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Abstract

Background For the effective treatment planning of head and neck cancers, precise tumor segmentation is vital. The
combination of artificial intelligence (Al) technology with imaging systems like positron emission tomography (PET)
and PET/ computed tomography (PET/CT) has made attempts to automate these processes. Despite these attempts,
the usefulness of Al segmentation with PET imaging compared to PET/CT still lacks clarity.

Methods A comprehensive search was performed on Scopus, Embase, PubMed, Cochrane, Web of Science, and
Google Scholar for studies published before Dec 2024, with an update in March 2025. Included studies utilized Al
algorithms to segment head and neck tumors via PET or PET/CT and provided quantitative performance measures.
Pooled estimates of Dice Similarity Coefficient (DSC) sensitivity, precision, and Hausdorff Distance (HD95) were
calculated using a random-effects model. Also, sensitivity analyses were performed to find the potential source

of heterogeneity. Additionally, subgroup analyses were conducted for overall and primary tumor segmentation.
Publication bias was assessed using weighted Egger’s test, followed by presentation of funnel plots for different
metrics. Risk of bias (RoB) was evaluated using the QUADAS-C tool. Also, CLAIM was used to assess methodological
quality and robustness of the included studies.

Results Eleven studies were included. All included studies were rated as having a low risk of bias. Also, CLAIM
scores showed a high methodological quality in the studies. There was a significant difference between PET/CT
and PET-only modalities. Pooled effectiveness metrics showed improvement in their respective DSC of 0.05 (95% Cl
0.03-0.07), sensitivity by 0.04, and precision by 0.05, and HD95 decreased by approximately 3 mm. There was low
heterogeneity for most metrics except HD95, which showed a high heterogeneity (I>=75%) and sensitivity, which
showed a moderate heterogeneity (60.79%). Sensitivity analyses showed that leaving out the study by Dong et al.
made the mean difference in HD95 smaller (from—3.22 to—1.82), but the result was still not statistically significant.
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subgroups.

When we did more sensitivity analysis by excluding SD-imputed studies, we found that the pooled effect sizes across
all performance metrics did not change in direction or significance. We did subgroup analyses based on task type
(overall vs. primary tumor segmentation) and modality comparison, and we found that all of the key metrics (Dice,
Hausdorff Distance, Precision, Sensitivity) showed the same results, with no significant differences between the

Conclusions The performance of Al-assisted segmentation using PET/CT is greater than that of PET-only in neck
and head tumors. These results justify the clinical use of Al-based PET/CT imaging beyond contouring due to its
automation potential and highlight the importance of unified datasets alongside distributed learning systems that
improve the applicability and consistency of clinical workflows.

Trial registration number The study protocol was registered at PROSPERO [CRD42024614436].

Keywords Artificial intelligence, PET/CT, Tumor segmentation, Head and neck cancer, Deep learning, Radiomics

Background

Head and neck cancer (HNC) is a common worldwide
group of biologically distinct malignancies with com-
plex anatomical presentation and high case fatality rates,
demanding accurate staging, diagnosis, and treatment
planning [1]. Head and neck cancers encompass a diverse
group of malignancies that arise from various anatomi-
cal sub-regions, including the oral cavity, oropharynx,
nasopharynx, hypopharynx, and larynx [2]. Accord-
ing to the Global Cancer Statistics 2022, head and neck
cancers accounted for approximately 891,000 new cases
and 458,000 deaths worldwide. These cancers comprised
about 4.5% of all newly diagnosed cancer cases and 4.7%
of global cancer-related deaths [3].

Positron emission tomography (PET) and computed
tomography (CT) imaging modalities are now essen-
tial parts of this process, and they have the potential to
generate functional and anatomical data [1, 4]. PET/CT
enhances tumor segmentation through its combination
of metabolic and anatomic data and is especially signifi-
cant in gross tumor volume (GTV) delineation before
radiation therapy [5, 6]. Every imaging modality has
unique challenges and limitations in diagnosing HNC.
With CT scans, tumor-lymph node metastases tend to
obscure anatomical features critical to tissue evalua-
tion during imaging, reducing precision [7]. PET scans
face challenges in accurately identifying smaller tumors
containing residual disease and post-treatment inflam-
mation, which could result in inaccurate positive inter-
pretations [8]. Additionally, in the PET/CT modality, the
lack of consistent methods for defining the cutoff of met-
abolically active tumor regions due to interference from
inflammatory uptake is a limitation [9]. However, PET/
CT fusion imaging can compensate for the limitations of
each modality by combining the high metabolic sensitiv-
ity of PET with the anatomical resolution of CT, thereby
improving the delineation of tumor boundaries [10].

Precise segmentation of head and neck tumors pro-
vides important details regarding tumor size, location,
and shape, which directly affects their radiotherapy and

the patient’s prognosis. Hence, precise segmentation
forms an integral part of treatment planning [11]. Accu-
rate segmentation is crucial in radiotherapy planning, as
errors in tumor boundary delineation may lead to insuf-
ficient tumor coverage or unnecessary irradiation of
healthy tissue, ultimately affecting treatment outcomes
[12]. Manual segmentation of tumors on PET or PET/CT
scans is a time-consuming task prone to inter-observer
and intra-observer variation, which inevitably com-
promises the reliability of treatment planning [13, 14].
Deep learning-based auto-segmentation processes have
emerged as effective alternatives that can help reduce the
workload without losing accuracy in tumor margin delin-
eation [15, 16]. However, ambiguities such as unclear
tumor boundaries, heterogeneity of gray-level values, and
partial volume effect limit segmentation accuracy, espe-
cially in PET images [16, 17].

These gaps have motivated research on newer hybrid
approaches using convolutional neural networks (CNNs)
and uncertainty estimation methods for merging ana-
tomical (CT) and functional (PET) data [13, 14]. In recent
years, artificial, intelligence (AI) model, particularly con-
volutional neural networks (CNNs) and attention-based
architectures, have shown promising capabilities in med-
ical image segmentation. These models can automate
and standardize tumor delineation, which is crucial for
improving diagnostic precision and optimizing radio-
therapy planning [18]. Precise tumor delineation in PET
and PET/CT imaging is particularly challenging due to
the low spatial resolution of PET and the heterogeneous
nature of tumors in the head and neck region [19, 20].
While CT scans provide valuable anatomical context,
they are often insufficient without additional information
due to the CT’s inability to distinguish between tumors,
inflammation, and necrosis [19, 21]. The combination of
PET and CTs enables the use of metabolic and anatomi-
cal data, enhancing the localization and delineation of
tumor boundaries. This is especially true when advanced
deep learning architectures such as attention mecha-
nisms and multimodal transformers are incorporated
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[20, 22]. Deep learning models using PET/CT have better
generalizability and robustness when trained with data
from multiple centers [5, 6].

Some research has proven that PET-CT fusion is more
precise in tumor segmentation than a singular modality
and significantly improves staging accuracy and treat-
ment planning in head and neck cancers, especially in
cases with locally advanced disease. It can detect meta-
bolically active lesions not visible through conventional
imaging [23-25]. Federated learning frameworks and
cross-attention transformers have improved the general-
izability of segmentation algorithms while tackling data
privacy issues and institutional heterogeneity [20, 23].
The HECKTOR (Head and Neck Tumor Segmentation
and Outcome Prediction in PET/CT images) challenge
is an example of a benchmark initiative that has dem-
onstrated the use of ensemble models and hybrid archi-
tectures [26, 27]. Held as part of MICCAI 2020 (Medical
Image Computing and Computer-Assisted Intervention),
the HECKTOR challenge was the first large-scale bench-
mark specifically focused on automatic segmentation of
oropharyngeal tumors using PET/CT. It provided a high-
quality multi-institutional dataset and standardized eval-
uation metrics to advance reproducible radiomics and Al
development in head and neck cancer imaging [26].

However, it remains challenging to make conclusive
judgments regarding the efficiency of PET-only and PET/
CT-based segmentation models due to the discrepan-
cies concerning the studies’ methodologies, datasets, and
evaluation criteria [22, 28]. In addition, very few reviews
[29, 30] have attempted to analyze these modalities more
comprehensively, emphasizing artificial intelligence and
deep learning in head and neck oncology. In 2022, Liu
et al. [29] systematically reviewed the existing studies
assessing the applications of deep learning in HNC prog-
nosis. They categorized these applications into automatic
segmentation, feature extraction, feature fusion, model
building. In another study in 2024, Alabi et al. [30] per-
formed a systematic review on the applications of Al-
based radiomics for the management of HNC. Based
on their review, the radiomics-based cancer diagnosis
includes tumor staging, tumor grading, and classification
of malignant and benign tumors, while the radiomics-
based cancer prognosis includes prediction for treatment
response, recurrence, metastasis, and survival. However,
none of these reviews focused explicitly on PET and PET/
CT and did not compare two modalities with a quantita-
tive synthesis of results, including a meta-analysis.

Therefore, this review aims to systematically assess
the current literature on PET-only and PET/CT-based
Al segmentation of head and neck tumors, focusing on
the identified methodological gaps and discussing their
implications for practice. As far as we know, this is the
first meta-analysis systematically investigating the Al
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segmentation performance of head and neck cancer
using PET and PET/CT imaging modalities.

Methods and materials

This study was performed in accordance with the guide-
lines for Preferred Reporting Items for a Systematic
Review and Meta-analysis of Diagnostic Test Accuracy
(PRISMA-DTA) [12]. The study protocol was registered
at PROSPERO [CRD42024614436].

Eligibility criteria
This systematic review addresses the following PICOS
question: For HNC patients (population), does the Al-
based PET/CT combination (intervention) compared
with the Al-based PET-only (comparison) increase
diagnostic and segmentation performance (outcome) in
observational studies (study design)?

Studies that reported the following criteria were
included:

1. Population: HNC patients, including nasopharyngeal
carcinoma, HNC squamous cell carcinoma,
Oropharyngeal cancers, thyroid cancers, parotid
tumors, esophageal cancer, parathyroid adenoma,
laryngeal cancer, and lymph node;

2. Intervention: Al-based PET/CT fusion diagnosis or
segmentation of HNC;

3. Comparison: Comparing the performance of
Al-based PET/CT segmentation with that of
Al-based PET-only segmentation

4. Outcome: Diagnostic performance (accuracy,
specificity, sensitivity, and precision) and
segmentation accuracy (Dice Similarity Coefficient
(DSC), Jaccard Index)

5. Study design: Observational studies

The following studies were excluded:

1. Studies that did not report sufficient details about
training and testing datasets (medical imaging
modality, dataset, etc.)

2. Studies that did not use Al for segmentation for both
modalities

3. Studies that reported cancer outside the head and
neck region

4. Studies on the central nervous system (including the
brain, spinal cord, cerebrum, cerebellum, etc.)

5. Reviews, editorials, and conference papers without
full data

To ensure sufficient statistical power and methodologi-
cal reliability, studies were only included if they reported
results on a minimum sample size of 30 patients. Further-
more, included studies were required to clearly specify a
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separation between training and test datasets to prevent
data leakage and ensure the generalizability of model per-
formance. Studies without explicit test set evaluation or
lacking segmentation information for a distinct patient
cohort were excluded.

Information sources and search

An electronic search was conducted on Dec 1, 2024, and
updated in March 2025 across the following six data-
bases (with no time or language restrictions): Embase,
PubMed, Cochrane, Scopus, Web of Science, and Google
Scholar. Specific keywords and search queries were used
for each database (Online Appendix 1). Also, Google
Scholar, IADR abstracts, and ProQuest Theses and Dis-
sertations databases were searched for grey literature.
Additionally, the bibliographies of papers included in the
study were manually checked for any additional studies.

Study selection

Zotero 7 (Corporation for Digital Scholarship, Virginia,
USA) was used to manage the citations. After removing
duplicate papers, three independent reviewers (M.K. &
A.R. & M.E.) screened the titles and abstracts. In the next
stage, they screened full texts of eligible studies based on
inclusion and exclusion criteria. A fourth independent
reviewer resolved any disagreements. (P.V.)

Data collection and extraction

Three reviewers (H.H. & T.S. & L.R.) independently
extracted data from the included studies. A fourth
reviewer (PV.) revised the data collection to resolve dis-
crepancies and disagreements. The following items were
extracted: bibliographic details (author name and the
publication year), country, cancer type assessed (accurate
location or type), total sample size, dataset, the target
of radiotherapy (primary tumor or lymph nodes), Imag-
ing modalities, AI model used, Al training population
(including training, validation, and test set), performance
metrics assessed, and funding sources.

As mentioned before, All included studies’ funding
sources were extracted and examined. Funding state-
ments’ presence or absence was noted for transparency
purposes and to assess the likelihood of sponsorship bias.

Risk of bias and methodological quality assessment

The risk of bias was graded independently by three
reviewers (H.H. & A.Y. & S.J.) using the quality assess-
ment of diagnostic accuracy studies comparative (QUA-
DAS-C) tool, and a fourth investigator (P.V.) resolved
discrepancies between the reviewers [31]. The QUADAS-
C tool, just like the QUADAS-2 tool, has four domains:
data selection, index test, reference standard, and flow
and timing. In addition, it has three domains for evalu-
ating the applicability of a study: patient selection, index
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test, and reference standard. Studies were judged as low
risk of bias in each domain if they provided sufficient
methodological detail, used gold-standard reference tests
consistently, and demonstrated appropriate data flow and
timing.

Each domain was assessed and categorized as having a
high, low, or unclear risk of bias. If limited information
on the dataset was present, like unclear data split strate-
gies and resulting data leakage, it was graded as a high
risk of bias for the patient selection domain. In assessing
the index test, studies were considered at high risk of bias
if they lacked adequate reporting on test reproducibility,
provided limited details on how the model was built, or
failed to include robustness analyses. A high risk of bias
was assigned for the reference standard domain when
methods other than the gold standard—histopathologi-
cal analysis—were used. Furthermore, if a study applied
different reference standards within the same analy-
sis or there was an inappropriate time gap between the
index test and the reference standard, the flow and tim-
ing domain was also judged to be at high risk of bias.
To evaluate concerns about applicability, we examined
whether the dataset used, the deep learning model, its
performance, and the annotation process aligned with
the review’s objectives in each corresponding domain.

In addition to RoB assessment, the same four previous
investigators assessed CLAIM (Checklist for Artificial
Intelligence in Medical Imaging) to evaluate the meth-
odological quality of the primary studies. The CLAIM is
a reporting checklist created to guarantee transparency,
reproducibility, and clinical relevance in research utiliz-
ing Al systems in medical imaging. It includes essential
aspects such as data sufficiency, model construction and
validation, performance analysis, explainability, and bias
outlines. The Al-based segmentation models’ method-
ological master file and article reporting were checked in
the CLAIM checklist, which offers a cohesive approach
measuring the strength of parameters in the Al segmen-
tation model.

Synthesis

We synthesized data from the literature that included
sensitivity, Precision, 95th percentile of the Hausdorff
Distance (HD95), and Dice Similarity Coefficient (DSC).
Only a handful of studies (n=3) reported HD and Jac-
card’s index, but sensitivity, precision, HD95, and DSC
were stated in 10, 10, 9, and 14 studies, respectively. In
many studies, recall is also called sensitivity or true posi-
tive rate (TPR). Additionally, precision is often referred
to as positive predictive value interchangeably. With the
provided approach below, missing metrics for each study
were computed when adequate data were available in the
reported data.
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D (Precision x Sensitivity) x 2
ice =

Precision 4+ Sensitivity

Since one important study [32] reported the aggregated
Dice similarity coefficient (DSCagg), and considering
that DSCagg is generally higher than per-case DSC due
to being calculated over the total volume, we estimated
the per-case DSC by subtracting approximately 0.05
from the reported DSCagg, based on previous studies
[33]. For studies that did not report standard deviations,
we estimated SDs by multiplying the reported metric
value by the mean SD-to-metric ratio derived from stud-
ies that provided both the metric and its SD, calculated
separately for PET and PET/CT data. This approach for
imputing missing standard deviations—based on the
mean ratio of standard deviation to the reported metric
across similar studies—is supported by Nakagawa et al.
[34] recommended as a practical method when direct
estimates are unavailable. It was applied to 8 out of 14
studies in the DSC metric, 5 out of 10 in sensitivity, 4 out
of 9 in the HD95 metric, and 5 out of 10 in the precision
metric. A sensitivity analysis, excluding these imputed
cases, was also conducted to evaluate the impact of the
approach used on the results.

Statistical analyses

Meta-analyses were conducted using Stata version 17
(StataCorp, College Station, TX, USA). For each out-
come, mean differences (MDs) with 95% confidence
intervals (Cls) were calculated to compare the segmen-
tation performance between PET/CT and PET-only
modalities. Statistical heterogeneity across studies was
assessed using Cochran’s Q test and the I? statistic. A
fixed-effects model with inverse-variance weighting was
used when heterogeneity was low (I><50% and p>0.1),
while a random-effects model using the restricted maxi-
mum likelihood (REML) estimator was applied in cases
of moderate to high heterogeneity (I>>50%).

Funnel plots were constructed to evaluate potential
publication bias and small-study effects, plotting study
precision (1/SE) against the effect size (MD). Asymmetry
in the funnel plot was tested using Egger’s regression test.

Sensitivity analyses were performed in two ways to
assess the robustness of pooled estimates. First, to exam-
ine the effect of imputing missing standard deviations
(SDs), meta-analyses were repeated after excluding stud-
ies with estimated SDs (based on the mean SD-to-mean
ratio of reporting studies). Second, for outcomes exhib-
iting moderate to high heterogeneity (I>>50%), addi-
tional leave-one-out analyses were conducted to identify
influential studies and assess their impact on the overall
results.

Subgroup analyses were also performed, particularly
stratified by segmentation target (e.g., primary tumor vs.
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overall volume), to explore possible sources of hetero-
geneity. All statistical tests were two-tailed, and p-val-
ues<0.05 were considered statistically significant. The
datasets used and analyzed during the current study are
available from the corresponding author on reasonable
request.

Results

Study selection

Among the 1646 (After excluding duplicates) searched
studies, 126 were included for further screening. After
screening the full texts, 115 articles were excluded con-
sidering the exclusion criteria, and the remaining 11
articles were finally included (no additional studies were
found with the manual search) (Fig. 1). No grey literature
met the inclusion criteria due to the missing or incom-
plete data (sample size, standard deviation, etc.). Thus,
only the peer-reviewed original articles were used to syn-
thesize results. Online Appendix 2 presents the reasons
for the exclusion of studies.

Study characteristics

Table 1 summarizes individual studies. All the studies
assessed PET/CT performance versus PET-only perfor-
mance based on Al techniques in HNC segmentation.
Studies reported five different types of malignancies:
nasopharyngeal carcinoma (n=4), oropharyngeal can-
cers (n=7), hypopharyngeal cancers (n=3), laryngeal
cancers (n=3), oral cavity cancers (n=2), and squamous
cell carcinoma of the head and neck (n=2).

Additionally, among the included studies, nine major
architecture types (16 with their variants) were used as
Al techniques for segmentation. These architectures
include U-net and its variants (n=9), Denoising Diffu-
sion Probabilistic Model (n=2), Convolutional Neural
Network (n=2), DenseNet (n=1), ISA-Net (n=1), TG-
Net (n=1), Weighted Fusion Transformer (n=1), U2-Net
(n=1), MMCA-Net (n=1), Y-Net (n=2), and Trans-Y-
Net (n=1).

Furthermore, studies targeted three main locations
for segmentation: primary tumor segmentation (n=9),
lymph node segmentation (n=2), and both GTVt and
GTVn segmentation (n=2).

Studies were categorized based on the imaging modal-
ity they employed. Among the studies, comparisons
between PET/CT and PET-only modalities were com-
mon. In some studies, a further comparison, including
CT or KI, was employed, too. Only one study did not
use CT for comparison, in addition to PET and PET/CT
(PET and PET/CT =11, CT =10).

The last but not least, all studies disclosed funding
sources, and no industry-related sponsorship likely to
influence the findings was noted.
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Fig. 1 PRISMA flow diagram

Risk of bias applicability & quality assessment

The QUADAS-C assessment showed that all 11 studies
included in the review had a low risk of bias in the main
areas of concern (Table 2). In Domain 1 (Patient Selec-
tion), all studies applied reasonable inclusion criteria,
and the prevailing answers indicated minimal concern
regarding selection bias. Regarding Domain 2 (Index
Test), all studies independently reported the results,
reducing the risk in this area. Similarly, the reference
standards used in Domain 3 were deemed valid and inde-
pendent of the interpretation of the index test, which
provides further evidence on methodological soundness.

{ \
Identification of studies via databases and registers
. J
c Records identified through database
o screening (n=2104) Records removed before
5 2 Embase - 702 sereening
(3] . = :
s 3 PubMed = 296 > Duplicate records removed
t 4. Cochrane = 14 (n = 458)
[} 5. Web of Science = 289
S 6. Google Scholar = 200
7. Grey Literature = 122
Records screened after
removing duplicates —> gegarggoe)xcluded
(n = 1646)
o] Full-text articles assessed for
= eligibility s
c —
o (n=126) )
o Full-text articles excluded
8 (n=115):
« No direct quantitative comparison
of the 2 imaging modalities (n =65 )
* No Al in methodology (n =6)
* Outside head and neck region (n =
6)
Additional « Wrong imaging modality e.g. MRI
> studies from the (n=5)
manual search « Unrelated outcomes like survival
(n=0) and prognostic prediction (n=33)
v
) Studies included in review for
= quantitative synthesis
3 (n=11)
£

There were no significant issues in Domain 4 (Flow and
Timing), where all of the studies provided complete data
for all patients, and there was temporal order between
testing and the application of the reference standard. In
general, the available evidence displayed sufficient meth-
odological excellence, as indicated by all studies receiving
a “low” risk of bias evaluation. This strengthens the reli-
ability of their claimed diagnostic performance statistics.
Online Appendix 3 contains all the details and complete
scoring criteria.

The included studies were also evaluated using the
CLAIM (Checklist for Artificial Intelligence in Medical
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Table 2 Details of the QUADAS-C and CLAIM scores of the included studies (Green light = Low risk of bias)

Don Groendah | Guo | Huan Huan Mahd | Moe | Oreille | Shiri | Zha Zha
g 12021 2020 | g g 12024 | 2021 | r2022 2024 | o 0
Domain
2024 2022 2022 2019 | 2024
(ISA) | (TG)
Patient Low | Low Lo Low Low Low Lo Low Lo Low | Low
selection W W W
Index test | Low | Low Lo Low Low Low Lo Low Lo Low | Low
W w w
QUADAs- Referenc | Low | Low Lo Low | Low | Low | Lo Low Lo Low | Low
C e standard W W W
Flow & | Low | Low Lo Low Low Low Lo Low Lo Low | Low
timing w w w
Total ® ® e ®
RoB
CLAIM score 31 30 33 33 32 33 33 34 35 33 35

Bold values indicate the overall CLAIM score of each included study

Imaging) guideline. All studies demonstrated good com-
pliance in performance, scoring between 30 and 35 out
of a possible 42 points, averaging 32.9 points (Table 2).
This low variability suggests that all the studies had high
reporting quality. Although most of the studies captured
the description of architecture, evaluation, and training/
testing of the AI models, there were significant omis-
sions, such as external validation and the absence of pub-
licly available code or model weights. The study scores
indicate that the included studies are methodologically
sound. Online Appendix 4 contains comprehensive scor-
ing details and full scoring breakdowns.

Findings of the studies

Interpretation of meta-analytic results

This systematic review compared the efficiency of PET-
only and PET/CT modalities in four different seg-
mentation metrics: Dice Similarity Coefficient (DSC),
Precision, Sensitivity, and Hausdorff Distance (HD95).

The meta-analyses obviously showed advantages of PET/
CT over PET-only in all segmentation metrics.

Dice similarity coefficient (DSC)

For Dice Similarity Coefficient (DSC), due to the absence
of heterogeneity (I*=1.23%) and a non-significant Q sta-
tistic (p=0.44), a fixed-effect model (Inverse-Variance
method) was applied for pooling the results. The overall
effect size was statistically significant (p <0.001), indicat-
ing that the mean in the case group (PET/CT) was 0.05
higher than that of the control group (PET). The Egger’s
test for publication bias was not significant (p=0.958),
suggesting no evidence of publication bias. Sensitivity
analysis demonstrated that the exclusion of any single
study did not affect the overall significance of the results.
Subgroup analysis also revealed no heterogeneity in
either group, and both subgroups showed statistically
significant results. However, there was a slight difference
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in the magnitude of effect between the two groups, which
was statistically significant (p = 0.04).

Hausdorff distance (HD)

For Hausdorff Distance (HD), due to the presence of
heterogeneity (I*=90.72%) and a significant Q statistic
(p<0.001), a random-effects model (REML) was used to
pool the results. The overall effect size was not statisti-
cally significant (p=0.1), indicating no difference in the
mean between the case group (PET/CT) and the control
group (PET). Egger’s test for publication bias was not
significant (p=0.732), suggesting no evidence of publi-
cation bias. Sensitivity analysis showed that removing
any individual study did not affect the overall result or
its significance; however, the effect size changed more
noticeably after excluding the study by Dong (from - 3.22
to—1.82). Subgroup analysis revealed substantial and sta-
tistically significant heterogeneity in the overall group,
whereas the primary tumor subgroup did not show sig-
nificant heterogeneity. Nevertheless, the results were not
statistically significant in either subgroup, and the differ-
ence between them was also not statistically significant

(p=0.15).

Precision

For precision, due to the absence of significant het-
erogeneity (I>=46.34%) and a non-significant Q statis-
tic (p=0.05), a fixed-effect model was used to pool the
results. The overall effect size was statistically significant
(p<0.001), indicating that the mean in the case group
(PET/CT) was 0.05 higher than that of the control group
(PET). Egger’s test for publication bias was not significant
(p=0.732), suggesting no evidence of publication bias.
Sensitivity analysis showed that excluding any individual
study did not impact the overall results or their signifi-
cance. Subgroup analysis indicated that there was no het-
erogeneity in either group, and both subgroups showed
statistically significant results. Although there was a
slight difference in the magnitude of the effect between
the two groups, this difference was not statistically sig-
nificant (p =0.46).

Sensitivity

For sensitivity, due to the presence of heterogene-
ity (I*=60.79%) and a significant Q statistic (p=0.01), a
random-effects model was used to pool the results. The
overall effect size was statistically significant (p=0.01),
indicating that the mean in the case group (PET/CT) was
0.05 higher than that of the control group (PET). Egger’s
test for publication bias was not significant (p=0.148),
suggesting no evidence of publication bias. Sensitiv-
ity analysis showed that the exclusion of any individual
study did not affect the overall result or its statistical sig-
nificance. Subgroup analysis revealed that heterogeneity
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was significant in the primary tumor group but not in the
overall group. Regarding the statistical significance of the
effect size, the result was significant in the overall group
but not in the primary tumor subgroup.

Publication bias

Publication bias was assessed using Egger’s test across
all meta-analyses. None of the analyses demonstrated
statistically significant evidence of publication bias, with
p-values ranging from 0.148 (Sensitivity) to 0.958 (DSC).
These findings suggest that the pooled estimates were
unlikely to have been substantially influenced by selective
publication of positive results. The lack of asymmetry
in Egger’s test supports the reliability of the synthesized
data, reinforcing the credibility of the overall meta-ana-
lytic conclusions.

Sensitivity analyses

Sensitivity analyses were conducted to assess the robust-
ness of the meta-analytic results through two approaches.
First, a leave-one-out analysis was performed by sequen-
tially excluding individual studies. Across all outcome
measures (DSC, HD, Precision, and Sensitivity), the
exclusion of any single study did not materially alter
the statistical significance or direction of the overall
effect sizes. An exception was observed for the HD met-
ric, where removal of the study by Dong reduced the
mean difference from-3.22 to-1.82, though the result
remained statistically non-significant.

Second, an additional sensitivity analysis was per-
formed by excluding all studies in which standard devia-
tions were imputed using the mean SD-to-mean ratio
method. The pooled estimates remained consistent in
direction and magnitude, and the overall conclusions
were unchanged. This further supports the stability and
reliability of the meta-analytic findings, even under vary-
ing assumptions about missing data.

Subgroup analyses

Subgroup analyses were conducted based on segmenta-
tion target (overall vs. primary tumor) to explore poten-
tial sources of heterogeneity. For DSC and Precision, both
subgroups yielded statistically significant results with
low heterogeneity. In contrast, the HD metric showed
considerable heterogeneity in the overall group but not
in the primary tumor group, although neither subgroup
reached statistical significance. For Sensitivity, the over-
all group showed a significant effect, while the primary
tumor group did not, despite significant heterogeneity in
the latter. These patterns highlight the influence of seg-
mentation targets on outcome variability and underscore
the need for methodological standardization across stud-
ies (Figs. 2, 3,4, 5, 6,7, 8,9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19).
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PET/CT PET MD Weight
Study N Mean SD N Mean SD with 95% CI (%)
Dong et al. 40 739 136 40 57 .221 | —-— 0.17[ 0.09, 0.25] 5.35
Groendahletal. 40 .75 .09 40 .68 .14 1 0.07[ 0.02, 0.12] 13.02
Guo et al. 75 .71 1 75 64 .16 = 0.07[ 0.03, 0.11] 18.99
Huang et al. 11 .9037 1513 11 .8903 .1828 —— 0.01[-0.13, 0.15] 1.76
Huang et al. 45 8076 .8076 45 .7356 .1731 ———  0.07[-0.17,0.31] 0.59
Huang et al. 10 .8378 .8378 10 .808 .1901 ; 0.03[-0.50, 0.56] 0.12
Mahdi et al. 359 635 .635 359 .584 .1374 - 0.05[-0.02, 0.12] 7.67
Mahdi et al. 359 63 .63 359 .58 .1365 - 0.05[-0.02, 0.12] 7.79
Moe et al. 40 71 16 40 69 .17 - 0.02[-0.05, 0.09] 6.62
Oreiller et al. 53 6588 .6588 53 .6284 .1479 —— 0.03[-0.15, 0.21] 1.05
Oreiller et al. 53 661 .661 53 .6306 .1484 —— 0.03[-0.15, 0.21] 1.04
Shiri et al. 66 8 1 66 .77 .09 ] 0.03[-0.00, 0.06] 32.87
Zhao et al. 225 7981 7981 225 .798 .1878 — 0.00[-0.11, 0.11] 3.02
Zhao et al. 10 .8747 8747 10 .8686 .2044 : 0.01[-0.55, 0.56] 0.11
Overall 4 0.05[ 0.03, 0.07]
Heterogeneity: I° = 1.23%, H” = 1.01 i
Testof 6 =6; Q(13) = 13.16, p = 0.44 i
Testof 6 =0:z=5.45,p=0.00 E

-I5 0 ;5

Fixed-effects inverse-variance model

Fig. 2 Forest plot for dice similarity coefficient (DSC); Forest plot shows the pooled mean difference (MD) of DSC between PET/CT and PET across 14
studies, favoring PET/CT (MD =0.05, 95% Cl 0.03 to 0.07) with low heterogeneity (°=1.23%)

Discussion

This meta-analysis indicates that AI models used in the
segmentation of head and neck tumors demonstrate
remarkable improvement in performance when used
with PET/CT, as opposed to only using the PET modality.
Concerning quantifiable data, all metrics were improved
by PET/CT, including an increment of approximately
0.05 in the Dice Similarity Coefficient (DSC), along with
a 0.05 increase in precision and 0.04 in sensitivity, which
denotes more adequate tumor identification. Further-
more, PET/CT demonstrated an improvement in the
accuracy of boundary delineation errors, as shown by a
decrease of approximately 3 mm in Hausdorff Distance
(HD95). These changes were stable, as low heterogeneity
was demonstrated for the primary metrics, implying that
the superiority of PET/CT is likely consistent.

The pooled Dice coefficients reported in our meta-
analysis reflect a high degree of spatial agreement
between automated and manual segmentations. In radio-
therapy planning, Dice scores above 0.80 are generally
considered clinically acceptable, as they suggest sufficient
contour accuracy to support target delineation. Similarly,
the observed sensitivity values above 90% in several mod-
els indicate strong tumor coverage, minimizing the risk

of under-segmentation and potential geographical miss
during treatment [40]. In clinical practice, automated
segmentation models with acceptable accuracy (e.g., Dice
coefficient>0.80) can support radiotherapy planning by
reducing manual workload and interobserver variability.
Several studies have demonstrated that auto-segmented
contours serve as reliable initial contours for expert revi-
sion, significantly improving clinical efficiency. Given the
observed accuracy levels in our analysis, these models
hold promise for integration into clinical workflows, par-
ticularly in resource-limited settings where expert avail-
ability is constrained [41].

The findings from this meta-analysis support the previ-
ously included primary studies in our review, which show
that PET/CT has a marked advantage over PET alone
in Al-based segmentation of head and neck tumors.
Dong [24] reported a DSC of 0.739 with 3D diffusion-
based models on PET/CT, which is reasonably close
to our pooled estimate. Groendahl [35] observed that
dual-modality CNN models performed better than the
thresholding methods using PET only, with DSC increas-
ing from 0.68 to 0.74. Guo [36] further proved this trend
using dense multi-modality frameworks. More recent
work by Mahdi [32] with Weighted Fusion Transformer
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Fig. 3 Funnel plot for dice similarity coefficient (DSC). The Egger test indicated no significant publication bias (p=0.958)
PET/CT PET MD Weight
Study N Mean SD N Mean SD with 95% CI (%)
Dong et al. 40 739 136 40 57 221 —=—— (0.17] 0.09, 0.25] 6.81
Groendahl etal. 40 .75 .09 40 .68 14 —— 0.07[ 0.02, 0.12] 16.56
Guo et al. 75 71 175 .64 .16 —— 0.07[ 0.03, 0.11] 24.16
Huang et al. 11 .9037 .1513 11 .8903 .1828 — 0.01[-0.13, 0.15] 2.24
Moe et al. 40 .71 .16 40 69 .17 —r—— 0.02[-0.05, 0.09] 8.42
Shiri et al. 66 .8 166 .77 .09 I 0.03[-0.00, 0.06] 41.81
Overall < 0.05[ 0.03, 0.08]
Heterogeneity: W 58.45%, H? = 2.41 :
Test of 8 = 6;: Q(5) = 12.03, p = 0.03
Testof 6=0:z=5.09, p=0.00
-1 0 A 2 3

Fixed-effects inverse-variance model

Fig. 4 Forest plot for dice similarity coefficient (DSC) after removing SD-imputed studies The overall mean difference remained relatively stable com-
pared to the initial analysis using imputed SDs, indicating the accuracy and robustness of the SD estimation method

and Huang [22] with ISA-Net have shown surpassing
0.80 DSC, which points towards an increased efficacy of
multimodal fusion. Moe [38] and Oreiller [26] showed
that extracting models based on combined PET/CT for
HECKTOR datasets results in fewer boundary errors and
improved coverage fractions. Shiri [28] reported lower
false negative rates and greater robustness via hybrid
level fusion. Zhao [39] conversely showed that PET-only

FCNs do not reach comparable accuracy and sensitivity
in segmentation. Also, in the second study by Zhao [20]
the MMCA-Net cross-attention-based transformer net-
work was introduced, which outperformed all ten com-
parative algorithms with a mean DSC of 0.815. These
results from different architectures, modalities, and sites
of tumors support the statement that Al-based segmen-
tation of PET/CT modality offers enhanced performance
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PET/CT PET MD Weight
Study N Mean SD N Mean SD with 95% ClI (%)
Overall \
Dong et al. 40 739 136 40 .57 221 i+ 0.17[ 0.09, 0.25] 5.35
Groendahletal. 40 .75 .09 40 .68 14 || 0.07[ 0.02, 0.12] 13.02
Guo et al. 75 71 1 75 .64 .16 " 0.07[ 0.03, 0.11] 18.99
Mahdi et al. 359 .63 .63 359 .58 .1365 - 0.05[-0.02, 0.12] 7.79
Moe et al. 40 71 16 40 .69 A7 = 0.02[-0.05, 0.09] 6.62
Heterogeneity: I” = 49.99%, H* = 2.00 :0 0.07[ 0.04, 0.10]
Test of 6 = 6; Q(4) = 8.00, p=0.09 !
|
Primary Tumor i
Huang et al. 11 .9037 .1513 11 .8903 .1828 —r— 0.01[-0.13, 0.15] 1.76
Huang et al. 45 8076 .8076 45 .7356 .1731 —_— 0.07[-0.17, 0.31] 0.59
Huang et al. 10 .8378 .8378 10 .808 .1901 : 0.03[-0.50, 0.56] 0.12
Mahdi et al. 359 635 .635 359 .584 .1374 l:- 0.05[-0.02, 0.12] 7.67
Oreiller et al. 53 .6588 .6588 53 .6284 .1479 — 0.03[-0.15, 0.21] 1.05
Oreiller et al. 53 661 .661 53 .6306 .1484 —— 0.03[-0.15, 0.21] 1.04
Shiri et al. 66 8 1 66 .77 .09 [ 0.03[-0.00, 0.06] 32.87
Zhao et al. 225 7981 .7981 225 798 .1878 —'*%— 0.00[-0.11, 0.11] 3.02
Zhao et al. 10 .8747 .8747 10 .8686 .2044 : 0.01[-0.55, 0.56] 0.11
Heterogeneity: I = 0.00%, H” = 1.00 “ 0.03[ 0.00, 0.06]
Testof 8 = 6; Q(8) = 0.84, p = 1.00 i
I
Overall ¢ 0.05[ 0.03, 0.07]
Heterogeneity: I° = 1.23%, H’ = 1.01
Testof 6 =6; Q(13) =13.16, p = 0.44 X
Test of group differences: Q,(1) = 4.32, p = 0.04 E
-5 0 5
Fixed-effects inverse-variance model
Fig. 5 Subgroup analyses of DSC in terms of overall and primary tumor segmentation
PET/CT PET MD Weight
Study N  Mean SD N  Mean SD with 95% CI (%)
Dong et al. 40 5 506 40 24145 2595 —@— | -19.15[ -27.34, -10.95] 9.10
Groendahl etal. 40 5.79 46 40 10.62 7.48 - -4.83[ -7.55, -2.11] 14.60
Guo et al. 75 8.98 6.34 75 14.75 12.17 -.'L 577 -8.88, -2.66] 14.27
Huang et al. 11 6.3967 14.1744 11 5.9142 13.4753 —®—— 048 [-11.08, 12.04] 6.41
Moe et al. 40 3.3 1.8 40 4 2.6 gl -0.70[ -1.68, 0.28] 15.62
Moe et al. 40 21.2 17.1 40 18 16.5 —— 320[ -4.16, 10.56] 9.91
Oreiller et al. 53  26.81 2717 53 2762 29.69 + -0.81[-11.64, 10.02] 6.91
Oreiller et al. 53 2188 2217 53 2495 26.82 —l— -3.07[-12.44, 6.30] 8.05
Zhao et al. 235 10.9227 11.07 235 10.1441 10.9 ] 0.78[ -1.21, 2.76] 15.13
Overall < 322[ -7.02, 058]

Heterogeneity: 1° = 23.81, I = 90.72%, H* = 10.78 |
Test of 8 = 6;: Q(8) = 39.96, p=0.00 i
Testof 6=0:z=-1.66,p=0.10

s
T T T

30 20 -10 0 10
Random-effects REML model

Fig. 6 Forest plot for HD)Hausdorff distance(; Forest plot shows the pooled mean difference (MD) of HD between PET/CT and PET across 14 studies,
favoring PET/CT (MD = —3.22, 95% Cl—7.02 to 0.58) with high heterogeneity (I>=90.72%)
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Fig. 7 Funnel plot for HD (Hausdorff distance). The Egger test indicated no significant publication bias (p=0.732)
PET/CT PET MD Weight

Study N Mean SD N Mean SD with 95% CI (%)
Groendahl etal. 40 5.79 46 40 10.62 7.48 —a— -4.83[ -7.55, -2.11] 10.34
Guo et al. 75 8.98 6.34 75 14.75 1217 —=— -5.77[ -8.88, -2.66] 7.94
Huang et al. 11 6.3967 14.1744 11 59142 13.4753 0.48[ -11.08, 12.04] 0.57
Moe et al. 40 33 1.8 40 4 2.6 ] -0.70[ -1.68, 0.28] 79.73
Moe et al. 40 212 17.1 40 18 16.5 3.20[ -4.16, 10.56] 1.41
Overall > -1.47[ -2.34, -0.59]
Heterogeneity: I’ = 76.81%, H’ = 4.31
Test of 6 = 6 Q(4) = 17.25, p = 0.00
Testof©6=0:z=-3.29, p=0.00

Fixed-effects inverse-variance model

Fig. 8 Forest plot for HD after removing SD-imputed studies “After excluding studies without reported standard deviations (SD), the mean difference
in HD (Hausdorff Distance) decreased from, accompanied by a reduction in heterogeneity. These changes suggest improved consistency and reduced

between-study variance after excluding incomplete data”

metrics with general applicability to multiple clinical
scenarios.

The superiority of PET/CT in Al-based segmentation
of head and neck tumors is likely due to the integration of
anatomical structures and metabolism, which enhances
boundary refinement and decreases false positive seg-
mentations [42, 43]. PET provides valuable functional
information, particularly in the intricate contours of
some anatomical regions, but it is usually not accompa-
nied by clear spatial resolution. CT improves structural
understanding and is more useful in morphologic seg-
mentation when used with deep learning models that

integrate with PET [44, 45]. In addition to morphologi-
cal and textural characterization, Vision Transformers
(VIT)’s classification of low-FDG lesions demonstrates
the effectiveness of using two imaging modalities and
emphasizes the advanced radiomic features of PET/CT
[46, 47].

CT’s role in PET/CT imaging also assists in prognos-
tic modeling and extends the applicability of radiomics-
based AI solutions, especially in feature constancy
within spatially complex tumors [48, 49]. The integra-
tion of CT with PET enhances the stability of radiomic
signatures and supports patient stratification based on
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PET/CT PET MD Weight
Study N  Mean SD N Mean SD with 95% ClI (%)
Overall H
Dong et al. 40 5 506 40 24145 2595 —— i -19.15[-27.34, -10.95] 9.10
Groendahletal. 40 5.79 46 40 10.62 7.48 I; -4.83[ -7.55, -2.11] 14.60
Guo et al. 75 8.98 6.34 75 14.75 1217 E 0 -5.77[ -8.88, -2.66] 14.27
Moe et al. 40 21.2 171 40 18 16.5 “lm— 320 [ -4.16, 10.56] 9.91

Heterogeneity: 1° = 61.60, I” = 92.80%, H’ = 13.89
Testof 8 = 6; Q(3) = 16.27, p = 0.00

Primary Tumor

6.40[-14.59, 1.80]

Huang et al. 11 6.3967 14.1744 11 5.9142 13.4753 0.48[-11.08, 12.04] 6.41
Moe et al. 40 3.3 1.8 40 4 2.6 ; -0.70[ -1.68, 0.28] 15.62
Oreiller et al. 53 26.81 2717 53 27.62 29.69 — @ -0.81[-11.64, 10.02] 6.91
Oreiller et al. 53 21.88 2217 53 24.95 26.82 —:I}— -3.07[-12.44, 6.30] 8.05
Zhao et al. 235 10.9227 11.07 235 10.1441 10.9 i 0.78[ -1.21, 2.76] 15.13
Heterogeneity: ° = 0.27, I = 10.65%, H’ = 1.12 ! 0.32[ -1.49, 0.86]
Testof 6 = 6; Q(4) = 2.05, p=0.73
Overall Q 322[ -7.02, 0.58]
Heterogeneity: T° = 23.81, I° = 90.72%, H’ = 10.78
Test of 6 = 6; Q(8) = 39.96, p = 0.00 3
Test of group differences: Q1) =2.07, p=0.15 1
30 20 -10 0 10
Random-effects REML model
Fig.9 Subgroup analyses of HD in terms of overall and primary tumor segmentation
MD
Omitted study with 95% ClI p-value
Dong et al. — -1.82[-4.26, 0.61] 0.143
Groendahl et al. -3.00[-7.53, 1.564] 0.195
Guo et al. o -2.84[-7.28, 1.60] 0.210
Huang et al. * -3.50[-7.63, 0.62] 0.096
Moe et al. ° -3.70[ -8.20, 0.80] 0.107
Moe et al. o -3.92[-7.90, 0.06] 0.054
Oreiller et al. -3.43[-7.61, 0.75] 0.108
Oreiller et al. -3.26[-7.52, 1.00] 0.134
Zhao et al. ° -3.93[-8.20, 0.34] 0.071
I T 1
-10 -5 5

Random-effects REML model

Fig. 10 One-leave-out analysis for HD

tumor geometry and metabolic profile [50]. Furthermore,
Al-driven PET/CT contouring reduces inter-observer
variability and enables more consistent identification
of organs at risk during radiotherapy planning [51]. In
general, multimodal PET/CT improves the accuracy and
trustworthiness of tumor delineation Al models, which
facilitates radiotherapy treatment planning [52]. Finally,

delays in treatment initiation—often due to inadequate
imaging precision or planning inefficiencies—have been
shown to significantly increase cancer-specific mortal-
ity, emphasizing the value of early, Al-assisted PET/
CT-based planning to support more time-sensitive and
effective oncologic care [53, 54].
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PET/CT PET MD Weight
Study N Mean SD N Mean SD with 95% ClI (%)
Dong et al. 40 739 331 40 515 .394 0.22[ 0.06, 0.38] 1.22
Groendahletal. 40 .78 .1 40 .69 .18 - 0.09[ 0.03, 0.15] 7.60
Huang et al. 11 8889 .1761 11 .8834 2031 —++— 0.01[-0.15, 0.16] 1.23
Mahdi et al. 359 682 .1894 359 6 .236 = 0.08[ 0.05, 0.11] 31.59
Mahdi et al. 359 678 .1883 359 624 .246 = 0.05[ 0.02, 0.09] 30.14
Moe et al. 40 605 268 40 .625 346 @ ——=—i— -0.02[-0.16, 0.12] 1.68
Oreiller et al. 53 6242 1734 53 647 255 e -0.02[-0.11, 0.08] 4.49
Oreiller et al. 53 5909 .1641 53 5768 .227 _TF_ 0.01[-0.06, 0.09] 5.44
Shiri et al. 66 779 .134 66 .758 .122 - 0.02[-0.02, 0.06] 16.19
Zhao et al. 10 .9356 .2599 10 .9171 .361 0.02[-0.26, 0.29] 0.41
Overall ¢ 0.05[ 0.04, 0.07]
Heterogeneity: I” = 46.34%, H® = 1.86
Test of 8 =8 Q(9) = 16.77, p = 0.05 i
Test of 6 = 0: z = 6.09, p = 0.00 i

2 0 2 4

Fixed-effects inverse-variance model

Fig. 11 Forest plot for precision; Forest plot shows the pooled mean difference (MD) of precision between PET/CT and PET across 14 studies, favoring

PET/CT (MD=0.05, 95% Cl 0.04 to 0.07) with low heterogeneity (1> =46.34%)
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Fig. 12 Funnel plot for precision. The Egger test indicated no significant publication bias (p=0.732)

Several sources of heterogeneity among the included
studies warrant consideration. First, tumor site may influ-
ence segmentation difficulty, as regions such as the naso-
pharynx or larynx present greater anatomical complexity

than, for instance, the oral cavity. Second, different deep
learning architectures were used—primarily CNN-based
and Transformer-based models—which may explain
variations in segmentation performance, as Transformer
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Fig. 13 Forest plot for precision after removing SD-imputed studies. The overall mean difference remained relatively stable compared to the initial analy-
sis using imputed SDs, indicating the accuracy and robustness of the SD estimation method
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Fig. 14 Subgroup analyses of precision in terms of overall and primary tumor segmentation
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Fig. 15 Forest plot for sensitivity; Forest plot shows the pooled mean difference (MD) of sensitivity between PET/CT and PET across 14 studies, favoring
PET/CT (MD=0.04, 95% Cl 0.01 to 0.07) with low heterogeneity (I =60.79%)
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Fig. 16 Funnel plot for precision. The Egger test indicated no significant publication bias (p=0.148)

models often yield better global context understanding across studies and may have influenced model gener-
but require larger datasets. Lastly, dataset characteristics, alizability. These factors collectively contribute to the
including imaging modality (PET vs. PET/CT), anno- observed heterogeneity and should be considered when
tation protocols, and dataset size, varied substantially interpreting pooled performance metrics.
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Fig. 17 Forest plot for sensitivity after removing SD-imputed studies. The overall mean difference remained relatively stable compared to the initial
analysis using imputed SDs, indicating the accuracy and robustness of the SD estimation method
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Fig. 18 Subgroup analyses of sensitivity in terms of overall and primary tumor segmentation

Limitations

This systematic review and meta-analysis was based
on 11 studies only, decreasing the statistical power and
increasing the effect of possible outliers. One major
limitation of our meta-analysis is the pooling of results
across tumors from anatomically diverse regions (e.g.,
nasopharynx, oropharynx, parotid gland). These sites
differ in imaging characteristics and segmentation dif-
ficulty, which may introduce heterogeneity into perfor-
mance metrics. Although subgroup analysis was not

feasible due to data limitations, this should be considered
when interpreting the pooled results. Although random-
effects models were used and Egger’s tests did not indi-
cate small-study effects, the limited number of included
studies diminishes the ability to perform comprehensive
subgroup analyses, especially regarding the variations
of Al algorithms used. Furthermore, the imputation
of missing standard deviations in some cases added
more uncertainty to the pooled estimates. Differences
in reported outcomes, including whether segmentation
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Fig. 19 One-leave-out analysis for sensitivity

focused on primary tumors or total tumor burden, also
restrict comparability across the studies. Nevertheless,
these findings are crucial from a clinical perspective.
Al-assisted segmentation of gross tumor volume (GTV)
using PET/CT and Al is superior to PET alone, which is
particularly important for radiotherapy planning in dose-
escalation and early adaptive treatment scenarios. Al also
diminishes inter-observer variability, leading to stream-
lined workflows at varying institutions, thus enhancing
standardization. The success of endeavors such as the
HECKTOR challenge demonstrates the utility of pub-
licly available PET/CT databases in training and valida-
tion. Subsequently, future research should focus more
on federated learning that allows the sharing of sensitive
information safely, and focus on predictive models by
including uncertainty quantification.

Conclusions

This systematic review and meta-analysis demonstrates
with great certainty that artificial intelligence models that
employ PET/CT imaging perform significantly better
regarding head and neck tumor segmentation than mod-
els that only use PET imaging. In particular, approaches
that used PET/CT demonstrated better performance in
all the primary metrics, including Dice Similarity Coef-
ficient, sensitivity, precision, and accuracy of boundary
delineation, which explains the advantage of integrating
both metabolic and structural information on head and
neck anatomy for better tumor localization. These gains
were achieved with different datasets and Al architec-
tures, suggesting applicability in practice and remote

settings. Although there are some issues related to the
heterogeneity of studies, sample size, and differences
in methods used, the overall conclusions encourage the
adoption of Al segmentation approaches using PET/CT
in clinical practice. With the evolving research, the focus
should be on the need for documentation of reporting
and measuring uncertainty and the creation of multi-
institutional repositories to foster ease of access, con-
sistency, and practical value of research output. Further
research should be conducted on using federated learn-
ing and segmentation-plus models that not only define
the regions of interest but also shift AI use towards the
aims of personalized outcome forecasting in precision
oncology.
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PET Positron emission tomography

cT Computed tomography

PET/CT Positron emission tomography/computed tomography
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