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Introduction
Thyroid cancer is one of the most common malignan-
cies of the endocrine system worldwide, with its inci-
dence rising significantly over the past few decades [1–3]. 
Although its overall prognosis is favorable, there are sig-
nificant differences in clinical presentation and biological 
behavior among pathological subtypes [4–6]. According 
to the 2022 WHO classification criteria, thyroid cancer 
is primarily categorized into papillary thyroid carcinoma 
(PTC), follicular thyroid carcinoma (FTC), medul-
lary thyroid carcinoma (MTC), high-grade follicular-
derived carcinomas, hürthle cell carcinoma (HTC), and 
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Abstract
Background  Thyroid cancer is a prevalent malignancy requiring accurate subtype identification for effective 
treatment planning and prognosis evaluation. Deep learning has emerged as a valuable tool for analyzing tumor 
microenvironment features and distinguishing between pathological subtypes, yet the interplay between 
microenvironment characteristics and clinical outcomes remains unclear.

Methods  Pathological tissue slices, gene expression data, and protein expression data were collected from 118 
thyroid cancer patients with various subtypes. The data underwent preprocessing, and 10 AI models, including 
EfficientNetB0, were compared. EfficientNetB0 was selected, trained, and validated, with microenvironment features 
such as tumor-immune cell interactions and extracellular matrix (ECM) composition extracted from the samples.

Results  The study demonstrated the high accuracy of the EfficientNetB0 model in differentiating papillary, follicular, 
medullary, and anaplastic thyroid carcinoma subtypes, surpassing other models in performance metrics. Additionally, 
the model revealed significant correlations between microenvironment features and pathological subtypes, 
impacting disease progression, treatment response, and patient prognosis.

Conclusion  The research establishes the effectiveness of the EfficientNetB0 model in identifying thyroid cancer 
subtypes and analyzing tumor microenvironment features, providing insights for precise diagnosis and personalized 
treatment. The results enhance our understanding of the relationship between microenvironment characteristics and 
pathological subtypes, offering potential molecular targets for future treatment strategies.

Keywords  Thyroid cancer, EfficientNetB0 algorithm model, Pathological subtype, Tumor microenvironment, Precise 
diagnosis, Personalized treatment
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anaplastic thyroid carcinoma (ATC) [4, 5, 7]. Classifica-
tion is based on cellular morphology, immunohistochem-
ical markers and specific diagnostic protocols.

PTC is the most common subtype (85–90%), character-
ized by distinctive nuclear characteristics such as nuclear 
grooves and intranuclear pseudoinclusions. Key mark-
ers include Cytokeratin 19 (CK19) and HBME-1, with 
BRAF V600E mutation detection aiding confirmation [8]. 
FTC, accounting for 10–15% of thyroid cancers, is dis-
tinguished by follicular growth patterns and capsular or 
vascular invasion, with a higher risk of distant metastasis 
[5]. Medullary carcinoma, though rare, originates from 
thyroid C cells and is diagnosed using calcitonin, carci-
noembryonic antigen (CEA), and RET proto-oncogene 
mutations [4].

High-grade follicular-derived carcinomas exhibit sig-
nificant aggressiveness and metastatic potential [5]. 
HTC, a subtype characterized by mitochondria-rich cells, 
requires microscopic examination of granular cytoplasm 
along with specialized staining and immunohistochemi-
cal analysis for confirmation. It has a poor prognosis with 
a high risk of local recurrence and distant metastasis [4]. 
ATC, the rarest and most aggressive type, originates from 
follicular cells. It is marked by p53 overexpression and a 
high Ki67 proliferation index, requiring sensitive patho-
logical analysis due to its rapid progression and short 
survival period [7].

Accurate identification of these pathological subtypes 
is crucial for individualized treatment planning, improv-
ing patient survival rates and quality of life [8]. There-
fore, rapid and precise classification of thyroid cancer 
subtypes remains a key focus of ongoing clinical and 
research efforts [9–11].

With the rapid development of artificial intelligence, 
deep learning has significantly improved medical imaging 
analysis. Models such as InceptionV4 and DenseNet201 
have been applied to tumor classification, detection, and 
prognostic evaluation, enhancing accuracy and efficiency 
while reducing human errors [12–14]. However, the per-
formance of different deep models in recognizing thyroid 
cancer subtypes requires further comparison and valida-
tion [15, 16]. Additionally, exploring deep learning appli-
cations in analyzing thyroid cancer’s microenvironment 
could enhance diagnostic and therapeutic precision [17].

The tumor microenvironment, composed of tumor 
cells, immune cells, and the extracellular matrix (ECM), 
plays a key role in cancer progression and metasta-
sis [18, 19]. Factors such as high PD-L1 expression and 
immune cell infiltration are linked to better immuno-
therapy responses and prognosis [20–24]. ECM density, 
particularly collagen fiber composition, influences tumor 
invasion and metastasis, though its relationship with thy-
roid cancer subtypes remains incompletely understood 
[25, 26]. Further investigation into these interactions and 

their impact on clinical outcomes is essential for optimiz-
ing thyroid cancer treatment strategies [4, 27, 28].

The tumor microenvironment, composed of tumor 
cells, immune cells, and the extracellular matrix (ECM), 
plays a key role in cancer progression and metastasis [18, 
19]. Factors such as high PD-L1 expression and immune 
cell infiltration are linked to better immunotherapy 
responses and prognosis [20–24]. Additionally, ECM 
density, particularly collagen fiber composition, influ-
ences tumor invasion and metastasis, though its relation-
ship with thyroid cancer subtypes remains incompletely 
understood [25, 26]. Further exploration of the interac-
tions among these features and their impact on clinical 
outcomes will help optimize treatment strategies for thy-
roid cancer [4, 27, 28].

This study aims to validate the EfficientNetB0 model 
in distinguishing thyroid cancer subtypes and identify-
ing key tumor microenvironment features. By examin-
ing their influence on clinical progression, treatment 
response, and prognosis, we seek to improve diagnostic 
precision and personalized treatment. A deeper under-
standing of these relationships will aid in developing 
comprehensive diagnostic criteria and treatment strat-
egies, ultimately improving patient survival rates and 
quality of life. This has significant implications for both 
clinical practice and research.

Materials and methods
Collection of thyroid cancer samples
A total of 118 samples were collected from thyroid cancer 
patients, including both cancerous tissue and adjacent 
normal tissue, covering various pathological subtypes. 
Among these samples, there were 57 cases of PTC, 39 
cases of FTC, 11 cases of MTC, and 11 cases of ATC. The 
thyroid cancer samples include pathological slides, gene 
expression data, and protein expression data.

Gene expression data were obtained using RNA extrac-
tion and RNA sequencing techniques (RNA-seq). Spe-
cifically, total RNA was extracted from each sample 
using TRIzol reagent for lysis and separation, followed 
by mRNA sequencing on a high-throughput platform 
(e.g., Illumina NovaSeq) to generate gene expression 
profiles. Data analysis was conducted using a standard 
bioinformatics workflow, which includes quality control, 
alignment to a reference genome, and quantification of 
expression levels. Protein expression data were obtained 
through mass spectrometry (MS) analysis. Initially, pro-
teins were extracted from the samples, separated by SDS-
PAGE, and digested with trypsin. Subsequently, peptides 
were separated and identified using liquid chromatogra-
phy-tandem mass spectrometry (LC-MS/MS). Detected 
peptides were matched and quantified using protein 
database search algorithms, such as MaxQuant, to obtain 
protein expression profiles.
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Definition and collection of clinical characteristics
Clinical characteristics for each patient include age, gen-
der, pathological diagnosis results, and treatment history. 
These data were collected through the electronic medi-
cal record system. Tumor staging was assessed accord-
ing to the 8th edition of the American Joint Committee 
on Cancer (AJCC) TNM staging system, and pathologi-
cal subtypes were determined based on the 2022 WHO 
classification criteria for thyroid tumors. Detailed clinical 
characteristic data are listed in the supplementary table 
(Table S1).

Definition of treatment response
Treatment response was classified according to the 
Response Evaluation Criteria in Solid Tumors (RECIST 
1.1) and includes the following categories: Complete 
Response (CR), defined as the disappearance of all target 
lesions, sustained for at least 4 weeks; Partial Response 
(PR), marked by a minimum 30% decrease in the sum of 
the diameters of target lesions, sustained for at least 4 
weeks; Stable Disease (SD), where tumor lesions neither 
meet the criteria for CR nor for Progressive Disease (PD); 
and PD, characterized by at least a 20% increase in the 
sum of the diameters of target lesions or the appearance 
of new lesions. These treatment responses were con-
firmed through regular imaging evaluations and docu-
mented in the patients’ treatment records.

Definition of prognosis
Prognosis was assessed using overall survival (OS) and 
progression-free survival (PFS). OS is defined as the 
time from diagnosis to death, while PFS is defined as 
the time from the start of treatment to disease progres-
sion or death. Follow-up information for all patients was 
obtained through the EMR system and telephone follow-
ups, with a cut-off date of January 2024.

Data integration and cleaning
Utilize professional data processing software, such as 
Python’s Pandas library, to preprocess the collected data 
(Figure S1). This process involves integrating and clean-
ing the pathological slide images, gene expression data, 
and protein expression data. Initially, it is essential to 
match and merge different data types for each sample 
to ensure data completeness. Subsequently, automated 
scripts are employed to detect and remove duplicate 
records, rectify erroneous data inputs, and address miss-
ing values utilizing appropriate methods, such as filling 
continuous variables with the mean and categorical vari-
ables with the mode.

Image preprocessing
Standardized preprocessing procedures were applied to 
pathological tissue slide images (Figure S2), involving 

resizing and color normalization, to ensure consistency 
for subsequent analysis. Gene and protein data, on the 
other hand, were normalized using specific bioinformat-
ics tools, handling missing values and selecting meaning-
ful data based on principles of biostatistics to prepare 
for subsequent feature selection and dimensionality 
reduction.

Feature selection and dimensionality reduction
In dealing with high-dimensional data, common meth-
ods such as Principal Component Analysis (PCA) and 
Linear Discriminant Analysis (LDA) are often employed 
to reduce the dimensionality of the data. By combining 
model-based feature selection and evaluating feature 
importance using the Random Forest algorithm, key fea-
tures are identified. This step aims to decrease noise in 
the data, enhancing the accuracy and efficiency of subse-
quent analyses.

Algorithm model selection
Ten AI algorithm models, including InceptionV4, Incep-
tionV3, EfficientNetB0, DenseNet201, DenseNet121, 
DarkNet Large, DarkNet Small, VGG19 BN, VGG19, 
and SEResNet50, were evaluated (Table S2) to determine 
the model most suitable for the characteristics of thyroid 
cancer data. Performance on preprocessed data, adapt-
ability, and overall effectiveness were considered when 
selecting the optimal model. Preliminary testing and lit-
erature review were utilized to make the final decision.

Model training
During AI model training, the model learns to recognize 
various features within images to distinguish thyroid 
cancer cells from normal cells. These features include 
not only cell shape and size but also cell arrangement, 
nuclear density, and color distribution. Specifically, 
when processing thyroid cancer pathology images, the 
EfficientNetB0 model automatically captures key visual 
characteristics that aid in accurate classification.

Cell Morphology Features: Thyroid cancer cells often 
exhibit morphological differences from normal cells. The 
model identifies variations in nuclear size and shape, as 
cancerous thyroid cells typically have larger, irregularly 
shaped nuclei compared to normal cells. By learning 
these morphological features, the AI model can detect 
cellular abnormalities and predict the presence of cancer.

Cell Arrangement Patterns: In thyroid cancer tissues, 
cancer cells tend to cluster in irregular patterns, in con-
trast to the orderly arrangement seen in normal tissue. 
During training, the EfficientNetB0 model learns these 
structural patterns, enabling it to identify abnormal 
arrangements and distinguish cancerous areas from nor-
mal regions.
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Color and Texture Features: Thyroid cancer cells often 
display distinct color and texture characteristics in path-
ological slides, particularly in nuclear-to-cytoplasmic 
ratios and nuclear staining density, which differ mark-
edly from normal cells. The model can recognize these 
subtle color and texture variations, identifying cancerous 
tissue by detecting differences in staining intensity. For 
example, thyroid cancer tissue may show deeper staining 
with higher nuclear density, which the model interprets 
as indicative of malignancy.

In analyzing a pathology image containing a cluster 
of cells, models like EfficientNetB0 first scan the entire 
image, automatically detecting and marking potentially 
abnormal regions. The model then analyzes these regions 
by evaluating cell morphology, arrangement patterns, 
and staining characteristics, ultimately integrating these 
features to determine whether a region is cancerous. For 
instance, if the model detects enlarged nuclei and high 
staining intensity within a cellular area, it may classify 
this region as likely harboring cancer cells.

In simple terms, the EfficientNetB0 model operates 
similarly to an experienced pathologist, using micro-
scopic features in pathology slides to assess cancer pres-
ence. Unlike a human observer, however, the model 
leverages vast amounts of data to digitally encode various 
pathological features, allowing it to quickly identify these 
characteristics in new images.

Model validation
A comprehensive evaluation of the model is conducted 
using cross-validation methods, such as k-fold cross-
validation, to assess its stability and generalization capa-
bilities. Model parameters are fine-tuned based on the 
evaluation results, implementing necessary optimization 
strategies to further enhance the accuracy and reliability 
of the model.

Performance evaluation of models
The models were evaluated using an independent test 
dataset. The evaluation included computing key perfor-
mance metrics such as accuracy, recall, and F1 score to 
comprehensively assess the performance of the models in 
distinguishing the characteristics of the tumor microen-
vironment of different pathological subtypes of thyroid 
cancer.

Feature extraction and analysis
In this study, we extracted microenvironment-related 
features from thyroid cancer samples, including the 
interactions between tumor cells and immune cells (such 
as PD-L1 expression and the extent of immune cell infil-
tration) as well as the composition of the ECM (such as 
the density of collagen fibers). Deep learning techniques, 
specifically convolutional neural networks (CNN) and 

recurrent neural networks (RNN) were utilized to pro-
cess and analyze pathological slide images as well as 
genetic and protein data. The model training process 
involved supervised learning with a considerable amount 
of labeled data, gradual adjustment of network parame-
ters (such as learning rate and batch size), and the utiliza-
tion of techniques like data augmentation to enhance the 
model’s generalization ability. The extracted features were 
further analyzed using statistical methods (ANOVA) and 
data visualization tools (t-SNE, heatmap) to delve into 
the differentiation efficacy of the features among various 
pathological subtypes.

Evaluation of subtype discrimination efficacy
Methods such as cross-validation and receiver operat-
ing characteristic (ROC) curve analysis were employed 
to assess the performance of AI models in distinguish-
ing pathological subtypes of thyroid cancer. Specifically, 
the dataset was divided into training and testing sets, and 
k-fold cross-validation was used during training to ensure 
the stability and reliability of the evaluation results. The 
model’s performance was measured by calculating met-
rics such as accuracy, recall, and F1 score, which were 
based on the comparison between the model’s predicted 
results and the actual annotated results.

Analysis of the relationship between microenvironment 
features and pathological subtypes
We utilized multivariate statistical analysis methods like 
logistic regression, decision trees, and support vector 
machines (SVM) to investigate the association between 
microenvironment features and pathological subtypes of 
thyroid cancer. These analyses helped assess the weight 
and significance of each feature in the model and identify 
the most influential features for differentiating between 
pathological subtypes. By comparing the contributions of 
different features to the model’s classification efficacy, we 
were able to unveil which microenvironment features are 
closely related to specific pathological subtypes.

Independent sample validation
In order to verify the accuracy and generalization capa-
bility of the model, we conducted model validation using 
a separate testing dataset from the training dataset. Rig-
orous sample selection criteria and randomization pro-
cesses were employed to ensure the representativeness 
and fairness of the testing set. The consistency between 
the model-predicted pathological subtypes and actual 
clinical diagnoses was compared using statistical tests 
(such as t-tests and chi-square tests) while also analyzing 
the differences in microenvironment features among dif-
ferent pathological subtypes.
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Results
Efficient performance of AI models in thyroid cancer 
pathological subtype recognition
This study compared the performance of 10 AI algorithm 
models in recognizing pathological subtypes of thyroid 
cancer (Figure S3). The results indicate that the Efficient-
NetB0 model outperformed other models in several key 
metrics such as accuracy, recall rate, and F1 score, par-
ticularly showing high sensitivity and accuracy in dis-
tinguishing subtle pathological features. These findings 
suggest that the EfficientNetB0 model has a significant 
advantage in handling complex pathological image data.

The EfficientNetB0 model, unlike other algorithms 
in this study such as InceptionV4, DenseNet201, and 
VGG19, features unique design and performance 
optimizations:

Compound Scaling Strategy: EfficientNetB0’s pri-
mary innovation is its compound scaling strategy, which 
optimizes depth, width, and resolution simultaneously. 
Unlike traditional CNNs, which often adjust only depth 
or width, this strategy enhances computational efficiency 
by finding an optimal network configuration under lim-
ited resources.

Parameter Efficiency: EfficientNetB0’s lightweight 
design achieves high classification accuracy with fewer 
parameters and lower computational demand compared 
to complex models like InceptionV4 and DenseNet201, 
making it ideal for resource-limited devices.

Inverted Residual Blocks: EfficientNetB0 incorporates 
MobileNetV2’s inverted residuals and ReLU6 activation, 
reducing complexity and addressing gradient vanishing. 
In contrast, VGG19’s traditional convolutional blocks 
require more parameters and processing power.

Automated Architecture Search (NAS): EfficientNetB0 
is designed through Neural Architecture Search (NAS), 
enabling automated, data-driven optimization. This dif-
fers from manually designed structures like InceptionV4 
and DenseNet, allowing EfficientNet to balance efficiency 
and performance effectively.

Enhanced Generalization: The compound scaling 
and lightweight design of EfficientNetB0 improve gen-
eralization and reduce overfitting risk on benchmark 
tasks, while larger models, such as InceptionV4 and 
DenseNet201, may struggle with overfitting on small 
datasets.

EfficientNetB0 demonstrated significant advantages 
in the task of distinguishing between thyroid cancer and 
normal thyroid tissue. As shown in Fig.  1, the model 
achieved leading classification accuracy on the test set, 
demonstrating high sensitivity and accuracy in thyroid 
cancer diagnostics. Analysis across multiple performance 
metrics, including training accuracy, specificity, preci-
sion-recall curves, ROC curves, confusion matrix, and F1 

score, further validated the outstanding performance of 
EfficientNetB0.

Firstly, the training accuracy curve in Fig.  1A shows 
that EfficientNetB0 rapidly reached over 94% accuracy 
within only two training epochs, indicating quick con-
vergence. Specificity analysis in Fig. 1B reveals near-per-
fect specificity for normal samples and high specificity 
for cancer samples, indicating a low false-positive rate 
when identifying non-target classes, which is particularly 
suited for clinical diagnostics requiring high specificity.

Precision-recall and ROC curves in Fig. 1C and D fur-
ther illustrate EfficientNetB0’s classification capability. In 
regions of high recall, the model maintained high preci-
sion, reflecting robustness across classes. The ROC curve 
shows an AUC close to 1, indicating exceptional discrim-
inatory ability between thyroid cancer and normal sam-
ples. The confusion matrix in Fig. 1E indicates a correct 
classification rate of 98% for the “cancer” class and 90% 
for the “normal” class, showcasing high accuracy across 
both categories. The F1 score in Fig. 1F also confirms the 
model’s balanced precision and recall between “cancer” 
and “normal” classes, further supporting its reliability in 
real-world applications.

Additionally, the learning rate and training loss curves 
in Fig. 1G and H indicate that the model optimized grad-
ually during training, achieving stable convergence by 
reducing the learning rate and minimizing training loss. 
The mean average precision (mAP) shown in Fig. 1I con-
tinued to increase, reflecting the model’s comprehensive 
detection capability across multiple classes.

In summary, EfficientNetB0 outperformed other mod-
els in key performance metrics such as accuracy, recall, 
specificity, and F1 score, demonstrating exceptional 
expertise and applicability. It particularly excelled in 
handling complex thyroid cancer pathology image data. 
These results directly underscore the model’s reliability 
and efficiency in practical application scenarios, support-
ing its potential for thyroid cancer diagnostics.

EfficientNetB0 model for accurate discrimination of four 
pathological subtypes of thyroid cancer
In the task of accurately distinguishing thyroid cancer 
pathological subtypes, the EfficientNetB0 model demon-
strated outstanding performance, effectively identifying 
the four key subtypes: PTC, FTC, MTC, and ATC. Train-
ing accuracy improved consistently with each epoch, 
reaching around 90% by the sixth epoch, indicating effec-
tive convergence and successful feature learning specific 
to thyroid cancer subtypes (Fig. 2A).

The model achieved high specificity in differentiat-
ing between cancerous and normal samples, particularly 
excelling in the accurate identification of normal samples 
(Fig.  2B). This high specificity in excluding non-thyroid 
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Fig. 1  Performance Demonstration of EfficientNetB0 Model in Discriminating Thyroid Cancer Tissue from Normal Thyroid Tissue. Note: (A) Diagnostic 
Accuracy; (B) Diagnostic Specificity; (C) Precision-Recall Curve; (D) ROC Curve; (E) Confusion Matrix; (F) F1 Scores; (G) Learning Rate; (H) Training Loss; (I) 
Mean Average Precision (mAP)
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cancer samples contributed to a reduced false-positive 
rate, enhancing diagnostic reliability.

The precision-recall curves for the four thyroid cancer 
subtypes (Fig.  2C), illustrate varying classification diffi-
culties among subtypes. For ATC, the precision decreases 
rapidly at high recall rates, indicating a greater challenge 
in classification, while the other subtypes maintain a 
more balanced relationship between precision and recall.

The ROC curves indicate that the model’s discrimi-
nation ability is consistently strong across all subtypes, 
with each curve positioned above the random classifica-
tion line (Fig. 2D). High AUC values, particularly for fol-
licular and medullary carcinomas, confirm the model’s 
robust classification accuracy and excellent differentia-
tion capability.

In conclusion, the EfficientNetB0 model showed 
exceptional performance in classifying thyroid cancer 

subtypes, achieving high accuracy, particularly in recog-
nizing common subtypes such as papillary and follicular. 
These results underscore the model’s potential for precise 
diagnostic applications in thyroid cancer.

Performance analysis of the efficientNetB0 model 
in distinguishing the microenvironment features of 
pathological subtypes in thyroid cancer
The interaction between tumor and immune cells across 
different thyroid cancer subtypes shows that papillary 
subtypes exhibit the highest tumor-immune interac-
tion level, while the anaplastic subtype shows the lowest.
(Fig. 3A). The ECM component densities for each patho-
logical subtype reveal that anaplastic subtypes generally 
have higher ECM component densities, whereas papil-
lary subtypes are lower. This variation may impact tumor 
invasiveness and metastatic potential (Fig.  3B). The 

Fig. 2  Efficacy of EfficientNetB0 Model in Distinguishing Thyroid Cancer Pathological Subtypes.Note: (A) Classification Accuracy; (B) Classification Speci-
ficity; (C) Precision-Recall Curve; (D) ROC Curve
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Fig. 3  Application of EfficientNetB0 Model in Analyzing Thyroid Cancer Microenvironment Features.Note: (A) Recognition of Interaction between Tumor 
Cells and Immune Cells; (B) Analysis of ECM Composition; (C) Comparative Analysis of Microenvironment Features among Different Pathological Subtypes
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Fig. 4 (See legend on next page.)
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distribution trends of tumor-immune interactions and 
ECM component densities across subtypes indicate that 
anaplastic subtypes exhibit consistently higher feature 
levels, papillary subtypes lower, with follicular and med-
ullary subtypes in between (Fig. 3C). These trends further 
support significant differences in microenvironmental 
features across pathological subtypes. The EfficientNetB0 
model excels in distinguishing the tumor microenviron-
mental characteristics of thyroid cancer subtypes, and 
the identified differences in tumor-immune interaction 
and ECM component densities provide valuable insights 
into the biological properties of each subtype, offering a 
direction for further mechanistic studies.

The correlation between tumour microenvironment 
features and clinical progression of thyroid cancer
As shown in Fig.  4, the microenvironmental features 
identified by the EfficientNetB0 model are signifi-
cantly correlated with clinical characteristics, treatment 
response, and prognosis in thyroid cancer. The heatmap 
in Fig. 4A illustrates the correlation between microenvi-
ronmental features (such as PD-L1 expression, immune 
cell infiltration, and collagen fiber density) and clinical 
characteristics (including clinical progression, treat-
ment response, and prognosis). PD-L1 expression and 
immune cell infiltration show a strong positive correla-
tion with treatment response and prognosis, while col-
lagen fiber density exhibits a weaker correlation with 
clinical progression. These findings suggest that specific 
microenvironmental features may play distinct roles in 
the pathological development and clinical response of 
thyroid cancer.

The feature importance ranking in Fig. 4B displays the 
relative importance of various microenvironmental fea-
tures across three models (clinical progression, treatment 
response, and prognosis). Immune cell infiltration is the 
most important feature in the treatment response model, 
while PD-L1 expression is important in the clinical pro-
gression models. Collagen fiber density shows higher 
importance in the prognosis model, indicating that dif-
ferent microenvironmental features contribute variably 
to clinical outcomes in thyroid cancer.

Figure  4C presents the correlation between different 
microenvironmental features and prognosis. Hyaluronan 
density demonstrates the highest correlation with prog-
nosis. This suggests that certain ECM components may 

play critical roles in disease progression and prognosis in 
thyroid cancer.

In summary, the microenvironmental features identi-
fied by the EfficientNetB0 model, such as PD-L1 expres-
sion, immune cell infiltration, and ECM components, 
show significant associations with clinical characteristics 
and prognosis in thyroid cancer. Further analysis of the 
clinical relevance of these microenvironmental features 
can deepen the understanding of thyroid cancer biology 
and provide valuable insights for personalized treatment 
approaches.

Discussion
Thyroid cancer, a common malignancy of the endocrine 
system, has seen a significant increase in incidence over 
the past few decades [1–3]. The accurate identification 
of pathological subtypes is essential for devising per-
sonalized treatment strategies and evaluating prognosis. 
However, traditional pathological diagnostic methods 
have limitations [29–31]. Recent advancements in arti-
ficial intelligence and deep learning have significantly 
improved the analysis of medical imaging and molecular 
data, filling gaps in existing research and offering new 
perspectives for precise diagnosis and treatment [32–34].

This study differs from prior research in methodology. 
Earlier studies relied on traditional machine learning 
or early deep learning models, such as InceptionV4 and 
DenseNet201, which faced challenges in handling com-
plex medical imaging data [35, 36]. In contrast, our study 
utilized EfficientNetB0, a model known for its superior 
performance in medical imaging tasks [37]. By compar-
ing 10 AI models, EfficientNetB0 demonstrated higher 
accuracy and stability in identifying thyroid cancer sub-
types, emphasizing the importance of selecting optimal 
deep learning models for improved diagnostic precision. 
And our comprehensive model comparison identified 
EfficientNetB0 as the best performer in distinguishing 
thyroid cancer subtypes and recognizing key microenvi-
ronmental features. Its optimized convolutional neural 
network significantly enhances classification accuracy 
and efficiency [38–40]. Large-scale datasets and cross-
validation ensured the model’s stability and generaliz-
ability [41]. EfficientNetB0 outperformed other models in 
classifying papillary, follicular, medullary, and anaplastic 
thyroid carcinoma subtypes based on accuracy, recall, 
and F1 score [5, 42, 43].

(See figure on previous page.)
Fig. 4  Correlation Analysis Between Microenvironment Features and Clinical Progression of Thyroid Cancer. Note: (A) Correlation Heatmap between 
Microenvironment Features and Clinical Characteristics: Displays the correlation heatmap between different microenvironment features and clinical 
characteristics of thyroid cancer patients, such as disease progression and treatment response; (B) Ranking of Microenvironment Feature Importance: 
Demonstrates the ranking of the most influential microenvironment features for distinguishing thyroid cancer pathological subtypes based on multi-
variate statistical analysis methods like logistic regression, decision trees, and SVM; (C) Relationship Diagram between Microenvironment Features and 
Prognosis: Illustrates the relationship between specific microenvironment features and the prognosis of thyroid cancer patients
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Beyond classification, EfficientNetB0 extracts and ana-
lyzes key microenvironmental features, such as tumor-
immune cell interactions (PD-L1 expression, immune 
cell infiltration) and ECM components (collagen fiber 
density) [44, 45]. These features are essential for under-
standing thyroid cancer’s biological behavior and clinical 
progression. This study highlights significant associations 
between microenvironmental features and pathological 
subtypes, demonstrating EfficientNetB0’s potential for 
analyzing complex medical data. Our findings confirm 
the high efficiency and clinical applicability of Efficient-
NetB0 in thyroid cancer diagnostics and microenviron-
ment analysis (Fig.  5). Compared to previous models, 
EfficientNetB0 offers significant advantages in diagnos-
tic accuracy, sensitivity, and generalization capabilities. 
These results provide robust technical support for pre-
cise diagnosis and treatment while paving the way for 
AI applications in tumor pathology. However, challenges 
remain regarding model interpretability and adaptability 
across diverse populations, requiring further exploration.

This study has advanced the identification of thy-
roid cancer subtypes and analysis of tumor microenvi-
ronment features using the EfficientNetB0 model. The 

model’s high-precision diagnostic capability allows for 
the extraction and analysis of key tumor microenviron-
ment features, such as PD-L1 expression, immune cell 
infiltration, and collagen fiber density. These factors play 
a crucial role in understanding thyroid cancer’s biological 
behavior, disease progression, and treatment response. 
Clinically, EfficientNetB0 enhances diagnostic accuracy, 
reduces misdiagnosis risks, and supports personalized 
treatment planning. By leveraging these microenviron-
mental insights, physicians can better assess prognosis 
and refine treatment strategies, particularly for immuno-
therapy, improving patient outcomes and quality of life.

Although this study has made significant progress, 
there are still some limitations. Firstly, the sample size 
is relatively small, consisting of only 118 cases of thyroid 
cancer patients, which may restrict the model’s general-
izability and the universality of the results. Secondly, the 
data is sourced solely from affiliated hospitals, potentially 
introducing selection bias and failing to comprehensively 
represent the situations across different regions and med-
ical institutions. Additionally, while the EfficientNetB0 
model performed well in this study, its stability and 
reliability in practical clinical applications still require 

Fig. 5  Molecular Mechanism Diagram Depicting the Association of Thyroid Cancer Microenvironment Features with Pathological Subtypes
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further validation, especially when handling more diverse 
and complex cases. Finally, this study primarily focuses 
on the analysis of imaging and molecular data, and future 
research should incorporate more clinical variables, such 
as patients’ medical histories and treatment records, to 
enhance the model’s comprehensive analytical capabili-
ties and clinical utility.

Future research should expand sample sizes and 
include data from more diverse medical institutions to 
improve model applicability. Further optimization and 
validation of EfficientNetB0 are necessary to ensure its 
stability and reliability in clinical practice. Integrating 
a broader range of clinical data, including patient histo-
ries, treatment responses, and quality of life assessments, 
will facilitate a more comprehensive understanding of 
thyroid cancer mechanisms. Additionally, exploring Effi-
cientNetB0’s potential application in other cancer types 
could lead to universal AI-driven diagnostic tools. As AI 
technology advances and data availability grows, future 
studies are expected to drive innovations in precision 
medicine and personalized cancer treatment.
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