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PURPOSE FINDINGS FINDINGS

Al d§CiSi0n SL.Jp.port tools are ipcreasingly being investigated.as radiolog.icgl adjunc.zts. Medical How Vision Eye-tracking data limits overfitting in Vision Transformer (ViT) diagnostic models by acting as a regularizer,
iImaging pr?d_|0t|0n deep Iearnlng (DL) models emplo.yed for image prediction — chiefly the State_' Transforn.1ers Work : MLP Head (Classification Layer) guiding the model's attention toward relevant features rather than noisy, spurious background correlations,
of-the-art Vision Transformer (ViT) and the Convolutional Neural Network (CNN), not only require Preprocessing | | Pooling and MLP Head: Final representation of [CLS] token processed. which can consume unnecessary computational time and energy.

precision outputs, but also must be explainable and transparent. SRR AW (et (mege i

Concerning potentially critical patient decision making, the governing bodies are clear: split into a grid of smaller,

fixed-size, non-overlapping s : @ = -
! : SR : .y : : patches (e.g., 16x16 pixels). ol T ﬁ i «*;'
The EU's GDPR (2018) was the first major initiative to California's updated privacy regulations (CCPA/CPRA), D i’ ) # %0

introduce significant, legally binding rights regarding the "Right to Explanation” is formally part of a new
automated decision-making, including a "right to framework governing Automated Decision-Making
explanation"” (Art. 15, 22, Recital 71), requiring Technology (ADMT). Finalized in late 2025, these rules

The ViT model represents an
input image as a series of

image patches, like the series Transformer Encoder
of word embeddings used p—

when using transformers to ! ‘,} ﬁ E‘] [j D

text, and predicts class labels
for the image.

meaningful information be demonstrated about the grant consumers the right to access "meaningful

logic of machine-led decisions that impact data information"” about the logic, inputs, and intended

subjects. @1 outcomes of automated systems that make Significant
Decisions about them.

 Multi-Head Self-Attention: Patches attend to one another, capturing spatial relationships

Embedding: Each patch is

More comprehensive legal frameworks have been developed since, and the message is clear — if flattened into a 1D vector ,. . : _ ' . — . .
imaging prediction models are to work with radiologists in the future, they must be accurate, and then linearly projected - _i Cm— i’g{f ‘{—4 r] j —.1 Fig. 4- Expert gaze can be |everaged to SRl the model's attention r]nechar}lsm. ETAG data comprises a few primary
robust, and transparent. into a consistent embedding | 1 Ea % fp ] spatial and temporal metrlcs: gaze location (x,y,z coordinates), dwell time (time spent on an area), saccades (rapid
. : : .. : : 4 dimension, similar to how | Ry e movements between points), scan paths (the temporal order of search sequences). T2- weighted sagittal knee MRI.
EyedtrIaCrI](mg ?nd gazet (ET:?\?)SaC’[Ia oihexpert;s, n tgﬁ_ttralnlng phasetof |(rjn_ag|ngdpr|edlct|on S R - Feed-forward Networks (FFNs): Refines representations through MLP layers. In this example, a filtered dataset demonstrates the order of fixations (connected by lines , length proportional to
Models nas strong potential {0 bridge the explainabllity gap encountered in mode token embeddings in NLP. : ' S milliseconds), beginning with the femoral condyles at the ACL and PCL attachments. The dwell time is represented
development today. » _ L proportionally by the area of the circles.
e ETAG data of human experts identifies features of a radiologic study of importance in reaching :;5';'0"3;E“C°d'“g-h'?teciuse (Claggilf-lgltrg::'gken % | |Patch 1 ’ Patch 2! |Patch 3 E on =Y ﬁ Patch N A function is used to transform raw gaze information into a normalized probability distribution that highlights critical image
: : .. - ; : . : : e Transformer architecture ‘ | I l l % l l : : : : " L :
' ) N - : regions for the model. In this case, the patellar region would receive an additional weighting factor due to the increased dwell
Lhe Q|agnostlc decision, providing a blueprint for machine attentional mechanisms, discussed s order-agnostic, learnable Agg,e(?ates Global e
erein. it i ontext . — ' '
5 A wlaErs lesriael rreeta] Erralaniine S @ETE GET e TalEe] (er Gl 6 erendelm Toa Ge e pg;'t:nal encor:jmgs arE ) U"“f P'OMO" °f.n3tt°."°d Pamf Each patch The model behaviour is shaped by lean, salient search patterns that afford appropriate analysis to key structures in each
_ _p 9_ ploying _ ytop _ seleleel W9 e PR projected to high-dimensional embedding space. plane, and appropriately neglect regions (such as artifact A, here in the femur from cruciate ligament repair) that would
decision (the primary ground truth) but also to ensure that the internal features it uses for that embeddings to retain spatial srberndas (e aerrerneed s mrerlE)
decision strongly correlate with these human-identified areas of interest (secondary ground leupsten: R — [j | ’ D [:] C] | | ‘ ] Incorporating expert fixations has shown measurable improvements in diagnostic accuracy. For example,
trujth). | | y Classification _T°ke“‘ A , Learnable Positional Encoding: gaze-supervised models have improved F1 scores by approximately 5.7% and AUC by 3.4% in chest X-ray
* This heightens explainability, transparency, and accuracy. Lear;?ble S prefpe”‘ieﬂ Spatial info added to each embedding for grid location. classification tasks compared to image-only models [3].
: : : o the sequence of patc . . .. : -
* Implementation of ETAG data confronts some interrelated challenges, which are also embedding(: which Servpes e Present challenges to application of ETAG data to DL models include scalability and data nuances, such as
addressed. the represe’ntation for the m - “ ﬁ that dwell time sometimes reflects a pruned scanpath, explained below:
entire image for o < : - * The expert's gaze has unique ' N ' N ' B
Principal deep learning architectures employed today in medical imaging prediction are the Vision HeceiFesrifian, Fig. 2 — Schematic of Vision Transformer characteristics that can confound [ | l ow' |
Transformer (ViT) and the Convolutional Neural Network (CNN). Image Processing Pooling Layer: The pooling layer is typically applied after the mblementation in the trainin _\ | _\
Encoder Block: transformer blocks to reduce the spatial resolution of the feature P &
CNNs work by mimicking the visual \ Self-Attention Weighting: Following patch embedding and positional maps, this helps to reduce the computational complexity and stage of a model. One key \ ' \
e, leang sl PEEs sl encoding, the self-attention mechanism allows a ViT model to attend to increase the robustness of the model to small translations characteristic, ‘Loss of "Negative ] y p ) y | & : / B
(edges, textures) in early layers and %% I different regions of the input data, based on their relevance to the task. Evidence,"’ states experts often ) ‘ '\ \ /\ '\ o f QW A
combining them into complex NI The self-attention mechanism computes a weighted sum of the input Classification Layer: For final prediction in vision transformers. The dismiss healthy areas with a mere »f R | i"‘ » i i'\ V atn'N) "‘
features (shapes, objects) in data. The weights are computed based on the similarity between the inputs to the classification layer are the flattened feature maps oeripheral glance, hence, a 44 11 41 1 /1
deeper layers, making them input features. Self-attention is a computational primitive to quantify from after pooling, and the outputs are the class probabilities. y oy ' " 3 f
_ A , , L L : : : e pruned scanpath’. Data | | |
highly efficient for image analysis. _ _ o _ o ' pairwise entity interactions that help a network learn hierarchy and Together, the pooling and classification layers make up the last part . \ \ \
Figure 1: Informational processing in CNNs involves copsolldatmg §aI|ent alignment present inside input data. of a vision transformer’s prediction process. They take a picture as smoothing may remove these search Error Recognition Error Decision Error
The Vision Transformer (VIT) is the patterns. In A) we see static images can be consolidated to simpler input and make a guess about the things that arein t R R T E TR TSN o i s com it e s fhe proied w et ey ch i
latest in deep neural networks being processing patterns, V‘_’h'Ch in B) can be further compressed to make a Feed-forward networks (FFNs): A series of linear transformations g0 ) o I == 10 o (2 V- o s =R =Y { TN I HAVZ=B Image interpretation studies have highlighted three ways that a lesion or ‘target’ might be missed:
applied to image prediction models. diagnosis (here, a meniscal root tear). followed by activation functions. FFN maps the representations ! Key Point: While CNNs were built to emulate the biologic erioheral saze patterns needed (A) In a search error, the target is never fixated.
produced by the self-attention layers to a lower-dimensional space, properties of differential neurons in the visual system, ViTs el £ : ABY, f Tecounitun evinr |s when:the: cys:e/thateron; the fareck biicityiand inen move jon, with:ng indication thatihe reader
icl 1 1 1 1F3 1 H icl i - - , ’ to com rehenS|Ve| scan an noted anything of interest.
The VISIO_n Transtormer was ntroduccolini2020iandimaredia SIg_nlflcanF Al COmlete'rl VISIOnI,' Wil more efficient for the prediction task (e.g., image classification). substantially diverge from this paradigm, which makes the models : P y (C) Multiple and/or long fixations on a target indicate a decision error, if the radiologist still fails to report the finding. This
had previously been dominated by CNNs. These models treat an image like a sequence of "words T EEEE R 8 e e AEl e image. pattern indicates that, implicitly or explicitly, the interpreter knew that this spot deserved attention but then made the
(tokens). Transformer models are already the de facto status quo in Natural Language Processing (NLP). * Moreover, raw eye-tracking data s

For example, the popular ChatGPT Al chatbot is a transformer-based language model. Deep learning models learn statisticall patterns, while radiologists” g | |
gaze tracks clinically meaningful features. ETAG data quantifies The Shortcut: Patients with a

T expert attention patterns to be adapted as learning signals for DL known pneumothorax oftgn ‘
tizee] = ol 2012 — 2020 CNN 2020 = Fresent . models, for example to guide focus toward clinically significant already have a chest tube inserted RS /.
hierarchical Dom the Vision - Hybrid Models i . .. to treat it. A ViT can learn that the
processing occurs OMINaNGes Transformer regions and away from artifacts. This improves accuracy and ' — ,
in the visual cortex efficiency (including energy efficiency) and mitigates overfitting. presence of a tube = "Positive for

" Ul %
Overfitting is a structural failure where a prediction model Pneumothorax o Fig. 3 — Chest tube (red)
" . . pe ) . . . . * Result: model fails in real-world
memorizes" specific details and random noise within its training

IS noisy’ thus |arge-5ca|e ‘s -1z Wl Search errors represent one reason eye-tracking data can be ‘noisy’ — it must be filtered to eliminate errors in gaze and
collected at scale to minimize sample biases.

acquisition is required to achieve
adequate power in datasets.

CONCLUSION

A\ Integrating expert eye tracking and gaze data during training of radiology DL models can
enhance robustness, foster data-efficient learning, build transparent decision-making, and

marked as an incorrect

REFERENCES dataset instead of learning the actual clinical signal. The best h‘:‘: 2%‘;0 bcatsr?; l"’};eerf]at:zé’;:'e”t region of interest. The improve accuracy. Moreover, by aligning machine reasoning with clinical knowledge, ETAG
: S L X DU u leural line should be the : : : .
known cautionary tale of this is the performance of predictive s vei—ihs meme whes :Omage satch which leads the data integration transforms ‘black box” models into more transparent systems that mirror
SCAN ME models in the identification of pneumothorax on chest x-rays.

the Al would be most useful. ViT to the right diagnosis. human expert focus.
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