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ARTICLE INFO ABSTRACT

Keywords: Introduction: Robot-assisted minimally invasive esophagectomy (RAMIE) is a complex procedure that may benefit
Artificial intelligence from workflow analysis for context-aware assistance and surgical data science. This study aimed to model the
Robot-assisted surgery RAMIE workflow, validate the applicability of the obtained workflow model in the operating room (OR) and

Precision medicine
Machine learning
Surgical data science
Surgomics

retrospectively assess its generalizability across three academic centers using video data and automated work-
flow analysis with machine learning (ML).

Methods: A RAMIE workflow model was developed based on currently available literature, participatory OR
observation, and expert interviews. This model was formalized to be included into a checklist tool to document
the workflow live in the OR. To investigate generalizability of the workflow model, the surgical phases of 36
RAMIE videos from three different academic hospitals were retrospectively annotated. Based on this data set, a
ML model was trained and tested within a six-fold cross validation.

Results: Ten surgical phases with 60 underlying steps were identified for RAMIE. The applicability of the
workflow model was validated with live documentation in the OR. Multicenter video annotations revealed
significant inter-institutional differences in the duration of all ten RAMIE phases. The ML model for automatic
phase recognition showed an accuracy of 0.872 & 0.091 and an fl-score of 0.872 + 0.082 over all videos. The
center with the best performing videos achieved a mean accuracy of 0.919 + 0.036.
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Conclusion: The RAMIE workflow was successfully modeled and validated in a retrospective multicenter setting.
Despite high variability in phase duration between surgical centers, ML-based phase recognition achieved highly

promising results.

1. Introduction

The success of a complex surgical procedure depends on technical
abilities such as surgical skill [1], but also on precise coordination and
communication among surgical team members. Therefore, these in-
teractions, as well as the operating room (OR) itself as a high-stake
environment, require thorough investigation [2,3]. Surgical workflow
analysis can enhance efficiency and safety in the OR and offers the po-
tential to provide context-aware real-time information during the pro-
cedure. This is particularly beneficial in cases of frequent changes in
team constellation or complex patient cases, such as those encountered
in academic hospitals. The concept of Surgomics [3] aims to quantify
and analyze intraoperative processes by automatically deriving surgo-
mic features as procedure characteristics, such as the amount of blood in
the surgical field, the pattern of instrument usage, or the duration of
certain surgical phases, with the help of machine learning (ML) [4].
Thus, to automate the aspired workflow analysis, ML is applied by
means of surgical data science methods [5]. These methods can process
and analyze data from a variety of sources in the OR, such as videos of
minimally invasive procedures or medical devices, and then enable an
automatic identification and tracking of different surgical phases and
steps. Several approaches that use ML for automatic phase recognition
have already been employed [6-8]. Monitoring the progress of a pro-
cedure and providing real-time, context-aware information [9] can
result in workflow optimization, reduced delay, automated performance
assessment, and perhaps even improved patient outcomes [10]. A pre-
requisite for ML-based analysis is to establish a standardized workflow
model of surgical phases and steps to facilitate consistent data annota-
tion, particularly considering the variability across surgeons, tech-
niques, and surgical centers. ML algorithms must therefore be trained
and tested using data from multiple surgical centers [11]. Robot-assisted
minimally invasive esophagectomy (RAMIE) is a particularly complex
surgical procedure with a potentially high risk of postoperative com-
plications, such as anastomotic leak and conduit necrosis, as well as a
considerable risk of death after surgical treatment [12]. First approaches
regarding standardization of the RAMIE procedure from a surgical
perspective have already been taken [13]. The procedure thus offers the
potential for workflow-based assistance. Furthermore, models of the
RAMIE workflow [14,15] as well as an automatic phase recognition for
the thoracic part [16] or the abdominal part [17] of RAMIE have been
introduced. However, no comprehensive ML-based analysis of the whole
procedure has been performed, nor has it been compared between
different surgical centers.

In the present multicenter comparative study, we aimed to leverage
ML for a surgical procedure of high complexity and variability, which is
a challenge from both the surgical and the data science perspective. We
employed the following approaches:

1. We modeled the RAMIE workflow considering existing literature
[13,14]. We then validated the applicability of this surgical work-
flow model live in the OR.

2. In a next step, we validated the generalizability of the workflow
model phases by applying them to videos from three different clinical
centers with potentially different workflows.

3. We trained a multi-stage ML model and validated it on the annotated
videos to investigate whether an ML model can automatically
recognize the defined phases in a multicentric data set.

2. Methods

In this manuscript, the term ‘(RAMIE) workflow model’ refers to the
formal explicit specification of the RAMIE procedure, while the term ‘ML
model’ denotes the machine learning algorithm trained for automatic
phase recognition. Our methodological approach followed the appli-
cable parts of the DECIDE-AI reporting guideline for early-stage clinical
evaluation of artificial intelligence (AI)-driven decision support systems
[18], with particular emphasis on comprehensive data description,
precise ML model training implementation, validation, and consider-
ation of clinical implications and limitations. An overview of the study is
depicted in the graphical abstract.

2.1. RAMIE workflow model

Based on the previous work of Egberts et al. [13] and Harris et al.
[14] as well as on participatory observation in the OR of Heidelberg
(HD), a comprehensive workflow model of the RAMIE procedure was
developed (Appendix A.1) according to the “Hierarchy of events for
segmentation of events in surgical video” [19]. The phases and steps of
the workflow model were iteratively formalized and expanded through
semi-structured interviews with an experienced esophageal surgeon
with several years of expertise in RAMIE (B.P.M.-S.) and a
board-certified surgeon undergoing substantial training in RAMIE (A.
B.). The procedure consists of two parts, the thoracic and the abdominal
part, which in between require closure of the abdominal trocar wounds,
undocking of the robot, repositioning of the patient, and robotic
redocking. For workflow analysis, the procedure was then partitioned
into ten phases, five in the abdominal and five in the thoracic part
(Appendix A.1). In the next step, specialized declarative knowledge
about the procedure, such as numbering of respective lymph nodes
stations [20], components of the intervention [21], and mandatory vs.
optional steps were added. Context-specific procedural knowledge
including images for potential assistance for specific steps such as port
placement or gastric tube construction was identified (Appendix A.1).
To validate the applicability of our workflow model in the OR of HD, a
previously developed checklist tool [22] was expanded to enable
tailored support [23]. The surgical workflow model was translated from
a spreadsheet into a formal notation in Business Model and Notation
(BPMN) serving as the configuration file for the checklist tool and
allowing for decision branches [24]. The additional procedural knowl-
edge was accessible via icons displayed next to the corresponding
checkbox, which revealed the information when clicked. The checklist
tool was used by surgeons and medical students in the OR to validate the
workflow model and assess practicability in a clinical setting (Fig. 1).

2.2. Multicentric workflow model validation

For the multicentric workflow model validation, videos of RAMIE
procedures of 36 patients were included in the final data set, 12 each
from three academic surgical centers in Germany including HD, Dresden
(DD), and Mainz (MZ). Ethics approval was granted by Heidelberg
University under number S-248/2021, by Technical University Dresden
under number BO-EK-177032021, and by University Medicine Mainz
under number 2022-16815. For retrospectively collected data written
informed consent was not necessary, because no change in treatment
occurred and the anonymity of the patient was ensured. For prospec-
tively collected data, written informed consent was provided by all pa-
tients. The patients underwent RAMIE as the primary treatment for
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esophageal cancer.

To validate the workflow model on multicentric data, retrospective
manual reference annotation of surgical video phases was performed
(Fig. 2). An annotation protocol (Table 1) was designed in collaboration
with a board-certified surgeon (M.W.), based on the previously
described RAMIE workflow model (Appendix A.1), and included a
detailed description of the start point of each phase. These start points
were defined according to clearly distinguishable surgical aspects of the
workflow and at the same time considering the aim of providing ML
algorithms with recognizable structures or actions in the video. The start
point of the following phase automatically marks the end point of the
current phase, thus avoiding undefined sections. Retrospective annota-
tion of all 36 videos was performed manually by two independent
medical students with specific surgical knowledge about the RAMIE
procedure (J.M.B. and N.B.), taking all available frames of the video into
account. Disagreement in the frame-based annotation was solved in
discussion of the two annotators. The patient repositioning between the
abdominal and thoracic part was also annotated, however excluded
from training and analysis due to center-specific variations: DD and MZ
left out the repositioning in most of the procedure videos, whereas HD
kept that part.

2.3. Statistical analysis

Distribution of the phase durations was calculated using the median
and interquartile range (IQR) of the reference annotations. Some phases
were not captured on video due to truncation or technical limitations.
Therefore, only phases with a recorded duration were included in this
analysis. The calculation in minutes was performed after extracting one
frame per second (fps, i.e., individual still images from the video
stream), accounting for the varying fps values of each video. Phase
differences between the three centers were assessed with the Kruskal-
Wallis test on the reference annotations [25]. P-values were adjusted
through post-hoc Dunn-Bonferroni pairwise comparisons [26,27]. Dif-
ferences with a p-value below 0.05 were considered significant.
Inter-rater agreement was assessed by using the Fleiss’ Kappa score on
all available annotations [28].

2.4. Workflow analysis with machine learning

To automate surgical workflow analysis based on our workflow
model, we trained and tested a ML model. The Temporal Convolutional
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Network for the Operating room (TeCNO) [29] is a multi-stage learning
approach, which was used for training. TeCNO was trained with a
ResNet50 and two stages, using the similar hyperparameter settings as in
the publication by Rivoir et al. [30], which were determined prior to
training and remained unchanged throughout. The implementation was
done using PyTorch v2.1.0 and training was done using an NVIDIA RTX
A5000. The 36 original videos (twelve from each center) were
down-sampled to one fps and fed into the ML model together with the
reference annotations of surgical phases. We employed six-fold cross--
validation on our dataset to assess our ML model’s performance. During
each iteration of the cross-validation process, one fold (consisting of six
videos) was used as the test set, while the remaining five folds (con-
sisting of 30 videos) were used for training the ML model. This process
was repeated six times so that each fold acted as the test set once. The
respective test set of each fold consisted of two videos from each center
(six videos in total) to ensure balanced representation. Cross-validation
allowed us to obtain a more accurate estimate of the performance by
minimizing the impact of potential outliers in the multiple test sets
created within the cross-validation process. To maximize the use of
available data for the cross-validation, there was no additional external
test set used.

The performance of the ML model was evaluated by comparing the
predictions to the manual reference annotations. The evaluation metrics
accuracy, precision, recall, and fl-score were computed over the
collection of all test-time predictions, providing a comprehensive
assessment of our ML model’s performance. The standard deviation for
each metric was then calculated across the individual test videos, not
across the folds, providing insight into performance variability at the
video level. Additionally, 95 % confidence intervals for performance
metrics were estimated using hierarchical bootstrapping [31]. Finally,
the overlap score was calculated providing insight into how accurately
the ML model can predict the exact timing and duration of different
phases. The calculation, as described in the work of Lea et al., was
performed accordingly [32]. The code is publicly available at https://g
itlab.com/nct_tso_public/ramie-workflow.

3. Results
3.1. RAMIE workflow model

A total of 10 surgical phases (Table 1) with 60 underlying steps were
identified (Appendix A.1). Of the 60 steps, 57 were mandatory and three

Surgical workflow analysis for Surgomics and context-aware assistance in robot-assisted
esophagectomy - a retrospective, single-arm, multicenter annotation and machine learning study
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optional (detachment of abdominal adhesions, cholecystectomy,
drainage insertion in phase 5). Furthermore, of the 60 steps eight steps
were identified as not visible in the surgical video and four steps as only
sometimes visible in the surgical video. For 18 steps, context-specific
procedural knowledge such as instructions on how to perform the
step, numbering of respective lymph node stations [20], warnings, im-
ages, or information on trocar positioning was provided (Appendix A.1).

3.2. Intraoperative live validation

Using the modified checklist tool, ten surgeries were documented
live in the OR (Fig. 1). For the last two surgeries the abdominal part only
was documented, because the thoracic part was performed with an open
approach. Based on the RAMIE BPMN workflow model, the checklist
tool displays the surgical steps as checklist items. When documenting
live, it was not always possible to finish the checklist completely due to
OR member misunderstandings, a restricted view of the surgical field, or
the need for the checklist-operator to assist the surgeon for a certain
period. The surgical phases of five procedures were fully documented
using the checklist tool, and the median surgery duration for these cases
was calculated to be 438.32 min (IQR 382.8-582.95). An overview with
the results of the phase documentation with the checklist can be found in
Table 2.

3.3. Multicenter comparative workflow validation

3.3.1. Phase length and frequency

The ten surgical phases of all 36 videos were annotated by two in-
dependent medical students. Disagreement was solved in discussion.
Overall, the 36 videos showed a median procedure duration of 284.58
min (IQR 208.05-361.32), with HD having the longest median duration
(374.45 min, IQR 345.85-412.84) and MZ having the shortest (195.41
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min, IQR 163.68-206.97). The longest phase within all centers was
phase 7 “Dissection of esophagus with regional lymphadenectomy” in
the thoracic part with a median phase duration of 72.14 min (IQR
61.33-88.5). The shortest phase within all centers was phase 5
“Completion of Abdominal Part” with 1.97 min (IQR 1.17-3.81). A
detailed overview of the phase length of all centers is shown in Table 2.

There were significant differences between the lengths of all phases
across the three centers. Overall, MZ videos were significantly shorter
compared to HD (p < 0.001) and DD (p = 0.004) videos (Table 2). The
surgical phases with the most interruptions by another phase were phase
2 “Gastric and distal esophagus mobilization” (up to 4 occurrences) and
phase 4 “Completion of abdominal lymphadenectomy” (up to 3 occur-
rences) (Fig. 2). This switching between phases was especially observed
in videos from DD.

3.3.2. Inter-rater-agreement

Prior to extracting one fps for phase duration calculations and ML
training, every video frame was annotated by two independent anno-
tators. The inter-rater-agreement was evaluated using the Fleiss’ Kappa
score. The phases with the lowest annotation agreement were phase 2
“Gastric and distal esophageal mobilization” (Kappa-score of 0.987) and
phase 4 “Completion of abdominal lymphadenectomy” (Kappa-score of
0.985). The phase with the highest agreement was phase 1 with a Kappa-
score of 1.000. The center with the lowest annotation agreement in the
videos was DD with a Kappa score of 0.984. HD had the highest agree-
ment with a Kappa-score of 1.000.

3.4. Workflow analysis with machine learning

Although high variability in phase duration between the surgical
centers was observed, suggesting the need for more multicentric data,
the performance of the TeCNO ML model showed an accuracy of 0.872

Abdominal Part Thoracic Part

Surgical Process Checklist

Robot-assisted Esophagectomy

3.8.2021, 17:13:51

Documentation End time only v

Fig. 1. Live validation of the robot-assisted minimally invasive esophagectomy workflow model in the operating room with the modified checklist tool. An extract of
the checklist tool itself is displayed in the upper part of the figure. The use of the tool live in the operating room by an assistant outside the sterile field (left) or the

bedside assisting surgeon (right) is shown in the lower part.
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stream of phases are depicted with a specific color for each phase (P01-P10). DD = Dresden, HD = Heidelberg, MZ = Mainz.

=+ 0.091 [0.840, 0.900], an fl-score of 0.872 + 0.082 [0.844, 0.899],
and a balanced accuracy (each phase equally weighted, irrespective of
duration) of 0.771 + 0.110, averaged across the 36 videos from all three
centers. The surgical videos of MZ showed the best results with a mean
accuracy of 0.919 + 0.036 [0.899, 0.937] and a mean f1-score of 0.919
+0.035 [0.900, 0.936]. The mean overlap score for all videos was 0.560
+ 0.113 with MZ videos achieving the best results (0.602 + 0.071).
Further performance metrics like precision and recall as well as differ-
ences in performance for each center are provided in Appendix A.2. The
phase with the highest mean accuracy was phase 7 “Dissection of
esophagus with regional lymphadenectomy” with 0.958 + 0.070. The
phase with the lowest mean accuracy was phase 5 “Completion of
abdominal part” with 0.394 + 0.295. A distribution of the accuracy per
phase and center is shown in Appendix A.3. Normalized confusion
matrices for each center, as well as for all videos combined, show the
true positive rate of classified frames for each phase along the diagonal
(Fig. 3). To visualize the predictive accuracy of the TeCNO ML model,
the stream of phases for the three best performing and the three worst
performing videos (one of each center) are shown in Fig. 4.

4. Discussion
4.1. Towards context-aware assistance

Our workflow model, based on prior RAMIE/esophagectomy work-
flow models [13,14], includes ten surgical phases and 60 steps. The
workflow model was integrated into a checklist tool for intraoperative
live documentation, demonstrating its feasibility even under chal-
lenging OR conditions. The implementation of live workflow docu-
mentation via a structured checklist represents a promising strategy to
bridge the gap between procedural safety tools and routine surgical
practice, as checklists have been shown to reduce adverse events in
surgery and significantly improve the quality of care [24,33,34]. The
developed checklist tool thus transforms the workflow model from an
analytical concept into an actively used intraoperative tool, addressing a

major limiting factor in current practice [24,34]. Our developed
checklist tool captures steps not visible in the surgical video, offering a
more comprehensive view of procedure duration, including pre- and
post-laparoscopy phases.

Additional context-specific information was provided for corre-
sponding checklist items, including detailed instructions, warnings,
illustrative images, and numbering of respective lymph node stations
[20]. In this way, the checklist extends its role beyond task documen-
tation to become a comprehensive reference for intraoperative guidance
and educational purposes. Looking ahead, live workflow documentation
with additional procedural knowledge also establishes the foundation
for intelligent digital assistance. We have already developed an ML
model for automatic surgical phase recognition, and the next step will be
the automatic identification of individual surgical steps with direct
linkage to the checklist. This would enable context-aware support in the
OR, where relevant procedural knowledge is displayed automatically
and potentially tailored to individual team members [35]. In future
work we aim to supplement as well as validate the context-specific
procedural knowledge as a basis for an Al-driven intraoperative assis-
tance system. To complement the existing insights into user-specific
information needs, conducting semi-structured interviews with addi-
tional OR team members, such as anesthesiologists and scrub nurses, is
further necessary to capture perspectives shaped by their individual
workflows, goals, and tasks [36,37]. Moreover, to support future auto-
matic recognition, additional data sources such as microphones or
external cameras could be utilized [2].

The considerable variability in surgical workflows poses a major
challenge for intraoperative live documentation. It remains to be
determined how well the proposed RAMIE workflow model from the HD
OR can be transferred to other centers and whether adaptations will be
necessary. Accordingly, future work should focus on validating the
checklist both at the level of individual steps and across different sur-
gical centers. Moreover, research should investigate potential correla-
tions between workflow patterns, team experience, and intra- and
postoperative outcomes. Such analyses would provide valuable evidence
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Table 1
Annotation protocol
The ten surgical phases of RAMIE are presented with a definition of the start point of the respective phase as well as an example frame.

No.  Phase name Definition "Start of phase" Example frame

Abdominal part

1 Preparation for abdominal part Starts when the camera is initially inserted into the trocar for the abdominal part (or, if
unavailable, at the first video signal in the abdomen) and includes the initial adhesiolysis. If
a cholecystectomy is performed at the beginning of the surgery, this step is also considered
part of the "Preparation for abdominal part" phase. When performed later during surgery,
the cholecystectomy may also be part of phase 2, 3, or 4.

2 Gastric and distal esophagus Starts with the first incision in the lesser omentum. If the initial incision is not made in the
mobilization lesser omentum, the first incision in tissue followed by gastric and esophageal mobilization
is defined as the start of phase 2. Should phases 3/4 commence before the completion of
phase 2, phase 2 continues with the first incision made in the mobilization area after phases
3/4.

3 Gastric tube construction Starts when the stapler for the gastric tube construction is visible for the first time. Can
include sutures for the gastric tube and ICG perfusion check as well as sutures of the greater
omentum or hiatus.

4 Completion of abdominal Begins with the first incision in the tissue along the major branches of the celiac trunk. This
lymphadenectomy phase may be interrupted to complete phase 2 or perform phase 3. It then continues with the
first cut made in the lymphatic tissue along the major branches of the celiac trunk or the
profound tissue to reach the aorta after completing phase 2. Phase 4 further includes
coronary vein ligation and ligation of the left gastric artery.

5 Completion of abdominal part Begins upon completion of phase 4 (typically after lymphadenectomy along the
pericardium) or phase 3, usually with an overview of the abdomen. This phase may include
irrigation and haemostasis, insertion of drainage, final inspection of the gastric tube, and
robot undocking.

Thoracic part
6 Preparation for thoracic part Starts when the camera is initially inserted into the trocar for the thoracic part (or, if
unavailable, at the first video signal in the thoracic cavity).

(continued on next page)
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Table 1 (continued)
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Example frame

No.  Phase name Definition "Start of phase"
7 Dissection of esophagus with regional ~ Starts with the first incision in the tissue around the azygos vein or azygos vein arcus. If the
lymphadenectomy initial incision is not made in this area, the phase begins with the first cut made for thoracic
tissue mobilization.
8 Insertion of anvil in the esophageal Starts when the first robotic instrument is undocked, followed by the remaining instruments
stump and stomach pull-up (second undocking during surgery). If the camera is outside the patient prior to undocking,
the phase commences with the last frame in the trocar.
9 Circular stapled anastomosis Starts after the final pull on the stomach in the video, moving the stomach outside the body
for stapler insertion.
10 Completion of thoracic part

Starts after the last suture over the anastomosis is set tight or the last suture is cut off. If no
oversewing is performed, the phase begins with the first frame after the ICG perfusion

check.

of the clinical impact of workflow quality and further emphasize the
potential benefits of real-time checklist support.

Despite these challenges, integrating automatic Al-based phase and
step recognition with an intraoperative checklist tool could ultimately
combine the strengths of structured checklists and Al-driven workflow
analysis, automating checklist completion and removing the need for
manual documentation. Beyond enhancing safety and efficiency, this
approach offers opportunities to compare surgical techniques and
analyze procedural approaches.

4.2. Towards Surgomics

Automated phase recognition represents an established field in sur-
gical data science [38]. Prior work has demonstrated that ML models can
drive surgical workflows towards greater standardization, efficiency,
and objectiveness [10]. Such progress is particularly relevant for mini-
mally invasive esophagectomy, where high variability in technique and
execution has been documented [39]. However, few studies currently
exist on Al-based automatic phase recognition for robotic surgery [16].
Examples of phase recognition approaches in minimally invasive
gastrointestinal procedures include laparoscopic cholecystectomy [40],
sleeve gastrectomy [6], peroral endoscopic myotomy [7], Roux-en-Y
gastric bypass surgery [11], the thoracic part of RAMIE [16], and the
abdominal part of RAMIE [17], most of which were conducted on
monocentric datasets.

In this context, the present study developed an automatic ML-based

phase recognition model for RAMIE based on 36 videos from three
centers. The model achieved very promising results with a mean accu-
racy of 0.872 £ 0.091 [0.840, 0.900] over all videos. Given the high
variability in surgical workflows, the use of multi-center datasets is
crucial, improving model generalizability across diverse patient pop-
ulations and procedural variations [11].

Beyond standardization, automatic phase recognition provides the
foundation for Al-based surgical quality assessment at the level of spe-
cific phases or critical steps [14]. Furthermore, when combined with
instrument tracking, workflow recognition may enable objective
assessment of surgical proficiency and learning curves [16].

Overall, the developed ML-based phase recognition model integrates
seamlessly into the Surgomics concept [3], including features like
“Duration of surgery/surgical phases” and “Order of performed pha-
ses/steps.” Future work should integrate Al-based workflow analysis at
the surgical-step level and incorporate additional surgomic features,
such as instrument use and field characteristics (e.g., bloodiness and
smokiness) [4], potentially enhancing insights into surgical techniques
and complications. Additionally, exploring the feasibility of inferring
surgical phase from specific instruments or key anatomical structures
[41] and assessing its alignment with automatic phase recognition,
could potentially enhance the automated phase recognition. We
observed significant differences in phase duration among centers, likely
due to factors such as center-specific surgical standards, surgeon expe-
rience and skill level, or patient anatomy. These differences should be
further investigated with respect to their potential impact on
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Table 2
Differences in reference phase annotations
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Results of the surgical phase durations of the three centers DD (Dresden), HD (Heidelberg), and MZ (Mainz) based on the reference annotations of all 36 videos and of

the modified checklist tool.

Phase differences between the centers were assessed with the Kruskal-Wallis test [25]. P-values were adjusted through post-hoc Dunn-Bonferroni pairwise comparisons

[26,27]. Significant differences (p-value <0.05) are bold.

Phase Phase name Center/checklist (and no. of annotated Median [min] (Interquartile Centers for P-value
no. phases with checklist) range [min]) statistical testing
Center Center
1 2
1 Preparation for abdominal part DD 10.92 (2.84-21.76) DD HD 0.179
HD 27.92 (18.82-39.27) HD Mz <0.001
Mz 2.88 (1.43-4.79) MZ DD 0.125

All centers

Checklist (n = 10)
2 Gastric and distal esophagus mobilization DD

HD

MZ

All centers

Checklist (n = 9)
3 Gastric tube construction DD

HD

MZ

All centers

Checklist (n = 10)
4 Completion of abdominal lymphadenectomy DD

HD

MZ

All centers

Checklist (n = 10)
5 Completion of abdominal part DD

HD

MZ

All centers

Checklist (n = 10)
6 Preparation for thoracic part DD

HD

MZ

All centers

Checklist (n = 8)

7 Dissection of esophagus with regional DD
lymphadenectomy HD
MZ

All centers
Checklist (n = 8)

8 Insertion of anvil in the esophageal stump and DD
stomach pull-up HD
Mz

All centers

Checklist (n = 7)
9 Circular stapled anastomosis DD

HD

MZ

All centers

Checklist (n = 5)
10 Completion of thoracic part DD

HD

Mz

All centers

Checklist (n = 5)
Total Complete surgery DD

HD

MZ

All centers

Checklist (n = 5)

5.92 (2.76-23.74)
50.88 (37.36-66.59)

66.23 (51.5-74.21) DD HD 0.998
72.92 (60.9-97.15) HD MZ <0.001
33.07 (28.15-36.08) MZ DD 0.004

59.68 (34.72-73.18)
65.22 (54.49-89.97)

21.01 (18.41-24.54) DD HD 0.336
14.98 (11.21-17.03) HD MZ 0.003
8.13 (6.3-8.68) MZ DD <0.001

13.55 (8.72-19.74)
12.13 (9.2-16.16)

40.33 (32.48-45.9) DD HD 0.189
63.05 (52.53-67.9) HD MZ <0.001
24.75 (21.03-33.02) MZ DD 0.060

39.28 (27.76-56.78)
57.94 (28.88-76.46)

2.4 (1.61-3.88) DD HD 0.941
3.88 (2.12-5.59) HD MZ 0.002
1.05 (0.8-1.81) MZ DD 0.049

1.97 (1.17-3.81)
15.79 (10.97-23.55)

3.92 (2.29-13.01) DD HD 0.061
17.87 (15.58-18.71) HD MZ <0.001
1.11 (0.64-1.57) MZ DD 0.051

4.51 (1.55-16.36)
42.58 (34.17-52.27)

67.08 (60.58-75.19) DD HD 0.028
96.03 (81.4-111.7) HD MZ <0.001
61.87 (51.85-73.08) MZ DD 0.834

72.14 (61.33-88.5)
79.89 (73.0-122.25)

21.82 (18.98-27.36) DD HD 1.0
20.81 (17.55-27.53) HD MZ 0.023
14.34 (11.97-16.13) MZ DD 0.003

18.61 (14.26-22.18)
26.40 (22.72-32.55)

40.68 (35.02-52.22) DD HD 0.383
36.22 (29.02-44.18) HD MZ 0.696
29.71 (27.41-32.09) MZ DD 0.021

35.32 (29.31-44.4)
57.08 (32.49-85.15)

8.25 (6.04-9.93) DD HD 1.0
6.8 (5.09-7.31) HD MZ 0.063
1.59 (0.83-4.1) MZ DD 0.004

5.88 (3.15-8.25)
26.72 (19.11-38)

284.58 (247.8-361.32) DD HD 0.472
374.45 (345.85-412.84) HD MZ <0.001
195.41 (163.68-206.97) MZ DD 0.004

284.58 (208.05-361.32)
438.32 (382.8-582.95)

complications and clinical outcomes. Notably, the SEVERE score has
been shown to correlate with overall procedure duration [42]. To enable
a comprehensive comparison and in-depth analysis of these variances,
more multicenter data with an analysis of step order and duration is
needed and further surgomic features must be systematically developed.
Regarding phase transitions, DD videos had the most frequent switches
between phases in the reference annotations, while HD videos showed
none, suggesting higher standardization. However, the workflow model
phases were developed in HD and did not undergo multicentric

consensus before data-based validation, potentially biasing it towards
HD-specific practices. Phases 2 and 4 had the most interruptions, indi-
cating they are the least standardized, while the thoracic part showed no
interruptions, suggesting higher standardization. Future work should
examine specific steps within these phases to identify where in-
terruptions occur.
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Fig. 3. Normalized confusion matrices of each center and of all videos together for the TeCNO machine learning model phase predictions during testing of each fold.

4.3. Limitations

Despite significant differences between centers, automatic phase
recognition using ML methods was feasible and showed promising re-
sults. A standardized surgical workflow can greatly aid automatic phase
recognition, and in turn, phase recognition can contribute to procedure
standardization, ensuring consistency across surgical teams. However,
this study focused on German centers, and exploring workflow variances
across Europe or globally would be most valuable. With respect to
annotation quality, inter-rater agreement between the two annotators
was evaluated using Fleiss’ Kappa, an established and widely used
measure. The exceptionally high Kappa values indicate that the anno-
tation protocol provided a clear and consistent framework, leading to
robust agreement across the long duration of phases. Disagreements
were mainly concentrated at phase transitions, which are less strongly
reflected in the overall Kappa score. The ML model’s variable perfor-
mance between centers and phases highlights the need for more training
data, especially cases with deviations and adverse events, to improve
generalization. Although cross-validation allowed us to minimize the
impact of potential outliers by leveraging multiple validation splits, it
does not replace the need for an independent test set to evaluate true ML
model performance in the future. In this work, we consciously opted
against holding out a separate test set to maximize the data available for
training. In terms of technical improvements, evaluating additional
network architectures, such as end-to-end ML models [30], may further
optimize performance. Furthermore, the ML model exhibited flickering
in its predictions, which indicates rapid and frequent phase switching.
Reducing this flickering by applying a smoothing technique to the pre-
dictions could significantly improve metrics such as the overlap score,

which could be explored in future steps. Building on the current
ML-based phase recognition, it would also be highly beneficial to extend
annotation and automatic recognition to the 60 surgical steps within the
RAMIE workflow model to enable more accurate workflow analysis and
more specific tailored support. Future work will therefore focus on
annotating the visible surgical steps in the videos and retraining the ML
model with these fine-grained annotations. However, several challenges
remain for effective Al training. Step annotation requires considerable
effort and depends on expert knowledge to establish consistent anno-
tation guidelines, which may best be achieved through a Delphi
consensus process.

5. Conclusion

In this study, we introduced a comprehensive workflow model of the
RAMIE procedure and trained and tested an ML model for automatic
phase recognition with video data of three academic surgical centers.
The workflow model was validated with manual live documentation
using a checklist tool intraoperatively. Multicentric retrospective vali-
dation of the workflow model phases, based on video annotations from
three surgical centers, showed statistically significant differences in
phase duration across the centers. In the next step we plan to integrate
and analyze further multicentric data. Based on these extended data sets,
automatic phase recognition with ML will likely be able to pave the way
for Surgomics-based complication prediction and context-aware process
assistance.
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