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Fuzhou University Affiliated Provincial Hospital, Fuzhou, China, 3Department of Radiology, Affiliated
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Background: The BRAF gene plays an essential role in papillary thyroid

carcinoma (PTC).

Purpose: To investigate the potential of CT-based texture analysis in predicting

BRAFV600E mutation in calcified PTC.

Material and methods: 475 cases of calcified PTC from two centers, who

underwent CT scans, surgery, and BRAFV600E mutation testing, were included.

Data from the first center were randomly divided into training and testing sets,

whereas data from the second center constituted an external validation set.

Using MaZda software, 256 texture features were extracted from both the

parenchymal and calcified areas. The top ten texture feature parameters were

selected by Fisher, minimization of both classification error probability and

average correlation coefficients (POE+ACC), and mutual information measure

(MI) feature selection algorithms. Data analysis and classification were performed

using principal component analysis (PCA), linear discriminant analysis (LDA), and

nonlinear discriminant analysis (NDA). Receiver operating characteristic curves

were used to evaluate the diagnostic performance.

Results: The NDA method demonstrated excellent diagnostic performance

compared to the LDA and PCA methods, with error rates of less than 10%, less

than 25%, and greater than 30%, respectively in the training and validation sets.

For parenchymal and calcified areas of PTC, the POE+ACC+NDA and MI+NDA

methods exhibited the lowest error rates, with an area under the curve (AUC) of

0.969 in the training set and 0.964 in the internal validation set. Conversely, the

Fisher+PCA and MI+PCAmethods had the highest error rates, with AUC values of

0.413 and 0.525 in the training set, and 0.433 and 0.560 in the internal validation

set, respectively.

Conclusion: The POE+ACC+NDA or MI+NDA method provided high diagnostic

performance for predicting BRAFV600E mutation in PTC. Texture analysis of tumor

calcified area can also be used to predict BRAFV600E mutation.
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Introduction

In recent decades, there has been a significant global rise in the

incidence of thyroid cancer. The majority (over 80%) of cases

belong to the papillary thyroid carcinoma (PTC) subtype (1). The

2015 American Thyroid Association Guidelines introduced active

surveillance as a safe alternative to surgical intervention for low-risk

PTCs. However, for high-risk PTCs, aggressive surgical treatment

remains the only reliable and safe option (2). The BRAFV600E gene

mutation is closely associated with PTC and plays a crucial role in

its pathogenesis. Previous study has demonstrated that PTC cases

with the BRAFV600E mutation exhibited a more aggressive behavior

than those without such mutation (3). Therefore, accurately assess

the BRAFV600E mutation status is critically important for definitive

treatment decisions.

Currently, the BRAFV600E mutation tests are typically

performed on preoperative invasive fine-needle aspiration biopsy

samples or surgically resected specimens. However, the use of

ultrasound-guided fine needle puncture is invasive and can lead

to potential adverse effects, such as pain, bleeding, and acute thyroid

swelling (4–6). Texture analysis, a well-established technique, is

applied when performing quantitative analysis of tumor

heterogeneity by analyzing the distribution and the relationship of

pixels or voxel gray levels in the target region (7). The ease of

obtaining texture information from routinely acquired images

without additional imaging procedures is required, and

accumulating data showing the correlation between heterogeneity

and adverse tumor biology is a major advantage of the technique,

which has been utilized to identify tumor differentiation degrees,

assess tumor characteristics, and evaluate treatment efficacy (8, 9).

While there have been limited studies on the use of texture analysis

for predicting the molecular state of thyroid cancer, most of these

studies have focused on ultrasound images (10, 11). Although

ultrasound images exhibit high sensitivity and specificity in

diagnosing thyroid cancers, there were some limitations such as

operator and machine dependence, limited image data, and a lack of

representative features. Conversely, CT imaging provides more

intuitive and accurate information directly from CT scans.

Additionally, CT imaging is particularly effective in visualizing

calcification, especially large and marginal calcifications (12).

However, when performing texture analysis, regions of interest

(ROI) should be delineated while excluding calcifications, despite

their presence in certain thyroid tumors and their significance in

distinguishing between benign and malignant tumors (13). Further

investigation is thus needed to determine whether the presence of

calcifications influences the results of texture analysis.

The primary objective of this study is to investigate the potential

of texture analysis base on the preoperative CT imaging, in

predicting the presence of BRAFV600E mutation in calcified PTC.

Additionally, our study aims to compare the diagnostic

performance of various texture feature extraction methods.
Frontiers in Oncology 02
Materials and methods

Patients

We thoroughly reviewed the institutional databases from two

centers to identify patients with surgically confirmed PTC with

calcification. From January 2016 to December 2024, a total of 600

patients underwent preoperative thyroid CT scans and DNA

sequencing to detect BRAFV600E mutation. The following

exclusion criteria were applied: 1) nodules with a diameter less

than 5mm, as these are known to have low accuracy using the ROI

method (14); 2) nodules without calcification or with irregular

annular calcification, or with a maximum diameter less than 5mm

in the calcified area to avoid volume effect; 3) nodules with obvious

calcification artifacts that hindered observation and the delineation

of ROI; 4) cases with multiple thyroid nodules lack of precise

correlation between pathology and CT imaging; 5) cases with

thyroiditis or other inflammatory lesions; and 6) cases that had

undergone prior clinical interventions. Finally, the remaining 475

patients were included in this study (Figure 1). A primary cohort of

375 patients from the first center was randomly divided into a

training set and an internal validation set in a 7:3 ratio, while an

additional 100 patients from the second center constituted the

external validation set. This study was approved by the

institutional review board of Fujian Provincial Hospital (approve

number: K2021-12-029), and the requirement for obtaining written

informed consent was waived due to the retrospective nature of

the study.
CT examinations

All the patients included in the study underwent unenhanced

and venous phase contrast-enhanced 64-slice spiral CT scans. The

scanning region encompassed from the pharynx to the upper edge

of the clavicle. In cases of posterior sternal thyroid involvement, the

scanning range was extended to the level of tracheal bifurcation.

The acquisition parameters were set as follows: tube voltage of

120kVp, tube current of 250mA, detector collimation of

0.625mm×64, pitch of 0.938, rotation time of 0.5s, and slice

thickness of 3.75mm. For contrast-enhanced scanning, 75mL of

iodinated contrast agent was intravenously injected through the

ulnar vein at a flow rate of 3.5mL/s. The scan delay for the venous

phases was set at 45-50s.
Texture feature analysis

All CT images were retrospectively analyzed and evaluated

using the picture archiving and communication systems (PACS)

by two radiologists with 15 years (radiologist #1) and 8 years
frontiersin.org
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(radiologist #2) of expertise in diagnosing thyroid disease.

Subsequently, the images were imported into the MaZda software

(version 4.6, Instytut Elektroniki, Technical University of Lodz,

Poland) (15) for further analysis. The two radiologists reached a

consensus and manually outlined the margins of the parenchymal

area on the maximum central level of the tumor, as well as the

calcified area on the maximum calcified level of the tumor to define

the ROIs. To ensure accurate delineation and to minimize the

influence of the interference of CT contrast agents on calcification

and calcified artifacts in the parenchymal area, the ROIs for the

calcified areas were outlined on unenhanced CT scan images, while

the ROIs for the parenchymal areas were outlined on enhanced

venous phase CT images (Figure 2).

Textural analysis (TA) was performed using the MaZda

software in three sequential steps: 1) Extraction of texture feature

parameters: Mazda offered six texture analysis methods, such as

gray histogram and absolute gray gradient. From each ROI, a total
Frontiers in Oncology 03
of 256 texture feature parameters were derived using the

combination of these six analysis methods. 2) Selection of

relevant features: Feature selection algorithms included the Fisher

coefficient, probability of classification error combined with average

correlation coefficients (POE+ACC), and mutual information

measure (MI). Each algorithm yielded 10 optimal texture feature

parameters. 3) Dimensionality reduction and feature classification:

Three dimensionality reduction methods available in the B11

programs, namely principal component analysis (PCA), linear

discriminant analysis (LDA), and nonlinear discriminant analysis

(NDA), were used to reduce dimensionality. Subsequently, the

software classified the lesions based on the aforementioned results

and computed the error rate (R) for predicting BRAFV600E mutation

(R = the number of incorrectly classified lesions/the total number of

lesions). The results of texture analysis were categorized into five

grades according to R values: excellent (0–10%), good (11%–20%),

moderate (21%–30%), fair (31%–40%), and poor (41%–100%).
FIGURE 1

Flow diagram shows inclusion and exclusion criteria for the study.
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To address the class imbalance between BRAFV600E mutation-

positive (n=162) and negative (n=101) cases in the training set, a

weighted cross-entropy loss function was employed during model

training. The weights were set to be inversely proportional to class

frequencies, thereby increasing the penalty for misclassifying

minority class (negative) samples.
BRAFV600E mutation analysis

The BRAFV600E mutation analysis in PTC surgical specimens

was performed at the Department of Pathology at our hospital.

Based on the findings, all cases were categorized as either positive or

negative for the BRAFV600E mutation.
Statistical analysis

Statistical analysis was performed using SPSS 23.0, MedCalc

19.8, and R 4.0.3. To compare the BRAFV600E mutation–positive

and –negative cases of PTCs, we used Chi-square or Fisher exact

tests for categorical variables. Receiver operating characteristic
Frontiers in Oncology 04
(ROC) curve analysis was performed, and the area under the

curve (AUC), 95% Confidence Interval (CI), sensitivity, and

specificity were calculated to evaluate the diagnostic performance

of the combined parameters. The optimal model underwent

comprehensive evaluation using ROC curves, calibration curves,

and decision curve analysis (DCA). Delong’s test was utilized

to evaluate the differences in diagnostic performance for

the BRAFV600E mutation between the parenchymal and calcified

tumor regions across the training, internal validation and

external validation sets. A P value < 0.05 was considered

statistically significant.
Results

General characteristics of the patients

The training set consisted of 263 cases (192 females, 71 males),

with a mean age of 41.1 ± 13.3 years. The BRAFV600E mutation was

present in 162 cases (61.6%) and absent in 101 cases (38.4%). The

internal validation set included 112 cases (83 females, 29 males) and

had a mean age of 42.5 ± 11.7 years. Within this set, 68 cases
FIGURE 2

Region of interest placement in the calcified area of the papillary thyroid carcinoma on unenhanced CT images (A, B); Region of interest placement
in the parenchymal area of the papillary thyroid carcinoma on venous phase CT images (C, D).
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(60.7%) were BRAFV600E -positive and 44 cases (39.3%) were

BRAFV600E -negative. No significant differences existed between

the training and internal validation sets in age, gender, or

BRAFV600E mutation (P = 0.173, P = 0.312, and P = 0.448,

respectively). The external validation set consisted of 100 cases

(77 females, 23 males) with a mean age of 46.3 ± 8.28 years. Among

these, 50 cases were BRAFV600E-positive and 50 cases were

BRAFV600E-negative. Significant differences in age, gender, and

BRAFV600E mutation were observed between the external

validation and training sets(all P<0.001) (Table 1).
Frontiers in Oncology 05
Texture analysis

Table 2 presents the BRAFV600E mutation (R) results derived

from various texture analysis methods applied to the parenchymal

and calcified areas of PTCs in training, internal validation and

external validation sets. The NDA method, applied to either the

parenchymal or calcified areas of PTCs, along with any of the

feature selection algorithms, demonstrated excellent diagnostic

performance in predicting the BRAFV600E mutation, with an R

value of less than 10% across the training, internal validation and
TABLE 2 The error rate of BRAFV600E mutation for the different dimensionality reduction method in the parenchymal and calcified area of PTCs.

Tumor area Dimensionality reduction method Fisher POE+ACC MI

Parenchymal area

PCA

Training Set 53.85 46.15 34.62

Internal Validation Set 52.17 43.48 34.78

External Validation Set 56.10 46.34 36.58

LDA

Training Set 7.69 19.23 7.69

Internal Validation Set 8.70 21.74 8.70

External Validation Set 9.76 19.51 9.76

NDA

Training Set 7.69 3.85 7.69

Internal Validation Set 8.70 4.35 8.70

External Validation Set 9.76 4.88 9.76

Calcified area

PCA

Training Set 38.46 34.62 42.31

Internal Validation Set 34.78 34.78 39.13

External Validation Set 40.00 36.67 43.33

LDA

Training Set 11.54 7.69 23.08

Internal Validation Set 13.04 8.70 26.08

External Validation Set 16.67 13.33 26.67

NDA

Training Set 7.69 7.69 3.85

Internal Validation Set 8.70 8.70 4.35

External Validation Set 10.00 10.00 6.67
PCA, principal component analysis; LDA, linear discriminant analysis; NDA, nonlinear discriminant analysis; POE+ACC, minimization of both classification error probability and average
correlation coefficients; MI, Mutual information.
TABLE 1 The general characteristics of the patients in training and validation sets.

Items
Training set
(n=263)

Internal validation set
(n=112)

External validation set
(n=100)

P value 1 P value 2

Sex 0.31 <0.001

M 71 (27.0%) 29 (25.9%) 23 (23%)

F 192 (73.0%) 83 (74.1%) 77 (77%)

Age (mean) (yr) 41.1 ± 13.3 42.5 ± 11.7 46.3 ± 8.28 0.17 <0.001

BRAFV600E

Mutation
0.45 <0.001

BRAFV600E (+) 162 (61.6%) 68 (60.7%) 50 (50%)

BRAFV600E (-) 101 (38.4%) 44 (39.3%) 50 (50%)
f

P Value 1, comparison result between the training set and internal validation set; P Value 2, comparison result between the training set and external validation set.
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external validation sets. The LDAmethod exhibited good diagnostic

performance, with an R value of less than 25% in all three sets. On

the other hand, the PCA method showed poorer diagnostic

performance, with the highest R value exceeding 30% in each set.

Regarding the parenchymal area of PTCs, the combination of POE

+ACC with the NDA method yielded the lowest R values of 3.85% in

the training set and 4.35% in the internal validation set for predicting

BRAFV600E mutation. Conversely, the Fisher with PCA method

combination provided the highest R values of 53.85% in the training

set and 52.17% in the internal validation set for predicting the mutation.

Consistent results were obtained in the external validation set, where the

lowest and highest R values were 4.88 % and 56.10%, respectively.

As for the calcified area of PTCs, the combination of MI with

the NDA method provided the lowest R values of 3.85% in the

training set and 4.35% in the internal validation set for predicting

BRAFV600E mutation. Conversely, the combination of MI with the

PCA method yielded the highest R values of 42.31% in the training

set and 39.13% in the internal validation set. Similarly, the external

validation set demonstrated consistent findings, with the lowest and

highest R values being 6.67 % and 43.33%, respectively.
Efficiency of the predictive model

ROC curve were utilized to evaluate the diagnostic efficacy of

various combined texture analysis methods in predicting the

BRAFV600E mutation in PTCs within the training, internal

validation and external validation sets. The results are presented

in Tables 3, 4 and Figure 3. Across the training and validation sets,

the AUC of PCA methods ranged from 0.5 to 0.7 for both the

parenchymal and calcified areas of PTCs. The AUC of LDA

methods ranged from 0.7 to 0.94, while the AUC of NDA

methods exceeded 0.9. Notably, the combination of POE+ACC

with the NDA method for the parenchymal area and the

combination of MI with the NDA method for the calcification

area exhibited the highest AUC values of 0.969 (95%, 0.908-1.000)

in the training set and 0.964 (95%, 0.894-0.999) in the internal

validation set. Conversely, the combination of Fisher with PCA

method based on parenchymal area and the combination of MI

with PCA method based on calcification area demonstrated the

lowest AUC values of 0.413 (95%, 0.408-0.767) and 0.525 (95%,

0.493-0.671) in the training set, and 0.433 (95%, 0.392-0.474) and

0.560 (95%, 0.482-0.630) in the internal validation set, respectively.

Consistent results were obtained in the external validation cohort,

where the highest AUC values for both the parenchymal and

calcified areas were 0.929 (95%, 0.858-0.996), and the lowest AUC

values were 0.433 (95%, 0.431-0.562) and 0.544 (95%, 0.497-0.629),

respectively. Importantly, no significant disparity in diagnostic

performance for predicting the BRAFV600E mutation was observed

between the parenchymal and calcified areas of the tumor across the

training, internal validation and external validation sets (Table 5).

The calibration curve and DCA further assessed the optimal

prediction models for both the parenchymal and calcified areas of

PTCs in the training set, as illustrated in Figures 4, 5. The

calibration curve closely followed the ideal curve, which indicates
Frontiers in Oncology 06
T
A
B
LE

3
E
va

lu
at
io
n
o
f
d
ia
g
n
o
st
ic

p
e
rf
o
rm

an
ce

o
f
B
R
A
FV

6
0
0
E
m
u
ta
ti
o
n
in

p
ar
e
n
ch

ym
al

ar
e
a
o
f
P
T
C
s
b
y
co

m
b
in
e
d
d
iff
e
re
n
t
te
xt
u
re

an
al
ys
is

m
e
th
o
d
s.

Fe
at
u
re

se
le
ct
io
n

al
g
o
ri
th
m

D
im

e
n
si
o
n
al
it
y

re
d
u
ct
io
n

m
e
th
o
d

T
ra
in
in
g
se
t

In
te
rn
al

va
lid

at
io
n
se
t

E
xt
e
rn
al

va
lid

at
io
n
se
t

Se
n
si
ti
vi
ty

(%
)

Sp
e
ci
fi
ci
ty

(%
)

A
U
C

9
5
%
C
I

Se
n
si
ti
vi
ty

(%
)

Sp
e
ci
fi
ci
ty

(%
)

A
U
C

9
5
%
C
I

Se
n
si
ti
vi
ty

(%
)

Sp
e
ci
fi
ci
ty

(%
)

A
U
C

9
5
%
C
I

Fi
sh
er

P
C
A

20
.0

62
.5

0.
41
3

0.
40
8-
0.
76
7

22
.2

64
.3

0.
43
3

0.
39
2-
0.
47
4

64
.3

22
.2

0.
43
3

0.
43
1-
0.
56
2

LD
A

90
.0

93
.7

0.
91
9

0.
80
3-
0.
92
7

88
.9

92
.9

0.
90
9

0.
87
8-
0.
93
2

85
.7

77
.8

0.
81
7

0.
62
7-
0.
99
9

N
D
A

10
0

87
.5

0.
93
8

0.
85
4-
0.
94
3

10
0

85
.7

0.
92
9

0.
90
4-
0.
96
9

85
.7

88
.9

0.
87
3

0.
71
0-
0.
99
9

P
O
E
+
A
C
C

P
C
A

40
.0

62
.5

0.
51
3

0.
51
1-
0.
71
4

44
.4

64
.3

0.
54
4

0.
51
3-
0.
61
1

50
.0

66
.7

0.
58
3

0.
50
8-
0.
64
1

LD
A

70
.0

87
.5

0.
78
8

0.
61
6-
0.
79
5

66
.7

85
.7

0.
76
2

0.
72
0-
0.
81
9

78
.6

10
0

0.
89
3

0.
85
5-
0.
92
7

N
D
A

10
0

93
.7

0.
96
9

0.
90
8-
1.
00
0

10
0

92
.9

0.
96
4

0.
89
4-
0.
99
9

85
.7

10
0

0.
92
9

0.
85
8-
0.
99
6

M
I

P
C
A

70
.0

62
.5

0.
66
3

0.
56
9-
0.
85
6

66
.7

64
.3

0.
65
5

0.
59
7-
0.
68
6

64
.3

55
.6

0.
59
9

0.
56
1-
0.
64
2

LD
A

10
0

87
.5

0.
93
8

0.
85
4-
0.
95
1

10
0

85
.7

0.
92
9

0.
81
4-
0.
93
0

71
.4

66
.7

0.
69
0

0.
56
1-
0.
72
0

N
D
A

10
0

87
.5

0.
93
8

0.
85
4-
0.
96
0

10
0

85
.7

0.
92
9

0.
87
3-
0.
95
1

78
.6

10
0

0.
89
3

0.
85
5-
0.
97
5

P
C
A
,p

ri
nc
ip
al
co
m
po

ne
nt

an
al
ys
is
;L

D
A
,l
in
ea
r
di
sc
ri
m
in
an
t
an
al
ys
is
;N

D
A
,n

on
lin

ea
r
di
sc
ri
m
in
an
t
an
al
ys
is
;P

O
E
+
A
C
C
,m

in
im

iz
at
io
n
of

bo
th

cl
as
si
fi
ca
ti
on

er
ro
r
pr
ob

ab
ili
ty

an
d
av
er
ag
e
co
rr
el
at
io
n
co
ef
fi
ci
en
ts
;M

I,
m
ut
ua
li
nf
or
m
at
io
n;

A
U
C
,a
re
a
un

de
r
cu
rv
e.
fron
tiersin.org

https://doi.org/10.3389/fonc.2025.1660725
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Chen et al. 10.3389/fonc.2025.1660725

Frontiers in Oncology 07
high calibration accuracy and confirms the model’s strong potential

for predicting BRAF gene mutation in papillary thyroid carcinoma

(PTC). According to the DCA results, the model offered a clinical

net benefit across a wide threshold probability range of 10% to 90%,

surpassing both the “treat-all” and “treat-none” strategies.

Furthermore, to evaluate the robustness of themodel’s conclusions,

a sensitivity analysis was conducted. The performance of the model

trained with class weights was compared with that of the model trained

using the Synthetic Minority Over-sampling Technique (SMOTE) on

an independent test set. The results revealed no significant difference in

the area under the receiver operating characteristic curve (AUC-ROC)

between the two models (0.924 vs. 0.916, respectively), while the

SMOTE-trained model exhibited a slight improvement in recall for

negative cases. These findings indicate that that our primary results are

not substantially influenced by class imbalance.
Discussion

Our study revealed that the utilization of MaZda software for

texture analysis of preoperative CT images of PTCs enables the

prediction of the BRAFV600E mutation. Notably, when considering

either the parenchymal or calcified areas of the tumor, the NDA

method exhibited excellent diagnostic performance in conjunction

with any of the feature selection algorithms. Specifically, the

combination of the POE+ACC algorithm with the NDA method,

as well as the combination of the MI algorithm with the NDA

method, demonstrated the highest diagnostic performance in

predicting the BRAFV600E mutation in PTC. Furthermore, we

meticulously delineated ROIs in both the parenchymal and the

calcified areas of the tumor. Remarkably, our findings indicated that

there was no significant difference in diagnostic performance

between these two distinct areas.

PTC patients with BRAFV600E positivity exhibited more

aggressive clinical behavior, as determined by the constitutive

abnormal activation of the mitogen-activated protein kinase

(MAPK) signaling pathway driven by the BRAFV600E mutation,

along with its downstream cascade of complex molecular and

cellular biological effects (16, 17). In addition, PTC displays

significant gender disparity. Epidemiological studies have

demonstrated that its occurrence rate in females is approximately

3–4 times higher than in males, which aligns with our study’s

female-to-male ratio of approximately 3:1 (18). This phenomenon

may be attributed to sex hormone (particularly estrogen)-mediated

activation of oncogenic pathways, X chromosome-driven

establishment of a gender-specific tumor microenvironment, and

differences in healthcare-seeking behaviors between sexes (18–20).

In this study, the freely available software MaZda was use for

feature extraction and dimensionality reduction. MaZda provides

several feature extraction methods, including Fisher, POE+ACC,

and MI, along with dimensionality reduction techniques such as

PCA, LDA, and NDA (21, 22). PCA evaluates the covariance matrix

of data, while LDA calculates the scattering matrix. Both methods

use linear transformation for data linear classification. However,

although PCA can effectively represent the dataset, its performance
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FIGURE 3

The receiver operating characteristic curves of combined different texture analysis methods in the parenchymal area (A–C) and calcified area (D–F)
of papillary thyroid carcinoma for predicting BRAFV600E mutation in the training, internal validation and external validation sets.
TABLE 5 Delong test for the combination with highest and lowest AUC between parenchymal and calcified areas in training and validation tests.

Combination Group Parenchymal area Calcified area P value

With highest AUC

Training Set POE+ACC+NDA MI+NDA 1.000

Internal Validation Set POE+ACC+NDA MI+NDA 1.000

External Validation Set POE_ACC+NDA MI+NDA 0.166

With lowest AUC

Training Set Fisher+PCA MI+PCA 0.719

Internal Validation Set Fisher+PCA MI+PCA 0.966

External Validation Set Fisher+PCA MI+PCA 0.464

Tumor area Group

With highest AUC

Parenchymal area

Training Set vs. Internal Validation Set 0.317

Training Set vs. External Validation Set 0.898

Internal Validation Set vs. External Validation Set 0.741

Calcified area

Training Set vs. Internal Validation Set 0.085

Training Set vs. External Validation Set 0.822

Internal Validation Set vs. External Validation Set 0.967

(Continued)
F
rontiers in Oncology
 08
 frontiersin.org

https://doi.org/10.3389/fonc.2025.1660725
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Chen et al. 10.3389/fonc.2025.1660725
TABLE 5 Continued

Tumor area Group

With lowest AUC

Parenchymal area

Training Set vs. Internal Validation Set 0.317

Training Set vs. External Validation Set 0.569

Internal Validation Set vs. External Validation Set 1.000

Calcified area

Training Set vs. Internal Validation Set 0.966

Training Set vs. External Validation 0.712

Internal Validation Set vs. External Validation Set 1.000
F
rontiers in Oncology
 09
FIGURE 4

The ROC, calibration, and decision curves of the optimal prediction model in parenchymal area of PTCs across the training (A–C), internal validation
(D–F) and external validation sets (G–I).
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in data classification is relatively subpar (23). Our study supports

these findings, as we found that the PCA method yielded unreliable

results. Similarly, while LDA demonstrated accuracy in certain data

classifications, it imposed high requirements on data characteristics,

resulting in overall suboptimal diagnostic performance. Conversely,

most datasets in our study consisted of non-linear data, which can

be better classified using non-linear classifiers such as NDA instead

of linear classifiers. NDA employs neural networks to perform non-

linear transformations on data, projecting them into lower-

dimensional feature spaces for linear classification (24, 25). Given

the tumor heterogeneity, partial tumor cells serve as the basis for

BRAFV600E mutation. Additionally, BRAFV600E mutation is

associated with various factors, including tumor size,

multifocality, tumor stage, aggressiveness, and the presence of

Hashimoto’s thyroiditis (26, 27). Consequently, we can conclude

that NAD is more suitable than the other two methods for

predicting BRAFV600E mutation, as it achieves higher accuracy by

effectively modeling the non-linear characteristics of the dataset

collected from BRAFV600E mutations. Our study demonstrated that
Frontiers in Oncology 10
NDA exhibited excellent diagnostic performance, with an error rate

of less than 10% in both the parenchymal and calcified areas,

irrespective of the feature selection algorithm utilized.

Previous research has demonstrated that the MaZda software

holds promise in distinguishing between benign and malignant

tumors. For instance, Ardakani et al. (28) revealed that a

combination of POE+ACC with NDA yielded excellent diagnostic

performance in differentiating thyroid nodules using ultrasound

images, achieving an accuracy of 97.14%, which closely aligns with

our findings. However, their study only employed the Fisher and

POE +ACC algorithms. On the other hand, our study revealed that

the combination of MI with NDA also exhibited excellent

diagnostic performance, with an AUC of 0.969. In contrast, Kwon

et al. (10) observed that various dimensionality reduction and

separator techniques had minimal influence on the results, while

the choice of feature selection algorithm significantly impacted

performance. Consequently, they concluded that radiomics

studies using thyroid sonography have limited predictive ability

for the BRAF mutation status of PTC. Yoon et al. (11) reported
FIGURE 5

The ROC, calibration, and decision curves of the optimal prediction model in calcified area of PTCs across the training (A–C), internal validation
(D–F) and external validation sets (G–I).
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similar findings. Our study demonstrated that the NDA method

achieved high accuracy, with an AUC exceeding 0.9. We

hypothesize that the utilization of different radiomics software

may have contributed to the discrepancies, highlighting one of

the major challenges in current radiomics research. Furthermore,

due to the diversity of texture feature analysis methods, the results

can vary depending on the chosen methods, even within the same

software. Therefore, radiomics research must establish unified and

standardized protocols.

The majority of previous radiomics studies have emphasized the

avoidance of calcification when delineating ROIs. However, it is worth

noting that calcification not only is prevalent in thyroid tumors but

also serves as a significant differential diagnostic indicator. While

ultrasound plays a crucial role in thyroid tumor diagnosis, the

elimination of calcification when delineating ROI, particularly in

cases of microcalcification, poses challenges. Currently, whether

calcification in thyroid tumors should be excluded during ROI

delineation remains uncertain. For example, some previous studies

have included calcification when drawing the ROIs and have

discovered that ultrasound and MRI radiomics can be used to

evaluate thyroid nodules (28–30). Conversely, other studies have

suggested that calcification should be excluded (31, 32). In our

study, we delineated the ROI separately in the parenchymal and

calcified areas of the tumor. We confirmed that drawing the ROI in

the calcified area can be also used to predict the BRAFV600E mutation.

There was no significant difference in diagnostic performance between

these two areas. Two potential explanations may account for this

finding. Firstly, the neovascularization and fibrous tissue in thyroid

tumors are prone to cause calcium salt deposition due to the rapid

proliferation of cancer cells. Additionally, the tumor itself secretes

glycoprotein and mucopolysaccharide, which may contribute to

nodule calcification. Secondly, microcalcification can be observed in

50% PTC cases and has been confirmed as an important factor

associated with the BRAFV600E mutation in PTC (26, 33).

This study had several limitations. Firstly, the data were

processed using the default format of the Mazda software. Whether

this affects the results requires further investigation. Secondly, we

only focused on nodules larger than 5 mm and excluded those with

thyroiditis or other inflammatory lesions. Furthermore, the mutation

analysis was performed in a specific subgroup of PTCs. Therefore,

our study did not encompass the mutation features of other types of

thyroid cancer. Thirdly, texture analysis was performed on venous-

phase images, as tumor tissues exhibit clearer boundaries and more

stable texture features during this phase. Considering the potential

influence of varying delay times on texture features and their

diagnostic performance, a standardized delay of 45–50 seconds was

employed for venous-phase imaging in this study. This aspect

warrants further investigation. Finally, the retrospective design

introduced variability in CT scanning parameters, which may have

affected feature extraction and introduced measurement bias.

Incomplete clinical data, such as thyroid function laboratory

indicators, also somewhat limited the generalizability of the results.

Future investigations will address these factors through prospective,

multicenter studies to validate the present findings.
Frontiers in Oncology 11
Conclusion

In conclusion, our findings demonstrated that texture analysis based

on preoperative CT images of PTCs using MaZda software can predict

the presence of the BRAFV600E mutation. The combination of POE

+ACC with the NDA method or MI with the NDA method exhibited

the highest diagnostic performance in predicting the BRAFV600E

mutation in PTC. The calcified area of the tumor can be utilized for

predicting the BRAFV600E mutation, and there was no significant

difference in diagnostic performance between the parenchymal and

calcified areas. Nevertheless, our results should be further validated in a

larger sample size to enhance their potential clinical utility.
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