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Abstract

In this work, we present Gazel T, a human visual attention integration-disintegration approach for long-tailed disease
classification. A radiologist’s eye gaze has distinct patterns that capture both fine-grained and coarser level disease
related information. While interpreting an image, a radiologist’s attention varies throughout the duration; it is critical to
incorporate this into a deep learning framework to improve automated image interpretation. Another important aspect of
visual attention is that apart from looking at major/obvious disease patterns, experts also look at minor/incidental findings
(few of these constituting long-tailed classes) during the course of image interpretation. GazeLT harnesses the temporal
aspect of the visual search process, via an integration and disintegration mechanism, to improve long-tailed disease
classification. We show the efficacy of GazeLT on two publicly available datasets for long-tailed disease classification,
namely the NIH-CXR-LT (n=89237) and the MIMIC-CXR-LT (n=111898) datasets. GazelLT outperforms the best
long-tailed loss by 4.1% and the visual attention-based baseline by 21.7% in average accuracy metrics for these datasets.
Our code is available at https://github.com/lordmoinakl/gazelt.
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1. Introduction gets stored in memory and that directly affects the future

gaze patterns (Drew et al. (2017)). As a simple example, in
Eye gaze patterns are important in understanding the visuo- 2 find-an-object puzzle/game, a person starts looking from
cognitive process underlying a radiologist's interpretation the top left corner and after a detailed search concludes
of medical images (Van der Gijp et al. (2017)). Visual that the object-of-interest is not in that particular region;
patterns can be attributed to maintaining, manipulating, " the future, the probability of searching in that region
and retaining information based on past and current obser- 1S lower than searching in other regions. Again, before

vations (Logie (2003)). This information can range from moving to any other region for further fine-grained search,
coarse trivial attention to fine-grained non-trivial attention the person prefers to have a global view of the entire region,

patterns. Coarse attention patterns may arise due to non- 2nd based on random understanding, the next region is
salient abnormalities, often not relevant to the diagnosis of Selected. This approach of global random search is akin
any particular disease whereas fine-grained patterns are as- tO disintegration attention (Dieter and Tadin (2011)) and
sociated with salient abnormalities that contain information the fine-grained search can be compared to the integration
of specific disease patterns and location. Gaze patterns are attention (Ferreira and Dias (2014)) in human psychology.
direct implications of the perception of a salient object in Ve present a method to incorporate the integration and dis-
the search view based on the object’s physical appearance integration attentions into a deep learning (DL) framework
and location (Jian et al. (2021)). The temporal aspect of for better-informed and more interpretable decision-making.
this search becomes critical as, with time, more information This is important as DL models often tend to focus on
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Figure 1: A. Baseline methods use a vision encoder with long-tailed ldsseswvhereas GazelT uses a teacher-student
framework where the teacher is trained with radiologists' visual attention patterns and then the student is trained b
distilling the knowledge from the teacher usingsp and the long-tailed loss v, B. GazelT is a teacher-student
framework. The t-HVA teacher has two components, TW-I and TW-D. The TW-I is trained uding;a.  and the
TW-D is trained usingLp/aL . During student training, thef, andfp from t-HVA are fused and distilled to the
student using lgp .

disease-irrelevant features for disease predictions. Radiml-chest radiographs, and rare diseases, which exhibit a
ogists' eye gaze patterns, collected during diagnosis, caonsiderably higher variety (Zhou et al. (2021); Paul et al.
be used to better guide a DL model to focus on disea2021)). For example, in most of the chest radiography
relevant regions. datasets, diseases like Pneumothorax, Atelectasis, In ltra-
Improving the interpretability of DL models in medicingion, etc., are common pathologies presentn60% of the
has been an active area of research (Salahuddin ettatal patients, whereas diseases like Pneumomediastinum,
(2022)). DL models in radiology often tend to learn shortSubcutaneous Emphysema, Pneumoperitoneum, etc., are
cuts (Ma et al. (2023)) or look at irrelevant regions whilegare pathologies present i 1% of the total patients. The
making predictions (Zhang et al. (2023a)). One approachommon disease types are called head classes and the rare
to address this involves the incorporation of clinical eslisease types are called tail classes (Zhang et al. (2023b)).
perts' visual search patterns into the model (Bhattachary®L models have been shown to perform better in discrim-
et al. (2022a,b); Bhattacharya and Prasanna (2024); Bhatnating the head classes and exhibit poor performance in
tacharya et al. (2024)). This clinician-in-the-loop strategydentifying/discriminating tail classes (Holste et al. (2022)).
is gaining prominence. Recent works show that DL moddRecently, several methods have been proposed in the elds
perform better when clinicians' feedback is incorporated intof imbalanced learning (Zhou et al. (2021)), and few-shot
the decision-making pipeline (Feng et al. (2022)). In thikarning (Feng et al. (2021)) to deal with long-tailed classi-
work, we propose a novel strategy for integrating clinicatation. However, none of these use clinicians' feedback, in
experts' visual patterns into DL models. More speci callgny form, to improve long-tailed learning. We hypothesize
our model is explicitly trained with the integration andhat, for long-tailed classi cation, experts' visual patterns
disintegration attention patterns of radiologists to make are of prime importance. Radiologists, while reading an
diagnosis. This helps the model make more clinically acéonage, xate on obvious abnormalities which are the head
rate predictions. We demonstrate the e cacy of long-tailedclasses in the datasets, and also scan through other inci-
classi cation tasks in pulmonary disease classi cation byental ndings, some of which may correspond to the talil
integrating the eye gaze patterns of radiologists. classes (Figure 4).

Long-tailed classi cation in medical imaging is a challen@®ur rationale for decomposing the “static' nature of atten-
ing problem. This challenge arises from the disparity ion as used in previous studies (Stember et al. (2020);
prevalence between common diseases, which are relatigiattacharya et al. (2022a,b); Bhattacharya and Prasanna
limited in number and easily observable in images su@024); Bhattacharya et al. (2024)) to a ‘temporally re-
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GazelT

Figure 2: A. Integration and disintegration of eye gaze points, with orange clusters representing distinct attentiol
calculation mechanisms, B. Partitioning of eye gaze points into speci ¢ time intervals for temporal attention modeling
C. Time Windowed HVA maps. The HVA maps at di erent timepoints, TO, T1, T2 and T3, for Integration and
Disintegration are shown.

solved' form stems from this dynamic nature of viewinfpllows:

patterns of radiologists during diagnosis. This motivates

us to compartmentalize the gaze patterns into windows We harness the temporal aspect of the visual search pro-
based on durations. We hypothesize that the gaze pat-cess by developing a novel Time Windowed Integration
terns in these individual windows xate, partially or wholly, and Disintegration approach to capture the ne-grained
on individual disease-relevant regions. These regions havand coarse attention patterns. We propose novel Vi-
context-rich disease information of the individual head, sual Attention Loss (VAL) functions that help the deep
medium, and tail classes. Hence, the integration of theselearning model to learn the visual attention patterns,
time-windowed human visual attentions into a deep learning

framework can facilitate long-tailed learning. In this work, We propose a teacher-student framework where the teacher
we present GazeLT, a novel temporal visual attention-guidedis trained with time-windowed visual attention and distills
teacher-student deep learning framework for long-tailed clas-the features to a student that is netuned for downstream

si cation (Figure 1). long-tailed classi cation, and

To the best of our knowledge, no other work has investi-
gated the impact of experts' visual attention in long-tailed
learning. Our work is based on the premise that temporal
visual attention of radiologists can infuse auxiliary diag-

nostic information into a DL framework to help improv . .
b imp %Ne observe that radiologists' eye gaze patterns o er valu-

long-tailed classi cation. Previous works have focused orE)Ie insights into disease characteristics, particularly within
the static nature of human visual attention (Stember et aft g ' P y

(2020): Bhattacharya et al. (2022a,b)). We argue thatthe_ long-tail dlstrlbutlgn of dl?.gﬂOSth _categorles. Lever
. - . g aging these patterns in machine learning models presents

more detailed and contextual clinical diagnostic informa- - .
. . . N i a promising strategy for addressing the challenges of long-
tion can be retrieved if we decompose this “static' nature! ; .
: L . . . tailed disease classi cation. To the best of our knowledge,

of radiologists' attention computation into a ‘temporally ) ) . o .
, . L . no prior work has incorporated radiologists' gaze behavior to
resolved' form. The main contributions of this paper are as_ ". . . o
speci cally mitigate the long-tail classi cation problem. Our

We show the e cacy of our method on two medical
long-tailed classi cation benchmarks, NIH-CXR-LT and
MIMIC-CXR-LT.
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