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Abstract

Understanding radiologists’ eye movement during Com-
puted Tomography (CT) reading is crucial for develop-
ing effective interpretable computer-aided diagnosis sys-
tems. However, CT research in this area has been limited
by the lack of publicly available eye-tracking datasets and
the three-dimensional complexity of CT volumes. To ad-
dress these challenges, we present the first publicly avail-
able eye gaze dataset on CT, called CT-ScanGaze, captured
from expert radiologists. Then, we introduce CT-Searcher,
a novel 3D scanpath predictor designed specifically to pro-
cess CT volumes and generate radiologist-like 3D fixation
sequences, overcoming the limitations of current scanpath
predictors that only handle 2D inputs. Since deep learn-
ing models benefit from a pretraining step, we develop a
pipeline that converts existing 2D gaze datasets into 3D
gaze data to pretrain CT-Searcher. Through both qual-
itative and quantitative evaluations on CT-ScanGaze, we
demonstrate the effectiveness of our approach and provide a
comprehensive assessment framework for 3D scanpath pre-
diction in medical imaging. Code and data are available at
https://github.com/UARK-AICV/CTScanGaze.

1. Introduction

Interpretability is a fundamental aspect of Computer-aided
Diagnosis (CAD) system as it supports safe, accurate, and
trustworthy patient care [47]. The integration of eye gaze
signals offers a promising approach to enhance the inter-
pretability of CAD systems [22, 38, 47, 48, 51]. Under-
standing the importance of gaze data in medical imaging
analysis, EGD [38] and REFLACX [6] are created and
shared publicly to advance chest X-rays (CXR) analysis.
As shown in Fig. 1a, these datasets have facilitated devel-
opments for artificial intelligent solutions, including multi-
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Figure 1. Many research directions in CAD would benefit from
the availability of gaze, report, and findings data, as is the case for
CXR (a), highlighted in green. However, some critical areas in CT
research are underexplored. For example, there are only prelim-
inary results for Explainable Report Generation and Explainable
Classification, highlighted in yellow. Especially, Scanpath Pre-
diction is underexplored and often overlooked, highlighted in red,
primarily due to the lack of publicly available datasets (b). Our
dataset offers new research opportunities to these tasks. In this pa-
per, we address the Scanpath Prediction task on CT scans (c).

label classification [38, 62, 69], report generation [38, 61],
explainable classification [55], explainable report genera-
tion [54], and scanpath prediction [67]. However, existing
medical datasets are either limited to 2D images like CXRs
or lack radiologist gaze data. The absence of public dataset
capturing radiologists’ eye gaze patterns on Computed To-
mography (CT) has left several critical tasks underexplored
in CT imaging, including scanpath prediction, explainable
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Figure 2. Illustration of our data collection and processing pipeline. The Data Collection panel shows the setup: a radiologist examines CT
scans on a monitor equipped with a Tobii eye-tracker and microphone for recording audio reports. The Raw Data panel displays four data
streams collected: screen recording video, DICOM files, verbal report audio, and eye gaze data. The Data Processing panel demonstrates
the data processing pipeline, which includes OCR and pydicom processing of DICOM files, integration of eye gaze data (frame ID, (x, y)
coordinates, duration) to create the final 3D gaze data. We create the final radiology report and clinical findings from the Report Audio.

diagnosis (classification and report generation), as shown in
Fig. 1b. Especially, the scanpath prediction task on CT data
is often overlooked due to missing gaze data.

The volumetric nature of CT data reveals several unique
behaviors from radiologists’ eye movement. For exam-
ple, radiologists must constantly navigate across multiple
slices and viewing planes to understand anatomical relation-
ships [2, 22]. Additionally, radiologists mentally integrate
spatial information across different depths to form a cohe-
sive 3D understanding of the anatomy and pathology [2, 21,
24]. Finally, they employ systematic search strategies to en-
sure thorough volume examination, as overlooking even a
single slice risks missing critical findings [2, 22, 68]. The
existing scanpath prediction methods [13, 50, 80] are pri-
marily designed for 2D imaging analysis. Consequently,
these 2D-based models do not account for the unique as-
pects of CT interpretation, particularly the complex volu-
metric eye movement strategies and comprehensive slice
coverage patterns exhibited by radiologists, such as mov-
ing back-and-forth between slices. Motivated by these chal-
lenges, this paper introduces the first public eye gaze medi-
cal dataset that focuses on CT scans, CT-ScanGaze. Unlike
existing medical eye gaze datasets [6, 38], CT-ScanGaze
provides 3D eye gaze data associated with every CT vol-
ume. As shown in Fig. 1c, CT-ScanGaze provides four main
modalities: CT scans, eye gaze data (gaze map and attention
map), radiology reports, and findings.

To conduct a benchmark on the proposed CT-ScanGaze,
we tackle the scanpath prediction task. While existing scan-
path prediction methods can be extended to 3D, their orig-
inal 2D design may limit their ability to model inter-slice
navigation and spatial-temporal continuity. Moreover, scal-
ing these methods to 3D introduces a higher-dimensional
search space, making them more susceptible to the curse of
dimensionality and harder to generalize without specialized
architectural design. Therefore, we propose a transformer-
based network, CT-Searcher, that generates 3D scanpaths

for CT volumes. DL typically requires large pretraining
datasets, but CT-ScanGaze is relatively small with only 909
CT volumes compared to COCO-Search18’s 6,202 images,
potentially leading to overfitting or suboptimal training. So,
we utilize a 2D-to-3D pipeline to create a synthetic 3D gaze
dataset for the pretraining step. By pretraining CT-Searcher,
it gains the ability to process CT features and predict gaze-
like sequences, which enhances its performance on the final
scanpath prediction task. Next, we train and evaluate CT-
Searcher against current state-of-the-art scanpath prediction
models [13, 50, 80], which are adapted to process 3D inputs
and predict 3D scanpaths. Our findings indicate that CT-
Searcher successfully generates radiologist-like scanpaths,
effectively capturing both spatial coverage within each CT
slice and navigational movements across slices.

Our contributions are summarized as follows:
• CT-ScanGaze: We present the first public dataset of ex-

pert radiologist gaze during CT analysis, comprising CT
scans, eye gaze data, detailed reports, and findings.

• CT-Searcher: We introduce a 3D scanpath prediction
network that generates radiologist-like eye movement
from a CT volume. And a pretraining pipeline on syn-
thetic 3D gaze data (CT, 3D gaze) from 2D gaze data
(CXR, 2D gaze).

2. CT-ScanGaze
2.1. Data Collection
Our study collects data from a private hospital dataset of
chest and abdomen CT scans, working with two experi-
enced radiologists (10+ years experience). Data collection
setup involves a Tobii eye tracker mounted on a monitor
to track gaze data and a microphone to record audio re-
ports. Calibration is performed before each session, with
Tobii Pro Lab software managing the eye-tracking data and
screen recordings. CT scans are viewed using OHIF viewer
integrated with OHIF-Orthanc server, providing necessary
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There is no free fluid in the mediastinum. The heart
size is normal. There is no pericardial effusion. The
great vessels are normal in diameter.
Pneumomediastinum without pneumothorax. This is
likely secondary to blood rupture. There is
subsegmental mucus plugs in both lungs which likely
represents bronchitis or asthma. No pulmonary
embolism.

There's right apical pneumothorax. emphysema is
present. There are degenerative changes in the spine.
And front, first, right, sternocleidomastoid. There's
partial fusion of the vertebral bodies of C4 and C5
with retrolisthesis with respect to C3 and C6. The soft
tissues are with the normal limits. Impression number
one, no acute osseous abnormality of the cervical
spine, number two, right pneumothorax.

There's a trace left pneumothorax and a trace right
pneumothorax. There's consolidation in the right
lower lobe. There's subcutaneous emphysema in the
perineum, including the right back left right buttock,
inguinal region. There's extensive subcutaneous
emphysema in the scrotum. The osseous structures
are unremarkable.

ReportsFixation HeatmapTemporal Slice Navigation

Figure 3. Examples from our dataset. Three CTs are reviewed and concluded with radiology reports as shown in the Reports column
on the right. The Temporal Slice Navigation shows how slice navigation change over time. We can observe that radiologists often scan
through all slices and go back-and-forth for suspicious areas. In the middle column Fixation Heatmap, we show some slices in the CTs.
The heatmap represents all fixations viewed on that slice. For example, if in the first view they only see the left side, and in the second
view they see the right side, the visualized heatmap shows fixations on both sides.

tools, e.g. contrast window control, for radiological analy-
sis. We organize the setup as in Fig. 2 (left). Our radiolo-
gists perform their natural reading process of every CT scan
exactly like they do in clinical practice. For example, 5mm
images are sufficient for many pathologies. It is impractical
for radiologists to review too many images in the thin series.
Thin series are used for troubleshooting when radiologists
need to examine certain details. Therefore, our CT scans
vary in slice thickness (1-5 mm) to match this practice.

2.2. Data Processing
Each data collection session yields four data streams: video
recording of radiologists’ CT reading session, DICOM files
of the CT scan, audio recording report, and eye gaze data.
As shown in Fig. 2 (right), we process these streams to cre-
ate through three main steps: Spatial Mapping, Spatiotem-
poral Mapping, Radiological Report & Findings Extraction.
Fig. 3 shows 3 examples being viewed by our radiologists.
Spatial Mapping. We extract individual frames from ses-
sion videos and use Tesseract OCR [64] to identify series
and slice numbers from the bottom-left text, with manual
correction when needed. This creates frame-to-DICOM
mapping pairs (Fig. 2).
Spatiotemporal Mapping. The eye tracker records time
(ms), screen coordinates (x, y), and fixation duration (t).
Each timestamp is mapped to a frame ID using the video’s
frame rate (25 FPS). Using frame-to-DICOM pairs, we map
gaze data to DICOM files to obtain (DICOM ID, (x, y, t))
pairs. Since each DICOM represents a CT slice number, we
transform fixations into a list of 4-tuples (x, y, z, t), where
z is a slice number.

Radiological Report & Findings Extraction. We use
Google’s Speech-to-Text ‘medical dictation’ model [14] on
the recorded audio to generate a textual report of the radiol-
ogist’ verbal interpretation for each CT scan. From these re-
ports, we use SARLE [20], a specialized labeler for extract-
ing findings from CT reports, to extract the corresponding
radiological findings.

2.3. Dataset Statistics

CT-ScanGaze contains 909 CT scans, each accompanied
by: scanpath, a radiology report, and findings. We have a
total of 131,618 CT slices, 4,772 minutes of scanpath data,
and 9,332 extracted findings. Due to the original gaze data
containing dense and complex scanpaths with sequences av-
eraging 543 fixations (and reaching up to 2,708 fixations per
CT), we employ a simplification algorithm from the Mul-
tiMatch toolbox [18] to make the data more manageable
while preserving essential gaze patterns. This process re-
duces sequences to an average of 222 fixations with a max-
imum of 1,507 fixations. Both original and simplified ver-
sions will be made available. We recommend the reader to
see Appendix A for more statistical details and Appendix H
for a discussion on the gaze simplification algorithm.

2.4. Scientific Benefits

This dataset represents a valuable resource for the medical
imaging and computer vision communities:
• Benchmark for 3D Scanpath Prediction: CT-ScanGaze

serves as a benchmark for predicting visual search pat-
terns in 3D medical volumes, addressing difficulties
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unique to volumetric imaging that existing 2D-focused
datasets do not cover.

• Advancement of Explainable AI: By linking radiolo-
gists’ gaze with radiology diagnosis, CT-ScanGaze sup-
ports research in explainable report generation and classi-
fication, enhancing insights into the connection between
visual attention and diagnostic reasoning. This research
area is actively explored in 2D medical imaging analysis
by various researchers [6, 32, 38, 57, 71].

In addition, we believe CT-ScanGaze can be used in other
scenarios such as study of radiologists’ gaze behavior [22],
advancement of general 3D scanpath prediction, radiology
training [32, 38, 71], and collaborative CAD [39, 51, 53].

3. Problem Statement: 3D Scanpath Prediction

In this work, we address the 3D scanpath prediction task on
CT scans. Given a CT volume V ∈ RH×W×D, our goal
is to predict a sequence of N fixations {p̂1, p̂2, . . . , p̂N}.
Each predicted fixation p̂i = (x̂i, ŷi, ẑi, t̂i) should mini-
mize its deviation from the ground truth fixation sequence
{p1, p2, . . . , pN}, where each pi = (xi, yi, zi, ti) repre-
sents the 3D spatial location (xi, yi, zi) and duration ti of
a radiologist’s gaze point. Our model aims to capture both
the spatial patterns and temporal dynamics of expert visual
search behavior in volumetric medical imaging.

4. CT-Searcher

The overall architecture of CT-Searcher is depicted in
Fig. 4. First, a Feature Extraction module takes a CT
volume V and produces suitable 3D-aware representations
(Sec. 4.1). Then, a Transformer Decoder uses a set of learn-
able queries to attend on the 3D-aware presentation and cre-
ates appropriate decoded features for decoding our desired
outputs (Sec. 4.2). Finally, the latent features go through a
Spatial Prediction module to produce 3D probability maps
(Sec. 4.3) and a Duration Prediction module to produce du-
rations (Sec. 4.4). All modules in CT-Searcher are trained
jointly with losses defined in Sec. 4.5.

4.1. Feature Extraction
Given an input CT volume V ∈ RH×W×D, we first ex-
tract visual features F ∈ RH′×W ′×D′×C using a visual
encoder, where H ′, W ′, and D′ are the reduced spatial
dimensions and C is the feature dimension. These fea-
tures are then projected into a compatible representation
Z = MLP(cc(F, τ)) ∈ RL×Dm for the Transformer En-
coder by a Multi-Layer Perceptron (MLP), where cc(·, ·) is
a concatenate operation, τ is a special learnable token rep-
resenting ‘stop’ fixation, Dm is the transformer hidden di-
mension and L = H ′ ∗W ′ ∗D′ + 1. To incorporate spatial
information, we adapt the 2D sinusoidal positional encod-
ing [8] to a 3D version. For each dimension (x, y, z) in a

3D volume, we generate position embeddings using differ-
ent frequency bands:

ωk = exp

(
−k

log(T )

d/2

)
, k = 0, . . . , d/2− 1 (1)

where T = 10000 is the temperature parameter and d =
Dm/3 is the embedding dimension per axis. For each spa-
tial position pos along each axis, we compute:

PEaxis(pos) = (sin(pos · ω0), cos(pos · ω0), . . . ,

sin(pos · ωN−1), cos(pos · ωN−1)) (2)

where N is the maximum length of fixation, axis ∈
{x, y, z} and positions pos are normalized to [0, 2π]. The
final encoding PE(x, y, z) concatenates these components:

PE(x, y, z) = [PEx(x);PEy(y);PEz(z)] ∈ RDm (3)

We apply 3D positional encoding on only the spatial tokens
H ′ ∗ W ′ ∗ D′ of Z and pass Z to a Transformer Encoder
that composes suitable 3D-aware representations E(Z) ∈
RL×Dm for the Transformer Decoder in the next step.

4.2. Transformer Decoder
Before going through Transformer Decoder, we apply 3D
positional encoding again on E(Z) to retain the 3D spa-
tial information. Then, a Transformer Decoder D(·) uses
N learnable gaze queries Q ∈ RN×Dm to attend to rel-
evant features in E(Z) to produce decoded features R =
D(Q,E(Z)) ∈ RN×Dm .

4.3. Spatial Prediction
The objective of Spatial Prediction module (SP) is to gen-
erate 3D fixation maps that represent the probabilistic dis-
tribution of 3D fixation coordinates over time and the the
likelihood of sequence termination. The output of the trans-
former’s decoder R ∈ RN×Dm is projected into a fixation
embedding by a Fully-connected (FC) layer, which is then
convolved with the encoded feature map E(Z) and a soft-
max layer to get the 3D spatial distribution for all fixations
Ŷ ∈ [0, 1]N×L:

Ŷ = softmax(FC(R)⊗ E(Z)⊤), (4)

where ⊗ denotes the matrix multiplication.

4.4. Duration Prediction
The objective of Duration Prediction module (DP) is to gen-
erate fixation durations that reflect the probabilistic distri-
bution of fixation durations over time. Here, we use the
re-parameterization trick [19] on the encoded features R to
regress them into mean values µt and log-variances λt:

µt = MLPµt
(R), λt = MLPλt

(R) (5)

t̂ = µt + ϵt · exp(0.5λt), (6)

21735



Figure 4. CT-Searcher processes CT scans V to predict 3D scanpaths. Initially, a 3D visual encoder within the Feature Extraction
module extracts voxel features F . These features with a special ‘stop’ token are then transformed into Z by an MLP and combined
with 3D positional encoding PE to incorporate spatial information. The Transformer Encoder subsequently composes suitable 3D-aware
representations from Z. A Transformer Decoder then uses a set of learnable queries Q to attend to these 3D-aware representations and
generate decoded features R for the desired outputs. To prevent the loss of 3D spatial information, we reapply the 3D positional encoding
before feeding the 3D-aware representations into the Transformer Decoder. The decoded features R are then processed by the Spatial
Prediction to produce Ŷ , including 3D fixation maps and a ‘stop’ probability. R is also processed by the Duration Prediction Head to
estimate fixation durations t̂ over time. Each Ŷ has H ∗W ∗D+1 elements, where H ∗W ∗D tokens represent the 3D fixation map and
one special element, embedded from token τ , represents ‘stop’. In the final ŶN of this figure, the special token has the highest probability
and is likely to be chosen in sampling, signaling that the model predicts fixation stops at the N th fixation.

where ϵt ∼ N (0, 1) is a noise term that give our predictions
a probabilistic characteristic.

4.5. Losses
To model the probabilistic nature of human fixations, we
use two complementary loss functions. For the SP, which
generates 3D fixation probability maps, we use Cross En-
tropy loss between the predicted distribution Ŷi and ground
truth fixation map Yi ∈ [0, 1]Lgt at each step i:

Lce =
−1

N

N∑
i=1

Lgt∑
l=1

Yi(l) log Ŷi(l) (7)

where Lgt = H ∗ W ∗ D + 1 are the resolution of the
ground truth volumes. Ŷi is interpolated to same shape Yi ∈
RH∗W∗D+1 before computing loss. The i-th ground truth
3D map Ui is initialized as zero, with the fixation location
(x, y, z) as 1:

Ui(x
′, y′, z′) =

{
1 if x′ = x, y′ = y, z′ = z

0 otherwise
(8)

where x′ ≤ W, y′ ≤ H, z′ ≤ D. We use 1-hot ground-truth
Y framing as classification task, and CTSearch predicts dis-
tribution Ŷ with softmax in Eq. (4). Because N is fixed, we
use padding on sequences with length less than N and set
the stop token τ to be 1 and Ui = 0, otherwise τ = 0. The
ground truth heatmap is Yi = cc(Ui, τ).

The output of DP module is a scalar, making it suitable
for a regression objective. We observe that the L1 loss per-
forms effectively in our scenario.

Lt =
1

N

Np∑
i=1

∥t̂i − ti∥1 (9)

where ti is the ground truth duration at step i. The final loss
combines both terms:

L = Lt + Lce (10)

4.6. Pre-training CT-Searcher
Due to the high complexity of 3D scanpath prediction, we
find that pretraining CT-Searcher before training on CT-
ScanGaze is necessary to enhance its ability to process CT
features and predict fixation-like sequences.

First, we combine the eye gaze data from EGD [38] and
REFLACX [6], which brings more than 3,000 pairs of CXR
and fixations. We also remove invalid fixation data de-
scribed by the authors [6, 38] of EGD and REFLACX.

Secondly, we use a CXR-to-CT method [40] to convert
all CXRs to CTs. To transform 2D gaze points into 3D
coordinates, we process each normalized 2D fixation set
{(xi, yi, ti)}ni=1, where xi, yi ∈ [0, 1] represent normalized
coordinates in the CXR image plane (with (0, 0) at the top-
left corner and (1, 1) at the bottom-right corner), and ti is
the fixation duration. We perform the following steps: flip
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the x dimension using 1−xi to account for the right-to-left
reading pattern in CXR; set the middle slice position as 0.5
(where 0 represents the first slice and 1 represents the last
slice in normalized coordinates); and map yi directly to the
slice dimension while preserving the normalized scale. The
middle slice position (0.5) is chosen because radiologists
exhibit a center bias when reading axial slices. This pro-
cess transforms the 2D fixation set {(xi, yi, ti)}ni=1 into a
3D fixation set {(1−xi, 0.5, yi, ti)}ni=1 with approximately
3,000 samples.

Finally, we augment the data during pretraining by sam-
pling fixations from a Gaussian distribution with σ of one
degree of visual angle, which fluctuates coordinates in the
first and second dimension. This follows the widely ac-
cepted assumption [43] that fixations follow a Gaussian dis-
tribution. We emphasize that this conversion process should
only be used during pretraining due to the inherent domain
gap between 2D and 3D imaging. We provide additional
synthetic visualization in Appendix B.

5. Experiments

5.1. Experimental Details

Implementation Details. CT-Searcher uses Swin UN-
ETR [29] encoder with 96 × 96 × 96 input window. Due
to computational constraints, we use a frozen pre-trained
Swin UNETR checkpoint on LIDC-IDRI [3]. The trans-
former has 6 encoder/decoder layers, 8 attention heads, and
hidden size of 768. All MLPs in CT-Searcher have two lay-
ers, ReLU activation, and 512 hidden dimension. The CT-
Searcher is implemented in PyTorch. We use AdamW [46]
optimizer with initial learning rate of 1e−4 and weight de-
cay of 0.01. We train and evaluate all methods on the sim-
plified version (Sec. 2.3) of CT-ScanGaze. We pre-train CT-
Searcher (Sec. 4.6) for 50,000 iterations with a batch size of
8, and we then fine-tune CT-Searcher on CT-ScanGaze for
20 epochs with N = 400 fixations. For more implementa-
tion details, please refer to Appendix C.
Evaluation Metrics. We benchmark on two aspects:
scanpath-based metrics (SM [16], MM [18], SED [7, 27])
and spatial-based metrics (CC, KLDiv, NSS [13, 30]).
All metrics are adapted for 3D scanpath prediction (Ap-
pendix D). We run 5-fold cross-validation and report the
scores with 95% confidence intervals.
Baselines. We evaluate CT-Searcher against leading scan-
path prediction methods including PathGAN [4] Gaze-
former [50], GazeformerISP [13] and HAT [80]. To bench-
mark these 2D methods on 3D gaze data, we replace the
feature encoder of PathGAN, Gazeformer, GazeformerISP,
and HAT to Swin UNETR encoder. We replace 2D posi-
tional encoding in Gazeformer, GazeformerISP, and HAT
to our 3D positional encoding. Because Gazeformer has
two heads for predicting the 2D coordinates and one head

for predicting the duration, we only add a head to predict
the slice number. In HAT and GazeformerISP, we alter their
spatial decoder from generating 2D fixation heatmaps to 3D
fixation heatmaps. For remaining modules, we follow their
original implementation, for example we use RoBERTa [45]
for task embedding of Gazeformer and GazeformerISP.
More implementation details on 3D adapted scanpath pre-
diction baselines are in Appendix E.

5.2. Qualitative Results

We present qualitative results in Fig. 5 to demonstrate the
effectiveness of our proposed method. The results reveal
clear performance differences across evaluation aspects.
In the temporal slice navigation plots (Fig. 5, left), CT-
Searcher captures similar temporal dynamics to the ground-
truth, while baseline methods (GazeformerISP and HAT)
exhibit erratic, high-variance patterns. Notably, the orange
areas show that CT-Searcher replicates the non-linear be-
havior characteristic of experienced readers, who frequently
navigate back and forth through the volume to revisit sus-
picious regions. The fixation heatmap visualization (Fig.
5, right) demonstrates that CT-Searcher produces more ac-
curate attention distributions compared to other methods.
These qualitative findings confirm that our approach suc-
cessfully replicates the complex visual search patterns of
radiologists during CT interpretation, representing a signif-
icant advancement in 3D medical scanpath prediction. We
provide additional qualitative results in Appendix F.

5.3. Quantitative Results

Tabs. 1 and 2 demonstrates the significant challenges in
3D scanpath prediction. CT-Searcher achieves consis-
tently better performance across all metrics compared to
existing approaches. The earliest method, PathGAN, per-
forms poorly across all metrics, with particularly low Scan-
Match (0.0118) and saliency scores (CC: 0.0349). Re-
cent transformer-based approaches show improvement but
face various limitations: HAT struggles with limited train-
ing data (ScanMatch: 0.0171), Gazeformer’s separate co-
ordinate prediction via three MLPs causes consistency is-
sues affecting saliency metrics (KLDiv: 23.332), and Gaze-
formerISP underperforms on CT-ScanGaze due to its spe-
cialized and complex architecture. CT-Searcher demon-
strates superior performance with significant improvements
in ScanMatch (0.1466), MultiMatch position (0.7859) and
duration (0.5003) scores, and saliency metrics (CC: 0.1706,
KLDiv: 3.645), indicating better capture of radiologists’
gaze patterns. These results highlight the effectiveness of
our approach and represent a substantial advancement in
modeling expert visual search behavior for CT.
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Figure 5. Qualitative comparison of our method and other SOTA methods, HAT and GazeformerISP. The Temporal Slice Navigation
column shows the predicted scanpath over time, with the y-axis representing slice numbers (out of 89 total) and the x-axis showing fixation
indices. For example, the ground truth has 105 fixations, with fixations move through depth from the earliest to the last slices. The Fixation
Heatmap columns present the fixation heatmaps, illustrating regions of interest from which the corresponding gaze positions are sampled.
The visualized CT slices for these heatmaps are selected between slice numbers 40 and 50. We observe that CT-Searcher can capture the
navigation pattern of radiologists. Especially, the orange area indicates that the back-and-forth scanning behavior of radiologists has been
successfully captured by CT-Searcher.

Table 1. Comparison of scanpath-based metrics between our CT-Searcher and existing models adapted to 3D data. (Appendix E).

Method ScanMatch ↑ MultiMatch ↑ SED ↓
w/o Dur. w/ Dur. Vector Direction Length Position Duration

PathGAN [4] 0.0118±0.002 0.0649±0.005 0.8277±0.023 0.3194±0.015 0.6786±0.031 0.6559±0.028 0.2959±0.018 663±42
HAT [80] 0.0171±0.003 - 0.8103±0.019 0.3178±0.014 0.6522±0.029 0.6295±0.025 - 307±28
Gazeformer [50] 0.0619±0.005 0.0718±0.006 0.8653±0.021 0.3012±0.016 0.8601±0.035 0.6492±0.027 0.3254±0.019 279±25
GazeformerISP [13] 0.0828±0.007 0.0711±0.006 0.8831±0.024 0.3060±0.015 0.8044±0.033 0.7354±0.031 0.3375±0.020 238±21

Ours CT-Searcher 0.1466±0.009 0.1170±0.008 0.9216±0.026 0.4151±0.018 0.8783±0.036 0.7859±0.033 0.5003±0.024 174±18

5.4. Cross-radiologist Evaluation
To assess potential learning bias toward a single radiolo-
gist’s style (as CT-ScanGaze is collected from only two ra-
diologists), we conduct a cross-radiologist evaluation. Us-
ing the same trained checkpoints from our 5-fold cross

Table 2. Comparison of spatial-based metrics between different
scanpath prediction models.

Method Saliency

CC ↑ KLDiv ↓ NSS ↑
PathGAN [4] 0.0349±0.017 25.602±1.832 0.1343±0.021
HAT [80] 0.0914±0.034 15.493±1.245 1.0676±0.089
Gazeformer [50] 0.0855±0.044 23.332±1.756 0.5005±0.042
GazeformerISP [13] 0.1104±0.021 5.023±0.428 0.7703±0.065

Ours CT-Searcher 0.1706±0.016 3.645±0.312 1.1422±0.095

validation that produce the results in Tabs. 1 and 2, we
compute separate scores for test sets containing only the
first or second radiologist’s ground truth data, as shown in
Tabs. 3 and 4. The differences in scores between the two
radiologists are insignificant, leading us to conclude that
CT-Searcher successfully learns general scanpath patterns
rather than overfitting to an individual radiologist’s style.

5.5. Ablation Studies

We conduct comprehensive ablation studies to validate each
component of our framework. We provide additional abla-
tion study on CT Visual Encoder backbone in Appendix G.
Impact of 3D Positional Encoding (3D-PE). 3D-PE en-
hances the model’s ability to capture positional relation-
ships across height, width, and depth. As shown in Tab. 5,
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Table 3. Performance of our proposed CT-Searcher on different radiologists on scanpath-based metrics.

Method ScanMatch ↑ MultiMatch ↑ SED ↓
w/o Dur. w/ Dur. Vector Direction Length Position Duration

Radiologist #1 0.1499±0.010 0.1214±0.009 0.9087±0.025 0.4023±0.019 0.8888±0.035 0.8001±0.034 0.5110±0.023 182±19
Radiologist #2 0.1431±0.008 0.1124±0.007 0.9339±0.027 0.4273±0.017 0.8673±0.037 0.7712±0.032 0.4891±0.025 166±17
Both 0.1466±0.009 0.1170±0.008 0.9216±0.026 0.4151±0.018 0.8783±0.036 0.7859±0.033 0.5003±0.024 174±18

applying 3D-PE improves our model performance across
all metrics. Comparing rows #1 and #2 reveals substan-
tial improvements when adding 3D-PE without pretraining,
while comparing rows #3 and #4 demonstrates that 3D-PE
remains crucial even with pretraining in place. The dramatic
improvement in KLDiv from 7.526 to 3.645 between rows
#3 and #4 highlights how 3D-PE enhances spatial aware-
ness in our volumetric predictions. In conclusion, 3D-PE
provides essential spatial context for volumetric data pro-
cessing, resulting in substantial performance improvements
across all metrics regardless of whether pretraining is used.
Impact of Pre-training Step (Pre). Pretraining often ben-
efits deep learning models by establishing helpful inductive
biases [76]. Given the limited size of our real CT dataset,
direct training alone may lead to suboptimal performance.
As shown in Tab. 5, our experiments demonstrate that in-
corporating a pretraining step further improves model per-
formance. When comparing rows #2 and #4, we observe
that adding pretraining to a model with 3D-PE further en-
hances performance, with improvements in mSM (0.1275
to 0.1318), mMM (0.6883 to 0.7002), SED (184 to 174),
and KLDiv (5.194 to 3.645). These gains appear across all
evaluation metrics, confirming the value of pretraining.

6. Related Work
Eye Gaze Datasets. The proliferation of eye gaze datasets
in the general visual domain [10, 23, 25, 28, 36, 52, 70,

Table 4. Performance of CT-Searcher on different radiologists on
spatial-based metrics.

Method Saliency

CC ↑ KLDiv ↓ NSS ↑
Radiologist #1 0.1901±0.017 3.388±0.293 1.209±0.101
Radiologist #2 0.1503±0.014 3.912±0.331 1.072±0.089
Both 0.1706±0.016 3.645±0.312 1.142±0.095

Table 5. Ablation study on the impact of each component. mSM
and mMM denote for ScanMatch and Multimatch, respectively.

Pre 3D-PE mSM ↑ mMM ↑ SED ↓ KLDiv↓
✗ ✗ 0.0207±0.011 0.6034±0.031 252±23 20.958±0.902
✗ ✓ 0.1275±0.005 0.6883±0.022 184±18 5.194±0.523
✓ ✗ 0.0632±0.019 0.6562±0.019 189±12 7.526±0.616
✓ ✓ 0.1318±0.009 0.7002±0.027 174±18 3.645±0.312

75, 77, 81] reflects growing interest in understanding hu-
man visual behavior. These datasets span diverse sce-
narios, ranging from multi-target search tasks [28] to fo-
cused single-category search [25, 81]. Notable examples
include COCO-Search18 [77] with its extensive object cat-
egories and datasets incorporating Visual Question Answer-
ing paradigms [10]. While the general domain has seen sub-
stantial progress, medical eye gaze datasets remain limited
in scope. Current medical datasets concentrate primarily on
2D modalities, particularly chest X-rays, as exemplified by
EGD [38] and REFLACX [6]. The absence of 3D medical
eye gaze datasets represents a significant gap in the field.
To address this limitation, we present the first comprehen-
sive eye gaze dataset for CT scan analysis. CT-ScanGaze
provides essential data for advancing research in volumet-
ric medical image analysis and understanding expert visual
search patterns in 3D medical contexts.
Scanpath Prediction. Early approaches to scanpath predic-
tion primarily focused on sampling fixations from saliency
maps [34, 49, 72, 74]. The field has since witnessed remark-
able progress [1, 5, 9, 11–13, 15, 17, 26, 31, 35, 41, 50, 56,
58–60, 65, 66, 73, 77–80, 82], particularly through the in-
tegration of deep neural networks [12, 17, 37, 42, 50, 60,
66, 77–79], reinforcement learning [12, 77, 78], and trans-
former architectures [13, 50, 60, 80]. These advances have
substantially enhanced our understanding of temporal atten-
tion dynamics. However, none of previous approaches have
been designed for Computed Tomography. To address this
limitation, we propose a transformer-based method, CT-
Searcher, specifically designed for scanpath prediction on
CTs.

7. Conclusion
This paper introduces CT-ScanGaze, the first public CT
eye gaze dataset, along with CT-Searcher as the first CT
scanpath prediction baseline. Experiments show that CT-
Searcher works well and marks an important breakthrough
in how we can model the way experts visually search
through complex 3D medical images.
Acknowledgments. This material is based upon work sup-
ported by the National Science Foundation (NSF) under
Award No OIA-1946391, NSF 2223793 EFRI BRAID, Na-
tional Institutes of Health (NIH) 1R01CA277739-01.
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