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Abstract
This research explores video data explanations, incorporating temporal information, via XAI methods to enhance
reliability for surgical training. It aims to detect learning biases in DNNs used for surgical skill assessment. The
broader objective is to evaluate XAI performance with complex models and real-world data. This document
details the context, methodology, preliminary findings, and future contributions.

1. Research Context and Motivation

1.1. Research Context

The research context of this work includes video data, specifically video trials for surgical skill assessment.
These videos contain tasks, such as balloon-cutting and knot-tying, that students of surgery practice.
In the medical context, these videos are rated by expert surgeons as beginner, intermediate, or expert
performance (of students). We select deep learning models, that automate this process, and possible
explainable AI (XAI) methods that can explain these algorithms effectively. Overall, this research
involves surgical-skill-assessment video data, with their complex annotations, DNN models that predict
the rating of these videos, and explainable AI techniques that can represent the reasoning behind model
decisions and the possible impact of using temporal data in explanations.

1.2. Research Motivation

Explainable AI (XAI) methods and techniques are crucial in making high-risk AI applications under-
standable and reliable. While many such methods exist, they have to be adapted for different intended
tasks, illustrated in Figure 1. Based on these intended tasks, the representation of explanations differs
as the goal is to be meaningful to the end user. This context and usability involves applicative research
on explainable AI methods that describe these methods’ challenges, usefulness and considerations in
real-world applications. One of the important domains where explainability is crucial is the medical
domain. The decisions made by the AI systems deployed in the medical domain directly impact human
life. These decisions have to be considered with more certainty and understandability.

Data in the medical domain is of various types. Videos are essentially a set of frames that represent
information over time. One kind of video data in the medical domain is associated with surgery and
surgical skill assessment. Surgical skill assessment is the process of evaluating the surgery capabilities
of a surgery student or resident [1]. This assessment involves a set of tasks that target specific skills
that are required to perform surgery. These tasks are recorded and then presented to expert surgeons
who rate the performance of students based on the OSATS score [2]. These scores are a combination
of many rated factors. To some extent, we can assume that one expert surgeon may give a slightly
different score than another expert surgeon but overall, the difference is not too drastic.

These videos combined with these scores are being used as datasets for deep learning models to
automate this assessment process. Generally, the deep neural networks (DNNs) for this task are used to
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Figure 1: A representation of the kind of questions that need to be determined for an effective XAI pipeline.

sort the final scores into beginner, intermediate or expert categories of surgeons. Some models utilize
datasets with instrument positioning, others are less specific. Funke et al. suggest that utilizing the
temporal information of the video data and exploiting the information dependencies between frames
produces better model performance [3]. Temporal Convolutional Networks (TCNs) are known for their
power as they process information from both past and future time steps, making them effective for
modelling the dynamics of temporal data.

With data as complex as surgical skill assessment, and models as complex as TSNs, it is difficult to ap-
ply XAI methods correctly. Many XAI methods work well with DNN models that are not as complicated
as recent developments, and datasets such as MNIST [4]. For practical use, accurate models and complex
datasets are what we have to work with. Hence, the XAI methods have to produce acceptable results that
work with complex model layers and they have to visualize the model decisions in ways that make sense.
Ultimately, the explanations have to add value to the DNN decision for the end user, which in the case
of surgical skill assessment is the surgeon. This added value, or trust in the model decision involves ex-
ploring surgical skill assessment data to determine what kind of explanations are useful for the surgeons.

Additionally, XAI models can be used to evaluate the performance of a DNN model. Their
visualizations and activation scores can potentially uncover learning biases. This enhances the
reliability that tasks such as surgical skill assessment and other high-risk applications require.

This project plans to explore the explanations of video data that include the influence of temporal
information. The goal is to use XAI methods to produce reliable explanations for surgery trainers and
trainees and potentially detect learning biases of the DNNs that perform surgical skill assessments.
The broader objective is to understand how XAI methods perform with complex models and data for
real-life applications.

2. Related Work

Surgical skill assessment using video data and deep neural networks that incorporate temporal
information has become an important area of research. Several studies have explored this approach
using various methodologies. Funke et al. [3] developed a method using 3D convolutional neural
networks (CNNs) to assess surgical skills from video data of skill assessment surgery tasks. Their
approach leveraged the temporal information in video sequences and demonstrated high classification
accuracies ranging from 95.1% to 100% on the JIGSAWS dataset [5]. Similarly, Yanik et al. [6] have
applied deep learning techniques to laparoscopic surgery videos for skill acquisition assessment. These
methods aim to provide objective and automated evaluation of surgical performance using only video
input, which can be easily collected during training scenarios.



More recently, attention mechanisms have been incorporated into spatial-temporal neural
network architectures for video-based surgical skill assessment. Wan et al. [7] investigated the
use of explicit supervision of spatial attention, guided by instrument tip locations, to improve the
generalizability of their algorithm. Their best-performing model achieved an area under the ROC
curve of 0.88, with supervised spatial attention improving specificity and discrimination measures
when tested on unseen datasets. These approaches demonstrate the potential for deep learning mod-
els to provide objective and automated assessment of intraoperative surgical skills using video data alone.

Temporal explainable AI (XAI) techniques have been developed to provide insights into how AI
models process and make decisions based on time series or temporal data. Canti et al. [8] have
compared various techniques for temporal XAI, exploring methods to generate explanations for models
that incorporate time-dependent information. In the context of video action recognition, Saha et al.
[9] have investigated ways to explain the decision-making process of models analyzing video inputs.
These approaches extend popular techniques like Grad-CAM to work with video data, allowing for
visualization of important spatial and temporal regions that contribute to the model’s predictions. Such
methods aim to provide a more comprehensive understanding of how AI models interpret and classify
actions in video sequences.

The application of explainable AI in surgery, particularly for video analysis, has gained significant
attention due to the critical nature of surgical procedures. In the work of Brandenburg et al. [10],
surgeons and researchers have emphasized the importance of developing interpretable AI models to
build trust and ensure safe implementation in clinical settings. A survey of explainable deep learning
models in medical video analysis by Kolarik et al [11]. highlighted various approaches and applications,
summarizing key requirements for explainability in medical contexts. These efforts aim to address the
“black box” nature of deep learning models and provide clinicians with insights into the reasoning
behind AI-generated assessments or recommendations.

Practical applications of XAI in surgical contexts have also been explored. Chittajallu et al. [12]
developed an explainable AI system for content-based retrieval of video frames from minimally invasive
surgery videos. Their approach used a self-supervised deep learning model and incorporated human
feedback to refine search results, demonstrating the potential for XAI in surgical education and training.
In a multi-institutional study by Kiyasseh et al. [13], researchers used AI to provide reliable and fair
feedback to surgeons based on video analysis. They compared AI-generated explanations to those
provided by human experts and proposed a method called “training with explanations” (TWIX) to
improve the reliability and fairness of AI-based feedback across different cohorts of surgeons. These
studies highlight the potential of XAI systems to support surgical training, assessment, and quality
improvement while addressing important considerations such as reliability and trust in AI-generated
feedback.

3. Research Questions, Hypothesis and Objectives

3.1. Research Questions

• Can information dependency between one frame of the video and another be represented using
XAI? For example: Is something happening at 3 seconds in a video relevant to what is happening
at 28 seconds in the video? Can this be reliably explained via XAI?

• Can XAI methods help surgery students understand the decisions made by a model on their
surgical skill assessment?

• Can XAI methods help determine where potential learning biases arise while using a DNN for
surgical skill assessment?



3.2. Research Hypothesis

• XAI methods can effectively represent and visualize the information dependency between different
frames in a video, revealing temporal relationships across the video timeline.

• XAI methods can identify and illustrate potential learning biases in deep neural networks used
for surgical skill assessment, allowing for better understanding and mitigation of these biases.

• The application of XAI methods to surgical skill assessment models will lead to improved model
performance and reduced bias across different surgeon experience levels (e.g., novices vs. experts).

3.3. Research Objectives

• To develop and evaluate XAI methods for representing information dependency between video
frames in temporal sequences.

• To create a reliable XAI framework that can explain relationships between temporally distant but
semantically connected events in video data.

• To utilize XAI approaches to identify, visualize, and analyze potential learning biases in deep
neural networks used for surgical skill evaluation.

• To measure the impact of applying XAI methods on surgical skill assessment model performance
and bias reduction across different surgeon experience levels

• To evaluate the potential of XAI methods in improving surgical training programs by providing
more transparent and actionable feedback to trainees.

4. Research Approach

The crucial first step of any AI development pipeline is understanding the dataset. While annotations
are present for videos of surgical skill assessment, they are not annotated frame by frame. They are
annotated based on either key events or overall performance. Key events, in this case, are events that,
for a particular task, are considered failure points. Spotting these events in a video is easy even for
someone who is not a surgeon. But understanding the overall performance is harder without the
experience. To be able to attain reliable explanations and explore potential biases of the DNN model, it
is important to understand this data. Therefore, a thorough review of the annotation process is needed.
Additionally, consulting experienced surgeons who are familiar with this process can be highly beneficial.

Since this research is not focused on robust DNN models for surgery, developing new state-of-the-art
surgery skill assessment models is out of the scope of this project. These models are selected from
existing literature provided they do not measure the kinematics of the instruments (to start with
simpler data, even in surgical skill assessment) and include temporal information during learning.
These model(s) have to be trained and tested to obtain a reasonable performance. Since the intention is
to explore model biases and also observe the trends in explanations, versions can be created of the
DNN models. These variations can be models performing relatively poorly, training with the exclusion
of a subset of annotations, and modifying other learning patterns. These versions may prove to help
verify explanations and explore learning biases via XAI methods.

To learn and use XAI methods for real-life applications, they have to be tested on datasets that are
not uncomplicated. This involves exploring the trends spotted in explanations when using complex
DNN models and more cluttered datasets. This helps in not only understanding the XAI methods but
also in modifying these methods so they may work accurately with more advanced models. Once a
more experienced understanding of XAI methods has been developed, they can be used on single video
frames to determine their behaviour excluding temporal data.

After exploration of standard XAI methods and determining their performance, XAI methods
developed for temporal data, such as time series, should be studied. These XAI methods can not



simply be plugged into the existing pipeline. They have to be modified to work with video data in the
context of surgical skill assessment. Based on their performance, a direction can be obtained to produce
better explanations for the task at hand. This can lead to enhancing the quality of the explanations by
introducing improvements to the existing methods.

All of the above demands rigorous evaluations. The concept of a reliable explanation has to be
quantified by performance metrics. Furthermore, properties such as faithfulness, completeness and
correctness, and others, of the explanations have to be determined to express the quality of the work.
Other than standard evaluations, task-based evaluations can be constructed to prove the hypothesis.
Additionally, a human study can be conducted with experienced surgeons on their view on the usefulness
of these explanations.

5. Preliminary Results

To begin with, I conducted a thorough review of XAI methods. Based on the citations of these methods,
it was determined what kind of data and models they work with, so far. Additionally, their use cases in
terms of intelligibility questions (“what”, “where”, “what-if” etc.) were determined.

To start with understanding basic images-in-sequence data, I chose to work with autonomous driving
video frames. These frames (images) are easy to understand (no need for an expert in the field) and the
motion of one target object (for example: a person) can be seen clearer in consecutive frames. Three
DNN models of varying complexity, namely VGG-16 [14], ResNet50 [15] and ConvNext-Tiny [16], were
trained on the OSDaR23 dataset [17]. Two versions of these models were created, one performing well
and one performing poorly. The intention of this experiment was the following: 1) Determine how XAI
methods produce and visualize explanations for complex models and complex (multi-label, for example)
datasets. 2) Identify the trends in explanations based on model performance. 3) Apply standard and
concept-based XAI methods to models of different complexities and observe their trends.

We selected two standard methods, namely Layer-wise Relevance Propagation (LRP) [18] and
Grad-CAM [19] and two concept-based methods, Concept Relevance Propagation (CRP) [20] and
Concept Recursive Activation FacTorization (CRAFT) [21] to work with our three DNN models. It
was observed that the model learns many biases with the target class despite performing well. This
emphasized the use of XAI methods to explore dataset biases. Additionally, LRP and Grad-CAM
show that the explanations of a target class are not consistent in consecutive frames. This for-
malizes our hypothesis that standard XAI methods are not consistent over multiple frames in a sequence.

In accordance with the above, I conducted a review of XAI methods that are designed to work
with temporal data. Additionally, I researched explainability in the field of surgery and surgical skill
assessment models. Based on this study, I highlighted common techniques in surgical skill assessment
models and temporal XAI.

To start with a basic approach, an RNN model with a 1D-ResNet feature extractor was created
inspired by ResNet-LSTM in the work of Kasa et al. [22] This model was trained on the JIGSAWS
(JHU-ISI Gesture and Skill Assessment Working Set) dataset which is a benchmark dataset containing
synchronized video and kinematic data from robotic surgical tasks (Accuracy:89.41, F1: 82.13). Applying
LRP and CRP to the decisions of this model resulted in the following observation: For the same video
and classification of the same gesture, LRP shows mild relevance over temporal intervals to the target
class where whereas CRP shows multiple detailed relevance, illustrated in Figures 2 and 3.

As of now, no publications have been made of these results but they are in progress.



Figure 2: LRP shows mild relevance over temporal intervals of approximately 150 seconds. (for video of task
balloon cutting)

Figure 3: CRP shows multiple detailed relevance over temporal intervals of approximately 150 seconds. (for
video of task balloon cutting)

6. Next Research Steps

Currently, I am working on training more advanced surgical skill assessment models with a proprietary
dataset obtained from a collaboration with the Department of Translational Surgical Oncology, National
Center for Tumor Diseases, Dresden, a snippet illustrated in Figure 4. The goal is to obtain a model with
high performance and then create variations of it based on performance and data subsets. Additionally,
feature importance techniques are being used to store the statistical significance of the input data that
may be referred back to after employing XAI methods on the model’s decisions.

The next steps include selection of a group of temporal XAI methods and obtaining explanations
(and visualizations) from these. The explanations can be variated to find the most suitable outcome



Figure 4: A snippet from a video containing surgical task balloon cutting.

based on the underlying technique of the temporal XAI methods. After rigorous evaluation of the
explanations, they can be related to the properties of the dataset and the model to explore any potential
biases. Furthermore, potential new techniques can arise by experimenting with this analysis. Lastly, a
human study shall be conducted to obtain a subjective, yet useful view on the value of the explanations
derived from the XAI methods and contributions of this study.
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