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Comparison of the diagnostic performance of the artificial intelligence-
based TIRADS algorithm with established classification systems for
thyroid nodules

Abdilkadir Bozkus'

Yeliz Basar! PURPOSE
Koray Glven?2 This study aimed to evaluate and compare the diagnostic performance of various Thyroid Imaging
Reporting and Data Systems (TIRADS), with a particular focus on the artificial intelligence-based

TIRADS (AI-TIRADS), in characterizing thyroid nodules.
1Acibadem Maslak Hospital, Clinic of Radiology,

istanbul, Turkiye
METHODS

In this retrospective study conducted between April 2016 and May 2022, 1,322 thyroid nodules
from 1,139 patients with confirmed cytopathological diagnoses were included. Each nodule was
assessed using TIRADS classifications defined by the American College of Radiology (ACR-TIRADS),
the American Thyroid Association (ATA-TIRADS), the European Thyroid Association (EU-TIRADS), the
Korean Thyroid Association (K-TIRADS), and the AI-TIRADS. Three radiologists independently eval-
uated the ultrasound (US) characteristics of the nodules using all classification systems. Diagnostic
performance was assessed using sensitivity, specificity, positive predictive value (PPV), and nega-
tive predictive value, and comparisons were made using the McNemar test.

2Acibadem Mehmet Ali Aydinlar University Faculty of
Medicine, Department of Radiology, istanbul, Tiirkiye

RESULTS

Among the nodules, 846 (64%) were benign, 299 (22.6%) were of intermediate risk, and 147 (11.1%)
were malignant. The AI-TIRADS demonstrated a PPV of 21.2% and a specificity of 53.6%, outperform-
ing the other systems in specificity without compromising sensitivity. The specificities of the ACR-TI-
RADS, the ATA-TIRADS, the EU-TIRADS, and the K-TIRADS were 44.6%, 39.3%, 40.1%, and 40.1%,
respectively (all pairwise comparisons with the AI-TIRADS: P < 0.001). The PPVs for the ACR-TIRADS,
the ATA-TIRADS, the EU-TIRADS, and the K-TIRADS were 18.5%, 17.9%, 17.9%, and 17.4%, respective-
ly (all pairwise comparisons with the AI-TIRADS, excluding the ACR-TIRADS: P < 0.05).

CONCLUSION

The AI-TIRADS shows promise in improving diagnostic specificity and reducing unnecessary biop-
sies in thyroid nodule assessment while maintaining high sensitivity. The findings suggest that the
AI-TIRADS may enhance risk stratification, leading to better patient management. Additionally, the
study found that the presence of multiple suspicious US features markedly increases the risk of
malignancy, whereas isolated features do not substantially elevate the risk.

CLINICAL SIGNIFICANCE
The AI-TIRADS can enhance thyroid nodule risk stratification by improving diagnostic specificity
and reducing unnecessary biopsies, potentially leading to more efficient patient management and
better utilization of healthcare resources.
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hyroid nodules are a widespread clin-
Tical concern, detected in a substantial

proportion of the general population
through high-resolution ultrasound (US) ex-
aminations. The frequency of thyroid nod-
ules detected in people during routine US
screenings varies between 20% and 68%.
This range is influenced by factors such as
demographic traits and the precision of the
imaging technology employed.”? Although
the majority of thyroid nodules are benign,
approximately 5%-15% exhibit malignant
potential, necessitating accurate risk strati-
fication to guide clinical management.® The
most important challenge in the evaluation
of thyroid nodules is the distinction between
benign and malignant lesions to determine
the appropriate necessity for invasive investi-
gations such as fine needle aspiration biopsy
(FNAB).**

FNAB is a cornerstone diagnostic tool for
thyroid nodules with high sensitivity and
specificity in differentiating benign from
malignant lesions. However, it is not with-
out drawbacks, including being invasive,
having the potential for nondiagnostic or
indeterminate results, and causing patient
discomfort.” Consequently, there is a press-
ing need for non-invasive, reliable methods
to enhance the accuracy of thyroid nodule
classification, thereby reducing unnecessary
biopsies and associated healthcare costs.?

US remains the primary imaging modali-
ty for the evaluation of thyroid nodules due
to its accessibility, lack of ionizing radiation,
and ability to provide detailed anatomical
and structural information.? These classifica-

* The artificial intelligence-based Thyroid
Imaging Reporting and Data System (Al-TI-
RADS) exhibited enhanced specificity in
comparison with other recognized systems
such as the American College of Radiology
(ACR)-TIRADS, the American Thyroid Asso-
ciation TIRADS, the European TIRADS, and
the Korean TIRADS, concurrently preserving
elevated sensitivity.

* The AI-TIRADS notably reduced the inci-
dence of avoidable fine needle aspiration
biopsies to 40.8%, compared with 49% for
the ACR-TIRADS and exceeding 51% for the
other systems.

* The investigation validated that the exis-
tence of multiple concerning ultrasound
characteristics is considerably correlated
with an elevated risk of malignancy, where-
as singular features have diminished predic-
tive value, thereby underscoring the neces-
sity for thorough risk evaluation.

tion systems risk-stratify the probability of
malignancy based on specific sonographic
features such as echogenicity, composition,
shape, margin, and the presence of calcifica-
tions.’o"

Multiple Thyroid Imaging Reporting
and Data Systems (TIRADS) have been pro-
posed by different organizations, including
the American College of Radiology (ACR-TI-
RADS),"? the American Thyroid Association
(ATA-TIRADS),* the European Thyroid Associ-
ation (EU-TIRADS),” and the Korean Thyroid
Association (K-TIRADS)." Despite their wide-
spread adoption, variability exists among
these systems in criteria weighting, risk cat-
egorization, and recommended manage-
ment strategies, leading to inconsistencies
in clinical practice.” This lack of consensus
highlights the need for further refinement
and the potential integration of advanced
technologies to enhance diagnostic perfor-
mance.

Artificial intelligence (Al) and machine
learning have been transformative in med-
ical imaging over the past decade, with the
promise of improving traditional diagnostic
practices.' The Al-based TIRADS (AI-TIRADS)
leverage computational algorithms to an-
alyze complex patterns in US data, aiming
to improve the accuracy and consistency of
thyroid nodule classification.'” Preliminary
studies suggest that the AI-TIRADS may ex-
hibit higher specificity and reduced rates of
unnecessary FNABs compared with the con-
ventional TIRADS, without compromising
sensitivity.”®'® These advancements enable
better thyroid nodule assessment, where
Al-assisted decision-making can enhance
clinical outcomes and optimize resource uti-
lization.

Moreover, the integration of Al into the
TIRADS addresses critical issues such as
interobserver variability and subjective in-
terpretation inherent in manual US evalua-
tions.?® By providing objective, reproducible
assessments of nodular characteristics, the
AI-TIRADS can standardize risk stratification
across different healthcare settings and prac-
titioners.2" This is particularly pertinent in
regions with limited access to specialized ra-
diologists, where Al-driven tools can support
primary care providers in making informed
decisions.?

Despite the promising potential of the
AI-TIRADS, comprehensive evaluations com-
paring its diagnostic performance against
established TIRADS are limited. Furthermore,
the impact of Al integration on clinical work-
flows, patient anxiety, and overall healthcare
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costs warrants thorough investigation.> Ad-
dressing these gaps is essential to validate
the efficacy of the AI-TIRADS and facilitate
its widespread adoption in routine clinical
practice.

This study aims to compare and evaluate
the diagnostic effectiveness of the AI-TIRADS
with other currently established classification
systems, such as the ACR-TIRADS, the ATA-TI-
RADS, the EU-TIRADS, and the K-TIRADS, in
characterizing thyroid nodules. By analyzing
a large cohort of patients with confirmed cy-
topathological diagnoses, this research seeks
to determine the efficacy of the AI-TIRADS in
improving specificity, reducing unnecessary
FNABs, and enhancing overall diagnostic ac-
curacy.

Study sample

This retrospective investigation was con-
ducted with the approval of the local ethics
committee, which also waived the require-
ment for informed consent due to the use of
de-identified medical records (REDACTED).
Approved by the Acibadem University and
Acibadem Healthcare Institutions Medical
Research Ethics Committee (ATADEK) on
June 16, 2023, with decision number 2023-
10/360. The study included adult individuals
who underwent thyroid US assessments at a
single tertiary care institution between April
2016 and May 2022. Initially, 1,322 thyroid
nodules from 1,139 patients with confirmed
cytopathological diagnoses were identified
via the hospital information system and
the picture archiving and communication
system. All images were reviewed in Digital
Imaging and Communications in Medicine
format. Patients lacking complete cyto-
pathological information were excluded, re-
sulting in a final cohort comprising 1,110
patients with 1,292 thyroid nodules. Further
details are presented as a flowchart in Figure
1.The study adhered to the Standards for Re-
porting of Diagnostic Accuracy guidelines to
ensure integrity and transparency in the re-
porting process.**

All thyroid nodules were evaluated and
classified according to five different TIRADS:
the ACR-TIRADS, the ATA-TIRADS, the EU-TI-
RADS, the K-TIRADS, and the AI-TIRADS algo-
rithm.4,12-14,17

Wildman-Tobriner et al."” optimized the
ACR-TIRADS classification using Al. Three
board-certified radiologists with more than 5
years of experience in thyroid imaging inde-
pendently reviewed all nodules’ sonographic
features, including echogenicity, composi-
tion, shape, margin, and calcifications. Dis-
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agreements were resolved by consensus to
prevent variation in classification. Indepen-
dent review for ground truth verification was
not performed, as inter-rater reliability test-
ing was beyond the scope of the study.

Cytopathological diagnoses were cate-
gorized based on the Bethesda System for
Reporting Thyroid Cytopathology.® Nodules
were classified as benign (Bethesda category
2), indeterminate (Bethesda categories 3 and
4), or malignant (Bethesda categories 5 and
6). Nodules diagnosed as non-diagnostic or
having inadequate material (Bethesda cate-
gory 1) were excluded from the analysis. This
classification enabled a standardized assess-
ment of malignancy risk across the different
TIRADS.

Statistical analysis

Statistical analyses were performed using
the R programming language (R Core Team,
2023) within the RStudio environment (RStu-
dio Team, 2023). All analyses were two-tailed,
and a P value of less than 0.05 was consid-
ered statistically significant.

Descriptive statistics were used to char-
acterize the patient cohort. Continuous vari-
ables, such as age, were presented as mean
+ standard deviation for normally distributed
data or as median (minimum-maximum) for
non-normally distributed data. Categorical
variables were expressed as frequency and
percentage.

Comparative evaluations among groups
were conducted using appropriate statistical
methods. Independent sample t-tests were
applied to compare continuous variables be-
tween two groups, and analysis of variance
alongside Tukey’s post hoc tests was used for
comparisons among multiple groups. Cat-
egorical variables were analyzed using chi-
square or Fisher’s exact tests, as appropriate.

The performance of all TIRADS was as-
sessed by calculating sensitivity, specificity,
positive predictive value (PPV), and nega-
tive predictive value (NPV) to evaluate each
system’s accuracy in identifying malignant
and benign nodules. Histopathology results
with Bethesda scores of 2, 3, and 4 were con-
sidered negative, whereas scores of 5 and 6
were considered positive. For TIRADS classifi-
cation, scores of 1, 2, and 3 were considered
negative, and scores of 4 and 5 were consid-
ered positive. These metrics were computed
using the caret package in R.2¢ Additionally,
confidence intervals for sensitivity, specific-
ity, PPV, and NPV were calculated to assess
the precision of these estimates. Differences

in sensitivity and specificity between classi-
fication methods were evaluated using the
McNemar test. Comparisons of PPV and NPV
were conducted using the statistical package
of Stock et al.’

Results

In this study, 1,324 nodules detected in
1,139 patients were evaluated, and 32 nod-
ules in 29 patients were excluded due to
non-diagnostic or insufficient cytopatho-
logical material detected by FNAB. A total of
1,110 patients with 1,292 nodules confirmed
by cytopathological diagnosis were included.
Of the 1,292 nodules included, 846 (65.4%)
were diagnosed as benign, 299 (23.1%) as
intermediate risk, and 147 (11.3%) as malig-
nant. The overall incidence of malignancy
was approximately 11.5%. Example images
with evaluations are shown in Figure 2.

Of the patients, 826 (72.5%) were women
and 313 (27.5%) were men. Among the 947
nodules in women, 629 (66.4%) were benign,
217 (22.9%) were intermediate risk, and 101
(10.6%) were malignant. Of the 345 nodules
in men, 216 (62.6%) were benign, 81 (23.4%)
were intermediate risk, and 48 (13.9%) were
malignant. A statistically significant differ-

ence was found between malignancy rates
in men and women (P < 0.001).

The average age of the patients was 46.33
+ 11.95 years; for women, it was 46.18 +
11.94 years, and for men, it was 47.37 + 11.57
years. The average age of patients with be-
nign nodules was 47.04 + 11.62 years, where-
as those with intermediate-risk nodules
had an average age of 46.46 + 11.90 years.
Patients diagnosed with malignant nodules
were younger, with an average age of 40.97
+ 11.93 years (P < 0.001). The lower average
age of patients with malignant nodules was
observed. Further distribution of patient
characteristics is summarized in Table 1.

The diagnostic performance parameters
of the AI-TIRADS classification are as follows:
sensitivity, specificity, PPV, and NPV, calcu-
lated as 95.3%, 53.8%, 21.2%, and 98.8%,
respectively. The statistical analysis of malig-
nancy risk according to the AI-TIRADS guide-
lines is shown in Table 2.

The AI-TIRADS missed 7 cancer cases out
of 149 (4.6%), the ACR-TIRADS missed 5 can-
cer cases out of 149 (3.3%), the ATA-TIRADS
missed 3 cancer cases out of 146 (2%), the
EU-TIRADS missed 3 cancer cases out of 149

and May 2022

Patient underwent thyroid
ultrasound assessments and
undergone histopathological

assessment between April 2016

Y

1139 patients

diagnoses

1322 thyroid nodules from

with confirmed cytopathological

cytopathological data were

Patients with incomplete

excluded:
30 thyroid nodules

Final cohort

1139 patients

1292 thyroid nodules from

Figure 1. Flowchart of the study.
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(2%), and the K-TIRADS missed 3 cancer cases
out of 149 (2%).

The sensitivity and specificity for the AI-TI-
RADS were 94.6% and 53.6%, respectively.
The AI-TIRADS showed no statistically signif-
icant difference from all other TIRADS in sen-
sitivity but showed a statistically significant
difference in specificity. In comparison, the
ACR-TIRADS showed a sensitivity of 96.6%
and a specificity of 44.6%. The ATA-TIRADS,
the EU-TIRADS, and the K-TIRADS exhibited
similar sensitivities of 97.9% but lower speci-
ficities ranging from 39.3% to 40.1%.

The PPV for the AI-TIRADS was 21.2%,
which was statistically significantly higher
than those of the ATA-TIRADS, the EU-TIRADS,
and the K-TIRADS, which were 17.4%, 17.9%,
and 17.9%, respectively. The PPV for the Al-TI-
RADS was not statistically significantly dif-
ferent from that of the ACR-TIRADS (18.5%).
Unnecessary biopsy rates were interpreted
based on PPVs (higher is better). The NPV for
the AI-TIRADS was 98.8% and was not statis-
tically significantly different from those of
the ACR-TIRADS, the ATA-TIRADS, the EU-TI-
RADS, and the K-TIRADS, which were 99%,
99.3%, 99.3%, and 99.3%, respectively. Exam-
ples of false-positive images are provided in
Figure 3.The diagnostic performances of the
classification systems used in our study are
shown in Table 3.

Discussion

This study compared the diagnostic accu-
racy of the AI-TIRADS with other classification
systems, such as the ACR-TIRADS, the ATA-TI-
RADS, the EU-TIRADS, and the K-TIRADS, for
thyroid nodule characterization. The study
revealed that the AI-TIRADS had a sensitiv-
ity of 94.6% and a specificity of 53.6%, sur-
passing the other systems in specificity while
maintaining comparable sensitivity levels.
This indicates that the AI-TIRADS can effec-
tively reduce unnecessary FNABs without
compromising the detection of malignant
nodules.

The higher specificity of the AI-TIRADS
aligns with recent studies suggesting that
Al-enhanced algorithms improve risk strat-
ification accuracy by minimizing false-posi-
tive results.'”'® The reduction in unnecessary
biopsies observed with the AI-TIRADS (PPV
21.2%) compared with the ACR-TIRADS (PPV
18.5%) and other systems (PPV <18%) under-
scores its potential to optimize clinical work-
flows and alleviate patient burden.'

Consistent with our findings, previous re-
search has indicated that Al-based systems

can enhance diagnostic performance by ac-
curately analyzing complex US features be-
yond human capability.?#* Additionally, the
lack of substantial differences in malignancy
rates between genders and the association
of multiple suspicious US features with in-
creased cancer risk corroborate existing lit-
erature.**

The superior specificity of the AI-TIRADS
(53.6%) compared with other systems such

as the ACR-TIRADS (44.6%), the ATA-TIRADS
(39.3%), the EU-TIRADS (40.1%), and the K-TI-
RADS (40.1%) is crucial in this context, as it
suggests a greater ability to correctly classify
benign nodules within this group, thereby
reducing the rate of unnecessary FNABs.
Wildman-Tobriner et al.'” reported findings
consistent with ours, highlighting the better
specificity of the AI-TIRADS. When intermedi-
ate-risk lesions (Bethesda 3 and 4) were clas-

Table 1. Distribution of patient characteristics across different histopathological diagnoses

Patient Benign Malignant P value
i e Low risk Intermediate risk

Sex = = = <0.001
Female 629 (66.4%) 217 (22.9%) 101 (10.7%) =

Male 216 (62.6%) 81 (23.5%) 48 (13.9%) =

Age 47.04+£11.62 46.46 +11.90 40.97 +11.93 <0.001

Figure 2. Examples of evaluated images. (a) AI-TIRADS 1, ACR-TIRADS 2, EU-TIRADS 2, K-TIRADS 2, and ATA-
TIRADS 2 lesions. Histopathological evaluation was benign (Bethesda category 2). (b) AI-TIRADS 2, ACR-
TIRADS 3, EU-TIRADS 2, K-TIRADS 2, and ATA-TIRADS 2 lesions. Histopathological evaluation was benign
(Bethesda category 2). (c) AI-TIRADS 3, ACR-TIRADS 3, EU-TIRADS 3, K-TIRADS 3, and ATA-TIRADS 3 lesions.
Histopathological evaluation was benign (Bethesda category 2). (d) AI-TIRADS 4, ACR-TIRADS 4, EU-TIRADS
4, K-TIRADS 4, and ATA-TIRADS 4 lesions. Histopathological evaluation was benign (Bethesda category
2). (e) AI-TIRADS 5, ACR-TIRADS 5, EU-TIRADS 5, K-TIRADS 5, and ATA-TIRADS 5 lesions. Histopathological
evaluation was malignant (Bethesda category 6). AI-TIRADS, artificial intelligence-based Thyroid Imaging
Reporting and Data System; ACR, American College of Radiology; EU, European Thyroid Association TIRADS;
K-TIRADS, Korean Thyroid Association TIRADS; ATA, American Thyroid Association.

« September 2025 - Diagnostic and Interventional Radiology

Bozkus et al.



sified as positive, the AI-TIRADS demonstrat-
ed a PPV of 48%, which was higher than that
of the other systems (43%-45%). Although
other systems showed higher sensitivities in

this analysis (78%-81% compared with 72%
for the AI-TIRADS), they did so at the cost of
lower precision and PPV. This trade-off un-
derscores the clinical utility of the AI-TIRADS

Table 2. Distribution of the AI-TIRADS classifications

Category Benign Malignant Malignancy P value
Low risk Intermediate risk =) LEE
(n =845) (n=298)
AI-TIRADS 1 153 (18.1%) 16 (5.3%) 0 (0%) 0% <0.001
AI-TIRADS 2 228 (27.0%) 47 (15.8%) 2 (1.3%) 0.7% =
AI-TIRADS 3 116 (13.7%) 53 (17.8%) 5(3.3%) 2.9% =
AI-TIRADS 4 265 (31.3%) 154 (51.7%) 35 (22.8%) 7.7% =
AI-TIRADS 5 83 (9.9%) 28 (9.4%) 107 (72%) 49% =
Al, Artificial intelligence; TIRADS, Thyroid Imaging Reporting and Data System.
Table 3. Diagnostic performance of the classification systems used
Classifications Sensitivity P Precision P PPV P NPV P
System value* value* value* value
AI-TIRADS 95.3% = 53.8% = 21.2% - 98.8% -
ACR-TIRADS 96.6% 0.39 44.6% <0.001 185% 0.07 99%  0.62
EU-TIRADS 97.9% 0.12 40.1% <0.001 17.9% 0.03 99.3% 0.32
K-TIRADS 97.9% 0.12 40.1% <0.001 17.9% 0.03 99.3% 0.32
ATA 97.9% 0.12 39.3% <0.001 174% 0.04 99.3% 0.32

*Compared with the AI-TIRADS. Al, artificial intelligence; TIRADS, Thyroid Imaging Reporting and Data Systems;
ACR, American College of Radiology; EU-TIRADS, European Thyroid Association TIRADS; K-TIRADS, Korean Thyroid
Association TIRADS; ATA, American Thyroid Association; PPV, positive predictive value; NPV, negative predictive

value.

Figure 3. Examples of false-positive images. (a) AI-TIRADS 2, ACR-TIRADS 4, EU-TIRADS 5, K-TIRADS 5,
and ATA-TIRADS 5 lesions. Histopathological evaluation was benign (Bethesda category 2). Biopsy could
have been avoided with the AI-TIRADS. (b) AI-TIRADS 2, ACR-TIRADS 4, EU-TIRADS 5, K-TIRADS 5, and ATA-
TIRADS 5 lesions. Histopathological evaluation was benign (Bethesda category 2). Biopsy could have been
avoided with the AI-TIRADS. (c) AI-TIRADS 2, ACR-TIRADS 4, EU-TIRADS 5, K-TIRADS 5, and ATA-TIRADS 5
lesions. Histopathological evaluation was benign (Bethesda category 2). Biopsy could have been avoided
with the AI-TIRADS. AI-TIRADS, artificial intelligence-based Thyroid Imaging Reporting and Data System;
ACR, American College of Radiology; EU, European Thyroid Association TIRADS; K-TIRADS, Korean Thyroid
Association TIRADS; ATA, American Thyroid Association.

in the intermediate-risk category, where
avoiding unnecessary biopsies for benign
nodules is a primary goal.

However, this study has limitations, in-
cluding its retrospective design, which may
lead to selection bias and potentially restrict
the generalizability of the findings. In partic-
ular, it must be acknowledged that patients
with histopathology results of Bethesda
score 1 and only biopsied patients were in-
cluded in the study. Additionally, the lack of
an interobserver reliability assessment might
impact the consistency of nodule classifi-
cation.*® To confirm the effectiveness of the
AI-TIRADS and examine its incorporation into
standard clinical practice, future prospective
studies involving larger and more diverse
populations are needed.

Moreover, variability among different TI-
RADS in criteria weighting and risk categori-
zation highlights the need for standardized
guidelines to ensure consistent application
across healthcare settings.>*? The integra-
tion of Al into the TIRADS offers a promising
solution to these challenges by providing
objective and reproducible assessments,
thereby enhancing diagnostic accuracy and
reducing interobserver variability.>

The AI-TIRADS demonstrated improved
specificity and a reduced unnecessary biop-
sy rate in thyroid nodule classification with-
out sacrificing high sensitivity compared
with other traditional TIRADS. The findings
suggest that the AI-TIRADS can be utilized to
enhance clinical decision-making, optimize
resource utilization, and improve patient
management in thyroid nodule assessment.
Further prospective studies are required to
confirm these findings and facilitate broader
implementation of the AI-TIRADS in clinical
practice.

Footnotes
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