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Abstract
Introduction  Head and neck cancers are the seventh most common globally, with lymph node metastasis (LNM) being a 
critical prognostic factor, significantly reducing survival rates. Traditional imaging methods have limitations in accurately 
diagnosing LNM. This meta-analysis aims to estimate the diagnostic accuracy of Artificial Intelligence (AI) models in 
detecting LNM in head and neck cancers.
Methods  A systematic search was performed on four databases, looking for studies reporting the diagnostic accuracy of 
AI models in detecting LNM in head and neck cancers. Methodological quality was assessed using the METRICS tool and 
meta-analysis was performed using bivariate model in R environment.
Results  23 articles met the inclusion criteria. Due to the absence of external validation in most studies, all analyses were 
confined to internal validation sets. The meta-analysis revealed a pooled AUC of 91% for CT-based radiomics, 84% for 
MRI-based radiomics, and 92% for PET/CT-based radiomics. Sensitivity and specificity were highest for PET/CT-based 
models. The pooled AUC was 92% for deep learning models and 91% for hand-crafted radiomics models. Models based 
on lymph node features had a pooled AUC of 92%, while those based on primary tumor features had an AUC of 89%. No 
significant differences were found between deep learning and hand-crafted radiomics models or between lymph node and 
primary tumor feature-based models.
Conclusion  Radiomics and deep learning models exhibit promising accuracy in diagnosing LNM in head and neck cancers, 
particularly with PET/CT. Future research should prioritize multicenter studies with external validation to confirm these 
results and enhance clinical applicability.
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Introduction

Head and neck cancers are the seventh most common can-
cer worldwide and primarily consist of squamous cell car-
cinomas of the oral cavity and pharynx [1]. According to 
the Global Burden of Disease Study, their annual mortality 
rate was estimated to be 313,000 deaths in 2019 [2]. Lymph 
node metastasis (LNM) is the most critical prognostic fac-
tor in head and neck cancers, reducing the survival rate to 
half [3]. While the treatment strategy depends on the LNM 
status, there is no consensus on neck dissection or close 
follow-up in early-stage head and neck cancers [4]. Failing 
to treat a metastatic lymph node may lead to disease recur-
rence. Treating a benign lymph node with surgery or radia-
tion, particularly when in close proximity to vital structures, 
can result in unnecessary side effects and complications for 
the patient [5].

LNM is typically diagnosed based on its morphological 
features on imaging. The most commonly used character-
istics are size, irregularity, necrosis, cystic degeneration, 
spherical shape, and clustering lymph nodes [6, 7]. How-
ever, enlargement may be observed in reactive lymph nodes, 
whereas malignant lymph nodes may maintain normal mor-
phology [8]. A meta-analysis found a sensitivity and speci-
ficity of 52% and 93% for computed tomography (CT) scan, 
65% and 81% for magnetic resonance imaging (MRI), 66% 
and 87% for positron emission tomography (PET), and 66% 
and 78% for ultrasonography (US), respectively in diagnos-
ing LNM in head and neck cancers [9]. Meanwhile, in 30% 
of patients without clinical or radiological evidence of LNM, 
histopathological examinations show positive lymph node 
infiltration [10]. As a result, many of the clinically lymph 
node-negative patients undergo lymph node dissection. 
Also, not all clinically LNM-positive patients who undergo 
surgery are histopathologically proven to have LNM, as 
radiological LNM diagnosis is not thoroughly accurate [11]. 
There is a considerable chance that a large proportion of 
patients will receive inaccurate clinical nodal staging.

Besides the inherent difficulties of detecting LNM, like 
tissue characteristics and technical barriers, the most criti-
cal factor in accurate diagnosis is human errors affected by 
physician experience and busy radiologists’ workflow [12, 
13]. Computer-assisted diagnostic systems that integrate 
qualitative and quantitative imaging features to diagnose 
LNM might be a solution to enhance diagnostic accuracy 
and implement personalized treatment. The region of inter-
est (ROI) used for extracting the relevant features might be 
the lymph nodes or the primary tumoral tissue [14].

Hand-crafted radiomics (HCR) methods extract and 
analyze a multitude of quantitative features and, with the 
help of machine learning algorithms, classify a tissue into 
metastatic or non-metastatic [15, 16]. Also, deep learning 

algorithms extract relevant features from a picture, trans-
mit them through multiple layers of neural networks, and 
finally perform classification [17]. In this systematic review 
and meta-analysis, we intended to estimate the diagnostic 
accuracy of HCR and deep learning algorithms in detect-
ing LNM of head and neck cancers on different imaging 
modalities.

Methods

In adherence to the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) statement 
guidelines [18], we performed a comprehensive search 
across PubMed, Scopus, Web of Science, and Embase. We 
designed a search string for each database, including key-
words for (“artificial intelligence” OR “artificial neural 
networks” OR “machine learning” OR “deep learning” OR 
“convolutional neural network” OR “automatic detection” 
OR “radiomic” OR “radiomics”) AND (“computed tomog-
raphy” OR “computed tomography scan” OR “CT scan”) 
AND (“lymph node” OR “lymph nodes” OR “nodal” OR 
“node” OR “metastasis” OR “metastases” OR “lymph node 
metastasis” OR “lymph node metastases”) AND (“head and 
neck neoplasm” OR “head and neck cancer” OR “head and 
neck squamous cell carcinoma” OR “HNSCC”). Moreover, 
we conducted a manual examination of the references sec-
tion of the included studies, searching for further relevant 
papers.

Two researchers independently reviewed each article’s 
title, abstract, and/or full text and assessed their relevance to 
the inclusion criteria. In case of any disagreements, a con-
sensus on whether to include the study was reached through 
consultation with a senior co-author. The AutoLit platform, 
created by Nested Knowledge in St. Paul, Minnesota, USA, 
was used to assist with deduplication, screening, and data 
extraction.

Relevant studies reporting at least one discrimination 
statistic for radiomics and/or deep learning models were 
eligible for inclusion. We imposed no limitations regard-
ing the country, study design, year of publication, or patient 
characteristics. We excluded non-English publications, case 
reports, and case series with less than five patients, as well 
as conference abstracts, review articles, and editorial com-
ments. We extracted data such as the first author’s name, 
year of publication, imaging modality, assessed condition, 
sample size and demographics, segmentation method, refer-
ence test, developed diagnostic models, and the discrimina-
tion statistics of the primary model.

In this systematic review, we utilized the METhodologi-
cal RadiomICs Score (METRICS) checklist to evaluate the 
quality of the included studies [19]. The METRICS checklist 
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offers a detailed framework for scrutinizing key method-
ological aspects pertinent to both handcrafted radiomics and 
deep learning models. The evaluation encompasses several 
domains, including study design, imaging data, segmenta-
tion, image processing and feature extraction, feature pro-
cessing, preparation for modeling, metrics and comparison, 
testing, and open science. Each domain comprises multiple 
questions, each assigned a specific weight, enabling a com-
prehensive assessment of the studies’ methodological qual-
ity [19].

Statistical analysis

After conducting an extensive review and extracting rel-
evant data, studies that satisfied the inclusion criteria were 
integrated into a random effects diagnostic test accuracy 
(DTA) meta-analysis. The criteria for quantitative synthe-
sis mandated the inclusion of true positive, true negative, 
false positive, and false negative values derived from diag-
nostic accuracy metrics reported in internal validation sets, 
including those utilizing n-fold cross-validation. For stud-
ies presenting multiple models, the primary model for each 
imaging modality was selected for the main meta-analysis, 
while additional models were included in subgroup analyses 
as appropriate.

We had an a priori assumption that diagnostic indices 
might differ among studies utilizing various imaging tech-
niques. As a result, subgroup analyses were performed to 
compare these techniques within the meta-analysis. It was 
suggested that there might be significant differences in 
model performance based on their architecture, specifically 
between models employing deep learning feature extraction 
algorithms and those using HCR feature extraction meth-
ods. Additionally, we hypothesized that models based on 
radiomics or deep learning features from tumor ROIs ver-
sus those based on features from lymph node ROIs might 
influence performance. Thus, these factors were identified 
as critical variables for subgroup analyses.

The DTA meta-analysis employed the bivariate model 
proposed by Reitsma et al. [20]. Meta-regression using this 
model facilitated the exploration of differences between 
subgroups. Summary Receiver Operating Characteristic 
(SROC) curves were generated from the bivariate meta-
analysis data, with study-specific estimates on these curves 
weighted according to their contributions within a random 
effects univariate Diagnostic Odds Ratio (DOR) model. To 
evaluate the overall diagnostic performance of the models, 
the area under the SROC curve (AUC) and its confidence 
intervals were calculated for each subgroup using 2000 
sample bootstraps based on the bivariate model [21].

Heterogeneity was assessed using the I2 metric, based 
on the approach by Holling et al. [22]. An I2 confidence 

interval exceeding 25% indicated heterogeneity, prompting 
sensitivity analyses based on the DOR univariate meta-anal-
ysis to identify potential outliers. Identified outliers were 
re-analyzed to confirm the robustness of the findings. Addi-
tionally, publication bias was evaluated using a generalized 
Egger’s regression test for DTA meta-analysis, which exam-
ined funnel plot asymmetry using 2000 sample bootstraps, 
as recommended by Noma et al. [23].

All statistical analyses were conducted using the R soft-
ware environment (version 4.2.1, R Foundation for Statisti-
cal Computing, Vienna, Austria), utilizing the R packages 
“Mada,” “MVPBT” [24], “dmetatools” [21], “Metafor” 
[25], and “meta” [26].

Results

Screening and selection of articles

A systematic literature search, following a predefined strat-
egy, identified a total of 783 articles. After removing dupli-
cates, 506 papers underwent initial screening based on the 
title and abstract, resulting in the exclusion of 459 articles. 
The full text of the remaining 47 papers underwent full-text 
review. Following a comprehensive examination, 24 articles 
were excluded as they did not align with the study’s aim. 
In the end, 23 articles that met the inclusion criteria were 
identified and included. The screening process and eligibil-
ity criteria adhered to PRISMA guidelines, and the PRISMA 
flow diagram illustrating the process is presented in Fig. 1.

Study and patient characteristics

Twenty-three studies developing radiomics and/or deep 
learning models for diagnosing or predicting LNM in head 
and neck cancer patients were included in the study. Table 1 
provides detailed demographic information from the chosen 
studies, describes the technical features of the models, and 
provides the diagnostic accuracy metrics for the primary 
models established by each study.

The included studies developed models using features 
extracted from various imaging modalities. CT imaging was 
used in 12 studies, MRI in six, PET/CT in three, while PET 
and intraoral US were each used in two studies. Further-
more, in most studies, the reference standard for evaluation 
was the surgical histopathology of lymph nodes obtained 
from dissection. Fourteen studies focused on analyzing 
radiomics features derived from lymph nodes, whereas 
nine studies focused on the features of primary tumors. In 
terms of the radiomics features utilized, 18 studies used 
hand-crafted features to develop their models, whereas 
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Quality assessment

The quality of the models in the included studies was 
assessed using the METRICS checklist, with the com-
prehensive results displayed in Table A.1. This analysis 

seven studies integrated deep learning algorithms for fea-
ture extraction. Of these, two studies combined deep learn-
ing with HCR features, and five exclusively employed deep 
learning features.

Fig. 1  PRISMA flow diagram showing the review process, PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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internal validation sets due to the lack of external valida-
tion in most of the included studies. Figure 4 displays the 
SROC curves for these model types. The pooled AUC was 
92% (95% CI: 85-95%) and 91% (95% CI: 83-92%) for 
deep learning models and HCR models, respectively, with 
no significant difference in diagnostic accuracy observed 
(p = 0.993).

Figure 5 presents paired forest plots for this analysis. The 
corresponding sensitivities and specificities were 83.0% 
(95% CI: 77.7-87.3%) and 87.1% (95% CI: 80.9-91.5%) for 
HCR models, and 84.4% (95% CI: 77.8-89.3%) and 87.1% 
(95% CI: 81.2-91.3%) for deep learning models, respec-
tively, with no significant difference (p = 0.993). Substantial 
heterogeneity was present in both groups (DL: I²: 72-92.9%, 
HCR: I²: 31.5-65.3%). The leave-one-out analysis identified 
Kubo et al. (2022) and Yuan et al. (2021) as outliers in the 
HCR group [27, 29], and the forest plot excluding these 
studies is presented in Fig. A.2. After excluding the outliers, 
the difference in diagnostic accuracy remained insignificant 
(p = 0.982).

Meta-analysis of models based on radiomics 
features from lymph nodes versus primary 
tumor

We explored differences between models based on radiomics 
features from lymph nodes versus primary tumors. The 
analysis was limited to internal validation sets due to the 
lack of external validation in most of the included stud-
ies. Figure  6 shows the SROC curves comparing the two 
groups, revealing a pooled AUC of 92% (95% CI: 86-94%) 
for lymph node models versus 89% (95% CI: 77-92%) 
for primary tumor models, with no significant difference 
observed (p = 0.261).

Figure  7 presents paired forest plots for this analysis, 
demonstrating pooled sensitivity and specificity of 84.8% 
(95% CI: 79.4-88.9%) and 87.5% (95% CI: 82.4-91.3%) for 
lymph node models and 78.0% (95% CI: 70.7-84.0%) and 
84.9% (95% CI: 79.9-88.8%) for primary tumor models, 
respectively.

Substantial heterogeneity was observed within both 
lymph node (I2: 60.6 − 88.7%) and primary tumor (I2: 39.8 
− 72.3%) groups. Leave-one-out analysis identified the 
study by Yuan et al. (2021) as a significant outlier in the 
primary tumor group [29]. The absence of a significant dif-
ference was consistent after the exclusion of this study, as 
shown in Fig. A.3 (p = 0.736).

showed a median METRICS score of 73.3%. Scores varied 
from a minimum of 58.1% to a maximum of 95.2%, reveal-
ing “good” methodological quality in most of the included 
studies, with certain concerns especially regarding the lack 
of validation, robustness, and generalizability of the models. 
Among the included studies, only one had an external vali-
dation set [43], while many lacked appropriate internal or 
external validation methods, which are critical for prevent-
ing information leakage.

Meta-analysis of models based on CT, MRI, and PET/
CT

We evaluated the differences in diagnostic accuracy among 
models using features derived from CT, MRI, and PET/CT. 
Due to the absence of external validation in most studies, all 
analyses were confined to internal validation sets. Figure 2 
demonstrates the SROC curves comparing the diagnostic 
accuracy across these imaging modalities. Our findings 
indicated that the pooled AUC values were 91% (95% CI: 
83-93%) for CT-based models, 84% (95% CI: 73-89%) for 
MRI-based models, and 92% (95% CI: 90-97%) for PET/
CT-based models. This analysis suggests a trend towards a 
difference in diagnostic accuracy among these modalities 
(p = 0.076).

Paired forest plots for this analysis are represented in 
Fig. 3, showing pooled sensitivity and specificity of 82.4% 
(95% CI: 76.9-86.8%) and 86.6% (95% CI: 80.9-90.7%) 
for CT, 75.3% (95% CI: 67.3-81.9%) and 81.1% (95% CI: 
73.0-87.2%) for MRI, and 91.5% (95% CI: 87.2-94.5%) 
and 92.5% (95% CI: 90.4-94.1%) for PET/CT, respectively. 
Due to the marginally significant difference observed in the 
bivariate model, a post-hoc analysis was performed, indicat-
ing a higher sensitivity for PET/CT-based models (p = 0.02).

Substantial heterogeneity was observed within CT (I2: 
45.1 − 86.6%) and MRI (I2: 28.1 − 32.8%) subgroups. 
The leave-one-out analysis identified studies by Kubo et 
al. (2022) and Xu et al. (2023) as outliers in the CT sub-
group [27, 28]. Following their exclusion, Fig. A.1 shows a 
revised forest plot, and the statistical significance of differ-
ences in diagnostic accuracy among the imaging modalities 
was confirmed (p < 0.01). Further post-hoc analyses also 
revealed higher sensitivity and specificity for PET/CT mod-
els (p < 0.01) after excluding these outlier studies.

Meta-analysis of deep learning versus hand-
crafted radiomics models

We explored the differences between models that utilize 
deep learning algorithms for feature extraction and those 
that employ HCR features. The analysis was limited to 
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Fig. 2  Summary Receiver Operating Curves (SROCs) for subgroup meta-analysis comparing models based on different modalities, The between-
group difference is derived from the bivariate model, AUC: Area under the curve. DL: Deep learning
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[30], biliary tract malignancies [31], and colorectal cancer 
[32]. For instance, the review by Windsor et al. discussed 
breast cancer LNM prediction using radiomics models 
based on different modalities and reported excellent pooled 
diagnostic accuracy metrics of Artificial Intelligence (AI)-
based models in LNM prediction across various imaging 
modalities [30]. Notably, an included study in their review 
[33] reported improved sensitivity of radiologists’ LMN 
detection while working collaboratively with AI models, 
highlighting the importance of integrating radiomics pipe-
lines in the clinical practice of radiologists, leveraging both 
visual assessment of radiologists and the radiomics features 
assessed by machine learning algorithms.

Our meta-analysis embodied three subgroup analyses, in 
which the included studies were categorized based on the 
method they utilized to extract features (deep learning vs. 
HCR), their ROIs (the lymph nodes vs. the primary tumor), 
and their imaging modality (CT vs. MRI vs. PET/CT). the 
only analysis where a statistically significant difference was 
observed between the subgroups was the latter, with PET/
CT consistently showing higher accuracy both before and 
after the exclusion of the outlier studies.

Aside from the higher image quality and the more 
detailed training data with PET/CT, another attributing fac-
tor to this finding could be explored within the nuances of 
the deployed AI model, such as the use of attention-guided 
classification (AGC) in one of the three PET/CT studies 
that were included, which was also the one with the high-
est obtained sensitivity and specificity. AGC consists of 2 

Assessment of publication bias

Figure 8 depicts paired funnel plots used to assess publica-
tion bias and small study effects in the diagnostic accuracy 
reported by the primary models of each study. A significant 
publication bias was confirmed through Generalized Egg-
er’s regression test (p < 0.005).

Discussion

The result of the present systematic review and meta-anal-
ysis demonstrates the promising accuracy of radiomics and 
deep learning models in diagnosing LNM in head and neck 
cancers, with a pooled AUC of 91%, 84%, and 92% for CT-
based models, MRI-based models, and PET/CT-based mod-
els, respectively. We also retrieved a pooled AUC of 92% 
and 91% for deep learning and HCR models, respectively. 
These models showed acceptable accuracy across different 
imaging modalities, including CT, MRI, and PET/CT, as 
well as different pipelines, including those based on cervi-
cal LN images and those based on tumor images, shedding 
light on the potential clinical application of such models in 
clinical practice.

Our findings are in line with several meta-analysis stud-
ies showing the promising capabilities of precision medi-
cine and radiomics pipelines in diagnosing and predicting 
LNM in various types of cancers, including breast cancer 

Fig. 3  Paired Forest plots for the subgroup meta-analysis comparing 
models based on different modalities, The between-group difference 
is derived from the bivariate model, ADC: apparent diffusion coeffi-
cient. ag: attention-guided. CE: contrast-enhanced. CECT: contrast-
enhanced CT. CI: Confidence interval. CNN: Convolutional neural 

network. DCE: dynamic contrast-enhanced. DECT: dual-energy CT. 
DLR: Deep learning radiomics. DWI: diffusion-weighted imaging. 
GBM: Gradient Boosting Machine. HCR: hand-crafted radiomics. LN: 
lymph node. LR: logistic regression. NB: naïve Bayes. NN: neural net-
work. RF: Random forest. SVM: Support vector machine
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Fig. 4  Summary Receiver Operating Curves (SROCs) for subgroup 
meta-analysis comparing models based on deep learning vs. hand-
crafted radiomics, The between-group difference is derived from the 

bivariate model, AUC: Area under the curve. DLR: Deep learning 
radiomics. HCR: hand-crafted radiomics
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increase the confidence and accuracy and attain more robust 
results.

The use of radiomics models in medical imaging, how-
ever, has its fair share of challenges. For example, hardware 
limitations must be resolved to acquire high-quality data. 
Moreover, multidisciplinary teams must be formed to set 
standards and regulate confidentiality aspects in order to 
ensure the auspicious application of AI in clinical practice 
[36]. Another concerning obstacle to applying AI in medi-
cal imaging is overfitting. Overfitting occurs when the AI 
model is no longer generalizable to the whole population 
and only works on the training data [37–39]. In order to 
overcome overfitting, data augmentation and a higher sam-
ple size, particularly one that is a true representative of the 
whole population, can be helpful [37]. Finally, uncertainty 
quantification methods must be incorporated into AI-based 
medical imaging in order to improve accuracy and help radi-
ologists additionally scrutinize highly uncertain predictions 
and confirm or reject them [16, 40]. Most current radiomics 
studies lack these methodological strengths, which poses 
a major concern regarding the clinical applicability of the 
developed models. Consequently, more effort is required to 
develop more reliable machine-learning methods for imple-
mentation in clinical practice.

There are a number of limitations to this study. First, the 
substantial amount of heterogeneity observed among the 
included studies limits the generalizability of the findings. 
Second, it was confirmed that a significant publication bias 
exists, which calls for a thorough revision in the process of 

modules: (1) an attention-guided convolutional neural net-
work (agCNN) and (2) a classification CNN (cCNN) [16]. 
Chen et al. reported that their AGC model outperformed 
both conventional CNNs and radiomics models. What sets 
AGC apart from conventional CNNs is the incorporation of 
human knowledge into the training process as well as the 
unnecessity of accurate delineation [16]. This will enable 
the agCNN module to identify useful regions within the 
ROI patch and feed it to the classification CNN, hence the 
enhanced accuracy.

In another PET/CT study, Chen et al. developed a hybrid 
model using a many-object radiomics (MaO-radiomics) 
and a 3D-CNN and fused their outputs using an evidential 
reasoning approach [34]. The study suggests that utilizing 
a radiomics model alongside a deep learning model could 
help experts leverage the advantages of both models and 
optimize accuracy.

One of the main advantages of AI-based models is the 
promise of early and accurate prediction of LNM, which 
can bring about a paradigm shift in cancer management 
and significantly improve patients’ outcomes [35]. Also, the 
development and utilization of non-invasive methods for 
LNM detection will obviate the need to impose costly, time-
consuming, and invasive procedures on the patients. More 
to the point, contemporary methods of detecting LNM in 
numerous cancerous conditions are highly prone to inter-
observer variability, which can confound the robustness of 
the findings [35], while AI-based models, based on robust, 
reproducible, and explainable pipelines can potentially 

Fig. 5  Paired forest plots for the subgroup meta-analysis compar-
ing models based on deep learning vs. hand-crafted radiomics, The 
between-group difference is derived from the bivariate model, ADC: 
apparent diffusion coefficient. ag: attention-guided. CE: contrast-
enhanced. CECT: contrast-enhanced CT. CI: Confidence interval. 
CNN: Convolutional neural network. DCE: dynamic contrast-

enhanced. DECT: dual-energy CT. DLR: Deep learning radiomics. 
DWI: diffusion-weighted imaging. GBM: Gradient Boosting Machine. 
HCR: hand-crafted radiomics. LN: lymph node. LR: logistic regres-
sion. NB: naïve Bayes. NN: neural network. RF: Random forest. 
SVM: Support vector machine
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Fig. 6  Summary Receiver Operating Curves (SROCs) for subgroup meta-analysis comparing models based on radiomics features extracted from 
lymph nodes vs. primary tumor, The between-group difference is derived from the bivariate model, AUC: Area under the curve. LN: lymph node
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Fig. 8  Paired funnel plots are used to assess potential publication bias/small study effect among reported values for diagnostic accuracy of the main 
models of each study, FPR: False positive rate, Se: Sensitivity

 

Fig. 7  Paired forest plots for the subgroup meta-analysis comparing 
models based on radiomics features extracted from lymph nodes vs. 
primary tumor. ADC: apparent diffusion coefficient. ag: attention-
guided, CE: contrast-enhanced. CECT: contrast-enhanced CT. CI: 
Confidence interval. CNN: Convolutional neural network. DCE: 
dynamic contrast-enhanced. DECT: dual-energy CT. DLR: Deep 

learning radiomics. DWI: diffusion-weighted imaging. GBM: Gra-
dient Boosting Machine. HCR: hand-crafted radiomics. LN: lymph 
node. LR: logistic regression. NB: naïve Bayes. NN: neural network. 
RF: Random forest. SVM: Support vector machine. The between-
group difference is derived from the bivariate model
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reviewing, publishing, and interpreting AI research. Third, 
the included studies were primarily single-centric, lacking 
multi-centric external validation, which further limits the 
generalizability of the findings. Most of the included stud-
ies used k-fold cross-validation, introducing bias through 
the risk of overfitting and information leakage, and did not 
provide sufficient data to verify whether all appropriate 
measures were taken to prevent information leakage; fur-
thermore, there were not enough studies to do a compre-
hensive subgroup analysis comparing studies with k-fold 
internal validation to the others. To the best of our knowl-
edge, however, this is the first comprehensive systematic 
review and meta-analysis on the diagnostic accuracy of AI 
models in LNM detection in head and neck cancers.

Conclusion

The great potential of AI in LNM prediction was ascer-
tained in our meta-analysis. Deep learning and HCR models 
showed similarly excellent performance in detecting LNM 
in head and neck cancers, and PET/CT imaging turned out 
to be significantly associated with higher accuracy metrics. 
Nevertheless, further research is required to illuminate the 
clinical implications, pitfalls, and full potential of AI-based 
models in LNM detection.
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