
THYROID RADIOLOGY AND NUCLEAR MEDICINE

Open camera or QR reader and
scan code to access this article

and other resources online.
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Support System for the Diagnosis and American College
of Radiology Thyroid Imaging Reporting and Data System

Classification of Thyroid Nodules
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Background: This study aimed to evaluate the clinical impact of an artificial intelligence (AI)-based decision
support system (DSS), Koios DS, on the analysis of ultrasound imaging and suspicious characteristics for thy-
roid nodule risk stratification.
Methods: A retrospective ultrasound study was conducted on all thyroid nodules with histological findings from
June 2021 to December 2022 in a thyroid nodule clinic. The diagnostic performance of ultrasound imaging was
evaluated by six readers on the American College of Radiology Thyroid Imaging Reporting and Data System
(ACR TI-RADS) before and after the use of the AI-based DSS and by AI itself.
Results: A total of 172 patients (83.1% women) with a mean age of 52.3 – 15.3 years were evaluated. The mean
maximum nodular diameter was 2.9 – 1.2 cm, with 11.0% being differentiated thyroid carcinomas. Among the
nodules initially classified as ACR TI-RADS 3 and 4, AI reclassified 81.4% and 24.5% into lower risk cate-
gories, respectively. Receiver operating characteristic (ROC) curve analysis was performed to evaluate the
diagnostic performance of the readers and the AI-based DSS versus histological diagnosis. There was an
increase in the area under the ROC curve (AUROC) after the use of AI (0.776 vs. 0.817, p < 0.001). The
AI-based DSS improved the mean sensitivity (Sens) (82.3% vs. 86.5%) and specificity (Spe) (38.3% vs. 54.8%),
produced a high negative predictive value (94.5% vs. 96.4%), and increased the positive predictive value (PPV)
(14.0% vs. 16.1%) and diagnostic precision (43.0% vs. 49.3%). Based on the ACR TI-RADS score, there was
significant improvement in interobserver agreement after the use of AI (r = 0.741 for ultrasound imaging alone
vs. 0.981 for ultrasound imaging and the AI-based DSS, p < 0.001).
Conclusions: The use of an AI-based DSS was associated with overall improvement in the diagnostic efficacy
of ultrasound imaging, based on the AUROC, as well as an increase in Sens, Spe, negative and PPVs, and diag-
nostic accuracy. There was also a reduction in interobserver variability and an increase in the degree of
concordance with the use of AI. AI reclassified more than half of the nodules with intermediate ACR TI-RADS
scores into lower risk categories.
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Introduction

The diagnosis of nodular thyroid pathology is becoming
more frequent in clinical practice due to the general-

ization of imaging tests. Approximately 60% of randomly
selected individuals have detectable thyroid nodules on ul-
trasound, especially women and older adults.1,2 However,
only 5% of these nodules are ultimately malignant.3 There
has been an increase in the incidence and prevalence of
thyroid cancer diagnoses over the past decades; however,
cancer-specific mortality has remained stable.4

Ultrasonography is the main imaging test to evaluate
thyroid nodules; it represents the initial evaluation tool after
physical examination. It allows to confirm the presence,
number, and dimensions of nodules and to distinguish
between those that should be analyzed by fine-needle aspi-
ration (FNA) and those that can be followed by ultrasonog-
raphy, according to their suspicious characteristics.1,2

However, the assessment of a thyroid nodule by ultrasound
imaging has some drawbacks. Ultrasound imaging features
suggestive of malignancy, such as hypoechogenicity, a
mostly solid composition, a taller-than-wide shape, irregular
margins, the absence of a halo, or the presence of intranodular
calcification, are not specific enough to definitively diagnose
malignancy on their own.5 To solve this problem, malignancy
risk stratification scales have been developed to integrate
ultrasound information to standardize clinical decision-
making.6,7

All risk stratification scales have demonstrated acceptable
levels of sensitivity (Sens); however, the American College
of Radiology Thyroid Imaging Reporting and Data System
(ACR TI-RADS) has the highest degree of specificity (Spe),
reducing the number of unnecessary FNA biopsies and
maintaining acceptable Sens.6–8

In this sense, decision support systems (DSSs) based on
artificial intelligence (AI)/deep learning have recently been
developed to assist clinicians in the interpretation of ultra-
sound imaging. These help to reduce the subjective com-
ponent, thus decreasing inter- and intraobserver variability
and improving the diagnostic performance of thyroid echo-
graphy.9,10 However, most of the results have focused on
evaluating their diagnostic capacity in controlled studies and
not in real clinical practice settings.11

Moreover, very few studies have evaluated the impact of
DSS use on the diagnostic performance of each observer in a
clinical setting with and without the support of an AI system,
as well as that of the AI system alone.12,13 Koios DS (Koios
Medical, New York, NY) prepopulates existing ACR TI-
RADS descriptors and provides a novel AI-derived risk
assessment as an additional ACR TI-RADS descriptor (Koios
AI Adapter) without changing any other elements of the
existing TI-RADS lexicon.

Only one multicenter, cross-sectional, multireader vali-
dation study has been published.14 However, this study
did not reflect the true clinical activity in a thyroid nodule
clinic, and the authors did not evaluate the impact of the AI
Adapter.

The aim of the present study was to evaluate the impact of
an AI-based DSS, Koios DS, on ultrasound imaging analysis
and risk stratification based on ACR TI-RADS categorization
in a real cohort of patients with nodular thyroid pathology
evaluated in real-world practice.

Methods

This was a retrospective study of the ultrasound imaging of
all nodules with cytological and/or histological results from a
thyroid nodule clinic referral unit of a university hospital. All
consecutive patients over 18 years of age with thyroid nod-
ules and at least two unobstructed ultrasound images with
cytologic and/or histologic findings evaluated from June
2021 to December 2022 were included. Patients with poor
quality ultrasound images (image blur or nonstandard image
acquisition), with incomplete cytologic and/or histologic
data, or who refused to sign the informed consent form were
excluded.

The following biochemical and clinical data were col-
lected: sex, age at diagnosis, diagnostic method, relevant
personal and family history, thyrotropin (TSH) and free
thyroxine (fT4) levels, nodular size, percentage of malig-
nancy determined by an FNA or biopsy of the surgical
piece, and orthogonal images of the nodules under study
(transverse/longitudinal) in the DICOM format. The images
were analyzed by six readers before and after the use of the
AI-based DSS.

At the time of the study, all readers were board-certified
practicing physicians with 5–20 years of experience in thy-
roid ultrasound and ACR TI-RADS thyroid nodule evalua-
tion. Each reader was blinded to the FNA and histological
results to ensure an unbiased assessment of the nodules based
solely on ultrasound images.

Each observer initially received a 30-minute training ses-
sion to understand the results of the AI program, and a test to
demonstrate the correct use of the AI platform based on the
evaluation of five supervised test cases. All nodular images
were presented to the observer in two orthogonal projections
without delimiting the original regions of interest of the
thyroid nodule. Each reader analyzed and recorded the com-
position, echogenicity, shape, margins, and echogenic foci of
each nodule.

The reader assigned each characteristic a score and a risk
category according to the criteria defined in the ACR TI-
RADS risk assessment scale before and after the use of AI
sequentially. That is, each reader scored and recorded the
case twice, first as a preassessment by the unassisted observer
(ultrasound [US]) and then as an AI-assisted reading with the
assigned ACR TI-RADS features as well as an optional risk
modifier generated by the AI-based DSS (US+AI), called the
AI Adapter.

All thyroid nodule features and ACR TI-RADS risk clas-
sifications (US or US+AI) were mandatory, and the readers
had the ability to edit all AI-generated features (including
AI Adapter) during the US+AI condition. The order of the
reading condition was randomized, and reading blocks were
separated by a 2-week period.

All original images were acquired during clinical practice
using GE LOGIC e7 ultrasound imaging equipment (Mil-
waukee, WI) by two board-certified physicians with 20 years
of experience in thyroid nodule imaging. The internal scan-
ning protocol included at least two orthogonal images for
each nodule to capture different aspects of the nodule’s
morphology and characteristics with the best possible reso-
lution. One of the board-certified physicians chose the most
significant images (transverse and longitudinal) for review or
excluded them based on the imaging quality. The selected
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images were presented in the transverse and longitudinal
planes to each reader to comprehensively assess the nodules.

All malignant lesions were confirmed by post-
thyroidectomy biopsy. Benign lesions were confirmed by
post-thyroidectomy biopsy, if available, or by the FNA result
based on Bethesda Il categorization. For nodules with a pre-
vious Bethesda II result, but with intermediate or high sus-
picious features, FNA was repeated to avoid false-negative
cytology results, as recommended by current clinical guide-
lines.1 Similarly, patients with indeterminate FNA classifi-
cations (Bethesda IIl and IV) were categorized as benign by
repeat FNA or postsurgical biopsy, respectively.1

Finally, a total of 172 patients with thyroid nodules, com-
prising 172 nodules (11.0% biopsy-confirmed malignant nod-
ules), were included in the study (Fig. 1). The cohort consisted
of 83.1% female patients, with a mean – standard deviation
(SD) age of 55.3 – 15.3 years. The nodules had a mean maxi-
mum transverse diameter of 2.9 – 1.2 cm and median volume of
6.4 mL, with an interquartile range (IQR) of 1.6–13.8. The
mean TSH level at diagnosis was 2.2 – 1.9 mIU/L.

Additionally, 5.8% of the patients had a family history of
thyroid cancer, and 18.6% were receiving thyroid hormone
replacement therapy with levothyroxine. The baseline clini-
cal characteristics are summarized in Table 1.

AI-based DSS

The AI system employed in this study uses computer
vision and machine learning techniques to generate an engine
capable of analyzing and interpreting the ultrasound image of
the thyroid nodule. The characteristics of thyroid nodules
categorized by the AI-based DSS used in the present work

coincide exactly with the characteristics of suspicion defined
in the ACR TI-RADS guidelines (with the exception of
extrathyroidal extension),7 as described previously by
Barinov et al.14

The AI-based DSS evaluates the user-defined region of
interest (ROI) of an ultrasound image corresponding to the
thyroid nodule under study. From this image, the AI-based
DSS categorizes (with a probability) each of the ACR TI-
RADS components (composition, echogenicity, shape, mar-
gins, and echogenic foci). It also generates the AI Adapter,
which is independent of the ACR TI-RADS classification and
assessment. The AI Adapter allows for optional modification
of the total risk by subtracting or adding to the total ACR TI-
RADS score, specifically -2, -1, 0, +1, or +2 points (Sup-
plementary Fig. S1).

Thus, the AI Adapter allows for incorporation of an inde-
pendent machine learning-based thyroid nodule assessment
to improve the ACR TI-RADS categorization beyond the
assessment of each of the individual descriptors of the AI-
based DSS itself.

Finally, based on the user’s final total score (including the
AI Adapter), the system makes a clinical action recommen-
dation (essentially whether an FNA should be performed) for
a specific thyroid nodule, following the same point and size
thresholds of the ACR TI-RADS guidelines.7

Statistical analysis

The present study met the statistical requirements for
sample size for an external validation diagnostic test accu-
racy study based on the area under the receiver operating
characteristic curve (AUROC) for independent assessments

FIG. 1. Flowchart of the inclusion criteria and exclusion criteria for data collection. FNA, fine-needle aspiration; FTC,
follicular thyroid cancer; PTC, papillary thyroid cancer.
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on US and US+AI. The sample size was calculated to detect
AUC (US and US+AI) >0.725, with a statistical power of
80%, significance level of 5%, and ratio of malignancy
of 11% (n = 149). The Kolmogorov–Smirnov test was used
to determine whether the variables followed a normal
distribution.

Quantitative variables with a normal distribution are
presented as mean – SD, while quantitative variables with a
non-normal distribution are presented as median [IQR].
Quantitative variables with a normal distribution were ana-
lyzed with Student’s t-test. Nonparametric variables were
evaluated using the Friedman and Wilcoxon tests. Qualitative
variables are expressed as percentage (%) and were ana-
lyzed with the chi-square test or Fisher’s exact test (when
necessary).

For all analyses, an interpretation leading to a recom-
mendation for FNA was considered a positive result for both
US and US+AI.14 The AUROC analysis was performed to
determine diagnostic accuracy based on the ACR TI-RADS
score by six readers before and after the use of an AI-based
DSS. This analysis involved comparing the AUROCs and
standard errors for 95% confidence intervals (CIs), with the
histologic or cytologic result as the gold standard.

The Sens, Spe, positive predictive value (PPV), negative
predictive value (NPV), and accuracy were assessed with a
bilateral Z-test (a = 0.05). All ratios were calculated based on
the threshold for an FNA recommendation by using the ACR
TI-RADS total score and thyroid nodule size criteria, acc-
ording to the ACR TI-RADS guidelines.7

For all AUROC assessments and the ultrasound diagnostic
accuracy assessment ratio, the absolute and relative differ-
ences are expressed as differences between AI-assisted
assessment and assessment without the DSS (US+AI vs. US).
Thus, positive values imply an improvement in the metric,
which would support the use of AI, while negative values
imply worse performance after the use of AI. The performance
of the AI system alone (AI ACR TI-RADS features+AI
Adapter), without reader intervention, was also analyzed.

Finally, to assess interobserver variability, Pearson corre-
lation coefficients were calculated for the total ACR TI-
RADS score of each observer averaged before and after the
use of AI. A p-value <0.05 was considered to be statistically
significant. SPSS Statistics, version 26 (IBM Corp, Armonk,
NY), and RStudio (RStudio, Boston, MA) were used for the
analysis. The study was approved by the Clinical Research
Ethics Committee (CEIC) of the Hospital Center (PI 21-
2525). All patients signed an informed consent form.

Results

The AUROC analysis was performed to determine the
diagnostic accuracy of ultrasound imaging using the ACR TI-
RADS scores determined by six readers and the AI-based
DSS. The AI-DSS significantly improved the AUROC
from 0.776 (CI 0.646–0.905) to 0.817 (CI 0.697–0.936)
( p < 0.001). Overall, there was a mean increase of 5.3%
(CI 3.4–7.9%) (Table 2) and all readers improved their
AUROC (Fig. 2A, B).

Table 1. Baseline Characteristics of the Patients

Patients n = 172

Sex (female) 83.1%
Age 52.3 – 15.3 years
Familiar thyroid cancer 5.8%
Personal cancer history 6.4%
Diagnostic approach Physical examination 42.4%

Computed tomography 12.3%
Ultrasonography 31.6%
Compressive symptoms 8.2%
Functional disturbance 3.5%

Maximum nodular size 2.9 – 1.2 cm
Transversal diameter 2.4 – 1.1 cm
Anteroposterior diameter 1.9 – 0.8 cm
Longitudinal diameter 2.9 – 0.8 cm
Volume 6.4 mL [1.6–13.8]*
TSH 2.2 – 1.9 mUI/L
fT4 1.3 – 0.4 ng/dL
Levothyroxine treatment 18.6%
Positive autoimmunity 26.7%
Malignancy 11.0%
Papillary thyroid

carcinoma
68.4%

Subtypes
Classic 53.8%
Follicular 30.8%
Aggressive 15.4%

Follicular thyroid
carcinoma

31.6%

Oncocytic variant 66.7%
Other variants 33.3%

Tumor staging AJCC
Stage I 42.1%
Stage II 21.1%
Stage III 26.3%
Stage IV 10.5%

Data are presented as mean – SD or median [IQR].
AJCC, American Joint Committee Cancer; fT4, free thyroxine;

IQR, interquartile range; SD, standard deviation; TSH, thyrotropin.

Table 2. Impact of Artificial Intelligence-Based

Decision Support Systems on Reader Performance,

as Measured by the Area Under the Receiver

Operating Characteristic Curve

Readers
Difference in AUC

(AUCUS+AI–AUCUS) [CI]
Percent

change [CI]

R1 0.040
[0.024 to 0.071]

5.330
[3.53 to 7.69]

R2 0.016
[-0.008 to 0.031]

2.097
[-1.433 to 5.556]

R3 0.036
[0.026 to 0.046]

4.774
[2.359 to 8.414]

R4 0.147
[0.055 to 0.203]

22.546
[13.861 to 36.895]

R5 0.028
[-0.006 to 0.050]

3.548
[2.295 to 4.223]

R6 0.009
[-0.012 to 0.023]

1.267
[0.530 to 1.637]

AI DSS
alone

0.039
[0.020 to 0.059]

5.611
[4.946 to6.774]

Average 0.041
[0.025 to 0.072]

5.284
[3.421 to 7.892]

AI, artificial intelligence; AI-based DSS, AI-based decision
support system; AUROC, area under the receiver operating
characteristic curve; CI, 95% confidence interval; US, ultrasound
imaging evaluation without AI; US+AI, ultrasound imaging eval-
uation with the AI decision support system.
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Diagnostic accuracy, as assessed with Sens, Spe, NPV,
PPV, and precision, was evaluated for the six readers as well
as the AI system. The AI-based DSS improved Sens (from
82.29% to 86.46%), Spe (from 38.29% to 44.82%), NPV
(from 94.53% to 96.39%), PPV (from 14.02% to 16.13%),
and diagnostic accuracy (from 43.01% to 49.29%). The
AI-based DSS showed a diagnostic accuracy similar to or
slightly higher than that achieved by the observers with
the use of AI (Sens = 81.25%, Spe = 53.03%, NPV = 95.89%,
PPV = 13.83%, and accuracy = 56.08%) (Table 3 and Fig. 2C).
Only one observer showed worse Spe, from 46.61% to
40.60% (-7.41%), after the use of AI.

There were no differences when assessing the accuracy of
the AI system based on sex, family history of thyroid cancer,
levothyroxine intake, circulating TSH levels, or the presence
of autoimmunity or gland heterogeneity due to underlying
thyroiditis.

Pearson’s correlation analysis was used to evaluate inter-
observer variability in the total ACR TI-RADS score before
and after the use of AI. There was significant improvement in
interobserver variability after the use of AI (r = 0.741 for US
and r = 0.981 for US+AI, p < 0.001) Figure 3.

Figure 4 shows how the AI-based DSS classified the
analyzed nodules into ACR TI-RADS risk categories with and
without the use of the AI Adapter. The analysis revealed that
82.8% and 24.5% of the nodules initially classified by AI as
ACR TI-RADS 3 and 4, respectively, were reclassified into
lower risk categories with the AI Adapter ( p < 0.001). As a
result, the AI Adapter eliminated the need for an FNA in 100%
and 53.8% of those ACR TI-RADS 3 and 4 nodules, respec-
tively, reclassified into lower risk categories (Supplementary
Table S1).

Additionally, 11% of the analyzed nodules were initially
categorized as ACR TI-RADS 1 or 2. This percentage in-
creased to 42% of the total number of nodules evaluated with
the AI Adapter ( p < 0.001). The number of nodules classified
as ACR TI-RADS 5 remained stable.

Discussion

The present study has demonstrated the usefulness of an
AI-based DSS: it improved the ability of readers to dis-
criminate malignant thyroid nodules (AUROC, Sens, Spe,
PPV, NPV, and diagnostic accuracy), reduced interobserver
variability, and increased the degree of agreement with the AI
system. In addition, the AI-based DSS demonstrated similar
and even slightly better diagnostic performance than the
readers with previous experience in thyroid ultrasound and
reclassified a significant percentage of nodules into lower risk
categories, demonstrating its potential impact on clinical
decision-making.

These findings highlight the potential of an AI-based DSS
to enhance the diagnostic performance of ultrasound imaging
in defining the risk of malignancy of thyroid nodules ana-
lyzed in a real cohort of patients with thyroid nodules eval-
uated in clinical practice. Moreover, the improved AUROC
(5.3%) is similar to that found in other studies analyzing
different AI-based systems (Table 2 and Fig. 2A).9,10,15,16

Furthermore, the results are comparable with the only study
published to date with the same AI system.14

However, most of the studies to date have only reported
results based on image analysis, which do not correspond
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to the daily practice of a thyroid nodule clinic, even with
malignancy percentages well above the usual (20–70%).14,17

Obviously, this high malignancy rate conditions the high
PPV and low NPV of the test and may cause loss of diag-
nostic profitability of the AI system in a clinical practice
setting.18 However, the present study has demonstrated the
usefulness of an AI-based DSS in a real imaging cohort
corresponding to the clinical activity with cytology/histology
over 18 months for a thyroid nodule reference unit in a
population of >250,000 inhabitants.

In this context, it is necessary to highlight the very high
NPV (96.39%), even with malignancy rates of 11% in the
cohort (higher than expected due to the risk of malignancy of
thyroid nodular pathology) (Table 3).1 That is, the AI-based
DSS could rule out malignancy in virtually all nodules, in
which the AI system rejected the need for FNA. On the other
hand, it is important to underline how the AI system imp-
roved the diagnostic yield and AUROC of all observers
despite starting from high values of diagnostic capability
without the use of AI (Fig. 2A–C).

FIG. 3. Correlation between the readers
and the AI ACR TI-RADS score. ACR
TI-RADS, American College of Radi-
ology Thyroid Imaging Reporting and
Data System.

FIG. 4. ACR TI-RADS before and after
the use of the Koios AI Adapter. DSS,
decision support system without the AI
Adapter; US+AI Adapter, decision support
system with the AI Adapter.
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Only one observer (R2) showed a reduction in Spe, but
this change was accompanied by an increase in the AUROC
similar to that of the five other readers. Similar results have
been reported previously, and this highlights the occasional
disconnect between point-based risk estimation (AUROC)
and rule-based management pathways (FNA operating
point), with the latter having a direct clinically relevant
impact on patient care.14

Furthermore, the diagnostic performance of the AI-based
DSS was similar to or slightly better than the board-certified,
practicing, and highly experienced readers. It is possible that
users with less experience in thyroid nodule evaluation may
derive more benefit from the use of an AI-based DSS, as
previous studies have shown, even those without specific
prior knowledge.17 This subgroup should definitely be ana-
lyzed in future studies.

The great increase in the incidence of thyroid nodule
diagnoses due to the widespread availability and use of high-
resolution ultrasonography poses a challenge in the diagnosis
of thyroid cancer.19 The aim of clinical guidelines and
stratification scales (and therefore of AI for the analysis
of thyroid nodules) should be to limit the number of FNA
biopsies to those nodules in which ultrasound features are
suggestive of malignancy, without reducing Sens.

This approach aims to avoid the health care and economic
overload or the procedure and subsequent follow-up, as well as
iatrogenesis and patient stress.8 In this regard, analysis of the
use of the AI Adapter for risk categorization of thyroid nodules
using the current Koios DS is of special interest. In our study,
the AI Adapter reclassified 70 nodules initially classified as
ACR TI-RADS 3 or 4 into lower risk categories. This re-
classification applied to 41% of the total nodules analyzed.

In total, 58 nodules were categorized as very low risk of
malignancy and therefore did not require FNA, represent-
ing 33% of the total number of nodules analyzed (Fig. 4).
Thereafter, nodules in those categories of lower risk and
without major suspicion criteria5 were reclassified by AI as
benign, avoiding invasive and costly procedures. These AI-
modified categories represent the lower risk nodules in which
nodular size is the main criterion for FNA.

It is possible that future clinical guidelines will modify the
size cutoffs or subdivide ACR TI-RADS categories 3 and 4
because these categories involve the greatest number of
benign FNA biopsies and therefore the greatest health care
and economic burden. On the other hand, the number of
nodules classified as ACR TI-RADS 5 remained unchanged
with the use of the AI Adapter, underscoring the need to avoid
reductions in Sen (malignant nodules for which AI does not
advise FNA) in an AI-based DSS.

The present study has certain limitations. First, the number
of nodules and readers was relatively low compared with
multicenter studies, and this study was retrospective.

Second, the analysis of thyroid nodules was restricted to
the two most significant static orthogonal (transverse and
longitudinal) images for each nodule with cytologic or biopsy
results after thyroidectomy during the 18 months of the study.
While it is noteworthy that the majority of current AI thyroid
nodule software approaches rely on static images, this app-
roach may potentially limit the diagnostic capacity of both
the observer and the AI DSS.

Finally, malignancy diagnosis was restricted to differen-
tiated (papillary or follicular) thyroid carcinoma.

This study also has notable strengths. The images and
nodules analyzed correspond to a real imaging cohort with
cytology/histology from an experienced thyroid nodule clinic
that performs all cytological and ultrasound studies in its
reference area. Moreover, the malignancy ratio is represen-
tative of the clinical reality.11 All suspicious nodules under-
went cytologic confirmation through at least two separate
FNA biopsies or direct biopsy by thyroidectomy, especially
those initially labeled as malignant, in accordance with cur-
rent guidelines.1

This approach ensured the comparability of AI results with
histologic results as the true gold standard. The present study
analyzed the usefulness of AI in nodules with high or inter-
mediate risk. The restriction of this study to those nodules
with histological findings ensured the true classification of
thyroid nodules as malignant or benign and restricted the use
of AI to truly relevant clinical situations. Hence, this study
avoided AI overanalysis of thyroid nodules with little clinical
relevance (simple cysts and infracentimetric nodules, among
others).1,2

On the other hand, the AI-based DSS required manual
selection of an ROI by each reader, which could introduce
bias and affect the reproducibility of AI results due to its
subjective nature. There was an attempt to reduce this vari-
ability by implementing a training session and standardiza-
tion of ROI selection for all readers. To date, all published
Koios DS studies have used prespecified ROIs. However, this
situation does not correspond to the actual DSS workflow.

Finally, the previously published studies did not collect or
consider clinical data of major importance in the manage-
ment of thyroid nodules or their influence on AI performance,
namely thyroid function, the presence of biochemical auto-
immunity or glandular heterogeneity due to thyroiditis, a
personal and family history of thyroid cancer or cervical
radiation, and manual ROI selection. In the present study,
none of these variables influenced the usefulness of the AI-
based DSS.

In conclusion, the use of an AI-based DSS was associated
with an overall improvement in the diagnostic capability of
ultrasound imaging measured by the AUROC, as well as an
increase in the Sens, Spe, NPV, PPV, and diagnostic accuracy
of readers. There was also a reduction in interobserver vari-
ability and an increase in the degree of concordance with the
use of AI. AI reclassified more than half of the nodules with
intermediate ACR TI-RADS scores into lower risk categories.
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