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Abstract: Preoperative differentiation between benign and
malignant parotid tumors is challenging but can influence
treatment and outcome. In this proof-of-concept study, we in-
vestigated multimodal AI-based classification combining clin-
ical tabular data and ultrasound images, comparing unimodal
and multimodal approaches for binary benign–malignant clas-
sification. The study included 594 patients with parotid tu-
mors (449 benign, 145 malignant) after preprocessing. The
image-only classifier achieved 0.73 accuracy at image level
and 0.75 after patient-level aggregation. The tabular model
reached 0.88 accuracy, while the multimodal model main-
tained this accuracy with a slightly improved weighted F1-
score (0.89) and malignant recall of 0.93. These results suggest
that image-derived features provided complementary informa-
tion, primarily improving sensitivity for malignant tumors.

Keywords: parotid tumors, image classification, multimodal
data analysis

1 Introduction

Preoperative differentiation between benign and malignant
parotid tumors remains challenging, as the criteria used for
classification are often ambiguous. Accurate preoperative as-
sessment can improve patient outcomes by avoiding unneces-
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sary surgery, guiding treatment planning and informing patient
counseling.

In routine practice, this assessment relies on clinical ex-
amination, ultrasound, and, when needed, cytology and cross-
sectional imaging [1]. In this work, we investigate whether
combining clinical tabular and ultrasound imaging data can
improve automated benign–malignant classification.

Recent artificial intelligence studies on parotid tumor dif-
ferentiation have mostly focused on single imaging modali-
ties, including T2-weighted MRI [4], contrast-enhanced CT
[6], and ultrasound-based models, incorporating selected clin-
ical variables [8, 10]. However, explicit fusion of routine clini-
cal tabular data with ultrasound for benign–malignant classifi-
cation has not been studied. An existing multimodal approach
with ultrasound has addressed differentiation between benign
subtypes rather than malignancy detection [2]. This gap moti-
vates the present study.

2 Materials and Methods

2.1 Data

A single-center 658 patient retrospective study was conducted
at the University Hospital Augsburg. Patient data routinely
collected for tumor type assessment was included alongside
ultrasound images acquired in B-mode, Doppler, and elastog-
raphy. As B-mode was the only modality available for all pa-
tients, subsequent analyses were restricted to those images.

The tabular dataset comprises clinical data with
histopathologically confirmed benign or malignant parotid
tumors, distributed across the following subclasses: benign
(pleomorphic adenoma (PLA), cystadenolymphoma (Warthin
tumor), other) and malignant (mucoepidermoid carcinoma
(MUC), malignant lymphoma (LYM), other). It also includes
the pre-operative binary malignancy prediction by the treating
physician.

The ultrasound dataset comprised 658 patients, with im-
ages acquired as both standalone frames and video sequences
(1,071 videos in total), corresponding to 5,694 benign and
2,037 malignant unprocessed images (Tab. 1). One patient
with a malignant tumor had no matching tabular record and
was excluded.
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Tab. 1: Data distribution between tumor subclasses, differentiated
between number of patients and images before (raw) and after

preprocessing (prepr.).

Tumor 𝑁(𝑝𝑎𝑡.) 𝑁(𝑖𝑚𝑔.) 𝑁(𝑝𝑎𝑡.) 𝑁(𝑖𝑚𝑔.)

subclass 𝑟𝑎𝑤 𝑟𝑎𝑤 𝑝𝑟𝑒𝑝𝑟. 𝑝𝑟𝑒𝑝𝑟.

Benign 507 5,694 449 3,494
PLA 159 1,880 140 1,166
Warthin 224 2,366 196 1,358
Other 124 1,448 113 970

Malignant 151 2,037 145 1,044
MUC 5 446 5 240
LYM 19 403 19 117
Other 127 1,188 121 687

2.2 Data preprocessing

A subset of the imaging data contained non-anatomical arti-
facts, including text annotations, measurement overlays, and
color Doppler and elastography visualizations. Preprocessing
therefore comprised image cropping, removal of Doppler and
elastography frames, and text/measurement suppression via
the inpainting tool IOPaint [3]; images requiring inpainting
of more than 10% of the area were discarded. Tabular data
preprocessing included removal of incomplete rows and one
duplicated patient, yielding 594 patients (449 benign, 145 ma-
lignant; Tab. 1).

The tabular dataset was split into train/validation/test sets
(80%/10%/10%), stratified by tumor subclass (Tab. 2).

Tab. 2: Data distribution between tumor subclasses, differentiated
between number of patients in train/validation/test splits.

Tumor subclass 𝑁(𝑝𝑎𝑡.𝑡𝑟𝑎𝑖𝑛) 𝑁(𝑝𝑎𝑡.𝑣𝑎𝑙) 𝑁(𝑝𝑎𝑡.𝑡𝑒𝑠𝑡)

Benign 358 46 45
PLA 112 14 14
Warthin 156 20 20
Other 90 12 11

Malignant 116 14 15
MUC 4 0 1
LYM 15 2 2
Other 97 12 12

Images were then assigned to the split of their correspond-
ing patient. To align the datasets and prevent patient informa-
tion leakage, we matched the images to corresponding patient
and used train-validation-test split by patient described above,
expanding to the image level afterwards. Following that, 3,494
out of 5,694 benign and 1,044 out of 2,037 malignant images
were retained (Tab. 1).

2.3 Unimodal classification: tabular
classifier

Our tabular classifier is based on the following features: skin
tumor history, age, preoperative facial nerve paresis, smoking
status, and gender. These features are typically used in a clini-
cal setting to predict tumor entity pre-operatively.

The test set was held out for final evaluation, and train and
validation sets were combined into one set to perform training
using cross-validation.

We used gradient-boosted decision trees classifier (XGB-
Classifier [9]) as it is fast and well-established for tabular data.
For hyperparameter tuning we applied randomized search with
cross-validation with 3 folds (randomizedSearchCV [5]). Fol-
lowing parameter search, the model was fit with best parame-
ters on the whole training/validation set.

2.4 Unimodal classification: image
classifier

We used a ResNet-18 model initialized with ImageNet-
pretrained weights [7]. During training weighted sampling was
used to help class imbalance. Following training, the probabil-
ity threshold was fine-tuned to better fit the model uncertainty.
The model predicted malignant class probabilities in range of
0.44± 0.18 on the validation set, so the threshold was chosen
to represent the best F1-score.

The training and fine-tuning of the image classifier were
done using training and validation set, with test set being held
out for the final evaluation only.

2.5 Multimodal classification: combined
tabular and image classifier

Rather than using hard image-level predictions (be-
nign/malignant) in multimodal classification, we incorporated
statistics of the raw predicted malignancy probabilities ag-
gregated per patient: mean, standard deviation, minimum,
maximum, and total number of images. These statistics were
appended to the tabular feature set and used to train a new
tabular classifier.

To avoid leakage, image-derived features for the train split
were generated via stratified 5-fold cross-predictions; valida-
tion and test features came from the main unimodal image
classifier directly.
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3 Results

3.1 Tabular classifier

Although the model achieved a good discriminative perfor-
mance (Accuracy 0.88, Tab. 3), classification of malignant tu-
mors was less robust than classification of benign tumors, with
a recall of 0.80 for malignant tumors and a recall of 0.91 for
benign tumors, indicating that malignant cases remained more
challenging to detect reliably.

Tab. 3: Classification report on the test set for tabular classifier.

Class Precision Recall F1-score Support

Benign 0.93 0.91 0.92 45
Malignant 0.75 0.80 0.77 15

Accuracy 0.88 60
Macro avg 0.84 0.86 0.85 60
Weighted avg 0.89 0.88 0.88 60

Malignant tumor distribution is dominated by the subclass
"Other" (Tab. 1), which often uses skin tumor history features
for predictions in clinical settings. This can also be observed
when looking at the feature relevance (Tab. 4).

Tab. 4: Features ranked by normalized gain for tabular classifier.

Feature Normalized gain (%)

Skin tumor history 66.33
Preoperative facial nerve paresis 13.57
Smoking status 10.93
Age 6.55
Gender 2.62

3.2 Image classifier

The image-level classifier achieved an accuracy of 0.73 and
weighted F1-score of 0.74, performing better on benign than
malignant images. Malignant precision was notably lower
(0.48), indicating a tendency toward false-positive malignant
predictions (Tab. 5).

Patient-level aggregation via mean malignancy probabil-
ity with a validation-tuned threshold improved overall perfor-
mance slightly: accuracy increased to 0.75 and weighted F1-
score to 0.76. Malignant recall improved substantially (from
0.66 to 0.80), though precision remained low. Benign preci-
sion improved at the cost of a slight recall decrease (Tab. 6).

Tab. 5: Classification report for image classifier, image-level

Class Precision Recall F1-score Support

Benign 0.87 0.75 0.81 247
Malignant 0.48 0.66 0.55 85

Accuracy 0.73 332
Macro avg 0.67 0.71 0.68 332
Weighted avg 0.77 0.73 0.74 332

Tab. 6: Classification report for patient-level aggregation of
image-level predictions.

Class Precision Recall F1-score Support

Benign 0.92 0.73 0.81 45
Malignant 0.50 0.80 0.62 15

Accuracy 0.75 60
Macro avg 0.71 0.77 0.72 60
Weighted avg 0.81 0.75 0.76 60

3.3 Combined classifier

The combined model showed strong test performance, achiev-
ing an accuracy of 0.88 and a weighted F1-score of 0.89 (Tab.
7). Compared with the image-only approaches, the combined
model clearly improved overall performance. Compared with
the tabular classifier, accuracy remained the same, while the
weighted F1-score increased slightly. Performance was excel-
lent for benign cases, with a precision of 0.97 and recall of
0.87. For malignant cases, recall was high (0.93), while pre-
cision was lower (0.70), indicating that most malignant cases
were detected, but some benign cases were incorrectly classi-
fied as malignant.

Tab. 7: Classification report on the test set for combined model.

Class Precision Recall F1-score Support

Benign 0.97 0.87 0.92 45
Malignant 0.70 0.93 0.80 15

Accuracy 0.88 60
Macro avg 0.84 0.90 0.86 60
Weighted avg 0.91 0.88 0.89 60

Feature importance analysis showed that skin tumor his-
tory remained the strongest individual predictor (33.40% nor-
malized gain), though lower than in the unimodal tabular clas-
sifier (66.33%; Tab. 4). Aggregated image-based features col-
lectively contributed 35.87% of normalized gain, with mean
predicted probability ranking second overall, suggesting that
image-derived information added relevant predictive value be-
yond the clinical variables (Tab. 8).

261



V. Kondratyeva et al., Multimodal Classification of Parotid Tumors

Tab. 8: Features ranked by normalized gain for combined model.

Feature Normalized gain (%)

Skin tumor history 33.40
Mean predicted probability 18.18
Preoperative facial nerve paresis 11.23
Smoking status 9.49
Minimum predicted probability 6.37
Age (years) 6.27
Standard deviation of predicted probability 4.07
Maximum predicted probability 3.77
Gender 3.74
Number of images 3.48

Physicians correctly identified 97.7% of benign and
80.0% of malignant tumors on the test set, missing 20.0% of
malignant cases. The model showed higher malignant sensi-
tivity (93.3%) but lower benign specificity (86.7%), reflecting
a shift toward fewer missed malignancies at the cost of more
false-positive predictions (Tab. 9).

Tab. 9: Correct classification rates (column-normalized) for
physician assessment and the combined model, on the full

dataset and test set.

Prediction Physician Physician Model
all test test

Correctly benign 0.987 0.977 0.867
Correctly malignant 0.785 0.800 0.933

4 Discussion

Incorporating image classifier outputs slightly improved over-
all performance: accuracy remained at 0.88 while weighted
F1-score increased from 0.88 to 0.89. The main gain was in
malignant recall (0.80 to 0.93), at the cost of lower malig-
nant precision (0.75 to 0.70). Image-based features contributed
35.87% of normalized total gain, suggesting clinically relevant
information can be extracted even from suboptimal retrospec-
tive imaging when combined with clinical variables.

The combined model shifted toward higher malignant
sensitivity, which is desirable in a screening setting where
missing malignancies is particularly costly. However, the pre-
cision drop indicates that threshold tuning, calibration, or
class-balancing strategies merit further investigation. A key
limitation is the use of non-standardized clinical imaging;
while inpainting mitigated artifact contamination, it may in-
troduce information loss or bias. Future work includes fusion

strategy optimization and validation on larger, higher-quality
cohorts.
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