an abscess,
may represent partially organized or in-
spissated material with increased viscosity
rather than freely drainable fluid.* However,
conventional imaging assessment primarily
focuses on the presence of a rim-enhancing
collection and does not directly evaluate in-
ternal fluid characteristics, such as viscosity
or organization, which may influence drain-
ability.”® This limitation highlights an unmet
clinical need for quantitative, non-invasive
imaging biomarkers capable of predicting
drainability before intervention.

To address this challenge and minimize
unnecessary invasive interventions, we pro-
pose a novel approach using radiomics and
machine learning. Radiomics enables quan-
titative characterization of lesion heteroge-
neity, texture, and spatial complexity, which
may reflect underlying differences in fluid
composition, viscosity, and organization.''?
We hypothesize that radiomics-derived fea-
tures may enable quantitative differentiation
between liquefied, drainable collections and
organized, non-drainable collections.

This study utilizes 1&D as the reference
standard for drainage success, as it pro-
vides a more definitive evaluation of the
abscess cavity than needle aspiration, there-
by minimizing potential technical failures.
Therefore, the primary aim of this study is
to develop and validate machine learning
models—specifically random forest classi-
fier (RFC), support vector machine (SVM),
extreme gradient boosting (XGBoost), and
decision tree—based on radiomics features
extracted from venous phase CECT scans in-
tegrated with key clinical parameters (age,
sex, trismus, and uvula deviation) to predict
drainage success in patients with suspected
PTA. By identifying non-drainable collections
pre-procedurally, this approach may help
avoid unnecessary invasive interventions,
reduce morbidity, and optimize clinical deci-
sion-making.

Methods

The study was conducted at Ankara
Bilkent City Hospital, a tertiary care center.
Ethical approval was granted by the Bilkent
City Hospital Medical Research Scientific and
Ethical Review Board (TABED) (decision num-
ber: 2/1912/2026, date: 04.02.2026). Given
the retrospective nature of the study, the use

of anonymized data, and the lack of poten-
tial risk to participants, the requirement for
informed consent was waived by the Ethical
Review Board. All procedures were conduct-
ed in accordance with the principles outlined
in the Declaration of Helsinki.

Study population

The institutional database was screened
for patients who underwent CECT with a pre-
liminary diagnosis of PTA. The exclusion cri-
teria comprised age younger than 18 years,
evaluation with imaging modalities other
than CECT, prior drainage attempts or surgi-
cal interventions before imaging, prolonged
antibiotic therapy (> 72 hours) before CT ac-
quisition, presence of coexisting head and
neck malignancy, and significant motion or
beam-hardening artifacts impairing image
quality.

The inclusion criteria consisted of adult
patients diagnosed with PTA who underwent
neck CECT acquired in the venous phase and
subsequently received I&D with a clearly
documented clinical outcome. Only patients
whose CT examinations were performed
within 24 hours before the intervention were
included to ensure temporal consistency be-
tween imaging and treatment.

A retrospective analysis was performed
on 94 eligible patients between January
2022 and December 2025. Of these, 42 pa-
tients were classified as the non-drainage
group and 52 as the drainage group. Given
the balanced distribution of the two groups
(52 drainage vs. 42 non-drainage), specific
oversampling or undersampling techniques
were not required.

In the non-drainage group, there were 23
men and 19 women aged 21-74 years (mean
age: 45.8 years). The drainage group consist-
ed of 28 men and 24 women aged 19-76
years (mean age: 47.2 years).

Patient demographics (age and sex) and
physical examination findings at admission
(trismus and uvula deviation) were retrospec-
tively retrieved from the institutional data-
base. Due to the retrospective nature of the
study, clinical findings were analyzed based
on available documentation; data for trismus
and uvula deviation were available for 79/94
(84%) and 82/94 (87%) patients, respectively.

The imaging data of the included patients
were independently reviewed by two radiol-
ogists (ISP, with 26 years of experience, and
BARM, with 8 years of experience).

The flowchart of the study is depicted in
Figure 1.
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Figure 1. Flowchart of the study. 3D, three-dimensional; VOI, volume of interest; LASSO, least absolute shrinkage and selection operator; SVM, support vector
machine; XGBoost, extreme gradient boosting; ROC, receiver operating characteristic.

Computed tomography acquisition and
preprocessing

The examinations were performed using
a 128-detector CT scanner (GE Revolution,
General Electric, Milwaukee, WI, USA). Acqui-
sition parameters consisted of a tube voltage
of 100-120 kVp, a tube current of 250-270
mAs, a 512 x 512 reconstruction matrix, a
1.25-mm slice thickness, a body filter, and a
pitch of 1.375. Intravenous iodinated con-
trast material (300 mgl/mL; 80-100 mL per
patient) was administered at a rate of 3 mL/s.
Contrast-enhanced images were acquired
during the venous phase, approximately 60—
90 seconds after contrast injection.

The selected CT datasets were imported
into 3D Slicer software (version 5.6.2)" for
three-dimensional manual segmentation of
the PTA. Segmentations were carefully re-
viewed by the same radiologists to identify
and correct potential inaccuracies, including
the inadvertent inclusion of adjacent fat, air,
or bone structures, as well as the unintended
partial exclusion of the abscesses. Example
images illustrating PTA segmentation are
presented in Figure 2.

To assess intra- and interobserver repro-
ducibility, 20 randomly chosen cases were
re-segmented following the same standard-
ized protocol.

Texture analysis

Radiomics features were extracted us-
ing the SlicerRadiomics extension based on
the PyRadiomics library after completion of
segmentations. Feature extraction was per-
formed on original, non-filtered images. All
images were resampled to an isotropic voxel
size of 1x1x1 mm?® using linear interpolation.

Intensity discretization was applied using a
fixed bin width of 64 Hounsfield units, which
was selected to balance noise reduction and
the preservation of meaningful intensity het-
erogeneity, thereby improving the stability
and reproducibility of radiomics features. No
additional image filters (e.g., wavelet or La-
placian of Gaussian) were applied.

Figure 2. (a, b) Examples illustrating peritonsillar abscess segmentation.
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Following the preset configuration, a to-
tal of 107 radiomics features were extracted.
These features were categorized as shape-
based features, first-order statistics, gray lev-
el co-occurrence matrix (GLCM), gray level
run length matrix, neighboring gray tone
difference matrix, gray level size zone matrix
(GLSZM), and gray level dependence matrix.

Statistical analysis

The normality of data distribution was
evaluated using the Kolmogorov-Smirnov
test. Variables with a normal distribution
were expressed as mean * standard devi-
ation, whereas non-normally distributed
variables were reported as median and inter-
quartile range.

Intraobserver agreement was assessed
using the intraclass correlation coefficient
(ICC), with values = 0.75 considered indica-
tive of good reproducibility.” Interobserv-
er agreement of the selected features was
assessed using Spearman’s rank correlation
coefficient (p), with values greater than 0.8
considered indicative of good reproducibili-
ty for each parameter.

Before feature selection and model train-
ing, feature standardization (Z-score normal-
ization) was applied. Normalization param-
eters (mean and standard deviation) were
calculated using the training set and subse-
quently applied to the validation set to pre-
vent data leakage.

The least absolute shrinkage and selection
operator (LASSO) regression was applied for
dimensionality reduction and feature selec-
tion. The optimal regularization parameter
(\) was determined using 10-fold cross-val-
idation on the training set. The relationship
between the mean squared error (MSE) and
A values was examined to identify the most
appropriate model. Feature importance was
quantified based on the magnitude of the
regression coefficients.

Missing clinical data were managed using
complete-case analysis for the respective
sub-cohorts.

The predictive performance of the com-
bined clinical-radiomics model was com-
pared against the radiomics-only and clin-
ical-only models using the area under the
receiver operating characteristic curve (AUC),
sensitivity, and specificity to determine if the
integration of clinical variables provided a
significant improvement in predicting drain-
age success. DelLong’s test was applied to
compare the AUCs between different mod-
els.

Decision curve analysis was performed
according to the method described by Vick-
ers and Elkin'® using Python (version 3.11),
with custom-written code implementing
standard net benefit calculations. The deci-
sion curve was visualized using the Matplot-
lib library to assess the clinical utility of the
models across a range of threshold probabil-
ities.

All statistical analyses were performed us-
ing XLSTAT statistical and data analysis soft-
ware (version 2024.2.2; Addinsoft, NY, USA).
A two-tailed P value of < 0.05 was considered
statistically significant.

Machine learning

SVM,” RFC'® decision tree,’ and XG-
Boost? algorithms were implemented for
model development. The dataset was ran-
domly partitioned into training and vali-
dation cohorts using a 70:30 split. Model
performance was evaluated by calculating
sensitivity, specificity, and the AUC.

The SVM model was configured using a
linear kernel with a regularization parameter
(C) set to 1.0 and a tolerance value of 0.001.
Given the substantial variability in radiomics
feature values, feature standardization was
applied as a preprocessing step before mod-
el training. To reduce the potential influence
of variability and selection bias on perfor-
mance estimates, 10-fold bootstrapping was
performed in accordance with the approach
described by Vrigazova and Ivanov.”

The RFC model was constructed using a
bagging approach with bootstrap sampling
(random sampling with replacement). A total
of 200 decision trees were generated, with
the maximum tree depth limited to 20. Mod-
el evaluation additionally included calcula-
tion of the misclassification rate, analysis of
the out-of-bag (OOB) error progression, and
assessment of feature importance based on
the mean decrease in accuracy.

Decision tree analysis was performed
using a classification tree based on the chi-
square Automatic Interaction Detection
algorithm. The significance level was set at
0.05, with a maximum tree depth of 3 and
a merge threshold of 0.05. Model validation
was conducted using a two-fold cross-vali-
dation. In addition, model performance was
evaluated using gain and lift curves.

The XGBoost model was configured with
a maximum of 100 boosting iterations, a
learning rate of 0.3, and a maximum tree
depth of 6. The objective function was spec-
ified as quadratic, with the minimum loss re-

duction (gamma) set to 0. In addition to the
primary performance metrics, gain and lift
curves were generated for further evaluation
of model performance.

To evaluate the added value of clinical in-
tegration, three distinct modeling approach-
es were developed: (1) a clinical-only model,
(2) radiomics-only models using four machine
learning algorithms (SVM, RFC, decision tree,
and XGBoost), and (3) a combined clinical-ra-
diomics model. The clinical parameters were
integrated with the selected radiomics fea-
tures using logistic regression to develop a
combined clinical-radiomics nomogram.

Results

Study population

A total of 94 patients with PTA were in-
cluded in this retrospective study, compris-
ing 42 patients in the non-drainage group
and 52 in the drainage group. The mean age
was 45.8 + 12.4 years (range: 21-74 years)
in the non-drainage group and 47.2 + 13.1
years (range: 19-76 years) in the drainage
group, with no significant difference be-
tween the groups (independent-samples
t-test, P=0.621).

The non-drainage group included 23 men
(54.8%) and 19 women (45.2%), whereas the
drainage group consisted of 28 men (53.8%)
and 24 women (46.2%). Sex distribution did
not differ significantly between the groups
(x° test, P = 0.929).

Regarding physical examination findings,
trismus was documented in 79 patients, with
a prevalence of 73.1% (32/44) in the drain-
age group compared with 61.9% (22/35) in
the non-drainage group (P = 0.349). Uvula
deviation was observed in 82 patients, with a
prevalence of 80.8% (36/45) in the drainage
group and 71.4% (26/37) in the non-drainage
group (P =0.307).

Inter- and intraobserver reproducibility

Twenty cases were randomly selected
during the segmentation process. Interob-
server reproducibility was assessed using
the first-order radiomics features “mean”
and “range”” Both features showed strong
agreement between the two observers, as
reflected by Spearman’s rank correlation co-
efficients (mean: p = 0.837, P = 0.016; range:
p =0.822, P=0.023).

The same randomly selected cases
were used to evaluate intraobserver
reproducibility. Each observer repeated the
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segmentation procedure twice, and the
first-order “mean” and “range” features were
analyzed. Intraobserver agreement was
good for both observers: the mean ICC was
0.852 (range: 0.773-0.946) for Observer 1
(iSP) and 0.844 (range: 0.762-0.927) for Ob-
server 2 (BARM).

Dimensionality reduction of the parame-
ters

The LASSO regression selected 10 fea-
tures that exhibited low intercorrelation and
strong discriminatory power. The optimal A
value was determined to be 0.043. The cor-
relation matrix is provided in Supplementary
Figure 1, whereas the most relevant features
and their standardized coefficients are sum-
marized in Table 1. Supplementary Figure 2
shows the association between the A param-
eter and the MSE.

Diagnostic efficacy of machine learning al-
gorithms

The diagnostic performance of the SVM
model was as follows: sensitivity of 87.1%
[95% confidence interval (Cl): 84.1-90.3],
specificity of 87.25% (95% Cl: 83.9-90.25),
and an AUC of 0.899 (95% Cl: 0.869-0.928).

The diagnostic accuracy metrics of the
RFC model consisted of a misclassification
rate of 0.15, sensitivity of 88.3% (95% Cl:
85.25-91.35), specificity of 82.2% (95% Cl:
78.63-85.74), and an AUC of 0.85 (95% ClI:
0.811-0.892). Figure 3 displays the progres-
sion of the OOB error over iterations.

For the XGBoost model, sensitivity was
88.65% (95% ClI: 85.05-92.19), specificity

Table 1. The most significant radiomics
parameters based on LASSO regression

Parameter Stanc.ia.rdized
coefficient
Small dependence emphasis 0.207
Coarseness 0.180
Run percentage 0.166
Mean absolute deviation —-0.140
er;oga;gir; high gray level ~0.4120
90* percentile —0.088
Interquartile range —-0.083
Least axis length 0.074
Cluster shade —0.062
Run length non-uniformity 0.059

LASSO, least absolute shrinkage and selection
operator.

04+

0.35

03

OOB error evolution

QOB error
—

L
»

0.15

vl

0,05

©
»
S

40 0 80

Number of trees

100 120 140 160 180 200

| —0 —1

Overall

Figure 3. Evolution of the out-of-bag (OOB) error in the random forest classifier. The x-axis represents the
number of constructed trees, and the y-axis indicates the error rate. The red curve corresponds to the error
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was 92.55% (95% Cl: 89.4-95.6), and the AUC
reached 0.919 (95% Cl: 0.887-0.951). Figure 4
illustrates the gain and lift curves associated
with the model.

Decision tree analysis demonstrated a
sensitivity of 90.24% (95% Cl: 86.41-93.85),
a specificity of 88.75% (95% Cl: 85.05-92.55),
and an AUC of 0.887 (95% Cl: 0.861-0.914).
Figure 5 presents the corresponding gain
and lift curves.

Performance of the combined clinical-ra-
diomics model

Although the clinical-only model demon-
strated limited predictive performance,
with an AUC of 0.642 (95% Cl: 0.581-0.703),
integrating clinical parameters into the ra-
diomics-based XGBoost model resulted in
a significant improvement. The combined
clinical-radiomics model achieved the high-
est diagnostic performance, yielding an AUC
of 0.934 (95% Cl: 0.902-0.966), a sensitivi-
ty of 90.2%, and a specificity of 94.1%. This
combined approach outperformed the ra-
diomics-only XGBoost model (AUC: 0.919),
highlighting the synergistic value of clinical
variables in predicting drainage success. De-
Long’s test demonstrated that the combined
clinical-radiomics model achieved a statisti-
cally significantly higher AUC than all other
models (Table 2).
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Decision curve analysis

Decision curve analysis showed that the
combined model provided the highest net
benefit across most threshold probabilities
(Figure 6). The radiomics-only model also
performed well but remained below the
combined model. In contrast, the clinical-on-
ly model showed a lower net benefit and
more limited clinical usefulness than the oth-
er models. Both the combined and radiom-
ics-only models outperformed the “treat all”
and “treat none” strategies over a wide range
of threshold probabilities.

Discussion

This study explores the potential of radio-
mics-based machine learning models, de-
rived from venous phase CECT, to predict the
drainage success of PTA. Among the evaluat-
ed algorithms, the XGBoost model exhibited
the highest diagnostic performance with
an AUC of 0.919, followed by SVM (0.899)
and the decision tree (0.887). These results
suggest that quantitative radiomics analysis
may capture subtle internal characteristics of
peritonsillar collections that are not readily
apparent to the human eye, potentially of-
fering a non-invasive tool to inform clinical
decision-making and reduce unnecessary
invasive procedures.

Parlak et al.
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Table 2. Diagnostic performance comparison of the models and DeLong’s test results

Model type AUC (95% CI) Sensitivity (recall) (%)  Specificity (%) Precision (%) F1 score \l?aelll.jzr;g’s 7
Clinical only 0.642 (0.581-0.703) 62.4% 58.1% 64.8 0.636 <0.001
SVM 0.899 (0.869-0.928) 87.1% 87.2% 89.4 0.882 0.038
Decision tree 0.887 (0.861-0.914) 90.2% 88.7% 90.8 0.905 0.029

RFC 0.850 (0.811-0.892) 88.3% 82.2% 86.0 0.871 0.012
XGBoost 0.919 (0.887-0.951) 88.6% 92.5% 93.6 0.910 0.046
XGBoost + clinical 0.934 (0.902-0.966) 90.2% 94.1% 95.0 0.925 Reference

P values represent the statistical comparison of each model’s AUC against the combined model (reference) using DeLong'’s test. A P value <0.05 indicates a statistically significant
difference in diagnostic performance. AUC, area under the curve; Cl, confidence interval; SVM, support vector machine; RFC, random forest classifier; XGBoost, extreme gradient

boosting.

Radiomics for peritonsillar abscess drainage prediction «



Decision Curve Analysis (DCA)

0.6
= Combined Model
—== Radiomics-only Model
----- Clinical-only Model
05— Treat All
_________________ —— Treat None
0.4
g 03—
o
C
[
m
@
Z 02
0.1
0.0
Obo 02 0.4 06 1.0

Threshold Probability

Figure 6. Decision curve analysis showing the net benefit of the clinical model, radiomics model, and

combined clinical-radiomics model across a range of threshold probabilities, along with the “treat al

|

and

“treat none” strategies. The combined model demonstrates superior clinical utility across most threshold

probabilities.

In this study, CT-based radiomics features
were analyzed in conjunction with clinical
parameters—including age, sex, trismus, and
uvula deviation—to evaluate their collective
contribution to predicting drainage success
in PTA. The combined clinical-radiomics
model demonstrated an AUC of 0.934, com-
pared with 0.919 for the radiomics-only mod-
el. This observation suggests that while radio-
mics captures internal lesion heterogeneity,
clinical variables provide additional context
that contributes to the model’s overall pre-
dictive performance and clinical applicability.
The inclusion of clinical signs such as trismus
and uvula deviation is relevant, as these find-
ings are traditional indicators of PTA severi-
ty. Although these clinical parameters alone
showed limited predictive value in our cohort
(AUC: 0.642), their integration with radiomics
data suggests a multi-dimensional approach
to evaluating peritonsillar collections.

We utilized I&D as the reference standard
to potentially reduce the technical uncer-
tainties associated with needle aspiration,
such as needle malposition, the limitations
of small-gauge needles in aspirating viscous
material, or the presence of multiloculated
septations. This approach was intended to
provide a more consistent ground truth for
our models by focusing on the intrinsic char-
acteristics of the collection rather than pro-
cedural variables.

The management of PTA traditionally re-
lies on the identification of a rim-enhancing
collection on CECT to justify needle aspira-
tion or 1&D.** However, the diagnostic accu-
racy of CECT in identifying truly drainable
collections remains a subject of debate. Pre-
vious studies have reported that while CECT
is highly sensitive (approaching 100%), its
specificity and positive predictive value (PPV)
in identifying successful drainage outcomes
can be as low as 75%.*'° Hagelberg et al.,"® in
a recent meta-analysis, highlighted the sub-
stantial variability in the PPV of CECT for neck
abscesses, suggesting that the classic rim en-
hancement sign is not always synonymous
with the presence of freely drainable pus.

This diagnostic uncertainty often leads
to a “dry tap,” where no purulent material is
obtained despite radiological evidence of an
abscess. This challenge is echoed in previous
literature, where reported false-positive rates
for identifying drainable collections range
from approximately 20% to 25%, reflecting
the inherent limitations of conventional di-
agnostic standards.®’ In our cohort, 44.7%
(42/94) of the cases resulted in a non-drain-
able outcome—a rate higher than these re-
ported averages. This discrepancy likely re-
flects the complex nature of cases managed
at our tertiary center, where collections may
represent more organized or viscous materi-
al that is resistant to successful drainage.®
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Our findings align with and extend re-
cent research into predictive markers for PTA
drainage. Although previous studies have ex-
plored machine learning for PTA diagnosis or
surgical intervention prediction using clinical
and conventional imaging features,®?? to our
knowledge, this is the first study to utilize CT
radiomics-based machine learning to predict
the success of PTA drainage. For instance,
Wilson et al.?? developed a machine learn-
ing model incorporating clinical symptoms
and findings—such as trismus, neck pain,
and otalgia—to predict PTA, demonstrating
moderate predictive performance with an
accuracy of up to 0.72. However, clinical signs
are often subjective and may not always
clearly differentiate collections requiring
drainage from those that do not. In contrast,
our approach leverages high-dimensional
quantitative data directly from the lesion.
Li et al.? recently identified that specific CT
findings, such as soft palate effacement,
continuous ring enhancement, and larger
abscess size, are significantly associated with
successful drainage. Although conventional
imaging features are clinically valuable, they
are inherently subject to interobserver vari-
ability and may not adequately capture the
internal structural complexity of an abscess.

The role of imaging in predicting drain-
ability has also been explored through other
modalities, most notably ultrasound (US). Kim
et al.”® and Costantino et al.** have shown that
intraoral US has high sensitivity but moderate
specificity in identifying PTA, with the advan-
tages of being radiation-free, cost-effective,
and capable of real-time visualization of flu-
id dynamics to assess the presence of drain-
able pus. However, the application of US can
be technically challenging in patients with
severe trismus and is inherently operator-de-
pendent. Although US remains a preferred
initial tool for many clinicians due to its acces-
sibility, CT is frequently performed in clinical
practice to evaluate the extent of the infection
into deeper neck spaces or when the diagno-
sis remains ambiguous. Our radiomics-based
approach aims to enhance the utility of these
already-acquired CT scans by providing a
level of content characterization that tradi-
tional visual inspection might lack. Feature
groups such as the GLCM and GLSZM, which
contributed to our selected model features,
quantify the spatial relationships and distri-
bution patterns of voxel attenuation values.
These parameters likely reflect the internal
heterogeneity of the abscess cavity, enabling
differentiation between freely drainable pu-
rulent collections and more organized, highly
viscous, or septated components.!'2

Parlak et al.



The XGBoost model achieved the best
performance among the evaluated algo-
rithms, consistent with its success in other
radiomics applications. Its ability to handle
non-linear relationships and its robust reg-
ularization parameters make it particularly
well-suited for high-dimensional radiomics
datasets.”® The high specificity achieved by
our models (up to 92.5% for XGBoost) is rel-
evant from a clinical perspective. In the con-
text of PTA, high specificity results in a low
rate of false positives for drainage, effectively
identifying patients who are unlikely to ben-
efit from an invasive procedure. By opting for
conservative medical management in these
cases, clinicians can avoid the risks of iatro-
genic bleeding, pain, and injury to the inter-
nal carotid artery.?

Despite the promising results, this study
has several limitations. First, its retrospec-
tive, single-center design and relatively small
sample size may limit the generalizability of
the findings. Although we employed boot-
strapping and cross-validation to ensure
model robustness, external validation in
larger, multi-center prospective cohorts is
essential to confirm broader applicability.
Second, the manual segmentation process,
though reviewed by experienced radiolo-
gists, is time-intensive and inherently prone
to interobserver variability. The integration
of automated or semi-automated segmenta-
tion tools in future iterations could improve
efficiency, minimize observer dependency,
and facilitate clinical adoption. Third, the
retrospective nature of the study led to in-
complete clinical data. Although trismus and
uvula deviation were included in the analy-
sis, they were documented for only 84% and
87% of the cohort, respectively. Furthermore,
other relevant parameters—such as symp-
tom duration and specific laboratory mark-
ers—could not be analyzed due to missing
records. Future prospective studies utilizing
standardized clinical reporting protocols
may further refine and improve model per-
formance.

In conclusion, radiomics-based machine
learning models offer a highly accurate,
quantitative approach to predicting drain-
age success in PTA. By identifying non-drain-
able collections before intervention, this
method has the potential to optimize treat-
ment strategies, reduce patient morbidity,
and enhance the efficiency of emergency
care delivery. Future research should priori-
tize prospective validation and the develop-
ment of intuitive software interfaces to sup-
port real-time clinical decision-making.
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