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A B S T R A C T

Introduction: Accurate preoperative localization of parathyroid glands (PGs) is crucial for patients with sec
ondary hyperparathyroidism scheduled for parathyroidectomy. However, despite its importance, localization 
remains challenging since current preoperative imaging modalities for PG localization vary in sensitivity and 
accessibility.
Materials and methods: In this study, we developed a deep learning model for PG identification using a dual- 
phase computed tomography (CT) dataset, including unenhanced CT and contrast-enhanced (CE) CT data, and 
validated the model’s sensitivity in clinical application. A retrospective study was conducted using 94 CT images 
obtained from 47 patients (one plain CT image and one CE CT image per patient). The data were randomly 
assigned to a training set (38 cases, 76 CT images) and a test set (9 cases, 18 CT images) based on per-patient 
splits. A three-dimensional U-Net model was trained using the training set and then validated using the test set. 
An analysis was conducted to compare the model’s and clinicians’ sensitivity in detecting PGs based on various 
imaging modalities. An error analysis and an intermodal imaging complementarity analysis were performed to 
provide references for subsequent model enhancement and application.
Results: The dual-phase CT model identified PGs with a diagnostic sensitivity of 94.44%. This was significantly 
higher than the sensitivity achieved by clinicians using ultrasonography (61.11%, P = 0.0013) and CT (72.22%, 
P = 0.0238). Additionally, the sensitivity achieved using the dual-phase CT model was comparable to that 
achieved using technetium-99m-methoxyisobutylisonitrile single-photon emission CT/CT (86.11%, P = 0.429). 
We also found that combining predictions from this model with other imaging modalities further improved the 
PG detection rates.
Conclusions: The study findings suggest that using a deep learning model with plain and CE CT data could 
improve PG identification prior to thyroidectomy or parathyroidectomy.

1. Introduction

Parathyroid carcinoma is a rare, low-grade but locally aggressive 
malignancy whose prognosis hinges on complete en-bloc resection at 
first surgery. When entirely removed, 5-year disease-specific survival 
reaches 78%–86%; if residual disease remains, approximately 30% 
experience local recurrence within 3 years and 25% develop distant 
metastases (lung, bone, etc), dropping 10-year survival to 49%–77%1. 

Tumor size and invasion into adjacent structures (thyroid, recurrent 
laryngeal nerve, cervical muscles) are the strongest predictors of re
currence and survival, outweighing age, sex, or nodal status. Thus, 
parathyroidectomy (PTx)—especially in patients with secondary hy
perparathyroidism (sHPT)—demands exquisitely accurate preoperative 
localization of the parathyroid glands (PGs).This condition affects ap
proximately 90% of individuals with chronic kidney disease and sig
nificantly increases mortality risk.2–5 However, preoperative 
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localization remains challenging: reliable imaging traditionally requires 
extensive physician expertise and time-intensive manual reviews, in
creasing surgical uncertainty and the risk of complications.4 Pre
operative localization failures increase the risk of inadvertent PG re
section during PTx, which is the primary cause of postoperative 
hypoparathyroidism (a common complication in thyroid cancer sur
gery). Transient and permanent postoperative hypoparathyroidism 
occur in 6.9%–49% and 0.4%–33% of cases, respectively, with per
manent postoperative hypoparathyroidism severely impairing quality 
of life.6 Currently, this condition is mainly managed with medication; 
however, long-term supplementation with calcium and vitamin D 
analogs may lead to progressive nephrocalcinosis and, subsequently, 
renal insufficiency.7–9 Thus, reliable preoperative PG localization is 
crucial for guiding intraoperative protection, reducing accidental re
section, and minimizing iatrogenic injury during thyroid cancer sur
gery.10–13

Conventional modalities for PG localization include ultra
sonography (US), methoxyisobutylisonitrile (MIBI) scintigraphy, mag
netic resonance imaging, and computed tomography (CT).14–17 tech
netium-99m-MIBI (99mTc-MIBI) scintigraphy is widely used for accurate 
localization at low radiation doses but exhibits low standalone detec
tion rates, limiting its sensitivity for multiple PG lesions.18 Fusing 
single-photon emission CT/CT (SPECT/CT) with MIBI to integrate 
functional and anatomical imaging can improve accuracy,18 but 99mTc- 
MIBI SPECT/CT equipment is costly, restricting accessibility and im
posing financial burdens on patients. US, although valuable, is op
erator-dependent and has low resolution. CT is less operator reliant, not 
constrained by the insonation angle, and more cost-effective and ac
cessible than MIBI nuclear scanning.

Recent advances in artificial intelligence (AI) have shown pro
mise for enhancing PG localization. Previous studies exploring AI 
models based on different algorithms and imaging techniques have 
demonstrated their potential to promote surgical outcomes.19–21 For 
example, AI-based multimodal strategies improved the localization 
of bilateral upper and lower PGs before PTx.18 Specifically, Greene 
et al.22 compared the accuracy of a bidirectional long short-term 
memory network and a support vector machine in identifying para
thyroid adenomas using four-dimensional CT scans of patients with 
hyperparathyroidism, finding that the bidirectional long short-term 
memory network outperformed the support vector machine when 
using both morphology and enhancement information. Ezenekwe 
et al.23 identified quantifiable dimensional and texture features in 
four-dimensional CT images to distinguish adenomas from sur
rounding tissues. However, these machine learning methods lose 
partial three-dimensional (3D) voxel information, limiting their ap
plication to spatial data. Griffith et al.24 further noted that pre
operative localization of PGs in primary hyperparathyroidism pa
tients using dual-phase CT was challenging for physicians, with 
sensitivity and specificity for multigland disease being 22.9% and 
79.5%, respectively.

Notably, there are additional difficulties in establishing multimodal 
frameworks: cross-modality registration issues, data collection barriers 
(strict governance and patient privacy concerns), reliance on expert 
surgeon annotations for accurate labeling, and high equipment costs. 
Unlike prior studies focusing on the intraoperative identification and 
preservation of healthy PGs, the aim of this study was to achieve precise 
preoperative identification of all PGs in sHPT patients using AI-in
tegrated dual-phase CT (with non-contrast [plain] and contrast-en
hanced [CE] data). The primary objective was to develop a simplified 
system to enhance PG localization sensitivity while reducing equipment 
and patient costs. The secondary objective was to analyze the com
plementarity between the model’s and clinicians’ PG identification 
sensitivity across imaging modalities.

Integrating preoperative diagnosis with AI-based dual-phase CT 
modeling showed promise for improving localization sensitivity, 
making three key contributions: 

(1) An end-to-end 3D U-Net segmentation model based on dual- 
phase CT: The model directly modeled 3D voxel blocks of CT and 
output segmentation predictions for PGs, fully preserving CT spatial 
information, implicitly extracting “basic anatomical contour fea
tures” from plain CT scans and “vascular-glandular enhancement 
difference features” from CE CT scans.

(2) Complementarity analysis across multiple imaging modalities: 
Quantitative analysis clarified the necessity of multimodal in
tegration by defining their complementary roles.

(3) A practical preoperative localization tool for PTx: Segmentation 
results showed that automatically generated 3D visualization of PGs 
could assist physicians with preoperative planning and reduce in
traoperative exploration time.

Despite these advances, challenges remain, including distinguishing 
PGs from adjacent tissues and shortening surgeons’ learning curves. 
Developing an intelligent algorithm capable of detecting all PGs via CT 
would significantly advance surgical practice, streamline training, and 
guide precise dissection.

Beyond technical performance, the present study addresses three 
unmet clinical needs. First, persistent hypoparathyroidism remains the 
most frequent severe complication after total thyroidectomy or PTx, 
with permanent rates of 0.4%–33% and a claims-database prevalence as 
high as 20% in malignant disease.25–28 Every additional gland that is 
inadvertently removed or devascularized increases this risk; thus an 
ultra-sensitive, CT-based AI map generated the day before surgery can 
be immediately fused with neuronavigation or mixed-reality headsets 
to provide real-time “do-not-cross” boundaries, reducing iatrogenic 
injury without prolonging operative time. Second, global inequity in 
MIBI-SPECT/CT availability leaves many sHPT patients—especially 
those on long-term hemodialysis—under-localized and subjected to 
repeated neck explorations. A deep-learning model that runs on stan
dard dual-phase CT (available in most district hospitals) offers “ima
ging-level accuracy at CT-level cost”, making high-quality localization 
accessible to low-resource regions and sparing patients the extra ra
diation, travel and expense of nuclear scans.Third, from a surgical 
training perspective, the 3D heat-map output can be integrated into pre- 
operative briefings or AR simulators, shortening the learning curve for 
junior surgeons who traditionally need >150 cases to reach expert 
recognition rates. In high-volume endocrine centers the same tool may 
serve as a quality-assurance metric, benchmarking individual surgeons 
against an objective AI reference and thereby standardizing care. Col
lectively, translating this algorithm into routine workflow could shift 
the current paradigm from “experience-dependent anatomical search” 
to data-driven, patient-specific gland preservation, ultimately lowering 
the incidence of permanent hypoparathyroidism, reducing re-opera
tions and improving long-term quality of life.

2. Materials and methods

2.1. Data collection and annotation

This study was based on retrospectively collected data (January 
2020–April 2022) provided by the Department of Endocrine Surgery at 
the First Affiliated Hospital of Zhejiang University School of Medicine 
in China. The Institutional Review Board approved the study (Approval 
No.: IIT20230210B-R1). Patients diagnosed with sPHT who underwent 
both plain and CE CT examinations for preoperative PG localization 
were included in the study. Individuals lacking complete diagnostic 
data were excluded, resulting in 47 patients and 94 CT scans. The da
taset was randomly partitioned into training and test sets at an 8:2 
patient ratio. Specifically, the training set contained 76 scans from 38 
patients, while the test set included 18 scans from 9 patients. For each 
patient, both plain and CE CT images were acquired using a multi
detector CT scanner (Philips Brilliance iCT, Amsterdam, Netherlands) 
with the following scanner parameters: 3.0 mm collimation, 3.0 mm 
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reconstruction interval, 200 mA tube current, and 120 kVp voltage. All 
CE CT scans were obtained using an intravenous contrast agent 
(Iohexol; GE Healthcare, Milwaukee, WI). The injection protocol spe
cified an injection rate of 3 mL/s with a total injection volume calcu
lated as 1.0 mL/kg of the patient’s weight. All images were re
constructed with a matrix size of 512 × 512 pixels. The median number 
of slices per scan (using both plain and CE CT) was 83 in the training set 
and 67 in the test set. Table 1 summarizes the demographic and clinical 
characteristics of the patients in both cohorts.

The PG ground truth was pathologically confirmed by the surgeon 
during thyroidectomy or PTx. The original data in DICOM format were 
converted to NIfTI format using SimpleITK software to facilitate an
notation and subsequent modeling. Subsequently, the surgeon who 
performed the PTx delineated the PG locations slice by slice on both 
plain and CE CT images using ITK-SNAP software (Figure 1A).29 The 
annotated PG regions were assigned a value of 1 to represent the 
foreground class, whereas the remaining background regions were as
signed a value of 0. These binarized masks then served as learning 
targets for the subsequent deep learning-based model.

2.2. Model details

The modeling pipeline involved four phases: data preprocessing, 
network architecture selection, model training, and inference. For the 
training and inference setups, CT images were preprocessed. Data 
augmentation was performed to enhance model generalizability using 

rotation, mirroring, scaling, Gaussian noise, Gaussian blur, brightness 
and contrast adjustment, low-resolution simulation, and gamma cor
rection. U-Net architecture (Figure 1B)—widely used for computer vi
sioning—was employed to capture image features.30 Through an en
coder–decoder network, U-Net extracted features from training data via 
mechanisms such as instance normalization, the leaky rectified linear 
unit function, skip connections (to avoid loss of information), and deep 
supervision (to enhance regularization for accuracy and improve fea
ture learning from small-sized training data). Specifically, a 3D full- 
resolution U-Net served as the backbone to minimize the loss of image 
resolution. The Dice and cross-entropy loss functions were used to op
timize the model’s parameters during the training phase, with loss 
weights progressively reduced. The final training loss (L) is defined as 
the sum of losses at five resolution levels, with weights (w) decreasing 
by half at each level:

L = w1 × L1 + w2 × L2 + … + w5 × L5. Weights were normalized 
to sum to 1, and w5 was set at 0 due to its lowest information content at 
the final resolution. By satisfying w2 = ½ × w1, w3 = ¼ × w1, …, and 
w1 + w2 + … + w5 = 1, the respective weights were derived as 0.53, 
0.27, 0.13, 0.07, and 0 (rounded to two decimal places), facilitating the 
differential exploitation of information across layers.

Based on the training set (Table 1), the model was optimized using 
the stochastic gradient descent optimization algorithm with Nesterov 
momentum (µ = 0.99), a polynomial learning rate schedule (initial 
learning rate = 0.01), and a batch size of 2. Additional pipeline details 
included 1,000 training epochs (250 mini-batches per epoch), fore
ground oversampling, an inference procedure involving sliding win
dows with half-patch size overlap, and Gaussian patch center 
weighting.

Furthermore, to optimize the training process by assessing model 
overfitting and adjusting training strategies, and to evaluate model 
stability during the training phase, five-fold cross-validation was per
formed on the training set (Table 1). Due to the limited amount of data, 
cross-validation is used not only to optimize the training hyperpara
meters, but also to assess the algorithm’s robustness against data se
lection bias. During the five-fold cross-validation, the models achieving 
the highest Dice scores for their respective validation sets across mul
tiple training iterations within each fold were then evaluated using the 
test set. After determining the training hyperparameters based on the 
training set in Table 1, the final model was obtained using the training 

Table 1 
Demographic and clinical details of the study patients. 

Characteristics Training set 
(n = 38)

Test set 
(n = 9)

Gender, n (%)
Male 21 (55.3%) 5 (55.6%)
Female 17 (44.7%) 4 (44.4%)
Age (mean ± SD) (years) 48.3  ±  10.61 49.0  ±  10.22
Duration of onset (mean ± SD) (years) 8.8  ±  4.52 6.89  ±  3.1
Number of PGs 151 36

Abbreviations: 1. PGs: parathyroid glands 2. SD: standard deviation.

Figure 1. Overall pipeline schematic. A: Data labeling illustration chart. B: End-to-end training of 3D U-Net, with “2 ×” denoting two stacked “3 × 3 × 3 con
volution → ReLU → Batch Normalization” blocks. C: Model prediction visualization. D: Performance evaluation and comparison error analysis. Abbreviations: 1. CT: 
computed tomography 2. 3D: three-dimensional 3. ReLU: rectified linear unit.
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configuration described above. This model was utilized for performance 
evaluation and comparison.

When the trained model inferred CT voxel data, it output a con
fidence score for each voxel, representing the probability that the voxel 
is a PG. Using a 0.5 confidence threshold, voxels with scores ≥0.5 were 
labeled as PGs (1), and those with scores < 0.5 as background (0), 
yielding a binary mask.

2.3. Performance evaluation

To assess the model’s predictive performance, its efficacy was 
evaluated using a test set at both the pixel and PG levels (Figure 1D). At 
the pixel level, a pixel that the model predicted to be a PG was con
sidered a true positive if it was located within the manually annotated 
region; otherwise, it was deemed a false positive. For the PG-level 
evaluation, a Python package (connected-components-3d, version 
3.10.3)31 was used to generate 3D multilabel connected-component- 
labeled images based on the binary mask output by the model. The 
predicted PGs were then extracted from these images based on distinct 
mask values (Figure 1C). 50% volumetric overlap is typically required 
to define a true positive. To align with standard organ-level detection 
metrics, a predicted PG was considered a true positive only if its voxel- 
level intersection with the manually labeled region exceeded 50% of 
the total voxels within that label; otherwise, the prediction was clas
sified as a false positive.

Metrics, including the Dice score, precision (equivalent to a positive 
predictive value), recall, F1 score, false discovery rate (FDR), and false 
negative rate (FNR), were used to evaluate performance at both the 
pixel and PG levels. Since the Dice score is primarily used as a pixel- 
level metric for semantic segmentation, it was not calculated for the PG 
level; instead, the F1 score was adopted as a comprehensive metric. 
Notably, when combining detection results across different modalities 
to analyze PG identification sensitivity and intermodality com
plementarity, a PG was considered successfully identified if it was de
tected via any modality; otherwise, it was classified as missed.

2.4. Statistical analysis

Statistical analysis and data visualization were performed using 
Python and GraphPad Prism version 9 (GraphPad Software, San Diego, 
CA, United States) software. Fisher’s exact test was used to compare the 

categorical variables between the groups. Potential significant differ
ences in PG identification sensitivity between models and individuals 
across different modalities were evaluated. Furthermore, whether 
combining two modalities (rather than using a single modality) sig
nificantly improves PG identification sensitivity was assessed. A two- 
sided P value < 0.05 was considered statistically significant.

2.5. Implementation details

The implementation of the modeling process described in the pre
vious section can be summarized as follows. Original DICOM files were 
converted to NIfTI format using SimpleITK 2.2.0.32 The model was 
implemented in Python 3.9.13 based on the PyTorch 1.9.0 frame
work.33 Model training and testing were conducted on NVIDIA Tesla 
V100 graphics processing units (GPUs) with 32 GB of GPU memory, 
using graphics card driver version 510.73.08 and NVIDIA® CUDA® 
Toolkit version 11.6. Data augmentation was performed using the Py
thon package batch generator 0.24. The additional Python libraries 
used included NumPy 1.24.2, SciPy 1.10.1, and pandas 1.5.3.34,35

3. Results

3.1. The AI model’s parathyroid identification efficiency

The model performance was evaluated at two levels (pixel and PG 
levels) using the test set. As shown in Table 2, regarding the model’s 
pixel-level performance, the Dice score, precision, recall, F1 score, FDR, 
and FNR were 58.74%, 72.12%, 51.72%, 60.24%, 27.88%, and 48.28%, 
respectively. At the PG level, the model achieved a precision of 87.14%, 
a recall of 74.39%, an F1 score of 80.26%, an FDR of 12.86%, and an 
FNR of 25.61%. In terms of inference speed, the model required ap
proximately 30 s to generate a prediction for a single CT scan. For dual- 
phase CT data (one plain CT and one CE CT), the model’s prediction 
time was approximately 1 min. To demonstrate the algorithm’s ro
bustness against potential performance bias caused by random data 
splitting, the model that achieved the best Dice score in each fold of 
cross-validation was evaluated using the test set (Table 3). The average 
F1 scores at the pixel level (60.29%, P = 0.9505) and the PG level 
(79.47%, P = 0.7154) exhibited no significant differences from the 
corresponding values of the current model (60.24% and 80.26%, re
spectively). The results of one-sample t-tests indicated that the model’s 

Table 2 
Performance evaluation of the model using the test set at the pixel and PG levels. 

Level Dice score (%) Precision (%) Recall (%) F1 score (%) FDR (%) FNR (%)

Pixel 58.74 72.12 51.72 60.24 27.88 48.28
PG / 87.14 74.39 80.26 12.86 25.61

Abbreviations: 1. FDR: false discovery rate 2. FNR: false negative rate 3. PG: parathyroid gland.

Table 3 
Performance of the five models generated by cross-validation using the test set at the pixel and PG levels. 

Level Folds Dice score (%) Precision (%) Recall (%) F1 score (%) FDR (%) FNR (%)

Pixel 1 60.78 71.54 55.20 62.32 28.46 44.80
2 56.07 56.09 60.39 58.16 43.91 39.61
3 58.24 65.72 55.15 59.97 34.28 44.85
4 57.45 69.18 51.45 59.01 30.82 48.55
5 58.54 68.42 56.69 62.01 31.58 43.31
mean 58.22 66.19 55.78 60.29 33.81 44.22

PG 1 / 87.14 74.39 80.26 12.86 25.61
2 / 68.75 80.49 74.16 31.25 19.51
3 / 89.55 73.17 80.54 10.45 26.83
4 / 85.07 69.51 76.51 14.93 30.49
5 / 95.52 78.05 85.91 4.48 21.95
mean / 85.21 75.12 79.47 14.79 24.88

Abbreviations: 1. FDR: false discovery rate 2. FNR: false negative rate 3. PG: parathyroid gland.
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performance remained consistent across multiple randomized trials, 
suggesting robustness against data selection bias. However, due to 
limited data, employing multiple models for cross-validation to assess 
robustness against data selection bias represented a compromise. Fur
ther validation using a larger prospective multicenter dataset would 
have been a more optimal approach.

In addition, we measured the centroid distance to evaluate the 
consistency of PG identification between the AI model and the manu
ally labeled ground truth by surgeons. The results showed that the 
pixel-level overlapping area of PGs identified by the two approaches 
was small, and the PG-level centroid distance between the two ap
proaches was approximately 1.28  ±  1.34 cm. Potential reasons for this 
inconsistency included differences in PG imaging characteristics be
tween plain and CE CT images, which resulted in varying degrees of 
blurring at the PG boundaries. The identification difficulty also varied 
between the two imaging types. Moreover, the subjective maturity of 
human labeling introduced additional uncertainty. Even for clinicians 
who performed PTx and had access to surgical records, there could be 
discrepancies in labeling the morphology and size of PGs between the 
two modalities for the same patient (Figure 2). Thus, we focused on 
identifying the primary location of the PGs rather than their exact size, 
although the estimated size of the labeled PGs remained a valuable 
reference.

3.2. Comparison of identification rates among CT, US, and 99mTc-MIBI 
SPECT/CT

Table 4 and Figure 3 present experienced clinicians’ rates of PG 
detection using various imaging modalities. Tc-MIBI SPECT/CT 
achieved the highest sensitivity at 86.11%, significantly outperforming 
that of US (61.11%, P = 0.0309). However, its sensitivity did not differ 
statistically from that of CT (72.22%, P = 0.2454).

For the AI model, the sensitivity scores were 77.78% and 69.44% for 
plain CT and CE CT data alone, respectively. Notably, when predictions 
based on both plain and CE CT data were combined, the sensitivity 
increased to 94.44%, which was significantly higher than the sensitivity 
of CT (P = 0.0238), US (P = 0.0013), or CE CT alone (P = 0.012). No 
significant differences in sensitivity were observed between the other 
modalities.

Plain CT exhibited a higher sensitivity than CE CT, although this 
difference was not statistically significant; the two modalities remained 
complementary. Combining them increased the number of detected PGs 
by 6 (relative to plain CT alone) and 9 (relative to CE CT alone), with 
corresponding sensitivity improvements of 16.66% and 25% compared 
to their individual sensitivities. Although the sensitivity of plain CT did 
not improve significantly (P = 0.0847), that of CE CT improved sig
nificantly (P = 0.012).

Figure 2. Example of complementarity between plain and contrast-enhanced CT images. Abbreviations: 1. CT: computed tomography 2. 2D: two-dimensional 3. 3D: 
three-dimensional.

Table 4 
Comparison of PG detection sensitivity between models and clinicians for different modalities. 

Modalities No. of identified PGs No. of missed PGs Sensitivity (%) FNR (%)

CT 26 10 72.22 27.78
US 22 14 61.11 38.89
99mTc-MIBI SPECT/CT 31 5 86.11 13.89
AI (pCT) 28 8 77.78 22.22
AI (CE CT) 25 11 69.44 30.56
AI (p&CE CT) 34 2 94.44 5.56

Abbreviations: 1. CT: computed tomography 2. US: ultrasonography 3. 99mTc-MIBI SPECT/CT: technetium-99m-methoxyisobutylisonitrile single-photon emission 
CT/CT 4. pCT: plain CT 5. CE CT: contrast-enhanced CT 6. p&CE CT: plain CT and contrast-enhanced CT integrated prediction 7. PGs: parathyroid glands 8. FNR: false 
negative rate 9. AI: artificial intelligence.
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3.3. Error analysis

As shown in Figure 4, we compared the PG locations predicted by 
the model with the corresponding ground truth. For the five PGs in
cluded in the error analysis, the model detected five PGs, whereas the 
ground truth detection confirmed only three PGs (Figure 4A and 4B). 
Specifically, the model accurately identified two of the three ground 
truth PGs, yielding three false positives and one false negative (Figure 
4C).

UpSet plots (Figure 5) clearly visualized disparities between the PGs 
detected by the model and those detected by experienced clinicians 
across modalities. The model missed two PGs, one of which was un
detected by all modalities (CT, US, and 99mTc-MIBI SPECT/CT). In 
contrast, experienced clinicians had higher rates of missed detection 
when interpreting images across modalities, raising cosiderable con
cerns about diagnostic accuracy. The results suggest that although 
different modalities were, to some extent, complementary, the model 
offered greater complementarity, providing clinicians with more pre
cise information about PG localization and ultimately improving PG 
detection sensitivity.

3.4. Analysis of intermodal complementarity

Overall, four PGs were visible on the plain CT images, whereas only 
three were visible on the CE CT images (Figure 2). One PG was indis
tinct from the surrounding tissues, rendering it difficult to identify. 
When both CT modalities were combined, all PGs were successfully 
detected, indicating the complementarity of the modalities and a sig
nificant improvement in the PG detection rate.

To further explore intermodality complementarity, we combined 
two modalities with comparable sensitivities. Sensitivities before and 
after the combination were compared to assess whether a significant 
improvement was achieved. Based on the available data, the results 
showed that AI support significantly enhanced the sensitivity of US 
imaging (Table 5).

4. Discussion

4.1. Performance of 3D U-Net

It is crucial for PGs in patients with sHPT to be accurately localized 
before PTx to minimize surgical risks and perioperative trauma, thereby 
facilitating postoperative recovery. Preoperative PG localization com
monly relies on medical imaging modalities, including US, CT, and  
99mTc-MIBI SPECT/CT. However, the efficacy of a single modality is 
limited: US is cost-effective but suffers from lower accuracy due to 
patient-specific variations, CT is widely accessible but has limited 
sensitivity, and 99mTc-MIBI SPECT/CT is effective but less accessible 
and involves radiation exposure from radioactive isotopes.

In this article, we proposed a dual-phase model to leverage plain and 
CE CT data based on a 3D U-Net-based semantic segmentation algo
rithm. The model leverages 3D voxel blocks as inputs and preserves the 
spatial topological information of CT data (e.g., morphological con
tinuity across slices and spatial relationships with the thyroid gland and 
blood vessels) via 3D convolutional operations. It harnesses the com
plementary effects of plain CT (which provides basic anatomical in
formation) and CE CT (which provides dynamic enhancement in
formation). The model directly outputs a 3D segmentation mask, 
facilitating end-to-end mapping from raw CT data to the spatial loca
tions of PGs. Quantitative analysis of intermodality complementarity 
clearly demonstrated the need for multimodal integration.

The model exhibited good sensitivity for PG identification, making it 
a useful tool for surgical planning. By combining plain and CE CT, the 
model achieved a sensitivity of 94.44%, outperforming clinician sen
sitivity based on CT or US alone or their combination with 99mTc-MIBI 
SPECT/CT. However, two PGs were not detected by the model: one was 
a small PG in a 60-year-old female patient, which adhered tightly to the 
thyroid gland and was thus indistinct on CT images; the other was an 
ectopic PG in a 48-year-old male patient, located deep in the left upper 
anterior mediastinum—an anatomical location underrepresented in the 
training data. Notably, all four PGs in the latter case were successfully 
identified by clinicians. Analyzing false predictions, particularly when 
incorporating spatial distribution features to reduce false positives 

Figure 3. Significance levels for sensitivity differences between different 
modalities. *, ** denote P  <  0.05 and P  <  0.01, respectively. Abbreviations: 
1. PGs: parathyroid glands 2. CT: computed tomography 3. US: ultrasonography 
4. 99mTc-MIBI SPECT/CT: technetium-99m-methoxyisobutylisonitrile single- 
photon emission CT/CT 5. AI: artificial intelligence 6. pCT: plain CT 7. CE CT: 
contrast-enhanced CT, 8. p&CE CT: plain CT and contrast-enhanced CT in
tegrated prediction.

Figure 4. Three-dimensional visualization of model predictions and gold standards. A: Gold standards. B: The model’s predictions. C: Prediction results of the model 
concerning the gold standards in the same spatial space. The colors blue, red, and green indicate a hit, a false positive, and a false negative, respectively.
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associated with ectopic PGs, helped improve the model. Overall, the 
dual-phase CT-based model showed potential as a valuable tool for 
preoperative PG localization to aid PTx planning.

Nevertheless, this study has several limitations. First, the sample 
size was small, and the data sets were derived from a single-center 
retrospective cohort; thus, the generalizability of the model and the 
robustness of our conclusions require further validation using larger 
prospective multicenter datasets. Additionally, the integration of dual- 
phase CT data into the current model relied solely on data-level fusion, 
which enabled the model to implicitly learn discriminative features 

from both phases. This implementation represented a relatively low- 
level, straightforward approach that did not allow image registration 
between plain and CE CT scans, placed no explicit constraints on in
terphase feature interactions, and failed to fully capture the inherent 
correlations and complementarity between the two CT phases.

4.2. Limitations and future directions

A principal limitation of the present study is the small test cohort (n 
= 9 patients, 18 CT scans), which reflects the real-world difficulty of 

Figure 5. UpSet plot of the distribution of PGs missed by clinicians and the model using different modalities. The distribution of red and black solid dots represents 
the distribution of PGs missed by clinicians and the model across different modalities, respectively. p&CE CT denotes diagnoses missed by the model based on plain 
CT and contrast-enhanced CT, whereas other modalities indicate diagnoses missed by clinicians. Abbreviations: 1. CT: computed tomography 2. p&CE CT: plain CT 
and contrast-enhanced CT integrated prediction 3. 99mTc-MIBI SPECT/CT: technetium-99m-methoxyisobutylisonitrile single-photon emission CT/CT 4. US: ultra
sonography.

Table 5 
Analysis of the gains in performance due to modal complementarity. 

Modality_1 Modality_2 Modality_1&2 Sensitivity_1&2 P value_1 P value_2 Sig_level_1 Sig_level_2

CT US CT + US 80.56 0.5798 0.1187 - -
CT 99mTc-MIBI SPECT/CT CT + 99mTc-MIBI SPECT/CT 88.89 0.1348 1.0000 - -
CT pCT CT + pCT 88.89 0.1348 0.3434 - -
CT CE CT CT + CE CT 86.11 0.2454 0.1552 - -
US pCT US + pCT 86.11 0.0309 0.5414 * -
US CE CT US + CE CT 88.89 0.0130 0.0795 * -
99mTc-MIBI SPECT/CT pCT 99mTc-MIBI SPECT/CT + pCT 91.67 0.7101 0.1887 - -
99mTc-MIBI SPECT/CT CE CT 99mTc-MIBI SPECT/CT + CE CT 91.67 0.7101 0.0346 - *
99mTc-MIBI SPECT/CT p&CE CT 99mTc-MIBI SPECT/CT + p&CE CT 97.22 0.1987 1.0000 - -
pCT CE CT pCT + CE CT 94.44 0.0847 0.0120 - *
pCT p&CE CT pCT + p&CE CT 94.44 0.0847 1.0000 - -

Table headers: modality_1 (first modality), modality_2 (second modality), modality_1&2 (combination), sensitivity_1&2 (combined sensitivity), P value_1 and si
g_level_1 (the P value and significance level of the sensitivity difference: modality_1&2 vs. modality_1), P value_2 and sig_level_2 (the P value and significance level of 
the sensitivity difference: modality_1&2 vs. modality_2). Symbols: - (no statistical significance), * (P  <  0.05). Abbreviations: 1. CT: computed tomography 2. pCT: 
plain CT 3. CE CT: contrast-enhanced CT 4. p&CE CT: plain CT and contrast-enhanced CT integrated prediction 5. 99mTc-MIBI SPECT/CT: technetium-99m-meth
oxyisobutylisonitrile single-photon emission CT/CT 6. US: ultrasonography.
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curating paired plain and CE CT examinations together with surgeon- 
verified voxel-level annotations. To address this bottleneck, we have 
initiated a prospective, multicenter expansion that will enroll over 200 
patients with sHPT from at least three tertiary hospitals in different 
geographic regions of China. Each center will follow a unified imaging 
protocol (identical CT acquisition parameters, contrast injection 
scheme and reconstruction kernels) and an independent, blinded an
notation workflow reviewed by two endocrine surgeons and one radi
ologist. This larger dataset will be split into an external-validation co
hort (60%) for performance confirmation and a clinical-utility cohort 
(40%) for on-line deployment testing.

The primary end-points of the multicenter trial are:
(1) To maintain ≥90% patient-level sensitivity for detecting at least 

one PG while keeping false-positive rate ≤0.5 glands per scan;
(2) To demonstrate non-inferiority to 99mTc-MIBI SPECT/CT 

(margin 5%) in a head-to-head reader study;
(3) To measure the impact of AI-assisted localization on surgical 

decision-making (rate of minimally invasive vs. bilateral exploration, 
operative time, and 30-day permanent hypoparathyroidism).

Parallel technical efforts will include semi-supervised learning with 
pseudo-labeling to exploit unlabeled CT pairs, reducing annotation 
burden by about 40%; federated learning to preserve patient privacy 
across centers without centralizing raw data; integration with com
mercial neuronavigation and mixed-reality headsets for real-time 
overlay during thyroidectomy or PTx. The algorithm will be launched 
as a cloud service that allows surgeons to refine oncologic resection 
while safeguarding parathyroid function.

5. Conclusions

This study established a deep learning model to leverage dual-phase 
CT (plain and CE CT) for preoperative PG localization in sHPT patients. 
Our model achieved a sensitivity of 94.44% for PG identification, sig
nificantly outperforming clinician-interpreted US (61.11%, 
P = 0.0013) and CT (72.22%, P = 0.0238) sensitivity. Notably, the 
model demonstrated accuracy comparable to that of 99mTc-MIBI 
SPECT/CT (86.11%, P = 0.429). The results confirmed that fusion of 
plain and CE CT features via deep learning unlocked critical com
plementary information for PG detection, addressing a key clinical 
challenge in PTx planning. Moreover, synergy with other modalities 
revealed the potential for further sensitivity improvements based on 
hybrid diagnostic workflows. This model offers a broadly accessible, 
cost-effective alternative to specialized nuclear imaging, particularly 
for use in resource-constrained settings. Future research will validate 
these findings using larger prospective multicenter cohorts and con
tinuous model refinement will further elevate performance.
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