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LapEx: A new multimodal dataset 
for context recognition and practice 
assessment in laparoscopic surgery
Arthur Derathé1, Fabian Reche1,2, Sylvain Guy1, Katia Charrière3, Bertrand Trilling1,2, 
Pierre Jannin4, Alexandre Moreau-Gaudry1,3, Bernard Gibaud4 & Sandrine Voros   1 ✉

In Surgical Data Science (SDS), there is an increasing demand for large, realistic annotated datasets 
to facilitate the development of machine learning techniques. However, in laparoscopic surgery, most 
publicly available datasets focus on low-granularity procedural annotations (such as phases or steps) 
and image segmentation of instruments or specific organs, often using animal models that lack clinical 
realism. Furthermore, annotation variability is seldom evaluated. In this work, we compiled 30 sleeve 
gastrectomy procedures and performed three levels of annotations for a specific step of this procedure 
(the fundus dissection): a procedural annotation of fine-grained activities, a semantic segmentation of 
the laparoscopic images, and the assessment of a surgical skill, specifically the quality of exposition of 
the surgical scene. We also conducted a comprehensive annotation variability analysis, highlighting the 
complexity of these tasks and providing a baseline for evaluating machine learning models. The dataset 
is publicly available and serves as a valuable resource for advancing SDS research.

Background & Summary
Patients, hospitals and insurance companies share a common expectation for safer outcomes1. This calls for 
more explicit, objective and quantitative monitoring of surgical interventions in order to provide context-aware 
assistance to surgeons, especially at the beginning of their learning curve. Surgical Data Science (SDS) is a new 
research domain which aims at providing solutions to professionals of interventional medicine for decision 
support, context-aware assistance and training2.

Video of the operative field is the main source of data acquired intraoperatively in the operating room 
regarding the surgical process followed by the surgeon. However, there is few findable, accessible, interoperable 
and reusable data, which remains a major limitation for SDS3. The access to such raw video data is conditioned 
by a close partnership with clinicians. It is also constrained by personal data protection regulations, by the low 
digitization and the low structuring of clinical data, as well as by the high variability in the processes of care and 
of data management in hospitals2. Sharing surgical video data empowers SDS research projects by, for example, 
enabling comparison of different methodological approaches on realistic and varied datasets or enabling collec-
tive annotation efforts.

In SDS, there is indeed a need for annotated data especially for deep learning techniques. For instance, 
recordings of surgeries can be annotated with procedural, skill and image-level annotations. Procedural annota-
tion describes the steps of a procedure at different levels of granularity (e.g., phases, steps, activities)4. Skill anno-
tation characterizes the different surgeons using criteria, such as the OSATS score5. Image-level annotation may 
be instruments/ organs localization with bounding boxes6, semantic segmentation7 or instance segmentation8.

Several publicly available surgical video or image datasets include one or two distinct types of annotations. 
Endovis 20189 includes image-level annotations for the segmentation of robotic nephrectomies, The Dresden 
Surgical Anatomy Dataset10 provides semantic segmentation of abdominal organs and vessel structures. 
MISAW11 provides 27 sequences of robotic micro-surgical anastomosis on artificial blood vessels with kinemat-
ics and procedural annotations at three levels of granularity (phases, steps, activities). Cholec8012 provides pro-
cedural annotations of phases and instrument presence annotations of 80 cholecystectomies, while CholecT5013 
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offers 50 videos of cholecystectomies with procedural annotations of phases and activities, 5 of which contain 
bounding boxes over the instruments’ annotations. The recent Heichole202114 dataset offers both procedural 
(phases/actions) and instance segmentation of 24 cholecystectomy procedures. To our knowledge, only two 
datasets of training activities performed on pelvitrainers setups, JIGSAWS and PETRAW, and one dataset of 
cholecystectomy procedures, Chole80-CVS, provide three distinct types of annotations. JIGSAWS15 provides 
kinematic, surgical activity and skill (modified OSATS score) annotations for robotic suturing, knot-tying and 
needle-passing tasks (5 repetitions of each exercise performed by 8 distinct surgeons). PETRAW16 provides 
kinematic, procedural and segmentation annotation for 100 robotic peg-transfer tasks; Chole80-CVS17 adds a 
skill annotation on top of the Chole80 dataset, with the assessment of a Critical View of Safety score during two 
specific phases of the procedure. Finally, thanks to the public availability of the Chole80 dataset, another group 
released CholecSeg8k18 with a semantic annotation of ~8 thousand frames from 17 surgeries of Chole80.

In this paper, we introduce and share a new dataset, LAParoscopic EXpertise or LapEx19, which offers a mul-
timodal annotation of laparoscopic sleeve gastrectomy procedures. Sleeve gastrectomy is the most commonly 
performed weight loss surgery (~380 000 cases/year worldwide). It involves resecting a portion of the stomach 
to promote weight loss by removing the section that produces ghrelin, the hormone that stimulates appetite, and 
by restricting food intake. Obesity is a major public health epidemic with over 4 million people dying each year 
from being overweight, and in some cases, weight loss surgeries are recommended. They are associated with 50% 
reduction in all-cause mortality among obese adults.

The LapEx19 multimodal annotation is composed of a procedural, an image-based and a skill related anno-
tation task. By describing these different aspects of the surgery, we make available different information that we 
assume to complement and enhance each other:

•	 The procedural annotation describes the activities of the practicing surgeon and the assistant at the granular-
ity level of surgical activities.

•	 The skill annotation is twofold:

•	 a clinical criterion, the exposure quality of the scene. It was performed by the expert surgeon involved 
in the study,

•	 the operating surgeon is identified by an index (two expert surgeons performed the recorded procedures).

•	 A full scene laparoscopic segmentation is also provided, with 11 instruments/organs classes.

Methods
Overview.  We provide a new multimodal dataset named LapEx: LAParoscopic EXpertise19. This dataset 
includes 30 video recordings of sleeve gastrectomies and annotations exclusively during the step of the Fundus 
dissection. This choice was done in accordance with our clinical partner since this step:

•	 is a key step in sleeve gastrectomy to ensure a complete longitudinal resection of the stomach. In this part of 
the stomach are the most numerous ghrelin-producing cells that will stimulate the appetite. An incomplete 
resection of the fundus will result in less effective weight loss and subsequent dilation with weight gain. A 
dissection and resection too close to the gastric-oesophageal junction will expose the patient to a high risk 
of gastric leaks.

•	 is a classical one but with a huge disparity among the various levels of practice of the surgeons in laparoscopy. 
Therefore, it is a particularly interesting step regarding teaching and training of surgeons.

Two left-handed senior surgeons at the Grenoble University Hospital, France, helped by one assistant (whose 
handedness was not known), performed 15 surgeries each.

Our dataset contains:

•	 30 anonymized videos of sleeve gastrectomies recorded at 25 frame per second and performed by two senior 
surgeons at the Grenoble University Hospital, France, helped by one assistant; 15 surgeries per surgeon.

•	 procedural annotations with quadruplet (actor – which hand is concerned by the action, surgical instrument 
used to perform the action, verb representing the action, target – anatomical structure on which the action is 
performed) describing the actions performed by both the surgeon and the assistant, during the dissection of 
the Fundus surgical step.

•	 skill annotations consisting of:

•	 the identification of the practising surgeon (index ∈ [0, 1] for each surgery)
•	 the “quality of exposure” assessed along the dissection of Fundus step (index ∈ [1, 3] manually annotated 

by an expert surgeon). The assessment of the quality of exposure was performed at particular moments 
during the dissection of the Fundus surgical step, resulting in 735 “quality of exposure assessments” for 
the whole dataset.

•	 a full scene segmentation on 735 images with 11 organs/instruments classes

The full dataset is available within the French Open Science repository recherche.data.gouv, and is described 
in more details below.
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Clinical data acquisition protocol.  30 sleeve gastrectomy videos were obtained in the frame of a mono-
centric retrospective study on medical data. Study ethics approval was obtained on 24 May 2018 (CECIC 342 
Rhône-Alpes-Auvergne, Clermont-Ferrand, IRB 5891). All participants were informed of the purpose of the 
research. Data contained in the database (i.e., the videos) were then de-identified: after inspection and process-
ing to ensure that the videos did not contain identifying information (e.g., out-of-body frames were removed), 
and each video was associated to a unique ID. As the videos were de-identified, in accordance with French and 
European regulations, patient consent for open publication of the data was waived. A contract was then estab-
lished between the Grenoble University Hospital and the involved research laboratories to make the data available 
to researchers for the creation of the annotation, the development of SDS methods20,21. Since the de-identified 
database was obtained from health data and since it still deals with individual data of patient, the sharing of the 
database is governed by a Data Transfer Agreement (DTA_BDD_LapEx.pdf) provided with the database.

Procedural annotation.  We provide procedural annotations at the fine granularity level of “activities”. An 
activity is usually represented as a triplet < instrument; verb; target > describing how a surgical instrument per-
formed an action/verb on a surgical target4. As several instruments can be manipulated at the same time, we 
considered the activities performed by the two actors (surgeon and assistant) operating together in the surgical 
video with a quadruplet < actor; instrument; verb; target > for each hand of each actor.

The vocabulary of our quadruplet is aligned on the OntoSPM ontology22:

•	 actor ∈ [Surgeon right-hand; Surgeon left-hand; Assistant right-hand; Assistant left hand]
•	 instrument ∈ [flat grasper; electrothermal bipolar forceps; liver retractor]
•	 verb ∈ [holding; pushing; sealing and dividing; pulling; retracting; coagulating; idle]
•	 “Idle” corresponds to no action of the instrument
•	 target ∈ [stomach; ligament; liver; compress; lipom of his; adhesion; meso-gastro posterior; spleen; idle].

The meso-gastro posterior corresponds to the attachment of the posterior surface of the stomach to the small 
epiplonium. “Idle” corresponds to an activity where no anatomical structure is touched by an instrument.

The procedural annotation task was conducted using the b <  > com [Annotate] software23, with the expert 
surgeon, highly experienced in sleeve gastrectomy (having performed over 2,000 procedures), taking the lead. 
The surgeon was responsible for annotating all activities performed simultaneously by the four hands during 
the dissection of the fundus. Assisting throughout the process, the project’s lead PhD student aimed to gain a 
comprehensive understanding of the surgical procedure, develop an annotation vocabulary aligned with the 
OntoSPM ontology, question the expert’s decisions when uncertainties arose, and provide support in using the 
annotation software. This collaboration resulted in a multidimensional sequence, with four quadruplet labels 
defined at each point in time (Fig. 1).

For each actor, we estimated the number of types of activities (activity labels), the mean and standard devia-
tion of the number of activities and the mean and standard deviation of the duration of activity samples. These 
simple statistics are provided in Table 1.

We also provide histograms of the activities triplets occurrences (Fig. 2) and histograms of the occurrences 
the instrument (Fig. 3, left), verb (Fig. 3, middle) and target (Fig. 3, right) components of the activity triplets. 
These histograms highlight huge class imbalances in the dataset.

For further insight, we studied the procedural annotation variability by annotating a surgery one year after 
the initial segmentation. This study is described in subsection 1 of the Technical Validation section.

Fig. 1  Visual representation of LapEx’s procedural annotation. Each colour corresponds to an activity.

Actor type # of activity labels

# of activities Activities duration (in s.)

Mean Standard deviation Mean Standard deviation

Assistant left hand 3 5.00 3.65 82.44 170.91

Assistant right hand 4 1.77 1.74 285,05 197.89

Surgeon left hand 14 13.57 8.48 34.01 39.73

Surgeon right hand 24 58.53 20.34 5,97 4.96

Table 1.  Statistics on activities performed per surgery for the various actors in the LapEx dataset.

https://doi.org/10.1038/s41597-025-04588-7
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Skill annotation.  Profile of surgical practice.  Each surgeon has a distinct practice profile shaped by their 
experience, skills, and sensitivities. To capture the individual profiles, we we assigned a unique identifier to each 
senior operating surgeon.

“Quality of exposure” annotation.  In laparoscopic surgeries, the surgeon’s vision is entirely dependent on the 
endoscopic video, which provides a limited field of view. To handle these vision constraints, the surgeon must 
skilfully manage the surgical space and optimize access to the surgical target. In collaboration with our clinical 
partner, and based on the clinical literature, we defined the quality of exposure of a surgical target as the as the 
degree to which the target is adequately exposed in relation to the surgical process and the specific objectives 
for that target. When the target’s exposure is good, the surgeon can focus fully on the procedure’s goals. When 
exposure becomes suboptimal, the surgeon improves it by modifying the relative positions of organs and instru-
ments. Thus, we defined the “quality of exposure” as the surgeon’s ability to assess the state of the target’s expo-
sure and to make adjustments as needed to achieve the surgical objectives.

The quality of exposure annotation was performed alongside the procedural annotation task, by the same 
surgeon, scientist, and software as described in Section 3. For each activity in the procedural annotation where 
the verb in the activity triplet was “sealing and dividing” or “coagulating”, the final image of the activity was 
recorded and annotated to assess the quality of exposure of the surgical scene. These two activities were selected 
because they are dissection gestures that typically alter the quality of exposure. The main objective during the 
fundus dissection is to expose the stomach, and to do so the surgeon performed dissection activities mainly with 
his/her right hand (99% of the dissection activities), and the target structures of the right-hand dissection activ-
ities were the ligament (66%), the lipome of His (15%), the meso-gastro posterior (10%) and adhesions (9%).

The quality of exposure was on a three-level scale:

•	 1 = good quality
•	 2 = satisfying quality but exposure could be improved
•	 3 = unsatisfying quality

Fig. 2  Histogram of the occurrences of the activity triplets in the procedural annotation of LapEx.

Fig. 3  Histograms of the occurrences of the tool (left), verb (middle) and target (right) components of the 
activity triplets in the procedural annotation of LapEx.

https://doi.org/10.1038/s41597-025-04588-7
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The annotation process resulted in the annotation of the quality of exposure for 735 frames for the whole 
dataset.

For further insight, we studied the “Quality of exposure” annotation inter-rater variability by asking an 
expert digestive surgeon, not involved in the study, to annotated the quality of exposure independently. This 
study is described in subsection 2 of the Technical Validation section.

Semantic segmentation annotation.  The same 735 images mentioned in section 4.2 were also seg-
mented pixel-wise to identify the visible objects in the scene. The list of classes as well as some images of our 
dataset with their ground truth segmentations are displayed on Fig. 4.

The segmentation task was carried out by three scientists: the project’s lead PhD student, a postdoctoral fel-
low, and a senior researcher, all of whom were experienced with laparoscopic images. The task was performed 
using the dedicated software CamiTK24. Before beginning the segmentation, the postdoctoral fellow and senior 
researcher were introduced to the clinical procedure, shown several segmentation examples to help them iden-
tify the relevant structures, and trained on the segmentation tool. After this training, the workload was divided 
among the three scientists based on their availability until the task was completed:

•	 Operator 1 (PhD Student): 390 segmented images from 15 videos (videos # 14, 15, 18–30),
•	 Operator 2 (Postdoctoral Fellow): 269 segmented images from 12 videos (videos # 1–10, 16 and 17)
•	 Operator 3 (Senior Scientist): 80 segmented images from 3 videos (videos #11–13).

Figure 5 highlights huge class imbalances in LapEx19: some classes are present in few images, and some rep-
resent a very tiny surface in the images (which leads to pixel-wise class imbalance).

For further insight, we studied the inter-operator variability of the segmentation task: three annotators (sci-
entists accustomed to laparoscopic images) segmented the same 36 images extracted from the dataset. These 
images were chosen as to represent the variability of the dataset. This study is detailed in subsection 3 of the 
Technical Validation section.

Data Records
The LapEx dataset19 can be downloaded here: https://doi.org/10.57745/1F0UBU.

The dataset is shared under the Data Transfer Agreement DTA_BDD_LapEx.pdf provided at the root of the 
dataset directory. In order to download the dataset, the downloader must request an access to the data and agree 
to comply with the terms of the data transfer agreement. The “read_me” text files describing the contents of the 
dataset the Data Transfer Agreement can be previewed before requesting access.

It contains two directories; each compressed as tar.gz files
The first directory, LapEx_dataset is composed of:

	 1.	 a README_Lapex.txt file describing its contents
	 2.	 30 sub-folders, one per surgery.

Each surgery sub-folder is composed of:

•	 A .csv file called activities_index.csv containing the procedural annotation of the surgery, as a list of activ-
ities performed by the surgical actors during the dissection of the fundus step of the procedure, with the 
following shape:

Actor_idx, Start timestamp, End timestamp, Verb_idx, Instrument_indx, Target_idx
Activity #1
Activity#2
…
Activity #N

Each annotated activity is a line of the CSV file which is described by its actor, its start and end times-
tamps, and by its triplet <verb;instrument;target>. Timestamps are given in milliseconds and are syn-
chronized with the timestamps of the JPG files in directory “frames”. The verb, instrument and target 
items are integer labels which corresponding concepts are listed in the LapEx_dataset/metadata folder.

•	 A .csv file called scores.csv containing the skill annotation of the surgery, which was performed at the end 
of each activity with verb “sealing & dividing” or “coagulating a tissue”, with the following shape:

Timestamp, Quality of exposure, Surgeon’s Idx
Exposure #1
Exposure #2
…
Exposure #M

Timestamps are given in milliseconds and are synchronized with the timestamps of the jpeg files in 
directory “frames”. Quality of exposure is categorized as follows:

https://doi.org/10.1038/s41597-025-04588-7
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•	 1: good quality
•	 2: acceptable quality
•	 3: non-acceptable quality

•	 A /frames directory containing a sequence of 720×576 RGB jpeg images numbered with their timeframe in 
milliseconds, corresponding to the dissection of the fundus step of the surgery.

•	 A /seg directory containing the semantic annotation of the surgery as a list of 720×576 grey-level jpeg images, 
numbered with their timeframe in milliseconds followed by the suffix “_seg”. Only a sub-part of the images 

Fig. 4  Examples of images (left column) and their corresponding semantic segmentations  
(right column) in the LapEx dataset. Classes: adipose �ssue (red), stomach (forest green), 
electrothermal bipolar forceps (orange) , compress (pink), liver retractor (light blue), 
flat grasper (light pink), spleen (yellow), diaphragm (light green), liver (brown), abdomen (blue).

https://doi.org/10.1038/s41597-025-04588-7
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of the /frames folder are semantically annotated, those images corresponding to “sealing and dividing” or 
“coagulating a tissue” activities during the dissection of the fundus step.

	 3.	 A /metadata directory containing metadata about the procedural annotation and the segmentation:

•	 File actor.csv contains the dictionary linking the actor textual description to their integer labels used in 
the activites_index.csv files.

•	 Files “instruments.csv”, “verb.csv” and “target.csv” contain dictionaries linking the textual descriptions 
of the activity components to their integer labels used in the triplet <verb;instrument;target> of the 
“activities_index.csv” files for each procedure.

•	 File “segmented_objet.csv” contains the exhaustive list of the segmented objects with their associated 
grey levels used for identifying the objects in the semantic segmentation in /seg directory.

•	 File recommended_split.txt contains a train/test split recommendation which enables a fair repartition 
of videos in both splits, with at least one quality score of 3 and videos performed by each surgeon.

The second directory, LapEx_technical_validation_data contains

	 1.	 a README_Lapex_Technical_Validation.txt file describing its contents
	 2.	 a tar.gz compressed file with three sub_folders:

•	 /intra_op_variability_proc contains the data used for the evaluation of the intra-operator variability in 
the procedural annotation. It consists of two.csv files with the activity annotations of the same surgery, 
one year apart. These files follow the same syntax as the activities.csv files of the LapEx dataset. The cor-
responding surgical video and subtitle files are also provided.

•	 /inter_op_variability_seg contains the data used for the evaluation of the inter-operator variability in the 
segmentation annotation. It contains:

•	 the video used for the validation
•	 one subfolder OrigFrames with the extracted frames from the video that were annotated by three 

annotators. The frames are stored as 720×576 grey-level png images.
•	 three subfolders, each one containing the list of segmentations performed by one annotator, as 

720×576 grey-level png, following the same syntax as the /seg directory of the LapEx dataset.

•	 /inter_op_variability_quality_expo contains the data used for the evaluation of the inter-operator var-
iability in the segmentation annotation. It contains a.csv files with the quality annotation of a sub-part of 
the dataset (80 frames) by the original annotator and a second, independent annotator.

Technical Validation
Validation of the procedural annotation.  In order to assess the intra-operator variability of the pro-
cedural annotation, the scientist who was involved in this task with the clinical partner segmented one surgery 
of the dataset on year after the initial segmentation performed jointly with the expert surgeon. We provide both 
corresponding procedural annotation files and the associated surgical video in the dataset repository.

Figure 6 shows a graphical illustration of the two annotations. We note that long activities (Surgeon left hand 
and Assistant right hand) are almost perfectly recognized, while there is a bigger difference in annotations for 
the very short activities (Surgeon right hand). Most of the differences seem to come from the annotations of the 
target component of the activities.

This qualitative analysis is confirmed by a statistical analysis using the Cohen’s Kappa coefficient κ25, a sta-
tistic classically used to assess intra- or inter- annotator variability. For the Surgeon left hand’s annotations 

Fig. 5  Class imbalance in LapEx dataset. Left: ratio of the number of frames in which a class is present over the 
total number of frames. Right: ratio of the area of a class divided by the total area of all images.

https://doi.org/10.1038/s41597-025-04588-7
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κ = 0.96 and for the Assistant right hand’s annotations κ = 0.99 (almost perfect agreement, 0.81<κ<1). For the 
surgeon right hand’s annotations, κ = 0.57 (moderate agreement for 0.41<κ<0.60). For the Surgeon right hand’s 
annotations, we also analysed the agreement between annotators for the individual components of the activity 
(Table 2). The majority of the disagreements come from the annotation of the target: the second annotator was a 
scientist and although he was trained by the expert surgeon, he sometimes lacked the anatomical knowledge to 
differentiate anatomical structures (e.g., the meso-gastro posterior and the ligaments).

Validation of the quality of exposure annotation.  To assess the inter-rater variability in the annotation 
of the quality of exposure of the surgical scene, 80 samples (40 surgeries from surgeon 0, 40 from surgeon 1) were 
randomly selected in the set of the 735 annotated frames. After being shown a tutorial, an expert digestive sur-
geon, from the same clinical centre, but not involved in the study was given access to the videos and the annota-
tion timestamps and was asked to judge the quality of exposure. The quality of exposure scores being ordinal data, 
we used the Cohen’s Kappa coefficient κ with quadratic weights (Scikit library implementation). We obtained κ = 
0.513 (moderate agreement) with a higher agreement for ratings of surgeon 1 (κ = 0.63 or substantial agreement) 
than surgeon 0 (κ =0.39 or fair agreement).

Validation of the segmentation annotation.  In order to evaluate the consistency in the semantic anno-
tation three annotators segmented the same 36 images extracted from the dataset. Annotator AD was the PhD 
student who also annotated most of the images of the LapEx dataset. Annotator SV was the senior scientist who 
annotated a few images of the LapEx dataset. Annotator MC was a new annotator (Masters Student). These 
images were chosen as to represent the variability of the dataset, and as to ensure that all the possible structures 
were segmented at least once. We extracted short video clips containing these images from the surgery videos, 
in order to provide helpful context for the annotation task. We then combined the clips to form a video, which is 
provided in the dataset repository. We compared the segmentation of the annotators using the mean Intersection 
over Union (mIoU) metric, a classical metric used for the evaluation of semantic segmentation. The mIoU was 
computed as described in26: a confusion matrix was computed for all the of each annotator pair using the Python 
scikit-learn library and was used to compute the per-class IoU over the validation dataset. The mIoU of each 
annotator pair was then computed as the mean over all classes of the per-class IoU. Computing the IoU on the 
whole dataset rather than image-by-image enables handling missing labels.

The best mIoU of 0.79 obtained for the pair AD/SV, followed by a mIoU of 0.77 for the pair AD/MC and a 
mIoU of 0.66 for the pair MC/SV. Figure 7 illustrates the similarity and overlap of segmentations between the 
different operators by displaying the distribution of mIoU values across all classes when the operators are com-
pared two by two. Operator AD has a higher mIoU with operators MC and SV than operators MC and SV have 
with each other and is therefore more stable in the annotations.

Figure 8 displays the distribution of IoU between operators for each segmented object class. The classes 
on which annotators agree the most are the compress (average per-class IoU=94%), the abdominal wall 
(IoU=93%), and the surgical instruments (electrothermal biforceps: IoU=89% and liver retractor: IoU=88%). 
On the contrary, the three classes with the lowest level of agreement are the spleen (34%) and the diaphragm 
(49%) and the stomach (60%).

Fig. 6  Illustration of the variability of the procedural annotation of Lapex. Operator A is the expert surgeon 
who annotated the full dataset. Operator B is the scientist (trained by the expert surgeon) who performed alone 
the annotation one year later.

Instrument component Verb component Target component Full activity triplet

Surgeon right hand
Cohen’s kappa κ 0.67 0.73 0.57 0.57

Corresponding agreement level Substantial (0.41<κ<0.60) Substantial (0.61<κ<0.80) Moderate (0.41<κ<0.60) Moderate (0.41<κ<0.60)

Table 2.  Agreement between the two annotators (surgeon and scientist vs. scientist alone one year later) for 
the activities’ annotation. The annotations are compared using the Cohen’s kappa coefficient (Scikit Library 
implementation).

https://doi.org/10.1038/s41597-025-04588-7
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The low IoU for the spleen can be explained by the fact that this organ is rarely present and barely visible in 
the images as it is hidden behind other structures. We explain the low IoU for the diaphragm by the challenge 
of delimiting this structure from the abdominal cavity, as their frontier is very fuzzy. Indeed, the diaphragm is 
visually a whiter portion of the abdominal cavity, and its delimitation is made by observing the surrounding 
abdominal tissue. As the images can be more and less zoomed-in during the surgery, making a consistent deline-
ation is complicated. Finally, the stomach IoU is also low because some annotators considered that adipose tissue 
on the stomach belonged to the stomach while other annotators did not.

Similarly, we provide the distribution the mean Hausdorff distance between contours for each annotator pair 
(Fig. 9) and the mean Hausdorff distances between contours over annotator pairs for each segmented object 
class (Fig. 10).

As suspected from our analysis of the IoU errors, the highest Hausdorff distances are obtained for the stom-
ach and adipose tissue. The Hausdorff distances for the spleen and the diaphragm are much lower because they 
occupy a much smaller portion of the images. However, qualitatively these distances are reasonable, as they are 
lower than 20 pixels for most of the organs and the inter-rater pairs. Figure 9b provides as qualitative interpreta-
tion for this error by providing the 5 mm diameter instrument in pixels.

Figure 11 illustrates these issues (on frame #11000 of the semantic segmentation validation video).

Fig. 7  Inter-annotator variability in the semantic segmentation of Lapex. Distribution of the mean Intersection 
over Union (mIoU) between two annotators, averaged on all the segmented structures. The black bars in the 
moustache plots correspond to the median values, the white dots to the mean values.

Fig. 8  Inter-annotator variability in the semantic segmentation of Lapex viewed per segmented object class 
(per-class IoU averaged over all operator pairs).
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Usage Notes
Dataset access and restrictions.  The LapEx dataset19 can be downloaded here: https://doi.org/10.57745/ 
1F0UBU.

The dataset is shared under the Data Transfer Agreement DTA_BDD_LapEx.pdf provided at the root of the 
dataset directory. In order to download the dataset, first sign up for an account at recherche.data.gouv.fr, then 
select the restricted datasets to be requested, and then select ‘Request Access’, which will redirect to a summary 

Fig. 9  Left, inter-annotator variability in the semantic segmentation of Lapex. Distribution of the Hausdorff 
distance between the contours of two annotators, averaged on all the segmented structures. The black bars in the 
moustache plots correspond to the median values, the white dots to the mean values. Right, example of the size 
in pixels of a visible instrument for comparison purposes.

Fig. 10  Inter-annotator variability in the semantic segmentation of Lapex viewed per segmented object class 
(per-class Hausdorff distance averaged over all operator pairs).
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of the data usage agreement that can be accepted. After acceptance of the agreement, the corresponding author 
will receive an email notification and will grant access to the dataset (please count a maximum of 2 weeks delay) 
to the user. The “read_me” text files describing the contents of the dataset and the full Data Transfer Agreement 
can be previewed before requesting access.

Dataset limitations.  Dataset contents.  LapEx is the first publicly available, annotated dataset for sleeve 
gastrectomy featuring multimodal annotations. Developing such a dataset is a labour-intensive process, particu-
larly due to the need for expert surgeons’ involvement. We aim for this dataset to facilitate the evaluation of novel 
methods for surgical data science (SDS) and to support their generalization across various surgical procedures. 
Additionally, its public accessibility invites collaborative efforts to enhance and expand the LapEx annotations, 
mirroring the success of the Chole8K dataset, which enriched Chole80 with instrument segmentations.

The dataset has several limitations: it was derived from recordings of surgeries conducted at a single centre 
by two expert surgeons, which already exhibit noticeable differences in practice. These variations are likely to 
become even more pronounced when comparing surgeons across hospitals and countries27. Additionally, the 
dataset includes a relatively small number of surgeries (30) and focuses exclusively on a single step of the surgi-
cal procedure—the Dissection of the Fundus—for annotations. The quality of the exposure annotation, while 
guided by expert judgment, remains somewhat subjective and was assessed only at specific moments within this 
surgical step. Furthermore, we limited semantic annotation to these specific moments due to the significant time 
required for manual image segmentation.

Dataset technical validation.  As highlighted in a recent review on annotation for surgical process model analy-
sis28, studies that assess the variability of procedural annotations are extremely rare—only one out of 34 selected 
studies in the review addressed this issue. This variability should be considered when evaluating the perfor-
mance of computational models, but it is seldom assessed. For example, a state-of-the-art model for fine-grained 
activity recognition29 achieved a mean average precision of 0.42 on a dataset annotated by a single annotator. 
Given this level of precision, the scarcity of datasets with activity annotations, and the lack of a baseline for 
annotation variability, Lapex19 can be valuable for evaluating the generalization capabilities of computational 
networks and analysing prediction accuracy in relation to annotation variability. In our study, the second anno-
tator (a scientist), who had been trained by the expert surgeon a year earlier, still showed only moderate agree-
ment with the primary annotator due to differences in annotating the target components of very short activities. 
We can assume that annotation variability would be reduced if another expert surgeon annotated the dataset, 
and that annotation variability would decrease if another expert surgeon were to annotate the dataset. This also 
highlights the importance of having procedural annotations performed by, or in the presence of, expert surgeons 
to minimize errors—particularly those related to accurately identifying the start and end of events. This problem 
is especially significant for the annotation of activities, which are short and quickly follow one another. As we 
were unable to carry out a real study of intra-operator variability in the presence of the surgeon, the actual level 
of variability of the scientist-surgeon pair remains unknown. Performing an inter-operator variability validation 
with several expert surgeons, ideally from different hospitals, would be interesting. However, it would require 
significant availability from highly skilled surgeons.

Regarding skill annotation, we provided an estimation of the inter-operator variability of the “quality of 
exposure” score. It should be noted that the annotation was performed by an expert digestive surgeon albeit not 
a specialist in bariatric surgery. We were surprised to observe that the agreement between annotators varied 
significantly depending on the performing surgeon. To our knowledge, the only similar work17 did not provide 
an inter-operator variability assessment for their proposed clinical quality criteria.

Finally, our validation of inter-operator variability in segmentations highlights the challenge of achieving 
consensus on the definitions of anatomical structures observed by a moving camera with a limited field of view. 
Some structures, such as surgical instruments or well-defined and visible organs, can be segmented reliably. 
However, further work is needed within the community to establish agreed-upon definitions of anatomical 
structures and their spatial relationships, as a few structures were extremely challenging to segment (e.g., the 
diaphragm, the spleen and the stomach because it was surrounded by adipose tissue). The annotators, who 
were scientists trained to understand surgical scenes, achieved over 77% mIoU when one of the two compared 

Fig. 11  Illustrations of the challenge of segmenting some organs consistently. (a) original frame of a video of 
the validation set, (b) annotation from AD, (c) annotation from MC, (d) annotation from SV. As fatty tissue 
(red) covers the stomach (green), there is a confusion between the two classes. The visible part of the spleen 
(yellow) is very small. The diaphragm (light green) is also hard to delimit as it merges with the abdominal cavity.
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annotators was the lead scientist involved in the study, and the segmentations were completely independent. 
For comparison, the recent Dresden Surgical Anatomy dataset10 compared individual annotations from three 
medical students to a fused annotation manually corrected by an expert, achieving a 75–97% mIoU consensus. 
In their dataset, unusable images (e.g., those where an organ was completely hidden or blurry) were excluded, 
whereas we annotated all images regardless of their quality.

Code availability
No code is available.
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