Gaze-Assisted Medical Image Segmentation

Leila Khaertdinova'! Ilya Pershin-?> Tatiana Shmykova''>  Bulat Ibragimov?

!Research Center for AI, Innopolis University
2Kazan Federal University  3University of Copenhagen
1.khaertdinova@innopolis.university
{i.pershin,t.shmykova}@innopolis.ru
bulat@di.ku.dk

Abstract

The annotation of patient organs is a crucial part of various diagnostic and treatment
procedures, such as radiotherapy planning. Manual annotation is extremely time-
consuming, while its automation using modern image analysis techniques has not
yet reached levels sufficient for clinical adoption. This paper investigates the idea of
semi-supervised medical image segmentation using human gaze as interactive input
for segmentation correction. In particular, we fine-tuned the Segment Anything
Model in Medical Images (MedSAM), a public solution that uses various prompt
types as additional input for semi-automated segmentation correction. We used
human gaze data from reading abdominal images as a prompt for fine-tuning
MedSAM. The model was validated on a public WORD database, which consists
of 120 CT scans of 16 abdominal organs. The results of the gaze-assisted MedSAM
were shown to be superior to the results of the state-of-the-art segmentation models.
In particular, the average Dice coefficient for 16 abdominal organs was 85.8%,
86.7%, 81.7%, and 90.5% for nnUNetV2, ResUNet, original MedSAM, and our
gaze-assisted MedSAM model, respectively.

1 Introduction

The workload of radiologists has increased significantly over the past several decades, leading to
concerns about the impact of fatigue on the accuracy of medical image interpretation [18}, 16} 130} 26]].
To mitigate the risk of decreased diagnostic quality, several strategies have been proposed, including
limiting radiologists’ workloads and adjusting the pace of image analysis [2l]. Another viable approach
involves optimizing radiologists’ workflows, encompassing everything from the layout of reading
rooms to team management practices [24]. Among these strategies, Artificial Intelligence (AI)
emerges as a particularly promising solution.

Along with the potential prospects of Al, there are also significant drawbacks related to the ex-
plainability of Al models [27, 4] and the radiologists’ bias towards AI [[L1} |8, 20]. These issues
introduce challenges to the automation of the radiology workflow and the seamless integration of Al
Nonetheless, the emerging paradigm of hybrid intelligence, which combines human expertise with Al
capabilities, provides a viable solution. Rather than relying on Al autonomously, hybrid intelligence
emphasizes collaborative interactions between radiologists and Al to optimize their workflows. One
promising method within this paradigm is the use of gaze analysis, a natural form of interaction given
that medical visualization is central to radiology. Recently, multiple works in the research literature
investigated the use of gaze data to improve deep learning models in medical image analysis [15132]
and to extract patterns related to the increased workload [25]].
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Figure 1: Steps to correct a stomach segmentation mask on a CT slice. Each subfigure shows the
outline of reference segmentation contours, the predicted segmentation mask, and gaze points (blue)
that are used for prediction.

One of the tasks frequently addressed in surgical and radiotherapy planning is medical image
segmentation [[19]. Precise segmentation masks are crucial for providing essential information
that aids in clinical diagnosis and patient monitoring. Furthermore, organ segmentation is vital in
therapeutic interventions, particularly in cancer treatments that rely on radiation therapy [28|[9]. The
advent of deep learning has enabled the automatic segmentation of medical images, significantly
simplifying the annotation process. These methods alleviate the challenges posed by the labour-
intensive nature of manual segmentation, which often demands several hours of effort from annotators
for each case [21]. However, segmentation inaccuracies often necessitate accurate manual corrections.
Recent advances in interactive segmentation have made this correction process more efficient across
various domains, including medicine, reducing the effort to just a few mouse clicks [33} 22} 34].

In this paper, we aim to incorporate eye gaze data into the interactive segmentation workflow.
Specifically, we propose lightweight fine-tuning strategies of the existing interactive segmentation
model, namely Segment Anything Model, or SAM [[17, 22]], using simulated eye gaze data. At
inference time, utilizing streams of real gaze data instead of mouse clicks could provide a more
intuitive and faster way for annotating 3D medical images, such as CT (Computed Tomography) and
Magnetic Resonance Imaging (MRI) scans, which comprise a large number of slices [1]]. FigurelT]
illustrates an example of the gaze-based process for correcting a stomach segmentation mask on a
single CT slice.

Overall, the main contributions of this study are listed as follows:

* We present a novel approach for the real-time correction of segmentation in CT scans based
on sequential gaze information. More specifically, we suggest adapting existing interactive
segmentation frameworks to incorporate gaze data as a prompt.

* We introduce and evaluate various fine-tuning options for the medical interactive segmen-
tation model, namely MedSAM [22]], by utilizing synthetic prompts that mimic eye gaze
streams.

* Extensive experiments and ablations conducted by both human participants and medical
experts demonstrate the effectiveness of the proposed method, compared to the existing
methods, such as mouse clicks and bounding boxes. Additionally, we analyze the radiolo-
gist’s behaviour during the segmentation process, focusing on eye movements and the time
spent on experiments using eye-tracking technology.

2 Related work

Interactive segmentation. Interactive segmentation is a specific type of segmentation that leverages
user interaction to enhance the segmentation process. Usually, users provide information for initial
segmentation, such as bounding boxes or textual descriptions of the region of interest, and, if
necessary, subsequently refine the quality of the predicted segmentation. With its history in the



pre-deep learning era, interactive segmentation has evolved from graph represented [5] and random
walk [12]] based approaches to contemporary foundation models [[17, 35].

SAM [17] is the state-of-the-art interactive segmentation model, which provides impressive perfor-
mance across diverse segmentation tasks that involve human interaction. The architecture of the
model consists of a Vision Transformer-based image encoder, a prompt (mouse clicks coordinates,
bounding boxes, textual descriptions) encoder, and a mask decoder. While SAM demonstrated
impressive performance on natural images, the performance in clinical settings is weaker [23]]. To
address this, MedSAM [22] was fine-tuned on the large-scale medical dataset and adapted to medical
image segmentation using bounding boxes.

Eye tracking technology in the medical field. Eye-tracking technology has emerged as an effective
tool in the medical field, providing diverse applications across various disciplines [29], particularly
in image segmentation. Sadeghi et al. [[1] introduced a method that uses eye gaze information for
interactive user-guided segmentation. Their approach involves three main steps: tracking eye gaze
for seed pixel selection, using an optimization technique for image labeling based on user input, and
integrating these elements to provide real-time visual feedback. This method has demonstrated signif-
icant speed-up in the process compared to traditional mouse controls. Besides, Gaze2Segment [[7]
combined biological and computer vision techniques to improve radiologists’ diagnostic workflows,
highlighting the potential of eye tracking in medical image analysis.

Medical segmentation. Medical segmentation is an essential and critical process for the identification,
delineation, and visualization of regions of interest in medical images [13]]. This procedure is vital
for accurate diagnosis, treatment planning, and monitoring of diseases. Recent advancements in
deep learning methods, along with user-guided approaches such as eye tracking, have significantly
improved the interactivity and responsiveness of segmentation tools in the medical field [116} 1} [7].

To the best of our knowledge, there is currently only one gaze-assisted interactive medical segmenta-
tion model, which was presented recently [31]. In this study, the authors used the original SAM to
predict a segmentation mask based on a single gaze point. The authors compared gaze-based and
mouse-click segmentation approaches and demonstrated that gaze-based segmentation was approxi-
mately two times faster and had slightly worse quality than click-based segmentation. However, they
did not explore the implications of using multiple gaze points. So, it is quite unclear what happens
if the gaze leaves the region of interest. This phenomenon may occur due to natural gaze variance.
Furthermore, the study did not address how users should proceed if they need to remove a region
from a segmentation mask rather than add one. By highlighting these gaps, our study aims to further
investigate the potential of gaze data in the interactive segmentation of medical images.

3 Methodology

In this section, we introduce a novel method for gaze-assisted interactive segmentation of medical
images. We adapt MedSAM to 1) a gaze point sequence of arbitrary length, 2) the fixed label
(foreground) for prompt points, and 3) the natural variance of the gaze data. Thus, during the
segmentation process, gaze points are automatically transmitted to the selected model, allowing
real-time corrections to the segmentation mask generated by the base model.

3.1 Problem definition

A 3D medical image refers to volumetric data that represents anatomical structures in three dimensions,
typically acquired through imaging modalities such as CT or MRI. We validated the segmentation
adjustment with gaze using 3D CT images, where each image X € R¥>*W>*D consists of D slices of
shape H x W. Thus, we transform CT scans to 2D slices for training pipeline and detailed analysis.

Medical segmentation aims to partition a medical image into meaningful regions, enabling the
identification of anatomical structures and abnormalities. In the case of 3D CT, each image X is
associated with mask Y € {0, 1} 7XW*P where 1 corresponds to pixels containing the substance
of interest, e.g. pancreas in abdominal CT, and 0 — to background points.

In this paper, we focus on interactive segmentation that leverages user interaction to refine initial
segmentation masks. Specifically, we aim to utilize users’ gaze to subsequently adjust the masks. Eye
gaze data consists of gaze coordinates (¢, y;) for the currently viewed slice and are available for



each timestamp ¢. Our objective is to improve the segmentation mask in real-time using a sequence
of gaze points G = { (1, y¢) o,

QM(X,Gr)) > QM(X, Gr)),

where () is a quality metric (higher is better, to be specific), M is a gaze-assisted segmentation model
generating mask Y, and G+, where T” < T, is a previous sequence of gaze points. This formulation
emphasizes the aim to improve segmentation quality by incorporating real-time gaze data.

3.2 Model training with eye gaze coordinates
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Figure 2: The proposed framework for gaze-assisted interactive segmentation of medical images. An
illustrative example demonstrates the segmentation mask for the pancreas organ, which is predicted
based on input gaze coordinates serving as a point prompt for the MedSAM model.

We introduce an approach for gaze-assisted interactive segmentation of medical images, which is
depicted in Fig. [2] The proposed framework is designed to integrate eye gaze coordinates into
the segmentation process. To achieve this, we trained the MedSAM model, specifically the mask
decoder and the prompt encoder components. We generate synthetic gaze points, simulating eye gaze
coordinates input prompt of arbitrary length. In this setup, the input gaze data acts as a prompt sent
to the MedSAM model’s prompt encoder, guiding the segmentation process.

Prompt generation from gaze data. Initially, we attempted to fine-tune the MedSAM model using
point prompts generated only from the reference segmentation mask. Nevertheless, this method led
to poor accuracy during inference. This can be explained by the fact that training with points from
the ground truth mask made the model overly sensitive to areas outside the region of interest, which
is not plausible for eye gaze streams. To address this issue, we utilize synthetic eye gaze coordinates
to create a more realistic representation of gaze behaviour. In such a method, 80% of the generated
points are chosen within the selected organ structure, specifically within the reference segmentation
mask, while the remaining 20% are positioned outside of this mask. We find it quite reasonable to
assume that, during the segmentation process, the majority of gaze points will accurately fall within
the region of interest (the anatomical structure). However, considering that some gaze points may
accidentally fall outside the target area, we allocate the remaining 20% of points outside the ground
truth mask.

Secondly, we examine the dynamics of eye gaze movements, which are characterized by a series
of rapid jumps or high-velocity movements, known as saccades, followed by fixations, which are
located at periods in which the eye is stationary and remains relatively still [3]. By simulating
these movements, we can generate random points that accurately reflect realistic gaze patterns.
Alternatively, we can select random gaze coordinates, introducing some variability in the generated
points. The latter approach is selected for generating point coordinates in prompts, as we believe it
better reflects the natural fluctuations in gaze behaviour during real-world interactions.



Additionally, we propose another approach to generating point prompts based on mask differences.
By analyzing the initial or base prediction, we create synthetic points that reflect the difference
between the base prediction and the ground truth mask. In this approach, we allocate 70% of the
points within the mask difference, 20% within the ground truth mask, and 10% outside the ground
truth. However, these proportions warrant a more detailed exploration in future work to optimize the
strategy for point allocation. We subsequently train the model using these generated points (refer
to Fig.3). These varied strategies enable the model to adapt to diverse gaze behaviours, thereby
enhancing its segmentation capabilities through the incorporation of different input scenarios.

Fine-tuning MedSAM. As shown in Fig. 2] we use a typical encoder-decoder architecture of
MedSAM for interactive segmentation with a prompt encoder in the bottleneck. The difference
between gaze and other prompt sources (for example, mouse clicks or bounding boxes) is 1) the
inability to manually indicate which gaze points correspond to the user’s desire to add/remove/keep
unchanged the segmentation masks, 2) the inability to decline segmentation changes, 3) imprecision
of the gaze data.

While eye gaze data is generated as a sequence of coordinates for the fine-tuning pipeline, the SAM
model requires the assignment of labels to input point coordinates, categorizing them as foreground
(label 1), background (label 0), or not a point (label -1). However, justifying the inclusion or
exclusion of specific points during experiments with an eye tracker poses challenges. To address this,
we explored several labeling strategies for the point prompts.

Our strategies included: 1) randomly assigning points as either foreground or background, 2) removing
point embedding and passing gaze coordinates to the prompt encoder without any associated label,
and 3) assigning fixed labels (ones) to points and treating all gaze coordinates as foreground points.
Ultimately, we found that all considered labeling strategies resulted in comparable performance.
Following this, we choose to implement the latter, as it provides consistency for our experiments. We
fine-tune the MedSAM model partially, specifically the prompt encoder and mask decoder, while
keeping the other model’s components frozen.

Interactive fine-tuning. The inspiration for the suggested approach is based on two facts: 1) network
probability map can be used as a confidence of prediction; 2) gaze data provides the viewer’s region
of interest. Combining these facts allows us to create an approach to interactive gaze-assisted
segmentation. As illustrated in Fig. 3| this methodology involves training the gaze points prompt
encoder through simulations of human gaze behaviour.
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Figure 3: The provided pipeline outlines the steps for training a gaze-assisted segmentation model
using synthetic gaze data points generated based on the mask difference approach. The process begins
with the initial prediction from the frozen MedSAM. Using this initial prediction, we generate points
that indicate the differences between the predicted mask and the ground truth, referred to as mask
correction points. Next, the points are input into the same model to produce the final prediction.

Initially, a base prediction is generated using the point prompt within the ground truth mask. Sub-
sequently, coordinates are derived based on the differences between the base predicted mask and
the ground truth. These synthetic points are then utilized as prompts for the MedSAM prompt



encoder, with gaze coordinates assigned a label "foreground" passed into the encoder. This approach
is predicated on the assumption that it effectively mimics authentic gaze behaviour. Additionally, we
introduce a similar strategy that extends beyond the utilization of point prompts generated from mask
differences. This involves incorporating the model’s base prediction mask as an additional input to
the prompt encoder, along with the generated points. During inference, the previous mask can be
employed with the eye gaze points, thereby enhancing the robustness of the segmentation process.

3.3 Interactive segmentation

Our interactive segmentation method provides users with visualization of predicted segmentation
masks that they can adjust base predictions using gaze. This iterative approach allows for precise
corrections in areas where automated segmentation may have fallen short. In our experiments, we
will evaluate the effectiveness of the proposed approach by asking an expert to correct segmentation
masks for various anatomical structures, stopping the correction when the mask is close to ideal.

Radiology workstation. We developed an emulation of a radiologist workstation with eye-tracking
capabilities. The workstation was equipped with a lightweight and easy-to-use eye-tracking device.
The developed software sequentially showed medical images, recorded gaze points with timestamps,
and communicated with an interactive gaze-assisted segmentation model to update the displayed
segmentation mask.

4 Implementation details

4.1 Data

In this paper, we used the WORD dataset [21]], which consists of 150 CT scans covering 16 abdominal
organs. These CT scans were converted into 2D slices. Each slice was preprocessed to ensure that the
corresponding ground truth mask contained a single distinct anatomical structure. Therefore, each
organ can be represented as multiple structures when applicable. Similarly, to evaluate our models,
we exploited the official test set of WORD.

4.2 Eye tracking hardware

We developed a framework that simulates radiological workstations for CT slice analysis, enhanced
with eye-tracking capabilities. This workstation was set up in an isolated room at our institution and
features an LG diagnostic 10-bit monitor with a resolution of 3840x2160 pixels and a pixel density
of 7.21 px/mm, along with a Tobii Eye Tracker 4C that operates at a frequency of 90 Hz.

Calibration of the eye tracker is essential prior to experimentation to ensure accurate tracking of
eye movements and alignment of gaze coordinates with the user’s point of focus. Once calibrated,
users can perform segmentation tasks using the software, with the entire process controlled via
a single Enter button. The framework effectively captures and synchronizes eye movement data,
predicted masks, and controller commands, enabling a thorough examination of gaze behaviour
within a radiological context.

4.3 Training details

All our models were trained and tested using NVIDIA GTX 3090 Ti GPU. We employed the AdamW
optimizer. We decreased the learning rate by 2 every 5 epochs with no improvement in validation loss.
The initial learning rate was set at 5¢~°, and the models were trained for 200 epochs. Additionally,
we added early stopping with a patience of 10 epochs based on validation loss.

For the MedSAM model, we focused on training only the prompt encoder and mask decoder, while
other components of the model architecture were kept frozen. Due to resource constraints, we
fine-tuned our models on a random sample from the WORD dataset containing around 5% of all
slices. Besides, the number of points in the point prompt was a critical hyperparameter. In this work,
we report evaluations with 20 points, 50 points, and a random number of points ranging from 1 to 20
in the prompt. To incorporate a random number of points in the prompt for each sample during both
training and testing, we padded some point prompts with a non-point label (-1).



Table 1: Comparison of segmentation performance (DSC (%)) with state-of-the-art models.

Method nnUNetV2 [14] | ResUNet [10] | MedSAM [22] | Ours MedSAM
Liver 96.19 +2.16 96.55 + 0.89 92.15+1.22 95.14 + 0.65
Spleen 94.33 +7.72 95.26 +2.84 78.68 £ 0.00 95.58 + 0.27
Kidney (L) 91.29 + 18.15 95.63 £1.20 83.40 = 0.00 95.73 £ 0.03
Kidney (R) 91.20 £ 17.22 95.84 £ 1.16 91.93 £ 0.00 95.89 + 0.01
Stomach 91.12 £ 3.60 91.58 £2.86 91.61 £ 0.00 94.70 + 0.49
Gallbladder 83.19 £ 12.22 82.83+11.8 85.43 +0.00 90.63 + 0.02
Esophagus 777719 £13.51 | 77.17+14.68 | 88.94 + 5.61 87.11 £2.70
Pancreas 83.55 +5.87 83.56 + 5.60 79.78 £ 0.00 89.23 + 0.34
Duodenum 64.47 £ 15.87 | 66.67 +£15.36 | 80.07 =0.00 86.53 + 0.34
Colon 83.92 +8.45 83.57 + 8.69 75.96 + 0.00 89.62 +2.43
Intestine 86.83 +4.02 86.76 + 3.56 84.00 = 0.00 88.28 + 3.28
Adrenal 70.0 £ 11.86 70.9 £10.12 62.74 +5.28 80.28 + 1.41
Rectum 81.49 +7.37 82.16 +6.73 92.54 + 2.33 90.34 £ 1.65
Bladder 90.15 + 16.85 91.0+13.5 86.74 + 0.00 94.16 + 0.83
Head of Femur (L) 93.28 £5.12 93.39 £ 5.11 70.17 £ 0.00 93.19+£1.49
Head of Femur (R) 93.93 + 4.29 93.88 +4.30 63.28 £ 0.00 93.00 + 1.60
Mean 85.80 +£5.27 86.67 +4.81 81.71 £9.39 90.54 +5.20

5 Experiments and results

5.1 Proof of concept: synthetic gaze coordinates

We developed a system for conducting experiments on synthetic gaze data. Unlike model validation
during training, this system allowed for iterative testing of the model, simulating human responses to
the model’s predictions. After each prediction of the segmentation mask, we randomly generated
gaze coordinates within the reference segmentation mask, in the areas of discrepancy between the
predicted and reference masks, and outside of these areas. The gaze points were generated from a
uniform random sample within the targeted areas, ensuring that no point was selected more than once
(without replacement).

Strategies for selecting gaze data. We examined three general strategies for selecting gaze data
during model inference. The first strategy involves accumulating gaze data across all iterations. Since
the model was trained with a fixed size of the gaze point prompt, at each iteration, we randomly
selected IV gaze points from the entire accumulated history. The second strategy is based on a linear
combination of the nearest points between neighboring iterations. At each iteration, we selected [V
points. For each point in the current iteration, we identified the nearest point from the set of points
used to predict the current segmentation mask. Subsequently, we computed a linear combination
between them. The coefficients of the linear combination, « and (« — 1) were used to amplify
or attenuate the significance of information from previous iterations. The initial gaze points were
utilized during the first iteration. The last strategy involves using a model trained with a random
number of points in the prompt. At each iteration, we randomly selected a fixed number of gaze
points and data obtained during that iteration, thereby increasing the number of gaze points in the
prompt by a fixed amount.

To test the first strategy, we generated 20 gaze points with varying distributions within the ground
truth (gt) segmentation mask, mask differences, and beyond these areas. Table ] provided in the
Appendix, demonstrates the average Dice Similarity Coefficient (DSC) for strategies with different
gaze distributions. The highest average DSC of 0.9 is achieved when all gaze points are located
within the reference segmentation mask.

To test the second strategy with a linear combination of points, we fixed the distribution of points
(20% in the gt mask, 70% in the region of differences between the predicted and gt masks, and 10%
outside both regions) and changed the coefficient a from 0.1 to 0.9 in the linear combination of points.
The greatest DSC of 0.89 was obtained at aw = 0.6, while the lowest value of 0.86 was obtained at
a=0.9.



Table 5] provided in the Appendix, presents the results of synthetic experiments conducted over 5
iterations with a model trained with a random number of points in the prompt. Different distributions
of gaze points were tested between the reference segmentation mask, mask differences, and the
remaining part of the image. The highest average DSC was achieved with a distribution of 20% of
points in the area of the reference segmentation mask, 70% in the area of mask differences, and 10%
outside these areas, with two points selected at each iteration.

Benchmarking. In this section, we validate the performance of our proposed approach by comparing
our best model strategy with 2D contemporary models benchmarked on WORD. Our model was
trained using 20 points in the prompt, 80% of the point coordinates located within the reference mask
and the remaining 20% positioned outside of it. The model was subsequently tested using the same
approach, with 20 generated points in the input prompt. Besides, we include the original MedSAM
in our comparison, testing it with bounding boxes. The bounding boxes are generated using Otsu’s
method based on the gt masks.

The results, as shown in Table |1} indicate that our method consistently outperforms the original
MedSAM with bboxes and other state-of-the-art 2D models across various abdominal organs. Notably,
our approach demonstrates significant improvements in segmentation performance (DSC), particularly
in challenging cases such as the duodenum and adrenal organs.

5.2 Human evaluation

For our experiments, we engaged a proxy radiologist. The experiment consisted of two parts. In the
first part, the radiologist annotated a set of X CT slices using the proposed gaze-based interactive
segmentation method. In the second part, the same dataset was annotated using the bounding box
approach introduced in the MedSAM study [22].

Table 2: DSC in human experiments. The point prompt consists of 20 gaze points. The strategies of
gaze data selection with random gaze points (p), fixation points with replacement (fix rep), fixation
points with accumulation (fix accum), a linear combination of gaze points (linear), accumulation
of 2 gaze points at each iteration (accum 2 p) are demonstrated. Additionally, the approach with
segmentation using generated bounding boxes (MedSAM) is shown.

organ points fixrep fixaccum linear accum2p MedSAM
Liver 0942 0.626 0.655 0.888 0.958 0.967
Spleen 0931 0.685 0.871 0.642 0.915 0.972
Kidney (L) 0959 0.796 0.961 0.930 0.958 0.957
Kidney (R) 0.848 0.545 0.884 0.895 0.758 0.878
Stomach 0.870 0.828 0951 0.944 0.906 0.941
Gallbladder 0909 0.896 0.906 0903 0.882 0.908
Esophagus 0913 0906 0.920 0.766 0.854 0.881
Pancreas 0.877 0528 0.901 0.882 0.915 0916
Duodenum 0.839 0.851 0.840 0.730 0.846 0.623
Colon 0.885 0.869 0.873 0.773 0.851 0.916
Intestine 0.786 0.729 0.778 0.833 0.797 0.801
Adrenal 0.784 0.764  0.765 0.796 0.772 0.793
Rectum 0901 0.744 0.795 0.666 0.935 0.948
Bladder 0965 0.069 0.113 0.940 0.966 0.945
Head of Femur (L) 0.749 0.873  0.871 0.782  0.902 0.945
Head of Femur (R) 0.871 0.861 0914 0.855 0.869 0.740
Mean 0.854 0.764 0.831 0.820 0.861 0.884

Furthermore, we conducted a series of experiments involving the proxy radiologist, employing various
gaze data selection strategies and different fine-tuned models. For the model trained with a prompt
consisting of 20 points, the results are presented in Table[2] The approach of selecting gaze data based
on 20 randomly accumulated points achieved an average Dice coefficient of 0.854. In contrast, the
method based on selecting 20 random fixation points with replacement demonstrated an average Dice
coefficient of 0.764, whereas the method based on selecting random fixation points with accumulation
achieved an average Dice coefficient of 0.831. The approach with a linear combination of random



Table 3: DSC in human experiments. The point prompt consists of 20 gaze points. The model with
the segmentation mask from the previous iteration in the prompt was used. The strategies of gaze
data selection with random gaze points (p), fixation points with replacement (fix rep), and fixation
points with accumulation (fix accum) are shown.

organ points fixrep fix accum
Liver 0.661 0.253 0.640
Spleen 0.863 0.644 0919
Kidney (L) 0.852 0593 00914
Kidney (R) 0.756 0391 0.765
Stomach 0.715 0.729 0.751
Gallbladder 0.895 0.713 0.886
Esophagus 0.866 0.863 0.873
Pancreas 0.873 0.245 0.862
Duodenum 0.725 0.666 0.792
Colon 0.773 0.577 0.740
Intestine 0.657 0.638 0.671
Adrenal 0.667 0423 0.491
Rectum 0.748 0.738 0.725
Bladder 0.765 0306 0.725

Head of Femur (L) 0.809 0.712 0.824
Head of Femur (R) 0.764 0.771 0.764

Mean 0.745 0.601 0.745

points resulted in an average Dice coefficient of 0.82. Meanwhile, the method employing a model
trained with a random number of points in the prompt, accumulating 2 random gaze points at each
iteration, achieved an average Dice coefficient of 0.861. The original MedSAM with a bounding box
prompt obtained an average Dice coefficient of 0.884. However, for certain organs, such as the right
and left kidneys and the duodenum, the performance of MedSAM with bboxes was comparatively
lower. The average time for the gaze-assisted segmentation approach with various gaze point selection
strategies was 9.7 £ 4.9 seconds, compared to 5.7 £ 3.1 seconds required for MedSAM with bboxes.
We provide visualization results of interactive prompts along with predictions made based on the
expert’s eye gaze in the Appendix (see Figure ).

Additionally, we evaluated several gaze point selection strategies using a model trained on 20 points in
the prompt along with the predicted segmentation mask from the previous iteration. Table [3| presents
the segmentation quality metrics for each organ using gaze-assisted segmentation. The approach
employing the strategy of selecting gaze data based on 20 randomly accumulated points achieved an
average Dice coefficient of 0.745, while the method based on selecting 20 random fixation points
with replacement yielded an average Dice coefficient of 0.601. The method using random fixation
points with accumulation also resulted in an average Dice coefficient of 0.745.

5.3 Limitations

Our work has several limitations. 1) Despite the large number of human experiments, only one
participant was involved. Future work should include more participants. 2) The participant segmented
organs on individual slices. Future work should focus on using 3-dimensional medical data with the
ability to manipulate slices.

6 Conclusion and future work

Medical image analysis has always been challenging, leaving room for improvement. The proposed
gaze-assisted approach for organ segmentation in abdominal CT scans achieves state-of-the-art
performance. Moreover, we conducted a series of synthetic experiments to identify the best approach,
which was used in the eye-tracking experiments with a proxy radiologist. We observed that the
performance of gaze-assisted MedSAM was superior to alternative state-of-the-art solutions.



Future work should expand the application of our gaze-assisted segmentation approach to a wider
variety of medical datasets beyond abdominal imaging, including different anatomical regions and
medical conditions. This will enhance the robustness and applicability of our method. We also
intend to explore strategies for adapting our solution to 3D data, focusing on effective segmentation
techniques for volumetric images.
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A Appendix / supplemental material

Table 4: Comparison of segmentation performance (DSC) in synthetic experiments with accumulation-
based gaze data selection strategy with the distribution of points within the ground truth mask (prop
gt), in the region of differences between the predicted and ground truth masks (prop mask diff) and
outside both regions (prop out).

prop gt prop out prop mask diff DSC

0% 100% 0.07115
10% 90% 0.20640
20% 80% 0.34013
30% 70% 0.52645
40% 60% 0.74141
50% 50% 0% 0.82396
60% 40% 0.85157
70% 30% 0.87200
80% 20% 0.88210
90% 10% 0.89290
95% 5% 0.89940
100% 0% 0.90010
20% 10% 70% 0.82960
5% 5% 90% 0.80380
40% 10% 50% 0.85080
30% 10% 60% 0.84320
60% 10% 30% 0.86662
70% 10% 20% 0.87379
80% 5% 15% 0.87848
90% 5% 5% 0.87930
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Table 5: Comparison of segmentation performance (DSC) in synthetic experiments with gaze data
selection strategy based on sequential accumulation of gaze data in the prompt at each iteration with
the distribution of points in the gt mask (prop gt), in the region of differences between the predicted
and reference masks (prop mask diff) and outside both regions (prop out). For each case, a fixed
number of points (num points) was selected at each iteration.

prop gt prop out prop mask diff num points dice

20% 10% 70% 0.84142
5% 5% 90% 0.83411
40% 10% 50% 0.82446
30% 10% 60% 1 0.80465
60% 10% 30% 0.75430
70% 10% 20% 0.77780
80% 5% 15% 0.84267
90% 5% 5% 0.82022
20% 10% 70% 0.88769
5% 5% 90% 0.77403
40% 10% 50% 0.75456
30% 10% 60% 2 0.82651
60% 10% 30% 0.86370
70% 10% 20% 0.81802
80% 5% 15% 0.83697
90% 5% 5% 0.79542
20% 10% 70% 0.67183
5% 5% 90% 0.70947
40% 10% 50% 0.80588
30% 10% 60% 4 0.80906
60% 10% 30% 0.88311
70% 10% 20% 0.86640
80% 5% 15% 0.85710
90% 5% 5% 0.87252
20% 10% 70% 0.85304
5% 5% 90% 0.87967
40% 10% 50% 0.87501
30% 10% 60% 5 0.86181
60% 10% 30% 0.84695
70% 10% 20% 0.83883
80% 5% 15% 0.88035
90% 5% 5% 0.86934
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(e) Mask after half correction. (f) Mask after full correction.

(g) Initial predicted mask. (h) Mask after half correction. (i) Mask after full correction.

Figure 4: Steps to correct segmentation masks for various abdominal organs, such as the spleen, left
kidney, and liver, on different CT slices. Each subfigure shows the outline of reference segmentation
contours, the predicted segmentation mask, and gaze points (blue) used for predictions based on gaze.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The Abstract describes the results and experiments, which are presented in
Sections 4 and 5. Description of methods in Section 3.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.
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contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.
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much the results can be expected to generalize to other settings.
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are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in Section 5.3.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: -
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 3 details the methodology and Sections 4 and 5 describes the ex-
periments. Experiments were conducted with human, so results may vary due to natural
factors.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: Provides code for reproducing experiments locally with instructions.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Experimental setting/details are stated in Section 4.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We have provided metric values with standard deviation in Section 5.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Section 4.3 describes experiments compute resources.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: Research is conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The proposed approach will optimize the process of planning radiation therapy.
Consequently, this will improve the quality of healthcare. In addition, the proposed approach
can be used to optimize the process of annotating datasets. This will save money on the
development of solutions based on artificial intelligence.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All resources used for experiments are open source and/or have proper attribu-
tion in their links.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the
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has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Attached code includes implementation of the proposed approach and has
comprehensive instructions on running experiments.
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* The answer NA means that the paper does not release new assets.
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* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
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Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: -
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* The answer NA means that the paper does not involve crowdsourcing nor research with
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* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
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Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: -
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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