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ABSTRACT
Background and purpose: Ensuring the reliability and accuracy of artificial intelligence (AI)-generated 
contours is paramount, as discrepancies could lead to inadequate protection of healthy tissues. With 
increasing clinical workload, the aim of this study was to assess the time-saving potential of AI-assisted 
organs at risk (OAR) contouring in head and neck cancer (HNC) treatment planning, while also evaluating 
geometric accuracy, variability, and dosimetric impact.
Patient/material and methods: Twenty patients had 12 OAR contoured by 11 certified dosimetrists and 
ARTplan (Therapanacea), including the brainstem, cochleas, larynx, mandible, oral cavity, parotid glands, 
pharynx constrictor muscles, spinal cord, right submandibular gland and thyroid gland. Comparisons 
were made using geometrical metrics, including Mean Surface Distance, Dice Similarity Coefficient (DSC), 
Hausdorff Distance, Volume Difference, and Centre of Mass Difference, as well as relevant dose-volume 
metrics, and total contouring time.
Results: Median manual contouring time of the OARs was 55 (range: 17–151) minutes per patient, while 
adjusted AI-based structures required 17 (7–42), resulting in 69% time saved. For manual, adjusted and 
AI-contours, the mean DSC were generally high, averaging 0.85, 0.86, and 0.81 respectively across the eval-
uated structures. Notably, variability was lowest for the AI and adjusted contours. Average mean and max 
dose differences were acceptably low (<3.2 Gy) for all OARs.
Interpretation: The results support the integration of AI-based contouring in HNC treatment planning. 
With minor adjustments, the contours achieve very good clinical quality and demonstrate improved con-
sistency compared to manual contours, while significantly reducing contouring time.
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Introduction

As cancer treatments become increasingly advanced, modern 
radiotherapy places increasing emphasis on achieving precise 
tumor targeting while minimizing radiation exposure to sur-
rounding healthy tissue [1]. This shift has led to a growing need 
for accurate delineation of numerous organs at risk (OARs), a 
process that is essential for optimizing treatment efficacy and 
patient safety [2]. However, the expanding number of structures 
requiring contouring has significantly increased the workload 
for clinicians and highlighted the need for more efficient and 
standardized solutions [3]. In response, artificial intelligence (AI) 
has been progressively integrated into the clinical workflow in 
recent years [4].

AI-based segmentation leverages advanced machine 
learning algorithms, particularly convolutional neural networks, 
to identify and delineate anatomical structures from medical 
images with high accuracy [5]. These systems are trained on 
large datasets of annotated images, allowing them to learn and 

generalize the complex patterns associated with different 
organs [5–7]. The rising demand on contouring not only leads to 
increased workload for practitioners, but also heightens the risk 
of variability and potential errors in the contouring process [8]. 
Inconsistent delineation can result in suboptimal treatment 
plans, negatively impacting clinical outcomes and reducing the 
accuracy of research studies and follow-up assessments [2]. AI-
based tools have been shown to not only reduce time associated 
with manual delineation but also enhancing consistency and 
reproducibility of contouring across patients and practitioners 
[9–11].

Several studies have investigated the potential consequences 
of AI-based contouring. As summarized by Mackay et al. [12] 
existing literature is often limited to assessing one or a few 
isolated evaluation aspects. These may include geometrical 
analysis, time saving, dosimetric impact, qualitative assessment, 
or variability [8, 12]. For head and neck (HN), studies such as 
those by Doolan et al. and Guo et al. [13, 14] assessed several HN 
OARs, but limited their scope to geometrical analysis and either 
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dosimetrical or time saving analysis. Similar studies include that 
by Smine et al. [15] which investigated automatic segmentation 
for breast cancer. Additionally, our study includes an adjusted AI 
control group, representing the clinically relevant scenario in 
which AI-generated contours are routinely reviewed and 
modified. Other studies, such as those by Sarria et al. [16], 
conducted a study assessing AI-assisted contouring using one 
experienced clinician for both delineation and quality control, 
offering valuable data on time savings and dosimetric 
consistency, albeit without including variation. Given the 
substantial variability in delineation [2, 3], it remains a key factor 
to consider when evaluating the clinical applicability of AI-
assisted contouring tools. The primary aim of this study was to 
assess the time-saving potential of AI-assisted OAR contouring 
in head and neck cancer (HNC) treatment planning. Secondary 
objectives included evaluating the geometric accuracy, 
variability, and dosimetric impact of AI-generated contours 
before and after manual adjustment.

Material and methods

Twenty previously treated HNC patients were included in this 
study. In the cohort, four patients had cancer in the oral cavity, 
13 in the pharynx (oropharynx, nasopharynx, hypopharynx), 
and three at other sites (larynx and lymph nodes). Five of the 
patients had surgery prior to treatment, removing their left sub-
mandibular gland. In terms of elective neck irradiation, 13 
patients had bilateral target volumes, six patients had unilateral 
target volumes, and one patient had none. Each patient had 12 
relevant OAR selected, including the brainstem, both cochlea, 
larynx, mandible, oral cavity, both parotid glands, pharynx con-
strictor muscles (PCMs), spinal cord (SC), right submandibular 
gland, and the thyroid gland. All OARs were present in at least 16 
patients. Although 12 OARs were evaluated, cochleas were 
excluded from the geometrical evaluations due to substantial 
relative size discrepancies between AI and manual contours, 
which distorted figure scaling. They are, however, included in 
the time and dose analyses, where these discrepancies did not 
affect the presentation of results.

Each of the 20 patients were furthermore delineated 
independently by 11 certified dosimetrists. In total, 2,629 
contours were segmented manually (20 patients × 12 OARs × 
11 delineators, minus 11 exceptions). Details regarding 
exceptions are found in Supplementary material D. All had 
completed internal training and certification in manual OAR 
contouring, according to department-specific quality-assured 
guidelines [2, 17, 18]. All 12 OARs were delineated for all 20 
patients, onwards termed the ‘manual group’ of contours. 
The  ground truth (GT) contours were established by one 
experienced dosimetrist (not included in the manual contouring 
group). These initial contours were then sequentially peer 
reviewed by two dosimetrists, each correcting the preceding 
version according to clinical practice, without averaging or 
consensus voting. Both peer reviewers were previously included 
in the manual contouring group before reviewing the GT 
independently. Finally, a medical physicist reviewed the 

contours with a specific focus on correcting artefacts in the 
mandible. All contouring was performed in our treatment 
management system AriaTM (Varian medical systems, Palo Alto) 
using our standard contouring tools, including brush/eraser, 
slice interpolation, and imaging threshold. A chart of the 
contouring workflow is found in Supplementary material D.

The patient set was furthermore sent to the AI-contouring 
software ARTplan™ v2.1 (Therapanacea, Paris) for segmentation 
and imported to Aria. All AI-generated contours are reviewed 
prior to clinical use; accordingly, a quality-assured set, ‘Adjusted 
group’, was created with manual adjustments made in select 
cases. In total, 1,980 contours were adjusted (20 patients × 10 
OARs × 10 delineators, minus 20 exceptions). Adjustments were 
performed by 10 individuals, including those involved in the GT 
consensus and most members of the manual group.

A volume modulated arc therapy (VMAT) photon treatment 
plan, with prescription typically 2 Gy × 33–34 fractions was 
generated for each patient based on the OARs from the GT and 
the original clinical target volumes. The plans were made in the 
treatment planning system (TPS) Eclipse (Varian Medical 
Systems) and the dose distribution was used for the dosimetrical 
evaluation. During planning, OAR objectives were based on the 
recommendations from the DAHANCA trial [19] and our clinical 
procedures for the target volumes.

To assess the quality and efficiency of the contouring, 
geometrical, dosimetrical, and time metrics were considered. 
For the geometrical evaluation, we calculated the Mean Surface 
Distance (MSD), Dice Similarity Coefficient (DSC), Hausdorff 
Distance (HD), Volume Difference (VD), and Centre of Mass 
Difference (CMD) for each structure against the GT [12]. The 
dosimetrical evaluation assessed differences in dose across the 
various structure sets, focusing on clinically relevant dose 
metrics. Variability in structures was quantified as the standard 
deviation (SD) across all observers and all patients for each OAR.

Time used per OAR was measured during manual contouring. 
This was done by timing each delineation separately, rounded 
off to the closest half minute to simplify the registration process. 
As for timing the quality assurance and potential adjustment of 
the structure set from ART, the time for the complete set was 
recorded in one sitting. Timing the processing time for ART, as 
well as the import time (to the TPS) was done for the first nine 
patients only.

An in-house Python script was created to calculate the 
geometrical metrics. Each structure was converted to a binary 
volumetric mask using skimage.draw.polygon and numpy, and 
subject to geometrical calculations using the medpy functions 
for DSC (dc), HD (hd) and MSD (assd). For the calculation of CMD, 
scipy.ndimage.centre_of_mass was employed on the 3D binary 
mask. Similarly, numpy.sum was used to calculate the volume 
and thus the VD between the two binary objects. In medpy, the 
DSC is calculated as the weighted intersect between the two 
binary objects, DSC = 2|𝐴 ∩ 𝐵| ⁄ (|𝐴| + |𝐵|); the HD is calculated as 
the symmetric maximum surface distance between the binary 
objects, found using the Eucledian distance transform (EDT) of 
scipy.ndimage on the eroded surfaces; and the MSD is calculated 
similarly as the HD, but using the average distance from the EDT 
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instead of the maximum. Regarding the SC, a caudal cut-off was 
applied at the slice where the first structure in the comparison 
ends, such that all SCs for the respective patients end at that 
slice, including the GT, AI-originals, the manual structures, and 
the adjusted structures. The SC was manually contoured on CT 
using a vertebral window level of -20 to 100 Hounsfield units 
(HU), segmenting visible cord at regular intervals, followed by 
interpolation and manual correction as needed.

To compare the relevant dose metrics, we collected all the 
structures per patient into one structure set. Another python 
script was employed to extract the Eclipse-calculated Dmean, 
Dmin, Dmedian, and Dmax parameters from the exported DVH 
files, finally transforming them into a tabular format using 
pandas in Python. Maximum dose values were reported as the 
absolute maximum dose within the structure, as provided by 
the TPS. With the default dose grid resolution of 0.25 cm, this 
corresponds to a voxel volume of 0.0156 cc.

This report is written using the SQUIRE 2.0 guidelines as base 
framework [20].

Results

The median processing and import time for AI contouring 
was 10 minutes (range: 7–21), with average time at 11 min-
utes and 27 seconds. For the further estimates of time saved, 
10 minutes were used as baseline expected processing and 
import time.

The time needed for manual contouring of each patient is 
shown in Figure 1. Overall, the median manual contouring time 
was 55 minutes (range: 17–151) and average time was 61.90 ± 
33.75 minutes. The time needed for reviewing and adjusting the 
AI-contouring required a median time of 17 minutes (range: 
7–42) and average at 18.38 ± 6.89 minutes. The median time 
saved was thereby approximately 38 minutes (–69%) or an 
average of 43.52 ± 34.45 minutes. For all cases, the worst 25th 
percentile ‘adjusted’ times were lower than the best 25th 
percentile of ‘manual contouring’ times. When accounting for 

processing and imports, the median time saved was 
approximately 28 minutes (–51%). Time measurement values 
are detailed in Supplementary material A.

The results from the geometric evaluation can be found in 
Figures 2–5, with values detailed in Supplementary material 
B. The variability is exemplified in Figure 2. The overall 
variations across contours in the geometric results for the 
OARs in terms of SD were reduced by 36–50% for the adjusted 
group and 27–47% for the AI only group, depending on the 
geometric evaluation. For MSD the mean SD values were 
0.587 mm, 0.293 mm (–50%), and 0.380 mm (–35%) for the 
manual, adjusted, and AI_Only groups, respectively. DSC 
mean SD values were reduced from 0.064 to 0.036 (–44%) 
and 0.034 (–47%), HD from 5.317 to 3.069 mm (–42%) and 
3.632 mm (–32%), VD from 4.846cc to 3.026cc (–38%) and 
3.193cc (–34%), and CMD from 1.742 to 1.112 mm (–36%) and 
1.275 mm (–27%).

For the MSD, the majority of results were <2 mm (Figure 3). 
The mandible had the best mean MSD results of 0.50 ± 0.34 mm, 
0.48 ± 0.15 mm, and 0.58 ± 0.15 mm for the manual, adjusted AI, 
and AI_Only groups, respectively.

For the DSC, results were mostly above 0.8 as seen in Figure 4. 
We also observed that there was a large discrepancy in 
contouring the PCM, with results mostly in the 0.6–0.7 region. 
The mandible had the best mean DSC results of 0.93 ± 0.05, 0.94 
± 0.02, and 0.92 ± 0.02, for the manual, adjusted AI, and AI_Only 
groups, respectively.

For the HD (Figure 5), we observed that most structure 
groups had results over 10 mm. The left parotid had a mean HD 
of 12.03 ± 4.83 mm, 12.28 ± 5.31 mm, and 14.62 ± 6.05 mm, for 
the manual, adjusted AI, and AI_Only groups, respectively, while 
the right parotid gland had a mean HD of 11.37 ± 4.37 mm, 
10.84 ± 4.86 mm, and 14.11 ± 5.76 mm.

The absolute VD is shown in Supplementary Figure 1 and 
relative VD in Supplementary Figure 2. Most results were within 
10 cubic centimeters (cc) of the GT. The right submandibular 
gland had the best overall VD results, with a mean VD of –0.33 ± 

Figure 1.  Time [minutes] used during man-
ual and adjusted AI-based* contouring of the 
selected OARs per patient (H1-20). The blue 
columns represent the time used for manual 
contouring, while the green columns show 
the time used for controlling and adjusting 
of the AI-based contours, AI processing time 
excluded. The plot shows the 5-25-50-75-95 
percentiles and the mean (X) value of each 
group. *Cochlea’s were manually contoured 
only and are included in both series. AI: arti-
ficial intelligence; OAR: organs at risk.
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Figure 3.  Results [mm] when cal-
culating the Mean Surface Distance 
between the contour groups and the 
ground truth for all 20 patients. Zero 
indicates no difference between the 
surface of the GT and the structure. 
The blue bars contain the results of the 
manual contours (total n = 2,629), while 
the AI contours that were adjusted 
(total n = 1,980) and AI-originals (total  
n = 238) are green and red, respectively. 
The plot shows the 5-25-50-75-95 
percentiles and the mean (X) value of  
each group. AI: artificial intelligence; 
GT: ground truth.

1.66cc, 0.11 ± 1.51cc, and 0.03 ± 1.69cc for the manual, adjusted 
AI, and AI_Only groups, respectively.

The CMD were within 2–4 mm (Supplementary Figure 3), 
with the exceptions of the AI’s larynx, oral cavity, and the PCM 
from all groups. The thyroid had the overall best results with a 
mean CMD of 1.12 ± 0.92 mm, 0.93 ± 0.69 mm, and 1.10 ± 0.93 
mm for the manual, adjusted AI, and AI_Only groups, 
respectively.

The results from the dosimetric evaluation can be found in 
Figures 6 and 7, with values detailed in Supplementary material 
C. Max dose difference between the groups and GT was 
evaluated for the serial organs, as well as the mandible, per our 
standard clinical goals. The brainstem had an average max dose 
difference of 2.45 ± 3.89 Gy, 2.71 ± 2.76 Gy, and 2.99 ± 3.12 Gy for 
the manual, adjusted AI, and AI_Only groups, respectively.

Mean dose difference between the groups and GT was 
evaluated for the remaining, parallel organs, per our standard 
clinical goals. The left parotid had an average mean dose 
difference of 0.23 ± 2.10 Gy, –0.56 ± 1.47 Gy, and –0.48 ± 1.66 Gy 
for the manual, adjusted AI, and AI_Only groups, respectively.

Discussion and conclusion

Implementation of AI-assisted contouring in HN radiotherapy 
yielded substantial workflow benefits. Manual contouring 
required a median of 55 minutes per case, whereas review and 
adjustment of AI-generated contours took just 17 minutes. Even 
when including AI processing and imports, the net reduction 
was 28 minutes (–51%). Compared to the GT, most OARs demon-
strated good agreement, with strong overlap and minimal 
surface discrepancies. Variability decreased, and dose-VDs com-
pared to manual contours remained within clinically acceptable 
thresholds.

While we obtained a net time reduction of 51%, earlier 
evaluations of a previous software release of the same vendor 
reported time savings up to 95%, likely reflecting differences in 
OAR selection, and notably their exclusion of the larynx [13]. On 
the contrary, a multi-institutional study across seven global 
sites, involving 11 lymph node levels and seven OARs, reported 
time savings of up to 49% [21]. A study involving breast cancer 
patients reported time savings of at least 50% [15].

Our results showed that variability was notably reduced in 
the AI-assisted group compared to manual delineations. This 
improvement likely reflects the stabilizing effect of having a 

Figure 2.  Example slice of one head and neck patient. The figure shows the 
ground truth in black, the AI-based structures in red, and the various man-
ual contours of the relevant organs and their inter-observer variations. AI: 
artificial intelligence.

https://doi.org/10.2340/1651-226X.2025.44015
https://doi.org/10.2340/1651-226X.2025.44015
https://doi.org/10.2340/1651-226X.2025.44015


ACTA ONCOLOGICA  1198

consistent baseline contour provided by the AI, which can help 
guide user corrections and reduce subjective variation. Similar 
improvements were reported by Pang et al. in their multicenter 
evaluation, where AI-generated contours led to significantly 
lower variability across institutions and users [21].

The geometric analyses confirmed robust contour accuracy. 
DSCs exceeded 0.8 for most OARs, with MSDs typically under 2 
mm, which is comparable to prior studies [8, 9, 22–24]. 
Exceptions included the larynx (AI-only series) and pharyngeal 
constrictor muscles (PCM) in all arms, where some cases fell into 
the intermediate accuracy range. This is consistent with prior 
findings showing MSDs up to 2 mm for these complex muscles 
[8, 24], which likely amplifies small contouring discrepancies 
into larger relative errors. HDs were below 15 mm for most 
structures, consistent with previous deep learning studies in HN 
radiotherapy [8, 21, 25]. The SC’s elevated HD values likely reflect 
a guideline discrepancy in defining the brainstem–cord junction. 
Parotid glands exhibited large HD deviations (>15–20 mm) 
across all arms, similar to some prior findings [22, 26]. This was 

probably due to inconsistent delineation of their small anterior 
lobes by both AI and clinicians; these lobes minimally affect 
volume-based metrics but significantly influence surface–
distance measures. Interestingly, the AI often yielded lower HD 
for the pharyngeal constrictors compared to manual and 
adjusted contours, suggesting superior AI delineation of their 
anterior extensions. We note that alternative distance metrics 
such as the 95th percentile HD are commonly used and may 
provide complementary information, particularly in mitigating 
sensitivity to outlier voxels and thin extensions.

Volume analysis revealed that for some AI-generated 
contours, such as the brainstem and SC, the defined diameters 
were larger than in manual contours; however, these increases 
were largely retained after clinician correction. Structures such 
as the brainstem and SC required only minor adjustments, 
reinforcing the AI’s baseline reliability. Most CMD deviations 
across OARs were limited to 2–3 mm, indicating strong spatial 
agreement. Unexpectedly, spinal-cord CMD shifts reached 3–4 
mm in some instances, a potentially significant displacement 

Figure 4.  Results when calculating the 
Dice similarify coefficient between the con-
tour groups and the ground truth for all 20 
patients. A result of 1 indicates no difference 
between the surface of the GT and the struc-
ture. The blue bars contain the results of the 
manual contours (total n = 2,629), while 
the AI contours that were adjusted (total 
n = 1,980) and AI-originals (total n = 238) are 
green and red, respectively. The plot shows 
the 5-25-50-75-95 percentiles and the mean 
(X) value of each group. AI: artificial intelli-
gence; GT: ground truth.

Figure 5.  Results [mm] when calculating 
the Hausdorff distance between the con-
tour groups and the ground truth for all 
20 patients. Zero indicates no difference 
between the surface of the GT and the struc-
ture. The blue bars contain the results of the 
manual contours (total n = 2,629), while 
the AI contours that were adjusted (total n 
= 1,980) and AI-originals (total n = 238) are 
green and red, respectively. The plot shows 
the 5-25-50-75-95 percentiles and the mean 
(X) value of each group. AI: artificial intelli-
gence; GT: ground truth. 
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Figure 7.  Results when calculating 
the difference in mean dose [Gy] 
between the contour groups and the 
ground truth for all 20 patients. The 
blue bars contain the results of the 
manual contours, while the AI con-
tours that were adjusted and AI-orig-
inals are green and red, respectively. 
The plot shows the 5-25-50-75-95 
percentiles and the mean (X) value of 
each group.

when targets lie close to this critical structure. In clinical practice, 
MRI confirmation in borderline cases would likely reduce 
localization errors and variability. A longitudinal-axis CMD 
analysis at the brainstem–cord junction could further elucidate 
systematic trends but was beyond the current study’s scope.

Mean dose differences across all OARs (except the larynx) 
were typically less than 1–2 Gy, with max dose differences 
slightly higher for the brainstem and SC due to AI’s marginally 
expanded contours. These findings align with those of a study in 
10 nasopharyngeal carcinoma patients, where deep-learning 
auto-segmentation showed no significant impact on most OAR 
doses [14]. Furthermore, large geometric discrepancies in the 
cochleas had negligible effect on mean dose when targets lay 
sufficiently distant and may justify omission of an adjusted AI 
arm for this structure.

Despite the improvements seen in the adjusted group 
compared to the AI-only contours, the magnitude of change in 
geometric metrics such as the median DSC was modest for 

several OARs. These observations combined with a mostly 
negligible difference in dose, suggest the potential for a ‘quick 
review’ or omission of selected structures to further streamline 
the contouring process. Notably, many of the corrections 
involved minor boundary refinements rather than substantial 
structural changes, which may have limited impact on overlap-
based metrics like DSC. In anatomically complex or ambiguous 
regions, however, manual refinement may still provide critical 
improvements in local accuracy not fully captured by these 
metrics, which could be especially important for high-risk or 
target-adjacent OARs. These findings highlight both the 
robustness of the AI model and the case-dependent value of 
clinician oversight, reinforcing the importance of maintaining a 
thoughtful and clinically guided review process.

Of our 2,629 manually delineated OARs, two were entirely 
misplaced, but remained in the analysis. This rare (<0.1%) human 
error underscores the value of automated quality checks. 
Occasional substantial deviations in expert manual contours 

Figure 6.  Results when calculating 
the difference in maximum dose [Gy] 
between the contour groups and the 
ground truth for all 20 patients. The 
blue bars contain the results of the 
manual contours, while the AI con-
tours that were adjusted and AI-orig-
inals are green and red, respectively. 
The plot shows the 5-25-50-75-95 
percentiles and the mean (X) value of 
each group. AI: artificial intelligence. 
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have been documented, reinforcing the case for integrated AI-
based workflows [1]. No unexpected gross errors were observed 
in the AI outputs beyond known guideline differences.

A limitation of this study is that repeated delineations were 
performed on the same set of patients, introducing dependency 
across observations. This study did not include certain routinely 
contoured structures (e.g. left submandibular gland, lips, 
esophagus), but their inclusion in future work could broaden 
applicability. A detailed axial center of mass analysis and AI 
correction for the cochleas, despite minimal dosimetric impact, 
also warrant further investigation. The GT was reviewed by 
dosimetrists who also contributed to the manual and adjusted-
AI groups, which could introduce reviewer bias. Furthermore, 
consensus was formed without external validation or averaging, 
and all reviewers were from the same institution. No treatment 
plan re-optimization was performed using the compared 
structure sets. The dosimetric differences therefore reflect plans 
originally optimized using GT OARs and may not fully represent 
the clinical impact that could result from re-optimizing with 
alternative OAR sets.

To conclude, this work is among the first to simultaneously 
assess time savings, geometric performance, dosimetric 
differences, and variability related to AI-assisted contouring in a 
cohort of HNC patients. AI-assisted contours achieved 
substantially reduced delineation time, while providing clinical-
grade quality, enhanced consistency, with negligible dosimetric 
impact. These advantages support the integration of such 
AI-tools into routine radiotherapy workflows, offering a 
promising path toward improved efficiency and standardization.
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