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Abstract

Vision-language models (VLMs) achieve remarkable per-
formance on 2D medical images, such as X-rays or pathol-
ogy images, while 3D VLMs that directly process CT/MRI
volumes lag behind due to limited 3D training data and the
predominance of 2D foundation architectures. To lever-
age powerful 2D VLMs for analyzing medical volumes,
which contain hundreds of slices, it is therefore neces-
sary to focus only on those few slices, which are diag-
nostically relevant. To enable such a prioritization, we
propose XGLASS, a method that transfers medical exper-
tise from 2D X-rays to 3D CT for task-aware slice pri-
oritization. XGLASS uses disease-conditioned importance
maps derived from language-aligned radiologist gaze on
X-rays and spatially aligns them with coronal CT projec-
tions, bringing gaze priors and CT content into a shared 2D
representation. The fused gaze-prior/CT projection is then
used to predict a disease-specific ordering of axial slices,
prioritizing diagnostically relevant slices. XGLASS signifi-
cantly improves budgeted retrieval over 2D and 3D-native
baselines, achieving a top-10 hit rate up to 75.9% for the
best-performing disease. In practice, this means that af-
ter inspecting only the top 10 slices (4.17% of a 240-slice
scan), XGLASS identifies a diagnostically relevant slice in
more than 75% of cases. For downstream slice-wise finding
classification, an XGLASS-selected 30-slice candidate set
reduces model calls by 87.5% while improving FI by 11.3
percentage points over all-slice inference, 4.2 points over
the strongest 2D selector, and remains competitive with 3D-
native selectors while requiring up to 130.8x less time and
10.9x less GPU memory per finding, supporting its use as
a lightweight slice selector for volumetric CT analysis. The
code and pretrained checkpoint are available on GitHub.

1. Introduction

Vision-language models (VLMs) have recently enabled re-
markable progress in computer vision, in tasks such as
zero-/few-shot recognition, retrieval, and visual question
answering (VQA), largely driven by the abundance of real-

world image-text pairs [1, 2, 8, 33, 37, 38]. Analogously,
the release of large paired medical datasets [7, 17, 18]
has catalyzed medical adaptations, leading to CLIP-style
medical contrastive models [25, 42, 46, 48] and medical
VLMs [24, 31, 35] capable of report generation, diagno-
sis, and medical VQA. Alongside these models, a grow-
ing ecosystem of 2D medical datasets has emerged, such as
closed- and open-ended VQA benchmarks targeting med-
ical questions [15, 23, 26, 47]. However, the majority of
these resources contains 2D medical images, such as x-
ray or pathology slides. When CT or MRI appear in those
datasets, they are typically represented by single, diagnos-
tically relevant slices that were manually extracted by ex-
perts, rather than complete 3D volumes [15, 23, 26]. This
results in a mismatch between dataset availability and diag-
nostic requirements, since core diagnostic modalities, such
as CT or MRI, are inherently 3D. Applying 2D VLMs di-
rectly to complete CT volumes would require processing
every axial slice independently, which is computationally
expensive and often inefficient because most slices are re-
dundant or irrelevant to a queried finding. In practice,
downstream applications such as slice-wise VLM screen-
ing, computer-aided detection (CAD), and 2D dataset cu-
ration benefit from compact disease-conditioned candidate
sets rather than exhaustive all-slice inference [41]. Moti-
vated by this gap between predominantly 2D VLMs and the
3D nature of clinical imaging, we propose X-Ray, Gaze
and Language Assisted Slice Sequencing (XGLASS), a
lightweight method that transfers radiologist gaze-language
priors learned on chest X-rays (CXRs) to rank axial CT
slices by diagnostic relevance in a disease-conditioned man-
ner. XGLASS effectively regresses a continuous, 240-
dimensional relevance profile over axial slices, enabling
relevance ranking, top-k slice extraction, and importance-
based traversal for retrieval or VLM conditioning. Empir-
ically, XGLASS improves budgeted slice retrieval over 2D
and 3D-native baselines, reaching 75.9% Hit@10 for the
best-performing disease, while downstream VLM screening
shows that XGLASS-selected candidate sets reduce model
calls by 87.5% and improve F1 by up to 11.3 points over
all-slice inference.
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To this end, we make the following contributions:

* We introduce disease-conditioned importance maps from
medical expert knowledge collected through x-ray eye-
tracking data and synchronized speech recordings.

* We propose XGLASS, a lightweight 2D-to-3D cross-
modal model that transfers these priors to CT projections
and predicts disease-specific axial slice relevance scores.

* We evaluate XGLASS against 2D and 3D-native base-
lines, showing significantly better budgeted retrieval, sub-
stantially lower inference cost, and downstream F1 gains
while reducing model calls by 87.5%.

2. Related Work

Eye-tracking in medical imaging. Radiologist eye-
tracking provides implicit supervision of diagnostic search
behavior and has been used to study visual expertise, di-
agnostic performance, and attention allocation [12, 20,
22, 39]. Recent CXR datasets such as REFLACX and
MIMIC-Eye link gaze with report transcripts [5, 16, 19], en-
abling gaze-guided localization, attention steering, and mul-
timodal alignment [4, 21, 28]. In contrast, eye-tracking data
for 3D CT remain scarce: CT-Scangaze [32] provides 3D
scanpaths with dictation transcripts, but its limited number
of only 57 distinct scanpath—report pairs makes it unsuitable
for deriving stable disease-specific importance maps.

Slice selection for 3D medical imaging. CT and MRI
interpretation requires scrolling through volumetric slices,
making slice selection useful for reducing redundancy and
enabling 2D models to process 3D data. Vote-MI [41] se-
lects representative slices from 2D features, but remains
unsupervised, not disease-conditioned, and requires encod-
ing all slices before selection, increasing computational
cost. Although CT reading differs from CXR interpretation
through slice drilling and z-axis-ordered search [12], our
CXR-CT gaze-prior comparison in Supplementary Sec. B.4
shows correlated superior—inferior disease-attention profiles
across modalities (r=0.65-0.96), supporting XGLASS’s
transfer of 2D gaze priors for CT axial slice sequencing.

3. Method

Based on x-ray, gaze, and language input, XGLASS learns
f(P,G) — 4, which processes a coronal CT intensity pro-
jection P, enriched with a disease-specific gaze prior G,
in the form of an importance map. For clarity, the overall
pipeline is illustrated in Figure 1. Based on P and G, f
predicts a continuous importance vector § of length Ziarer.
Each entry of this vector represents the diagnostic relevance
of a single axial slice with respect to the disease conditioned
through the importance map. By learning f(P,G) with a
ViT-based regression model, we enable effective disease-
specific sequencing of the CT volume, from which P is ob-
tained. In the following subsections, we first describe how

to generate G, then how to project a CT volume to obtain
P, and finally how we learn f.

3.1. Disease-Conditioned Importance Maps

A central component of XGLASS is the construction of
disease-specific 2D importance maps G that capture how
expert radiologists navigate through chest X-rays. To obtain
these priors, we leverage the eye-tracking data paired with
dictated report texts, available in the REFLACX dataset [5].
For disease filtering for each report transcript, we use cus-
tom regular expressions similar to SARLE [11] to identify
disease-specific mentions in the spoken text. The times-
tamps associated with these textual matches define a tem-
poral window during which the radiologist was verbally de-
scribing the relevant findings. Prior work in psycholinguis-
tics shows that speakers’ gaze reliably anticipates verbal ar-
ticulation approximately one second, motivating the inclu-
sion of a short pre-speech buffer on the order of 1-1.5s [14].
Given the cognitive load and visual search demands of
CT interpretation, we included a slightly longer pre-speech
buffer of 2 s to ensure we capture all relevant fixation points.
Formally, the gaze pooling process is described as follows,
for a spoken mention with start time ¢¢,,+ and end time fepq,
we define the effective gaze window as [tstart — 28, tend]-
All gaze fixations that fall into this window are then ex-
tracted, ensuring that only gaze from the relevant diagnostic
moment contributes to the disease-conditioned importance
map. To obtain a consistent spatial representation, we nor-
malize each fixation with respect to the REFLACX chest
bounding box Bepest = (o, Yo, w, h) and discard fixations
falling outside Bpes (potentially resulting from tracker drift
or blinks). The box-normalized coordinates are

T — X0

i = g:y—yo
w o h

so that (%, ) € [0,1]%. We then aggregate the normalized
fixations across studies for the same disease category and
smooth them by placing a Gaussian at each fixation to ob-
tain a continuous density map [43]. Since REFLACX con-
tains frontal CXRs acquired in both AP and PA views, we
additionally analyze whether the resulting gaze priors are
sensitive to view-specific acquisition geometry. In Sec. B.3
of the supplementary material, AP- and PA-specific gaze
maps show only minor differences in their superior—inferior
profiles; therefore, we aggregate both views to maximize
the number of gaze samples available per disease. The
resulting disease-conditioned importance maps capture the
aggregated spatial attention pattern for each finding and
serve as weak expert annotation priors that are subsequently
fused with coronal CT intensity projections to create the fi-
nal input for XGLASS.
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Figure 1. Overview of the XGLASS Pipeline. Given a chest CT and chest X-ray eye-tracking data with matching report transcripts
as input, we first normalize CT volumes and compute coronal CT intensity projections, while also matching gaze and disease mentions
to derive disease-conditioned importance maps. These importance maps are spatially aligned to the CT projection and fused via alpha
blending. The gaze-enriched intensity projection is input to the ViT-based regression head trained with MSE to predict a slice-importance
vector. For inference, the model uses the precomputed importance map for the desired disease fused with the CT intensity projection and
outputs a disease-specific relevance ordering of axial slices, ranking diagnostically important slices at the top.

3.2. CT Volume Projection

Our method takes two complementary sources of supervi-
sion: pre-computed, disease-specific 2D gaze importance
maps derived from radiologist eye-tracking on chest X-
rays using the REFLACX dataset [5], and a volumetric CT
dataset that shares matching disease findings and therefore
ReXGroundingCT [3] is to our knowledge the largest CT
dataset that fulfills our requirements. To project a given CT
volume into the disease-conditioned importance map do-
main, we first need to perform an intensity projection fol-
lowed by a projection window normalization.

Intensity projection: CT volume projections enable us
to project a given 3D volume into a 2D image, which in
case of a coronal projection, is aligned with our disease-
conditioned importance maps. Formally, let f(x) denote
the volumetric attenuation at location x € R3. A projec-
tion along an imaging direction d samples parallel-beams
x(u,v,t) = o(u,v) + t d and applies an aggregation oper-
ator A to the line signal f(x(u, v,t)):

Palu,v) = A({ flo(u,v) +td) brepo,ry). (1)

Because the coronal projection preserves the superior—
inferior coordinate indexing axial slices, aggregating
anterior—posterior depth retains the positional information
required for axial slice selection. Accordingly, d follows
the anterior—posterior axis, while different choices of A
yield standard projection types. To simulate real-world
x-ray projection A, would resemble the Beer-Lambert
law [36], which assumes that x-rays are only attenuated but
not reflected at x:

L
Agpp(u,v) = exp(—m/o flo(u,v) +td)dt), (2

whereby r is the constant extinction coefficient, which
models absorption and out-scattering. An average-intensity
projection (AIP) in contrast uses the line integral normal-
ized by its length:

L
Arp(u,v) = %/0 flo(u,v) +td)dt. 3)

In the field of radiology, additionally, the maximum-
intensity projection (MIP), defined as Anp(u,v) =
maxyeo,z] f(0(u,v) 4t d), plays an important role. How-
ever, MIPs emphasize very high-density structures (e.g.
bones) and de-emphasize soft-tissue pathology, which con-
flicts with the intensity ranges in which our target findings
occur. Therefore, throughout this paper, we solely focus on
the Beer-Lambert projection and the AIP. We have ablated
both (see Section 4.4.2), whereby we compare three stan-
dard CT windowings using AIP, i.e., lung, soft-tissue, and a
wide window.

Projection window normalization. To ensure the de-
scribed intensity projections are aligned with the obtained
disease-conditioned importance maps, anatomy normaliza-
tion needs to be applied. During this normalization, our
training set of 3,142 CT volumes was resampled to a uni-
form isotropic spacing of 1.25 x 1.25 x 1.25 mm. While
this standardizes resolution, it does not reconcile variability
in scan coverage along the Z-axis, which is critical since
XGLASS 2D-to-3D matching expects a fixed amount of ax-
ial slices. To avoid the anatomical distortion introduced by
global resizing (i.e., stretching or squashing), we adopt a
fixed-size cropping strategy and define a target axial block
size Zrger t0 be extracted from each volume. To further
minimize exclusions, we sweep Zie: to find an optimal
setting. A CT volume V; is included only if two constraints



hold: (1) its total axial slice count Zig,; (at 1.25 mm) is
large enough to contain the block, and (2) its pre-computed
chest bounding-box height Zpyox ; (at 1.25 mm) fits within
the block.

Vi € Cohortgna < (Ztotal,i > Ztarget) A (beox,i < Zta:get)

We tested integer values Zyper € [128,512] and found
an optimal value of Zieee = 240 slices. This choice min-
imized exclusions by balancing chest-bbox inclusion (me-
dian Zypox,; = 205) against total volume length (median
Ziotal,i = 269). As a result, the final cohort comprises 2,078
unique CTs, with 1,064 excluded for not meeting the con-
straints. For all included CTs, we then extract a fixed ax-
ial block of 240 slices (1.25 mm spacing) centered on the
chest bbox, yielding a standardized ReXGroundingCT sub-
set with a consistent 240-slice axial size across scans. Fur-
ther dataset statistics and category-selection details are pro-
vided in Sec. C of the supplementary material.
Ground-truth slice-area vector extraction. A key advan-
tage of XGLASS is that it does not necessarily require full
3D segmentation masks: it can also be trained using only
the start and end slices of a finding, as demonstrated by the
SE-Binary and SE-Smooth ablations in Sec. 4.4.1. When
segmentation masks are available, as in ReXGroundingCT,
we use the more detailed Slice-Area target by deriving per-
slice relevance scores from the 3D ground-truth masks.
Therefore each mask is converted into a 240-dimensional
disease-area vector over the fixed axial block. Let A; denote
the disease area on slice i, with A; = 0 when the finding is
absent. We compute

M= max A
i=1,...,240
and define the target vector y = (y1,...
normalization:
A;/M, if M >0,
Yi =
0, if M =0,

,Y240) by max-

i=1,...,240.

Thus, the slice with the largest disease extent receives y; =
1, absent slices remain at 0, and intermediate slices receive
values proportional to their disease area.

3.3. 2D-3D Cross-Modal Slice Sequencing

Our model builds on a ViT-B/16 backbone with AugReg
ImageNet-21k pretraining [10], which processes the fused
representation of the disease-conditioned importance map
G and projected CT volume P. To adapt the network
from classification to slice-importance regression, we re-
place the original classification head with a lightweight two-
layer MLP that outputs a fixed-length vector §j € RZue
(Ziarger = 240). A final sigmoid activation constrains all
predictions to the range [0, 1], matching the normalized

ground-truth slice—area profiles. The model receives a 3-
channel 224 x 224 image initialized with a coronal CT in-
tensity projection P, replicated across all three input chan-
nels. The corresponding disease-specific importance map
G is then spatially scaled to the chest bounding-box region
in the projection and blended into the red channel with an
opacity coefficient «, while the green and blue channels re-
main unchanged. This channel-wise injection allows the
VIiT to process the anatomical projection and gaze-derived
prior jointly in a single forward pass, enabling the model
to estimate slice relevance directly from the fused repre-
sentation. During training, the model obtains as input the
fused G and P image, and learns to regress the ground-
truth slice—area vector derived in Sec. 3.2. For each input
image, the network outputs § € [0,1]%*? and is optimized
using MSE loss between ¢ and the corresponding normal-
ized ground-truth vector y. We train the full model end-to-
end using the AdamW optimizer with a differential learning
rate schedule, assigning a higher learning rate to the regres-
sion head (1 x 10~%) and a lower rate to the ViT backbone
(1 x 107°). Training is performed with a batch size of 16.
This setup preserves the pretrained backbone’s representa-
tional capacity while allowing the head to adapt to the slice-
importance regression task.

4. Results

We evaluate XGLASS on a held-out test set (split details
in Supp. Sec. C.2) to answer the following questions: (i)
How does XGLASS perform compared to existing 2D and
3D slice selection baselines such as Vote-MI [41], BioMed-
CLIP [46], Merlin [6], 3D U-Net [9] and heuristic ap-
proaches (ii) does injecting 2D gaze—language priors im-
prove 3D slice sequencing, and (iii) does this translate into
practically useful retrieval of diagnostically relevant slices?

4.1. Evaluation Metrics

We used different metrics to assess how well XGLASS or-
ders all axial slices and how useful this ordering is for re-
trieval in potential downstream tasks. Let Z=240 be the
number of axial slices, y € [0,1]% the ground-truth slice-
area vector, and § € [0, 1]Z the predicted importance scores
and a slice is positive if y; > 0. All metrics are macro-
averaged per study; AUC is computed over pooled slices.
For overall ordering quality, we use ROC-AUC and Spear-
man’s rank correlation p [34] between y and g over all Z
slices, which directly evaluates agreement of the complete
240-slice ordering from most to least relevant. For practical
analysis of performance on downstream tasks, we measure
the hit rate at K (Hit@ K) by sorting slices in descending ¢
and checking whether any positive slice appears among the
first K predicted slices. Further, we also calculate the aver-
age recall at K (AR@ K), indicating the fraction of all GT
positive slices that are represented within the K predictions.



Table 1. Main Results. Metrics are reported as point estimate with 95% confidence interval below. Intervals are computed using the non-
parametric percentile bootstrap [13] over the test set with 10,000 resamples. The last rows report paired absolute differences in percentage
points between XGLASS and the strongest 2D or 3D baseline for each metric; bold indicates statistical significance.

Method Hit@1 Hit@3 Hit@5 Hit@10 AR@10 AUC Spear. (p)
Random 0.101 0.250 0.342 0.491 0.043 0.504 0.003
[0.070, 0.136] [0.203, 0.298] [0.291, 0.396] [0.437, 0.547] [0.035, 0.051] [0.497,0.511] [-0.004, 0.010]
Gaussian Centered 0.190 0.237 0.278 0.323 0.082 0.718 0.208
i [0.149, 0.234] [0.190, 0.285] [0.231, 0.329] [0.272, 0.377] [0.064, 0.101] [0.698, 0.738] [0.185, 0.233]
Gaze orior onl 0.158 0.177 0.209 0.263 0.068 0.638 0.163
p y [0.120, 0.199] [0.136, 0.222] [0.165, 0.253] [0.215, 0.313] [0.051, 0.088] [0.615, 0.661] [0.141, 0.186]
Vote-MI [41] 0.044 0.190 0.339 0.465 0.033 0.472 -0.025
[0.022, 0.070] [0.146, 0.234] [0.288, 0.392] [0.411, 0.519] [0.027, 0.038] [0.454, 0.491] [-0.036, -0.015]
. 0.212 0.282 0.339 0.443 0.070 0.658 0.164
BioMedCLIP [46] [0.168, 0.256] [0.234, 0.332] [0.288, 0.392] [0.389, 0.500] [0.058, 0.083] [0.627, 0.688] [0.142, 0.187]
3D U-Net [9] 0.231 0.275 0.301 0.361 0.089 0.785 0.228
[0.187, 0.278] [0.225, 0.326] [0.250, 0.351] [0.307, 0.415] [0.071, 0.107] [0.763, 0.806] [0.204, 0.253]
. 0.247 0.297 0.320 0.399 0.094 0.779 0.224
3D Merlin + MLP [6] [0.199, 0.294] [0.247, 0.348] [0.269, 0.370] [0.345, 0.453] [0.075, 0.114] [0.755, 0.800] [0.201, 0.249]
Ours (w/o gaze cues) 0.199 0.288 0.342 0.468 0.077 0.768 0.212
g [0.155, 0.244] [0.237, 0.339] [0.288, 0.396] [0.415, 0.525] [0.065, 0.091] [0.745, 0.791] [0.189, 0.235]
Ours (w/ gaze cues) 0.228 0.339 0.421 0.563 0.091 0.781 0.224
g [0.180, 0.275] [0.288, 0.392] [0.367, 0.475] [0.509, 0.617] [0.077, 0.106] [0.760, 0.801] [0.202, 0.246]
Avs best 2D baseline +1.6% +5.7% +7.9% +7.3% +0.9% +6.3% +1.5%
best 3D baseline -1.9% +4.1% +10.1% +16.5% -0.3% -0.5% -0.5%
1004
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Figure 2. Average Ground-Truth (GT) Coverage. For each CT,
we compute the fraction of all GT slices recovered within the top- K
predictions. XGLASS outperforms the 2D baselines and compete
with the 3D baselines despite substantially less compute.

In summary, higher p and ROC-AUC indicate better global
ranking alignment, higher Hit@ K shows that a GT slice is
in the K predictions, and AR@ K reflects the percentage
amount of all GT slices inside K predictions.

4.2. Baselines

We benchmark XGLASS against the state-of-the-art slice
selection method Vote-MI [41], a BioMedCLIP-based slice-
wise retrieval baseline [46], heuristic and prior-only base-
lines, two 3D-native baselines [6, 9], and a gaze-free variant

Figure 3. Slices until first Ground-Truth (GT). Boxplots show the
distribution of slices required to reach the first GT slice (median,
mean, 25-75% IQR, and 5-95% whiskers). XGLASS reaches a
relevant slice earlier and with lower variability than the baselines.

of our model. Only the gaze-prior baseline and gaze-guided
XGLASS use REFLACX gaze information; BioMedCLIP,
3D Merlin + MLP, 3D U-Net, and XGLASS are disease-
conditioned, while XGLASS (w/out gaze), Vote-MI, Gaus-
sian Centered, and Random are disease-agnostic. Gaze
prior only ranks slices using only the disease-specific gaze-
derived superior—inferior profile, without patient-specific
CT input, serving as a control for static anatomical prior ef-
fects. Vote-MI was originally proposed for brain MRI; we
follow its preprocessing and two-stage slice-selection pro-



Table 2. Disease-Specific Results. The “Overall” row corresponds to the “Ours (w/ gaze cues)” model from Table 1. Counts (N) are shown
in parentheses. We report hit-rate metrics Hit@K, the averaged recall at 10 (AR@10), AUC and rank correlation (Spearman’s p).

Category (N) Hit@1 Hit@3 Hit@5 Hit@10 AR@10 AUC Spear. (p)
Atelectasis (39) 0.205 0.385 0.436 0.564 0.075 0.773 0.265
Consolidation (29) 0.483 0.586 0.655 0.759 0.114 0.810 0.386
Groundglass opacity (95) 0.284 0.400 0.516 0.674 0.114 0.728 0.272
High lung volume (29) 0.172 0.241 0.276 0.414 0.055 0.657 0.161
Lung nodule or mass (112) 0.107 0.205 0.286 0.446 0.074 0.722 0.129
Pleural abnormality (12) 0.500 0.583 0.667 0.667 0.139 0.779 0.345
Overall (316) 0.228 0.339 0.421 0.563 0.091 0.781 0.224

cedure, but adapt it to thoracic CT by replacing the orig-
inal feature extractor with MedVAE [40], a medical foun-
dation model, and convert the selected representatives into
continuous slice scores for fair metric-based comparison.
BioMedCLIP is used as a slice-wise image—text retrieval
baseline. For each CT-condition pair, we encode all ax-
ial slices with the BioMedCLIP image encoder and the
queried disease text with the text encoder, and then rank
slices by image—text cosine similarity to obtain a disease-
conditioned 240-dimensional relevance score vector. Full
prompt and implementation details are provided in Supple-
mentary Sec. G.1. For the 3D-native model comparisons,
3D Merlin + MLP uses a frozen Merlin volumetric en-
coder [6] followed by a disease-conditioned MLP trained
to regress the same 240-dimensional slice-relevance target
as XGLASS, and 3D U-Net [9] uses a 3D U-Net encoder
trained from scratch on ReXGroundingCT with a slice-
regression head for the same targets. Further implemen-
tation details for both 3D baselines are provided in Supple-
mentary Sec. G.2. XGLASS (w/o gaze cues) uses the iden-
tical backbone, projections, loss, and training as XGLASS
but disables the gaze blend (a=0), isolating the architec-
ture without disease-specific importance priors. Gaussian
Centered places a Gaussian bump over slice indices with
fractional width o, yielding higher scores near the mid-
thorax, and Random draws an independent score for each
slice from Uniform[0, 1] to reflect chance performance. All
methods output a 240-dimensional score vector per study
and are evaluated with the same metrics (ROC-AUC, Spear-
man’s p, Hit@K, and AR@K), as described in Section 4.1.

4.3. Overall Performance

Table 1 shows that gaze-guided XGLASS outperforms
the 2D baselines across all reported metrics, with paired
bootstrap intervals indicating significant gains in Hit@5,
Hit@10, AUC, and Spearman’s p. The native 3D base-
lines are competitive on global ranking metrics, with 3D
U-Net achieving the highest AUC and Spearman’s p point
estimates and 3D Merlin achieving the highest Hit@1 and
AR@10 point estimates. Despite operating on the full CT

volume, the 3D baselines do not translate their small non-
significant advantages in Hit@1 and global ranking into re-
liable slice retrieval and XGLASS remains significantly bet-
ter on Hit@5 and Hit@ 10, the most relevant metrics for pri-
oritizing a compact inspection set. Figure 3 further shows
that XGLASS reaches the first diagnostically relevant slice
earlier and more consistently than all baselines. In the cov-
erage analysis (Figure 2), the 3D baselines become com-
petitive, but together with their later first-hit distributions in
Figure 3, it suggests that the 3D models recover dense rele-
vant regions once the correct location is found, but are less
reliable at finding that location in every case. A case-level
Miss@ 10 analysis supports this interpretation: Merlin and
3D U-Net miss the early inspection budget in 190/316 and
202/316 cases, respectively, compared with only 138/316
missed cases for XGLASS, indicating that their slightly
higher Hit@1, AR@10, and global-ranking point estimates
do not translate into more reliable compact-budget retrieval.
For clinical use cases, reliably surfacing at least one diag-
nostic slice within the inspected budget is more valuable
than dense coverage only after successful localization, mak-
ing XGLASS more suitable for practical slice selection, es-
pecially since it also requires 34.8 x less inference time and
6.5x less GPU memory than Merlin, and 130.8 x less time
and 10.9x less memory than U-Net.

4.3.1. Disease-specific Performance

The per-category trends in Table 2 align with typical
anatomical distributions. Consolidation and Pleural abnor-
malities are often gravity-dependent and cluster in posterior
lower lobes, producing a relatively narrow and predictable
band along the z-axis. This yields the highest AUC/p and
strong Hit@K performance. Ground-glass opacities are fre-
quently diffuse and extend across adjacent slices, which
lifts mid- to higher-K retrieval (e.g., Hit@10) but softens
global ranking metrics. In contrast, lung nodules/masses
are small, sparse, and spatially unpredictable along the z-
axis, which reduces the chance that the very top-ranked
slices contain a hit and depresses global rank agreement.
Thus, lung nodules are relatively less suited to our approach
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Figure 4. Downstream slice-wise VLM screening under XGLASS budgets. For each CT-condition pair, XGLASS selects the Top-K
axial slices and the downstream model is evaluated only on this subset. Precision, recall, F1, and runtime are reported for MedGemma
4B, Lingshu 7B, and BioMedCLIP under the same single-GPU setting. Smaller XGLASS budgets consistently improve precision and F1,
while reducing runtime by decreasing the number of inspected slices. Comparison to other slice selectors are in Supplementary Sec. G.4.

due to their small size and variable location, characteristics
that also make them challenging for slice-selection meth-
ods in general. When evaluated only on the lung-nodule
subset, XGLASS achieves the strongest Hit@K and AUC,
showing that despite performing worse than on other dis-
eases, it still provides the best slice prioritization (Supple-
mentary Sec. D). Taken together, these findings indicate that
XGLASS learns disease-specific z-axis priors similar to ra-
diologist behaviour, prioritizes anatomically informative re-
gions, and therefore performs best for conditions with con-
sistent spatial distributions such as consolidations.

4.3.2. Computational Efficiency

XGLASS contains approximately 86M parameters and is
trained on a single 2D projection per CT study. On an
NVIDIA RTX 4080, one training epoch over 2,512 pro-
jections with batch size 16 takes 62.2s, corresponding
to roughly 40 samples/s, with approximately 3 GB peak
GPU memory. Early stopping on validation loss consis-
tently selects checkpoints after 68 epochs, yielding a com-
plete training run in under 10 minutes. At inference time,
XGLASS processes a full CT study, including intensity
projection, in approximately 0.025s per finding (0.150s
for all findings) with an estimated cost of 33.7 GFLOPs
and 0.34 GB memory. In comparison, Vote-MI requires
7.51s and approximately 116.33 TFLOPs per CT, while
slice-wise BioMedCLIP requires 1.40s and approximately
8.09 TFLOPs per CT. The 3D Merlin and U-Net base-
lines require 0.87s and 3.27s per finding, respectively,
with 2.21 GB and 3.72 GB peak inference memory, making
them 34.8x/130.8 x slower and 6.5 x/10.9 X more memory-
intensive than XGLASS. Overall, XGLASS is orders of
magnitude cheaper than slice-wise 2D baselines and sub-
stantially faster and more memory-efficient than the 3D

baselines, making local retraining on commodity GPUs fea-
sible for institutions with private clinical data.

4.3.3. Downstream Slice-wise VLM Screening

We evaluate XGLASS as a disease-conditioned pre-filter
for slice-wise VLM screening with 2D VLMs. For each
CT-condition pair, XGLASS ranks all axial slices by rele-
vance to the queried finding, and the downstream model is
evaluated only on the Top-K selected slices. Metrics are
computed over the inspected slices and compared against
applying the same model to all 240 slices. Prompts, de-
tailed inference settings and a matched-budget compari-
son to other slice selection methods are provided in Sup-
plementary Sec. G. As shown in Fig. 4, smaller XGLASS
budgets consistently improve precision across MedGemma
4B [35], Lingshu 7B [44], and BioMedCLIP [46], indicat-
ing that XGLASS determines disease-enriched slice sub-
sets. This also improves F1 over inspected slices at small
budgets: Top-30 improves F1 from 0.288 to 0.414 for
MedGemma, from 0.327 to 0.441 for Lingshu, and from
0.235t0 0.316 for BioMedCLIP. Compared with other slice-
selected subsets, XGLASS improves average Top-30 F1
over the strongest 2D selector from 0.338 to 0.390, while
remaining competitive to the strongest 3D selector. Eval-
uating fewer slices also reduces downstream runtime, with
Top-30 requiring only 12.5% of the slice-wise model calls
compared with all-slice inference. This supports XGLASS
as a fast pre-selection step that enriches disease-relevant
slices before costly slice-wise VLM review, 2D dataset cu-
ration or similar applications.

4.4. Ablation Studies

We perform targeted ablations to isolate the effect of the
main XGLASS design choices. Hyperparameter choices



were made using the validation split resulting in ViT-B/16
backbone, AIP-wide CT projection, gaze blending strength
of a=0.75, and training using MSE. The corresponding val-
idation results and selection criteria are reported in Supple-
mentary Sec. E. All ablations tables modify only one factor
at a time, and are reported on the held-out test set. Addi-
tional backbone, multi-channel-fusion, gaze-prior perturba-
tions, loss ablation, and gaze prior-specificity ablations are
provided in Supplementary Sec. F.

4.4.1. Weak Supervision.

Our best training target uses segmentation-derived slice-
area scores, but XGLASS can also be trained from sub-
stantially weaker annotations. We evaluate three reduced-
supervision targets: SE-Binary, which marks all slices be-
tween annotated start and end positions as positive; SE-
Smooth, which additionally applies Gaussian smoothing to
this interval; and Rel-Rank, which uses relative slice rank-
ing instead of dense area scores. As shown in Table 3,
reduced-supervision targets remain competitive, highlight-
ing XGLASS’s ability to be trained from weak annotations.

Table 3. Supervision Target Ablation. Comparison of dense
Slice-Area supervision with only start/end slice annotations.

Target AUC Spear. Hit@1l Hit@5 Hit@10
SE-Binary 0.791 0.223 0.168 0.364  0.490
SE-Smooth 0.792 0.227 0.220 0.413 0.524
Rel-Rank  0.793 0.212 0.187 0.417 0.524
Slice-Area 0.781 0.224 0.228 0421 0.563

4.4.2. Volume Projection Ablation

The results in Table 4 show a trade-off between global rank-
ing and early retrieval utility. Beer—Lambert achieves the
highest AUC (0.795) and Spearman’s p (0.232), and it edges
out others at Hit@5 (0.427), indicating strong overall sepa-
rability and mid- K retrieval. In contrast, AIP (wide) deliv-
ers the best utility-centric performance with the top Hit@1
(0.228), Hit@10 (0.563), and near-best Hit@5 (0.421), sug-
gesting that preserving a broad intensity range helps rank
diagnostically relevant slices.

Table 4. CT Projection Ablation. Comparison of Beer—Lambert
and AIP projections with lung, soft-tissue, and wide CT window.

Projection AUC Spear. Hit@1 Hit@5 Hit@10
AIP (lung) 0.784 0.222 0.206 0.361 0.462
Beer-Lambert  0.795 0.232 0.196 0.427 0.535
AIP (soft tissue) 0.783 0.223 0.228 0.383 0.519
AIP (wide) 0.781 0.224 0.228 0.421 0.563

4.4.3. Gaze Fusion Ablation

As described in Section 3.1, XGLASS fuses the disease-
specific gaze prior with the coronal CT projection by alpha-
blending the importance map into one RGB input chan-
nel. Table 5 evaluates both the blending strength and the
injection channel. Adding gaze guidance consistently im-
proves over the gaze-free setting (a=0), confirming that the
disease-conditioned prior provides useful localization infor-
mation. While a=1.0 achieves the highest global AUC and
Spearman’s p, but it partially suppresses CT intensity cues
lowering retrieval metrics. In contrast, a=0.75 gives the
best early retrieval performance, reaching Hit@ 10 of 0.563.
Among single-channel injection variants, red-channel fu-
sion performs best, outperforming green and blue injection
on all metrics. Additional multi-RGB-channel fusion re-
sults are reported in the Supplementary Material in Sec. F.1.

Table 5. Gaze fusion ablation. Effect of blending opacity « and
RGB injection channel for the disease-specific importance map.

Channel o AUC Spear. Hit@1 Hit@5 Hit@10

0.00 0.768 0.212 0.199 0.342 0.468
0.25 0.787 0.221 0.187 0.392 0.506
Red 0.50 0.785 0.220 0.196 0.418 0.509
1.00 0.797 0.227 0.199 0415 0.528
0.75 0.781 0.224 0.228 0.421 0.563
Green  0.75 0.754 0.212 0.193 0.345 0.459
Blue 0.75 0.761 0.209 0.190 0.418 0.519

5. Conclusion and Limitations

We presented XGLASS, a lightweight disease-conditioned
model that transfers aggregated CXR gaze-language pri-
ors to CT for relevance-ordered axial slice retrieval.
XGLASS significantly improves Hit@5 and Hit@10 over
the strongest evaluated 2D and 3D baselines while remain-
ing computationally efficient. Downstream experiments
further show that XGLASS enriches compact disease-
relevant candidate sets, improves downstream classification
performance, and reduces slice-wise model calls. Beyond
slice selection, XGLASS illustrates how heterogeneous 2D
supervision can help bridge the gap between 2D foundation
models and 3D medical image analysis. Nevertheless, sev-
eral limitations remain. Despite surveying publicly avail-
able CT datasets, ReXGroundingCT is the only dataset,
that overlaps with the 14 REFLACX-derived disease priors,
yielding only to one dataset and six shared thoracic find-
ings for evaluation. Our downstream screening experiments
provide an initial demonstration of XGLASS utility and not
direct use cases; broader applications such as VQA, report
generation, retrieval, and localization remain future work.
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XGLASS: X-Ray, Gaze and Language Assisted Slice Sequencing for CT Volumes

Supplementary Material

A. Qualitative Results

We complement the quantitative metrics with a qualitative
analysis of slice selection across six chest CT findings. Fig-
ure 6 visualizes the axial slice indices (2) selected by a Ran-
dom baseline, Vote-MI, and XGLASS. Across categories,
XGLASS not only hits a ground-truth slice earlier, but
also concentrates its selections within the annotated region,
yielding denser and more contiguous coverage than com-
peting methods. These examples illustrate that our model
prioritizes clinically meaningful slices rather than scattered
or isolated hits, aligning with the intended notion of region-
level localization.

B. Disease-Conditioned Importance Maps

B.1. Text-Gaze Alignment

To construct disease-conditioned 2D importance maps from
REFLACX [5], we jointly process the word-level tran-
scripts and synchronized gaze recordings. For each target
disease, we first detect positive (non-negated) mentions in
the transcript using label-specific regular expressions to-
gether with clause-level negation handling, as described in
Section 3.1. Each detected mention defines a speech win-
dow [tsart — Tpre, tena] With a short pre-speech buffer 7. of
2 seconds to account for anticipatory gaze. We then collect
all gaze samples whose timestamps fall inside this window
and project their screen coordinates onto the corresponding
chest X-ray. Following the REFLACX protocol, we nor-
malize coordinates to the chest bounding box and discard
samples that fall outside this region (e.g., blink artefacts or
fixations off the image). Figure 5 shows qualitative exam-
ples of the resulting text—gaze alignment for the six disease
categories used in this work.

B.2. Extracted Gaze Importance Maps

Using label-specific regular expressions and clause-level
negation on the REFLACX reports, we defined 14
non—device pathology categories and, for each of them,
extracted a disease-specific importance map by aggregat-
ing gaze samples associated with positive mentions across
all matching sessions. Figure 7 summarizes how many
gaze—report pairs contribute to each category.

B.3. AP-PA Robustness of CXR Gaze Priors

Because REFLACX is derived from frontal chest radio-
graphs, one potential concern is that the resulting gaze pri-
ors may depend on acquisition view. AP and PA radio-
graphs can differ in apparent anatomy due to projection ge-

11

ometry, magnification, and patient positioning. We there-
fore stratifty REFLACX sessions by MIMIC-CXR view po-
sition and construct separate AP-only and PA-only disease-
conditioned gaze maps. Figures 12 and 13 compare the
resulting maps for all six target findings. Despite view-
dependent differences in the 2D heatmaps, the superior—
inferior profiles remain similar across AP and PA views,
with correlations ranging from r=0.53 to 0.96. Since this
axis is the one used for axial slice ordering, these results
support combining AP and PA sessions to obtain more sta-
ble disease-conditioned gaze priors for XGLASS.

B.4. CXR-CT Gaze Alignment

To further assess whether CXR-derived gaze priors capture
transferable anatomical search patterns, we compare them
with CT-ScanGaze [32], a CT eye-tracking dataset with
timestamped dictation. CT-ScanGaze contains 57 unique
CT cases, but several scans have inconsistent orientation
metadata or cover non-chest anatomy. We therefore per-
formed visual quality control and excluded cases with incor-
rect projection geometry or non-thoracic coverage. For the
remaining cases, we constructed disease-conditioned CT
gaze maps analogously to the REFLACX priors: report sen-
tences were matched to gaze by timestamp, using the same
2 s pre-speech buffer, and fixations were aggregated for the
corresponding finding. These CT-ScanGaze maps provide
insight into CT gaze patterns but are substantially sparser
than REFLACX, with 6-23 CT cases and 244—1,215 fixa-
tions per finding (mean: 12.8 cases and 731 fixations). Fig-
ures 14—15 compare the resulting CT-ScanGaze maps with
the REFLACX CXR priors. The 2D heatmaps differ visi-
bly, reflecting different reading behavior in CT: radiologists
often fixate a local region and scroll through adjacent axial
slices, rather than scanning broadly across the frontal im-
age as in CXR. However, the superior—inferior gaze-density
profiles remain aligned across modalities, with correlations
ranging from 0.65 to 0.96 for the analyzed findings. This
indicates that although CT and CXR differ in traversal or-
der and fixation dynamics, radiologists still attend to sim-
ilar disease-relevant anatomical regions. Thus, the CXR-
derived gaze priors encode non-arbitrary, disease-specific
search patterns that can be transferred to CT and used as
additional input for axial slice selection.

C. CT Dataset and Volume Projections
C.1. Dataset Selection

To evaluate how effectively our disease-specific eye-
tracking priors transfer from CXR to CT, we require a CT



Atelectasis

right
basilar
atelectasis
and
possible
left

PORTABLE
SEMI-ERECT

Consolidation

High Lung Volume

possible
superimposed
consolidation
at

the

lung

. @ probable
® emphysema

faint
opacities
in

the

left

lung

Pleural Abnormality

rorrarie T trace
left
pleural

effusion

cavitary
nodule
is

in

the

Figure 5. Text—gaze alignment for disease phrases. Examples of text—gaze alignment used to construct disease-conditioned importance
maps for the six target findings: Atelectasis, Consolidation, Groundglass opacity, Lung nodule or mass, High lung volume, and Pleural
abnormality. Each panel shows a REFLACX chest X-ray with the chest bounding box (green dashed line), disease-specific annotation
ellipses (black), and gaze trajectories for the words in the corresponding disease phrase (color-coded by word with the pre-speech buffer
in orange). Fixations that fall outside the chest bounding box, visible for the High lung volume and Groundglass opacity examples, are

removed during preprocessing as described in Section 3.1.

dataset that (i) provides report text and findings aligned
with individual volumes, and (ii) contains findings that can
be reliably matched to our REFLACX-derived disease-
specific importance maps. As discussed in Section 3.2,
ReXGroundingCT [3] is, to our knowledge, the only
large-scale CT dataset that satisfies both criteria. Because
this dataset will also be used to train XGLASS, each
disease category must be supported by a sufficient number
of CT studies. We therefore exclude any finding category
with fewer than 100 matching CTs. As shown in Figure 7
and Figure 8, only six of the 14 REFLACX-defined cat-
egories reach this threshold in our standardized 240-slice
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ReXGroundingCT subset introduced in Section 3.2, and
we consequently restrict our experiments to these six
categories.

C.2. Training Dataset and Splits

We use an 80/10/10 CT-volume-level train—validation—
test split of the standardized 240-slice ReXGroundingCT
subset, with no volume overlap between partitions and
all findings from each CT retained in the same split.
This yields 2,514/306/316 CT-finding cases for train-
ing/validation/testing, respectively, totaling 3,136 cases
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broader coverage of the ground-truth region by retrieving multiple slices that fall within it, rather than a single correct slice.
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Figure 7. REFLACX sessions per disease category. Number of

REFLACX sessions contributing to each disease-conditioned gaze ) .

heatmap. Bars show the number of matching gaze-report pairs Flgqre 8. CT disease category di.stributlon. Counts of CT-
for each category defined in REFLACX. Categories highlighted in finding cases for the six ReXGroundingCT categories selected for
blue correspond to the six findings used in XGLASS, whereas or- XGLASS, stacked by train/validation/test split. These categories
ange bars denote additional categories for which we obtained gaze were retained because they overlap with the REFLACX-derived
heatmaps but did not use them due to the lack of corresponding gaze priors and provide sufficient CT cases for training and evalu-

findings in the CT dataset. ation.

across six categories: Lung nodule or mass (1,096), oversampling, inverse-frequency sampling, focal/weighted
Groundglass opacity (925), Atelectasis (412), High lung losses), because the most prevalent class, lung nodule or
volume (301), Consolidation (284), and Pleural abnormal- mass, is also the hardest to localize due to its small size,
ity (118), as shown in Fig. 8. The disease distribution variable location, and sparse slice extent. This choice is
in our ReXGroundingCT subset is markedly imbalanced supported by the disease-specific results in Table 2 of the
across our six categories. However the best performing main paper, where XGLASS improves across all disease
model did not apply class-balancing or reweighting (e.g., categories, and by the loss-function ablation in Sec. E.5,
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where reweighted objectives do not improve small-finding
and overall retrieval performance.

C.3. CT Volume Projections

For XGLASS, each 3D chest CT volume is converted into
a 2D coronal intensity projection that lives in the same do-
main as our disease-conditioned importance maps, as ex-
plained in Section 3.2. Formally, we project along the an-
terior—posterior axis and aggregate attenuation values along
each ray using an operator A (Beer—Lambert or average-
intensity), yielding a coronal image P4 (u,v) for each vol-
ume. In the main experiments we focus on two projec-
tion families: (i) a physically motivated Beer-Lambert pro-
jection that mimics x-ray transmission, and (ii) average-
intensity projections (AIP) combined with standard CT
windowings. For AIP we consider three clinical window
settings: a lung window, a soft-tissue window, and a wide
window spanning a broad Hounsfield range. As discussed
in Section 3.2 and ablated in Section 4.4.2, Beer-Lambert
provides slightly better global ranking (AUC, Spearman),
whereas AIP with a wide window offers the best early re-
trieval utility (Hit@K). Figure 9 illustrates how a single
CT scan appears under these different projection choices,
highlighting how windowing and projection type empha-
size complementary structures (e.g., parenchyma in the lung
window vs. mediastinum and pleural surfaces under broader
windows).

C.4. Gaze-Prior Blending Strength

In XGLASS, the 2D CT projection and the disease-specific
REFLACX gaze importance map are combined by injecting
the normalized gaze heatmap H4(u,v) into the red channel
inside the chest bounding box using a blending coefficient
a € [0,1]. Here, @« = 0 corresponds to the CT-only in-
put, whereas larger values increase the contribution of the
disease-conditioned gaze prior in the fused representation.
Figure 11 illustrates the qualitative effect of varying « for
representative CT studies. The quantitative test-set ablation
of « is reported in Sec. 4.4.3 of the main paper. The final
value a=0.75 was selected on the validation split, as de-
scribed in Sec. E.

D. Lung Nodule Baseline Comparison

Lung nodules/masses are the hardest evaluated category be-
cause they are small, sparse, and spatially variable. How-
ever, this relative weakness does not indicate near-random
performance. Across all 112 nodule cases, XGLASS
achieves the best Hit@K and AUC among all 2D and 3D
baselines, showing that it more reliably retrieves at least
one relevant slice early. The 3D U-Net obtains slightly
higher AR@10 and Spearman’s p, but performs substan-
tially worse on Hit@5, Hit@ 10, and Hit@20 (Table 6).
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E. Hyperparameter Selection

We selected the model’s hyperparameters such as the vi-
sual backbone, CT projection, gaze-blending coefficient a,
loss function, and gaze-injection channel using the vali-
dation split. All optimization hyperparameters were kept
fixed across configurations: AdamW with learning rates of
1 x 10~* for the regression head and 1 x 105 for the
ViT backbone, and a batch size of 16. Since XGLASS
targets slice retrieval across different inspection budgets,
selection was based on the mean of Hit@5, Hit@10, and
Hit@20, denoted as Hit in Table 7. We exclude Hit@1
and Hit@3 from the selection criterion because these very
small retrieval budgets are more sensitive to single-slice
rank changes. When Hit was tied, AUC and Spearman’s p
were considered as secondary ranking criteria. ViT-B/16,
AlIP-wide, and a=0.75 achieved the highest Hit within
their respective ablations. For the gaze-injection channel,
red and blue achieve the same Hit. Red yields a slightly
higher Spearman correlation (0.250 vs. 0.243) while dif-
fering only marginally in AUC (0.796 vs. 0.801). Given
the similar slice retrieval performance and the ranking ob-
jective of XGLASS, we therefore selected red-channel in-
jection for the final model. In the loss-function ablation,
unweighted MSE achieves a higher Hit than binary focal
loss and lesion-balanced MSE, while preserving competi-
tive AUC and Spearman correlation; we therefore selected
the unweighted MSE as the final training objective. The
resulting configuration, ViT-B/16, AIP-wide, a=0.75, red-
channel gaze injection, and unweighted MSE, was fixed and
used for the test-set ablations in Sec. 4.4 and Sec. F.

F. Extended Ablations

F.1. Gaze-Injection Channel Combinations

We additionally evaluate every RGB-channel combination
for injecting the gaze prior at the selected blending strength
a=0.75 on the held-out test set. Table 8 shows that the
two strongest configurations both include the red channel:
magenta (R+B) performs best for AUC, Spearman corre-
lation, Hit@1, and Hit@35, while red-only achieves similar
overall performance and the highest Hit@10 and Hit@20.
Red-only was selected on the validation split, where it tied
with blue for Hit and achieved the higher Spearman correla-
tion. The test-set results further show that red-only remains
particularly strong at the larger retrieval budgets.

F.2. XGLASS Backbone

Different backbones encode different inductive biases (e.g.,
local vs. global receptive fields, domain pretraining). We
test a ViT-B/16 backbone (patch size 16, input 224 x224)
with AugReg ImageNet-21k pretraining [10], a Swin
transformer with shifted windows (patch size 4, window
7) at 224x224, pretrained on ImageNet-22k [27], and
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Figure 9. CT volume projections in XGLASS. Example coronal slice projections of the same chest CT under different projection
methods and windowing settings. AIP (lung) emphasizes parenchymal findings and saturates mediastinal structures, AIP (soft) suppresses
low-attenuation lung parenchyma, so bony structures dominate the appearance, AIP (wide) exposes a broader range of intensities, and the
Beer—Lambert projection yields a more radiograph-like appearance with stronger contrast in high-attenuation structures.

Table 6. Lung-nodule-specific baseline comparison. Results on all 112 lung nodule/mass test cases, the most spatially sparse and variable
finding category. XGLASS achieves the strongest Hit@K and AUC compared to the other 2D and 3D baselines, indicating more reliable

early retrieval despite the difficulty of this disease.

Method Hit@1 Hit@3 Hit@5 Hit@10 Hit@20 AR@10 AUC Spearman (p)
Random 0.080 0.125 0.179 0.286 0.446 0.038 0.491 -0.007
Vote-MI [41] 0.018 0.107 0.179 0.313 0.545 0.035 0.478 -0.017
BioMedCLIP [46] 0.080 0.143 0.214 0.286 0.455 0.062 0.585 0.093
3D Merlin + MLP [6] 0.080 0.107 0.143 0.259 0.420 0.057 0.688 0.125
3D U-Net [9] 0.080 0.143 0.161 0.232 0.384 0.079 0.698 0.132
XGLASS 0.107 0.205 0.286 0.446 0.607 0.074 0.722 0.129

RadioDino-s8 [45], a DINO-style self-supervised ViT pre-
trained on RadlmageNet [29] as a domain-adapted medical
backbone. Holding inputs fixed, this ablation isolates how
architectural choices and pretraining affect the model’s abil-
ity to learn disease-aware slice-importance scores from our
importance map enhanced CT intensity projections. The
results in Table 9 show that while Swin-Tiny attains the
highest AUC and RadioDino-s8 slightly leads on Spear-
man’s p, the validation-selected ViT-B/16 backbone deliv-
ers the best diagnostically relevant slice retrieval perfor-
mance, with higher Hit@K across K=1, 5, 10.

F.3. Gaze-Only and CT-Derived Prior Ablations

We further analyze the role of disease-conditioned priors in
XGLASS by comparing transferred CXR gaze priors with
empirical CT abnormality-location priors. First, we evalu-
ate the CXR gaze prior alone by averaging each disease-
specific gaze map along the left-right axis, interpolating
the resulting superior—inferior profile to 240 axial positions,
and ranking slices by profile intensity. Second, we con-
struct an empirical CT location prior using only train+val
labels by averaging slice-presence vectors for each disease
category and applying the resulting fixed category-specific
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prior to all corresponding test cases. Third, we replace the
gaze map in XGLASS with this CT-derived prior converted
into a synthetic heatmap and fuse it with the CT projection
in the same way as the gaze heatmap. Since this CT prior
is computed from train+val ground-truth slice-presence tar-
gets from the same CT dataset distribution, it represents
an empirical average lesion-location prior for each abnor-
mality. In contrast, the gaze prior is transferred from CXR
eye-tracking and does not use CT lesion-location statistics;
instead, it captures radiologist visual search patterns that in-
clude both observed abnormality regions and plausible can-
didate regions inspected for each finding. In contrast, the
CT-derived prior is less reliable when abnormalities occur
in rare locations, whereas the broader radiologist search pat-
terns encoded by the gaze prior can still overlap these re-
gions, supporting the use of gaze over CT derived location
priors. Table 10 shows that CT location statistics are infor-
mative: the CT location prior alone achieves the best Hit@ 1
and Spearman correlation. However, the full gaze-guided
XGLASS model achieves the best AUC and performs sub-
stantially better for utility-centric top-K retrieval metrics,
improving Hit@10 from 0.453 to 0.563 and Hit@20 from
0.522 to 0.693 compared with the CT location prior alone.



Table 7. Validation-based hyperparameter selection. All val-
ues are computed on the validation split. Hit denotes the mean
of Hit@5, Hit@10, and Hit@20. Gray rows indicate the settings
selected for the final model; bold values indicate the best perfor-
mance within each ablation.

Setting Hit@5 Hit@10 Hit@20 Hit AUC p
Backbone

ViT-B/16 0441  0.559 0.709 0.570 0.796 0.250
RadioDino-s8  0.435  0.539 0.644 0.539 0.804 0.256
Swin-Tiny 0.405  0.464 0.578 0.482 0.798 0.244
CT projection

AIP-wide 0441  0.559 0.709 0.570 0.796 0.250
AIP-soft 0.395  0.572 0.654 0.540 0.798 0.245
AIP-lung 0431  0.510 0.618 0.520 0.794 0.242
Beer-Lambert ~ 0.428  0.549 0.647 0.541 0.796 0.246
Gagze blending coefficient o

0.00 0.395  0.500 0.578 0.491 0.771 0.236
0.25 0422 0.549 0.641 0.537 0.802 0.246
0.50 0412 0.539 0.693 0.548 0.797 0.248
0.75 0.441  0.559 0.709 0.570 0.796 0.250
1.00 0428 0.513 0.657 0.533 0.803 0.248
Gaze-injection channel

R 0.441  0.559 0.709 0.570 0.796 0.250
B 0451  0.575 0.683  0.570 0.801 0.243
R+B 0412  0.539 0.683 0.545 0.804 0.248
G 0415 0.536 0.650 0.534 0.806 0.243
G+B 0422 0.510 0.650 0.527 0.798 0.241
R+G 0435  0.520 0.624 0.526 0.800 0.248
Loss function

Area MSE 0.441  0.559 0.709 0.570 0.796 0.249
Binary focal 0418  0.582 0.683 0.561 0.804 0.250
Slice-bal. MSE  0.389  0.536 0.690 0.538 0.726 0.229
Size-wt. MSE ~ 0.405  0.520 0.670 0.532 0.790 0.235

Table 8. Channel Injection Strategy Ablation. Gaze-prior injec-
tion into individual RGB channels and their combinations.

Channels AUC Spearman Hit@1 Hit@5 Hit@10 Hit@20

R 0781 0224 0228 0421 0.563  0.693
G 0754 0212 0.193 0345 0459  0.582
B 0761 0209  0.190 0418 0519  0.655
R+G 0774 0220  0.184 0383 0.503 0.639
R+B 0784 0226 0241 0443 0547  0.661
G+B 0749 0212 0222 0367 0468 0.617
RGB 0761 0196  0.192 0364 0465 0.594

Injecting the CT-derived prior into XGLASS also improves
over CT-only input at Hit@10 (0.535 vs. 0.468). Never-
theless, gaze-guided XGLASS remains stronger at Hit@ 10
and Hit@?20, indicating that the transferred radiologist gaze
prior provides complementary information beyond average
CT lesion-frequency statistics, which improves the slice se-
lection performance especially for higher K. We addi-
tionally stratify test samples by their typicality under the
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Table 9. Backbone Ablation. Under AIP with wide window pro-
jection and a=0.75.

Backbone AUC Spear. Hit@1 Hit@5 Hit@10
RadioDino-s8 0.777 0.227 0.180 0.361 0.487
Swin-Tiny 0.784 0.222 0.203 0.358 0.472
ViT-B/16 0.781 0.224 0.228 0.421 0.563

train+val CT location prior, defined as the average CT-
prior score over the ground-truth positive slices of each
test sample. In low-typicality cases, where the empirical
CT prior assigns low probability to the true lesion region,
the CT location prior drops sharply to Hit@10 of 0.151.
In contrast, the CXR gaze prior alone remains stronger at
Hit@10 of 0.330, while full XGLASS reaches Hit@10 of
0.358 and Hit@20 of 0.528. This suggests that empirical
CT priors primarily capture common dataset-specific lesion
locations, whereas radiologist gaze priors cover broader
disease-specific search regions. Combined with patient-
specific CT projection evidence, this leads to more robust
disease-conditioned slice prioritization than static location
priors alone.

Table 10. Prior-Only and Prior-Injection Ablations. Compari-
son of static CXR gaze priors, empirical CT location priors, CT-
only XGLASS, CT-prior injection, and full gaze-guided XGLASS.

Method AUC Spear. Hit@1 Hit@5 Hit@10 Hit@20
Gaze prior only 0.638 0.163 0.158 0.209 0.263  0.358
CT location prior only 0.734 0.229 0.250 0329 0453 0.522
XGLASS w/o gaze cues 0.768 0212 0.199 0.342 0.468 0.619
XGLASS + CT loc. prior 0.722 0.199 0.199 0.424 0.535 0.658
XGLASS w/ gaze cues  0.781 0.224 0.228 0.421 0.563  0.693

F.4. Robustness to Gaze-Prior Perturbations

To test whether XGLASS depends on exact pixel-level
alignment of the transferred gaze prior, we first measured
coarse anatomical alignment between CXR-derived priors
and CT projections using lung and heart layouts, obtaining
a lungs+heart centroid error of 16.2 px and an average sym-
metric surface distance of 11.6 px; for lungs alone, the cor-
responding errors were 8.8 px and 8.0 px. We then perturb
the disease-conditioned heatmap at test time while keeping
the CT projection unchanged. Table 11 shows that random
spatial shifts, additive noise, and left-right heatmap flips
only mildly affect performance, supporting that XGLASS
uses the gaze map as a broad anatomical search prior, that
is robust to minor perturbations, rather than an exact lesion-
location mask.



Table 11. Robustness to Gaze-Prior Perturbations. Test-time
perturbations of the disease-conditioned gaze map.

Condition AUC Spear. Hit@1 Hit@5 Hit@10
Baseline 0.781 0.224 0.228 0.421 0.563
Random shift +£16 px 0.778 0.221 0.206 0.405 0.528
Noise 0=0.1 0.775 0.220 0.215 0.427 0.557
Left-right flip 0.786 0.224 0.203 0.396  0.563

F.5. Loss Function Ablation

Abnormalities vary substantially in spatial extent, e.g., con-
solidations often cover larger regions than lung nodules. We
therefore compare four training objectives while keeping all
other settings fixed: MSE regresses the normalized slice-
area target, Focal treats each slice as positive or negative
and emphasizes difficult cases, Slice-bal. MSE gives equal
aggregate weight to positive and negative slices within
each CT, preventing scans with many positive slices from
dominating the loss, and Size-wt. MSE inversely weights
positive-slice errors by the total lesion size in each CT, re-
ducing the contribution of spatially extensive lesions. Ta-
ble 12 shows that MSE gives the strongest overall retrieval-
ranking trade-off, with the best Hit@1 and Hit@10 and
tied-best Hit@5. We further stratify the same ablation by
finding extent. Test cases are split into small, medium, and
large tertiles by total ground-truth slice-area mass, corre-
sponding to average extents of 5.6, 14.7, and 52.4 positive
slices, respectively.

Table 12. Loss-function ablation. We compare Area MSE with
binary and lesion-size-aware alternatives.

Loss AUC Spear. Hit@1 Hit@5 Hit@10
MSE 0.781 0.224 0.228 0.421 0.563
Focal 0.790 0.218 0.180 0.392 0.516
Slice-bal. MSE 0.709 0.202 0.206 0.421 0.519
Size-wt. MSE  0.785 0.221 0.215 0.411 0.519

Table 13 shows that MSE is strongest for small sparse find-
ings across retrieval metrics, whereas Focal and Slice-bal.
MSE mainly improve medium or large findings. Although
the reweighted objectives were intended to improve small-
lesion retrieval, they appear to amplify the instability of
very sparse positive targets: for small findings, only a few
slices are labeled relevant and the corresponding projection
evidence is often weak, so upweighting these slices can em-
phasize case-specific noise. In contrast, MSE preserves the
continuous slice-area target and provides a smoother rank-
ing signal, making it the most stable default objective.
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Table 13. Loss retrieval metrics by finding size. Test cases are
grouped into tertiles by total ground-truth slice-area mass. We re-
port retrieval metrics within each size group.

Loss Size Hit@l Hit@3 Hit@5 Hit@10 AR@10
Small 0.057 0.123 0.189 0.340  0.103
MSE Medium 0.114 0276 0.352 0.543  0.079
Large 0.514 0.619 0.724 0.810  0.090
Small 0.019 0.075 0.104 0.226  0.065
Focal Medium 0.162 0.352 0.476 0.581  0.108
Large 0.438 0.600 0.667 0.752  0.090
Small 0.047 0.113 0.142 0.208  0.073
Slice-bal. MSE Medium 0.105 0257 0.352 0486  0.077
Large 0.467 0.657 0.771 0.867  0.087
Small 0.028 0.104 0.151 0.264  0.085
Size-wt. MSE  Medium 0.114 0.257 0.362 0.505  0.087
Large 0.505 0.648 0.724 0.790  0.089

G. Additional Implementation Details
G.1. BioMedCLIP Slice Retrieval

We use BioMedCLIP [46] as a zero-shot slice-wise image—
text retrieval baseline. We follow its official evaluation
pipeline by rendering each axial CT slice with a wide win-
dow (center 0 HU, width 2000 HU), converted to RGB,
and encoded independently. Finding names are normal-
ized where appropriate (e.g., “lung nodule or mass” to
“pulmonary nodule” and “groundglass opacity” to “ground-
glass opacity”). To reduce sensitivity to a single prompt for-
mulation, we average the cosine similarities obtained from
the following five templates, where {finding} denotes
the normalized finding name:
1. The radiological finding is
{finding}.
2. This axial CT image shows {finding}.
3. The CT slice is positive for
{finding}.
4. There is {finding} in this CT slice.
5. A finding of {finding} is present on
this CT image.
Slices are ranked in descending order of the ensemble-
averaged similarity. For the downstream binary-screening
analysis, one global similarity threshold (0.3751) is selected
on the all-slice BioMedCLIP baseline by maximizing F1
and then applied unchanged to every XGLASS Top-K sub-
set.

G.2. 3D Baseline Implementation Details

For the 3D Merlin + MLP baseline, we follow the CT prepa-
ration used by Merlin [6]: full CT volumes are resampled
to 1.5x1.5x 3.0 mm spacing and resized to 160x 224 x224
before encoding. The Merlin encoder is kept frozen and
used to precompute one 2048-dimensional volume embed-
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Figure 10. Matched-budget downstream screening across slice selectors. For each CT-finding pair, different selectors choose the Top-
K inspected axial slices under the same slice budget. XGLASS is compared with BioMedCLIP retrieval, Vote-MI, 3D u-Net, 3D Merlin
and Random selection across MedGemma 4B, Lingshu 7B, and BioMedCLIP downstream screening.

ding per CT. We then train a disease-conditioned MLP
on ReXGroundingCT to regress the same 240-dimensional
slice-relevance target as XGLASS. The MLP uses a 32-
dimensional disease embedding concatenated with the Mer-
lin feature, followed by two 512-unit hidden layers with
ReLU activations and dropout 0.1, and a final linear layer
producing 240 slice scores. The MLP is trained with
AdamW, learning rate 10~3, weight decay 10~*, batch size
64, and the best checkpoint is selected on the validation
loss. Including embedding precomputation, the full Mer-
lin baseline required approximately 6 hours on an A100
GPU. For the 3D U-Net baseline, we train a compact 3D
U-Net from scratch on ReXGroundingCT. Full CT volumes
are resampled to 1.25 mm isotropic spacing and resized to
160x224x224. The encoder uses 3D convolutional blocks
with base width 16 and instance normalization. To obtain
slice scores, the final feature maps are averaged over the
in-plane dimensions, interpolated to 240 axial positions,
concatenated with a 32-dimensional disease embedding,
and passed through a slice-regression head. The model
is trained with AdamW, learning rate 10~%, weight decay
10~4, batch size 16, dropout 0.1, and the best checkpoint is
selected on the validation loss and Training to the selected
checkpoint required approximately 22 hours on an A100
GPU. Both 3D baselines are therefore substantially more
compute-intensive to train than XGLASS, which trains in
under 10 minutes on a single RTX 4080.

G.3. Slice-wise Medical VLM Screening

We evaluate google/medgemma-4b-it [35] and
lingshu-medical-mllm/Lingshu-7B [44] using
the same disease-conditioned binary screening task. Moti-
vated by CT vision-language transfer work that maps com-
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plementary HU windows to RGB channels to expose differ-
ent tissue contrasts [30], the main-paper experiments use a
pseudo-RGB representation with wide/lung, soft-tissue, and
mediastinal/fluid windows assigned to separate channels.
As an input-rendering sensitivity analysis, we additionally
evaluate a standard wide-window representation (—1024 to
1024 HU) and replicated across all RGB channels. This al-
ternative setting shows the same trend: XGLASS Top-K
preselection improves F1 over all-slice screening, with the
strongest gains at small budgets (e.g., Top-30 F1 of 0.414
for MedGemma and 0.441 for Lingshu). Thus, the down-
stream benefit of XGLASS is consistent across CT slice
renderings. Both models receive the same system and user
instructions:

System: You are an expert thoracic radiologist. Evalu-
ate only the queried finding on one axial chest CT slice.

User: Are there clear visual signs of {finding} in
this axial CT slice? Ignore other abnormalities. If
the queried finding is not visible in this slice, answer
no. Return only one short line, with no explanation:

Answer: yesorAnswer: no.

We use deterministic decoding and parse the response as
yes, no, or unknown; no unknown responses occurred in the
reported MedGemma and Lingshu evaluation. MedGemma
is evaluated in bfloat16 without quantization, while Lingshu
is loaded with 4-bit NF4 quantization and bfloat16 compu-
tation due to memory requirements. Predictions are gen-
erated independently for every slice and cached, allowing
identical predictions to be evaluated on either all 240 slices
or XGLASS-selected Top-K subsets. Precision, recall, and
F1 are computed only over the inspected slices.



G.4. Downstream Slice Selection Comparison

We further analyze how slice selection affects downstream
screening when the number of inspected slices is fixed. For
each CT-finding pair, we vary only the ranking used to
choose the Top- K inspected slices, while keeping the down-
stream slice-wise predictions unchanged. This isolates the
effect of slice selection from stochasticity or repeated down-
stream model calls. We compare XGLASS with Random
selection, Vote-MI, BioMedCLIP retrieval, and the two 3D-
native selectors, 3D Merlin + MLP and 3D U-Net. BioMed-
CLIP retrieval is evaluated as a selector for MedGemma and
Lingshu, but omitted from the BioMedCLIP downstream
panel to avoid selecting and classifying slices with the same
image—text similarity model. Figure 10 shows that selec-
tor choice strongly affects low-budget screening, especially
at K=30 and K=60. XGLASS consistently outperforms
the other 2D selectors under matched slice budgets, while
the 3D selectors are competitive and sometimes achieve the
highest downstream F1 for specific model-budget combi-
nations. Notably, XGLASS remains close to these volumet-
ric selectors despite using only a lightweight 2D projection,
and outperforms them for Lingshu at K=30, 60, and 180.
This suggests that the disease-conditioned XGLASS rank-
ing transfers effectively to downstream screening, narrow-
ing much of the gap to more expensive 3D-native selection.

G.5. Downstream Computational Cost

Applying the downstream models to all 240 slices of one CT
requires approximately 1.40s for BioMedCLIP, 154.91s
for MedGemma, and 267.83s for Lingshu on a single
NVIDIA RTX 4080. XGLASS requires only 0.025s per
finding (0.150 s per CT) to rank the complete volume and
allows the downstream model to inspect a smaller, disease-
enriched subset. At Top-30, including XGLASS preselec-
tion, the corresponding per-CT runtimes decrease to ap-
proximately 0.20s, 19.39's, and 33.51 s, respectively. Thus,
XGLASS reduces downstream runtime by 85.7-87.5%
while simultaneously improving F1 at the smaller slice bud-
get, showing that preselection improves both computational
efficiency and downstream screening performance.
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Figure 11. Effect of the gaze-heatmap blending strength o on the AIP-wide CT projections. Rows correspond to the six disease
categories used in XGLASS (one representative CT per category), and columns sweep the blending coefficient from left to right: o €
{0.0,0.25,0.5,0.75,1.0}. The leftmost column (o« = 0) shows the raw CT projection without gaze information, while increasing «
progressively injects the REFLACX-derived gaze importance map into the red channel within the chest bounding box.
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Figure 12. AP-PA comparison of disease-conditioned gaze priors, part 1. For each finding, we construct separate AP-only and PA-only
REFLACX gaze heatmaps and compare their superior—inferior profiles. The superior—inferior axis encodes the axial slices and therefore it

is most relevant for XGLASS.



High lung volume / emphysema (AP n=13, PA n=14)
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Figure 13. AP-PA comparison of disease-conditioned gaze priors, part 2. Continuation of the AP-PA comparison for the remaining
findings. Similar superior—inferior profiles across views support combining AP and PA sessions into more stable disease-conditioned gaze
priors.



Atelectasis (n=9, fix=803)
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Figure 14. CXR-CT comparison of disease-conditioned gaze priors, part 1. We compare REFLACX CXR-derived gaze priors with
sentence-matched CT-ScanGaze fixation heatmaps. Although CT reading follows different fixation dynamics, the superior—inferior profiles
show similar coarse disease-specific attention patterns, supporting the idea to transfer CXR gaze priors to CTs.
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High lung volume / emphysema (n=8, fix=720)
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Figure 15. CXR-CT comparison of disease-conditioned gaze priors, part 2. Continuation of the CXR—CT comparison for the remaining
findings. The aligned superior—inferior profiles support transferring CXR-derived disease-specific search priors to CT slice selection.
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