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Artificial Intelligence for Diagnostic Interpretation of Small
Animal Thoracic Radiographs: A Review of Methods, Clini-
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Artificial Intelligence for Diagnostic Interpretation of Small
Animal Thoracic Radiographs: A Review of Methods, Clinical
Evidence, and Future Directions

63 llw)l jaol bungl 6. dliiigs

Abstract

Artificial intelligence is rapidly entering small-animal thoracic radiography, yet method-
ological choices, evidence quality, and deployment practices remain heterogeneous. This
narrative review examines approaches across supervised multi-label classification, seg-
mentation-based measurement systems that compute vertebral heart score (VHS) and
cardiothoracic ratio (CTR), transformer models that regress clinically interpretable key
points, and upstream quality assurance for positioning, collimation, and exposure. We ap-
praise evidence by clinical task and ground truth, emphasizing echocardiography for car-
diac endpoints, thoracocentesis or ultrasound for pleural effusion, and blinded expert ad-
judication for cardiogenic pulmonary edema. Findings across species show a consistent
hierarchy: models perform best on high-contrast targets such as pleural effusion, pneu-
mothorax, and marked cardiomegaly; performance declines for bronchial and interstitial
textures and for masses, where label scarcity, heterogeneity, and domain shift are pro-
nounced. Automated VHS and CTR agree with specialists, and geometry-aware trans-
former overlays improve trust through auditable measurements. Quality assurance at ac-
quisition and repository-level AutoQC mitigate shortcut learning and stabilize down-
stream performance. In contrast, many studies rely on single-center datasets, image-level
labels, and limited external validation, which constrains generalizability. Nevertheless,
self-supervised learning on same-modality radiographs and multi-view pretraining using
paired projections improve robust representations. The most credible path to impact is a
layered pipeline that begins with quality assurance, proceeds through interpretable mea-
surements or localized detections, and culminates in calibrated, clinician-in-the-loop deci-
sions. Priorities include multicenter, patient-level validation with confirmed endpoints,
multi-view inputs, rigorous calibration with confidence intervals, and reader-assist trials

that measure workflow and outcomes, not accuracy.
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1. Introduction

Artificial intelligence (Al) has moved from proof-of-concept to practical assistance in
chest radiography, with parallel momentum in small-animal practice (Celniak et al., 2023).
Veterinary radiography faces familiar challenges from human medicine: high study vol-
umes, variable acquisition quality, reader fatigue, and subtle findings that are easily over-
looked. Recent veterinary reviews outline an expanding toolkit that spans supervised
multi-label classifiers, segmentation-based measurement systems, and, more recently,
transformer architectures tuned for radiographic tasks (Ndiaye et al., 2025).

Clinically, the highest impact targets are those with strong radiographic cues and urgent
decision consequences. Multi-label studies in dogs report consistently high performance
for pleural effusion and pneumothorax, moderate performance for alveolar patterns, and
poorer discrimination for bronchial or interstitial textures and masses (Lynch et al., 2012).
In cats, ensemble approaches with region-of-interest segmentation improve recognition
of radiographic pulmonary patterns, though masses remain difficult. Beyond parenchyma,
cardiac assessment is a central use-case. Automated vertebral heart score (VHS) and
cardiothoracic ratio (CTR) correlate well with expert measurements, and vision transform-
ers that regress VHS key-points produce interpretable overlays that map directly to clini-
cian workflow (Sak & Pazvant, 2021). At the point of care, prospective evidence suggests
that an Al screener for cardiogenic pulmonary edema (CPE) can deliver very high negative
predictive value in emergency settings (Olesen et al., 2025). Nevertheless, three obstacles
recur. First, data provenance is uneven. Label sources range from radiologist reports to
echocardiography, thoracocentesis, computed tomography (CT) , or surgery, with each
choice shaping validity and generalizability (Rubini et al., 2025). Second, acquisition quali-
ty is a first-order determinant of downstream accuracy. Automated pipelines now quantify
positioning, collimation, and exposure and repository-level AutoQC removes annotation
artifacts and harmonizes pixel pipelines to mitigate shortcut learning (Banzato, Wodzins-
ki, Tauceri, et al., 2021). Third, evaluation practice often relies on image-level metrics with-
out patient-level outcomes or external validation, despite real-world audits showing sub-
stantial rates of missed findings in studies reported as normal (Banzato et al., 2023).
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Machine learning (ML), a core branch of artificial intelligence, enables computers to learn
diagnostic patterns directly from data without explicit programming. In veterinary radiog-
raphy, ML models process thoracic images and clinical records to extract features, recog-
nize disease-specific cues, and generate outputs such as classification, regression, and
segmentation. Among these, radiomics plays a key role by converting visual image pat-
terns into quantitative descriptors of texture, shape, and intensity that capture subtle
pathological changes beyond human perception. When integrated with semantic and clin-
ical features, radiomics enhances model interpretability and supports robust, data-driven
diagnosis. In this review, we examine methods, clinical evidence, and deployment guid-
ance for Al in small-animal thoracic radiography. We organize the analysis around clinical
tasks and disease domains, integrate advances in representation learning and explain-
ability, and emphasize quality assurance (QA) and reporting standards that enable safe
translation. Our goal is to provide a pragmatic, evidence-based roadmap for clinicians and
developers that connects algorithmic choices to trustworthy clinical impact (Figure 1).
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Figure 1. Overview of data inputs, Al/ML processing stages, and diagnostic outputs in small-animal tho-
racic imaging. Veterinary images, reports, and biomarker data are processed through radiomic and se-
mantic feature extraction to generate classification, regression, and segmentation outputs.
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2. Clinical Tasks, Ground Truths, and Evaluation Standards

Small-animal thoracic imaging spans screening for cardiomegaly, triaging pleural disease,
characterizing pulmonary patterns, and flagging traumatic or incidental findings; each
task requires a fit-for-purpose reference standard and evaluation plan (Atkinson et al.,
2025). Cardiac endpoints are most defensible when linked to echocardiography within a
narrow time window to label left atrial enlargement and related remodeling, rather than re-
lying on report text alone. Pleural effusion detection is strongest when confirmation de-
rives from thoracocentesis, ultrasound, CT, surgery, or combinations thereof (Mdller et al.,
2022). For CPE, prospective emergency-department designs that use blinded radiologist
adjudication deliver high negative predictive value for rule-out, yet require cautious gener-
alization across sites and devices (Xiao et al., 2025). Multi-label thoracic classifiers
should enforce patient-level splits, link projections from the same visit, and report preva-
lence-aware metrics with 95 percent confidence intervals and formal AUC comparisons,
while checking for leakage and spectrum bias (Banzato, Wodzinski, Tauceri, et al., 2021;
Ndiaye et al., 2025). Outcomes-linked audits emphasize the need for patient-level fol-
low-up when incidental findings are flagged. Finally, reproducible external validation de-
pends on cross-site curation and reliable projection metadata, for which open AutoQC
pipelines that standardize pixels and remove text overlays are now available (Burti et al.,
2024).

3. Acquisition Quality and Automated Quality Assurance

Acquisition quality represents one of the most direct factors influencing diagnostic accu-
racy in veterinary radiography. Common technical issues include suboptimal positioning
or body rotation that distorts thoracic symmetry, improper collimation that truncates cra-
nial or caudal structures, and inconsistent exposure settings that mask pulmonary detail
or exaggerate soft-tissue density. Automated QA systems address these challenges
through integrated geometric and photometric analysis. A symmetry-based classifier that
segmented ribs and the spine achieved an F1 score (The harmonic mean of precision and
recall) of 82.8% and an AUC of 85.3%, remaining stable under simulated underexposure
and overexposure. Similarly, a UNETR-based (U-Net Transformer) veterinary quality con-
trol pipeline quantified spinous process rotation, sternum deviation, and exposure ade-
quacy, reaching fold-averaged F1 and area under the curve (AUC) values near 91 across
nearly 900 canine and feline studies, while documenting frequent real-world errors such
as missing cranial borders and lateral misalignment (Celniak et al., 2023).
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Beyond single-image assessment, repository-level curation is equally essential. An open
AutoQC pipeline standardized pixel look-up tables across manufacturers, removed textual
overlays that bias saliency mapping, and flagged low-quality images, successfully strip-
ping annotations in 88.5% of cases and revealing metadata inconsistencies that can com-
promise model training (Celniak et al., 2023; Selby et al., 2025). Collectively, these find-
ings support a two-tier QA strategy: centralized AutoQC for dataset intake and real-time
per-image feedback during acquisition. Early veterinary implementations integrating such
QA layers with diagnostic algorithms have reported fewer technical errors and a lower rate
of false alarms caused by avoidable artifacts (Tahghighi et al., 2024) (Table 1). The over-
all workflow, including positioning, collimation, and exposure checks with operator feed-
back, is illustrated in Figure 2.

Clinical Task / Reference Model Type Performance Key Ref
QA Standard or / Metrics Observations
Comp t Validati Architectur (Accuracy / and
Strategy e AUC/F1) Limitations
Cardiac  Size Echocardiogra Multi-label Accuracy = Echocardiogra (Atkinso
Assessment phy within CNN ! 82.7%; phy yields n et al,
(Cardiomegaly narrow time ResNet- Sensitivity most 2025;
, LAE window based 68.4%; defensible Miiller et
classifiers Specificity labels; single- al., 2022;
87.1%; AUC > view Ndiaye et
0.90 across limitation al., 2025)
CR—DR shift  constrains
generalization
Pleural Thoracocentes Supervised — Accuracy False (Miiller et
Effusion is, ultrasound, multi-label  88.7%; positives near al., 2022)
Detection CT, or surgery classifier Sensitivity mediastinal
confirmation 90.2%; fat; false
Specificity negatives  in
85.7% mild
effusions;
benefit from
multi-view
inputs
CPE Blinded CNN-based ~ Sensitivity Suitable for (Xiao et
Screening radiologist triage model  91.3%; rule-out al., 2025)
adjudication Specificity workflows;
(prospective 92.4%; NPV = generalization
ED cohort) 99% limited across
devices and
institutions
Automated Visual Symmetry F1 = 82.8%; Robust to (Celniak
QA — geometry classifier + AUC=85.3%  exposure et al,
Positioning & consistency geometric variation; 2023)
Rotation (tibs, spine features sensitive  to
symmetry) lateral
distortion
Repository Manufacturer ~ Open Annotation Harmonizes (Celniak
AutoQC metadata AutoQC removal datasets; et al.,
(Dataset-Level cross-checks;  pipeline success 88.5%  mitigates 2023;
Curation) projection (pixel LUT shortcut Selby et
consistency standardizat learning; al., 2025;
ion, overlay exposes Tahghigh
removal) metadata i et al,
inconsistencie  2024)

S

Table 1. Overview of Clinical Tasks, Ground Truths, and Automated Quality Assurance Systems in
Small-Animal Thoracic Radiography
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Figure 2. Workflow of automated radiographic quality assurance in small-animal thoracic imaging,
showing positioning, collimation, and exposure assessment with real-time feedback to the operator.

4. Cardiac Disease: Cardiomegaly and Staging Support

Cardiac assessment has emerged as a leading use-case, spanning binary screening for
cardiomegaly, automated measurement of heart size, and support for American College
of Veterinary Internal Medicine (ACVIM) staging (Huguet et al., 2021). Early classifier
work on right-lateral radiographs showed parity with specialists for left atrial enlargement
when echocardiography was used as reference, reporting accuracy near 82.7 percent with
sensitivity 68.4 percent and specificity 87.1 percent (Li et al., 2020). Generalization across
hardware was confirmed in an external device shift where models trained on computed ra-
diography (CR) and tested on digital radiography (DR) achieved AUC above 0.90, peaking
at 0.973 for a ResNet-101, although single-view dependence and strict inclusion criteria

limit scope (Huguet et al., 2021; Li et al., 2020).
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A complementary thread replaces opaque labels with interpretable measurements. A
two-center pipeline that localizes anatomy using a region-of-interest detector and Mask
R-CNN produced vertebral heart score and CTR with strong agreement to experts (Pear-
son r 0.922 and 0.933), positioning measurement automation as a reliable substrate for
triage and longitudinal monitoring (Mekonnen et al., 2025). Beyond traditional indices, an
attention U-Net derived adjusted heart volume index improved sensitivity for detecting
cardiomegaly relative to vertebral heart score at a clinically chosen threshold, while keep-
ing area under the receiver operating characteristic (ROC) comparable, suggesting a
screening advantage where misses are costlier than false positives (Huguet et al., 2021;
Mekonnen et al., 2025; Solomon et al., 2023).

More recently, vision transformers have been trained to regress the six key points that
define vertebral heart score, using a geometry layer that enforces orthogonality between
long and short axes. This design reached test accuracy of 87.3 percent across small,
normal, and large heart classes, with class-wise AUC of 0.927, 0.846, and 0.839, and pro-
vided overlays that align tightly with clinical measurement practice (Li & Zhang, 2024).

At the syndrome level, radiograph-only ACVIM staging models trained on multicenter
datasets distinguished B1, B2 (Stages of Chronic Valvular Heart Disease in the ACVIM
classification), and congestive stages with moderate to high AUC on lateral projections,
although performance dipped for the subtle B1-B2 boundary, consistent with the limited
morphologic signal on single views (Mekonnen et al., 2025). Parallel work using quali-
ty-of-life questionnaires and examination features across 23 hospitals showed that
non-imaging data can separate healthy, preclinical combined B, and congestive combined
C+D (Stages of Chronic Valvular Heart Disease in the ACVIM classification), but again
struggled to resolve B1 from B2, reinforcing the value of combining radiographic indices
with clinical context (Keene et al., 2019).

Taken together, the field is converging on hybrid strategies: use acquisition-agnostic
binary classifiers for rapid screening; pair them with automated vertebral heart score or
CTR to support communication and follow-up; and add adjusted heart volume index or
transformer key-point regression when sensitivity or interpretability is paramount. Howev-
er, agreement statistics such as intraclass correlation and Bland-Altman analysis remain
underreported, and multi-view training with explicit breed and device diversity is still
needed for robust deployment.
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5. Pleural and Mediastinal Disease

Pleural and mediastinal targets are among the most mature applications, benefitting from
relatively strong radiographic cues and, in several studies, clinically confirmed reference
standards. For pleural effusion, a commercial system evaluated against thoracocentesis,
ultrasound, CT, surgery, or combined confirmation achieved accuracy of 88.7 percent, sen-
sitivity of 90.2 percent, and specificity of 85.7 percent; false positives clustered around
mediastinal fat and false negatives around minimal fluid lines, underscoring the need for
multi-view inference and co-finding context (Mekonnen et al., 2025; Tejani et al., 2024;
Wei et al., 2023). In a prospective emergency cohort, automated identification of CPE
compared with an American College of Veterinary Radiology radiologist yielded sensitivity
of 91.3 percent, specificity of 92.4 percent, and a negative predictive value near 99 per-
cent, which is operationally valuable for rule-out when cardiology support is delayed (Burti
et al., 2020; Kim et al., 2022). Multi-label canine thorax models mirror these strengths, re-
peatedly posting high AUC for pleural effusion and pneumothorax while struggling with
more subtle textures (Ahmad et al., 2023; Rajpurkar et al., 2017).

Beyond binary effusion calls, CT-based deep learning (DL) has been explored for malig-
nant pleural effusion (MPE) triage using pleural region patches. Reported test accuracy
reached 90 percent with an area under the ROC of 0.791, suggesting potential to reduce
invasive sampling in selected pathways, although the small image-level test set and sin-
gle-center design caution against overgeneralization (Xiao et al., 2025). Mediastinal dis-
ease can be screened with simple, interpretable measurements: in cats, right-lateral tra-
cheal bifurcation metrics separated cranial mediastinal mass from pleural effusion alone,
with thresholds at a manubrium-to-bifurcation distance of 7.5 cm and a rib-to-bifurcation
count of 6 offering high sensitivity for mass detection (Moore et al., 2025). Critically
speaking, these tools work best when embedded in a pipeline that first guarantees acqui-
sition quality, then combines multi-view radiography with confirmatory echocardiography
or point-of-care ultrasound for triage-positive cases, thereby minimizing spectrum bias
while preserving speed (Hung et al., 2022; Moore et al., 2025).
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6. Pulmonary Parenchymal Disease and Masses

Performance for pulmonary targets follows a consistent hierarchy across species (Banza-
to, Wodzinski, Burti, et al., 2021). In dogs, multi-label classifiers trained on lateral views
achieved AUC of 0.96 for pleural effusion, 0.89 for alveolar pattern, and 0.89 for cardio-
megaly, but dropped for interstitial and bronchial textures and further for masses when
tested on an external-type dataset from a different acquisition system (Banzato, Wodzins-
ki, Burti, et al., 2021; Dumortier et al., 2022). In cats, a radiographic pulmonary pattern en-
semble using region-of-interest segmentation and voting attained accuracy of about 82
percent and sensitivity of 88 percent on a held-out test set, illustrating that focusing the
model on the intrathoracic field improves signal for fine textures (Mdiller et al., 2022). Nev-
ertheless, mass detection remained the weakest label in feline work, reflecting heteroge-
neity in size, location, and opacity, as well as label scarcity and confounding normal struc-
tures (Celniak et al., 2023).

Two design implications emerge. First, localization helps: explicit intrathoracic segmenta-
tion or attention maps that consistently cover lobar distributions increase face validity
and often lift accuracy compared with whole-image training. Second, diversity and view in-
formation matter: cross-system generalization drops most for subtle textures and
masses, which argues for multi-projection inputs and domain-aware pretraining that lever-
ages true paired views to encode view-invariant anatomy before fine-tuning (Valente et al.,
2024). Taken together, parenchymal pattern recognition is approaching clinical useful-
ness for alveolar disease in curated settings, while reliable mass detection will likely re-
quire larger, better-balanced datasets, multi-view learning, and task-specific localization
heads (Rubini et al., 2025; Valente et al., 2024) .

7. Traumatic and Incidental Findings

Trauma pathways demand rapid triage of pneumothorax, rib fractures, and pulmonary
contusions (Rubini et al., 2025). A focused human chest-trauma review concluded that
transfer learning and ensemble convolutional neural networks (CNNs) can accelerate de-
tection on chest radiography and support decision making when CT is delayed, while
noting that rib fractures are frequently missed on radiographs (Zhao et al., 2024). In veteri-
nary datasets, multi-label canine models similarly report strong performance for pneumo-
thorax alongside pleural effusion and alveolar pattern, implying that these “high-contrast”
targets are suitable for Al-first prioritization in emergency settings (Celniak et al., 2023).
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A complementary safety signal comes from audits of so-called normal studies. In a multi-
center adult chest radiograph cohort, 18.9 percent of studies labeled normal by report
contained missed findings on expert reread, three quarters of which were clinically im-
portant; a commercial Al detected approximately 53 percent of a defined subset of these
misses and achieved AUC values up to 0.935 across sites (Kaviani et al., 2022; Seah et
al., 2021). Although human, these data quantify the latent error burden that Al could miti-
gate in small-animal practice, particularly in general clinics without specialist coverage
(Celniak et al., 2023; Kaviani et al., 2022).

Incidental findings also carry management consequences. In a real-world outpatient
study of first-visit chest radiographs, an Al flagged lung nodules in approximately 1 per-
cent of cases; among adjudicated positives, 69.9 percent were true nodules and 11 per-
cent were malignant. Importantly, higher Al nodule scores predicted malignancy, while
co-abnormality scores (for consolidation or pleural effusion) skewed toward active in-
flammation rather than cancer, providing a pragmatic hierarchy for follow-up imaging and
referral (Kwak et al., 2024). For veterinary workflows, an analogous approach would com-
bine Al-flagged nodules with co-finding context and QA gates to minimize false positives
from summation artifacts or suboptimal collimation before committing to advanced im-
aging.

8. Representation Learning and Generalization

Classical transfer learning from ImageNet or human chest radiography seeded many early
veterinary models, but domain gaps limit robustness across devices, sites, and breeds
(Celniak et al., 2023; Rubini et al., 2025). Multi-label canine work already showed that per-
formance degrades most for subtle textures and masses when shifting acquisition sys-
tems, underscoring the need for domain-aware training (Valente et al., 2024). In a cardio-
megaly study trained on CR and tested on DR, AUC remained above 0.90, yet single-view
scope and strict inclusion criteria constrained generalization (Boissady et al., 2020).

Two advances now address these gaps. First, same-modality SSL (Self-Supervised Learn-
ing) on large human and veterinary X-ray corpora improves downstream veterinary classi-
fication, with SImCLR pretraining yielding mean AUC of 0.77 on lateral views versus lower
baselines and smaller gains on ventrodorsal or dorsoventral projections (Celniak et al.,
2023). Second, multi-view self-supervision that pairs true orthogonal projections from the
same study learns view-invariant anatomy and outperforms single-view and ImageNet
self-supervision across many labels in a very large canine cohort. These representation
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gains should be combined with AutoQC to reduce shortcut learning and with patient-level
splits to prevent leakage, creating stronger foundations for external validation (Dourson et
al., 2025).

9. Explainability, Calibration, and User Interface

Clinicians adopt tools they can interrogate. Saliency methods (e.g., Grad-CAM) in feline
radiographic pulmonary-pattern work consistently highlighted plausible lobar regions and
improved confidence when paired with region-of-interest segmentation and ensemble
voting (Dumortier et al., 2022). Human-focused pipelines combining
Grad-CAM/SHAP/LIME likewise anchored predictions to recognizable anatomy and
report text, facilitating error analysis (Saporta et al., 2022). In cardiomegaly, key-point
overlays that reconstruct vertebral heart score (VHS) make outputs auditable at a glance,
a usability advantage over pure classifiers (Valente et al., 2024).

Calibration and thresholding determine bedside behavior. A multi-lesion veterinary classi-
fier explicitly calibrated probabilities (Platt scaling) before a reader study, yet naive
“vets+Al” did not outperform Al alone, underscoring that user-interface and teaming
design matter as much as model scores (Celniak et al., 2023). Task-specific thresholds
should reflect prevalence and costs: for emergency CPE screening, very high negative pre-
dictive value supported rule-out workflows (Mdiller et al., 2022). Finally, repository AutoQC
that removes textual markers reduces saliency distraction and shortcut learning, improv-
ing the faithfulness of explanations (Galbusera & Cina, 2024).

10. Ethics, Governance, and Reporting Standards

Robust deployment depends as much on governance as on accuracy (Galbusera & Cina,
2024). Three pillars recur across the literature. First, dataset documentation and curation:
repositories must record projection, device, demographics, and labeling procedures, and
apply AutoQC to remove text/markers, standardize pixels, and surface metadata inconsis-
tencies that otherwise enable shortcut learning and brittle generalization (Celniak et al.,
2023). Second, transparent validation: studies should enforce patient-level splitting,
report prevalence-aware metrics with 95 percent confidence intervals, compare areas
under the curve formally, and include external, multicenter testing; measurement tools
should add intraclass correlation and Bland-Altman analyses (Zuraw & Aeffner, 2022).
Third, trust and ethics: reviews emphasize bias risks (site, device, breed), privacy, explain-
ability that anchors predictions to anatomy or clinical measurements, and even the envi-

ronmental cost of training at scale; model cards and clinician-facing summaries can oper-
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operationalize these concerns. Finally, post-deployment monitoring should mirror re-
al-world audits of missed findings and outcome-linked analyses to ensure safety gains
persist beyond development datasets (Gilbert et al., 2025).

12. Discussion

Across small-animal thoracic radiography, the most reproducible gains with Al cluster
where visual cues are strong and labels are defensible. Pleural effusion and pneumotho-
rax repeatedly show high accuracy in multi-label settings, and CPE screening achieves
very high negative predictive value in prospective emergency cohorts (Miiller et al., 2022).
For cardiac size, moving from opaque classifiers to anatomy-linked outputs has been piv-
otal: automated vertebral heart score and CTR correlate closely with specialists, and
transformer models that regress vertebral heart score key points supply auditable over-
lays that clinicians understand (Mekonnen et al., 2025).

However, three structural limitations temper generalization. First, data provenance is
uneven. Many studies remain single-center and retrospective, and several rely on re-
port-derived labels that are vulnerable to spectrum bias, while the hardest targets, such as
bronchial or interstitial textures and masses, remain underrepresented and perform worst
under device or site shift. Second, evaluation practice often uses image-level rather than
patient-level endpoints and rarely reports confidence intervals or formal AUC compari-
sons (Hennessey et al., 2022). Measurement tools would benefit from standardized intra-
class correlation and Bland-Altman analyses to quantify agreement. Third, workflow
design is frequently an afterthought. A reader study showed that unstructured “vets plus
Al" did not improve over Al alone, and large human audits of “normal” studies and inciden-
tal nodules remind us that deployment value hinges on how outputs are surfaced and
acted upon (Hennessey et al., 2022; Hernandez Torres et al., 2024; Hespel et al., 2022).
Encouragingly, upstream curation and representation learning now address some of these
gaps. Open AutoQC pipelines reduce shortcut learning by standardizing pixels and remov-
ing textual artifacts, and automated per-image QA modules catch positioning, collimation,
and exposure problems fast enough to prompt retakes (Fraiwan & Abutarbush, 2020).
Self-supervision on same-modality radiographs improves downstream veterinary perfor-
mance, and multi-view pretraining that exploits true paired projections learns view-invari-
ant anatomy and boosts AUC across diverse labels (Goncalves et al., 2025).
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A pragmatic research agenda follows. First, build multicenter, breed- and device-diverse
repositories with AutoQC and explicit metadata, then insist on patient-level splits and ex-
ternal validation with confidence intervals (Kaffas et al., 2024). Second, favor models that
expose interpretable measurements or lesion localization and that are calibrated for local
prevalence. Third, design reader-assist trials with user-centered interfaces that deliver
co-finding context, minimize alert fatigue, and measure workflow and outcome endpoints,
not only accuracy. (Park et al., 2024; Park et al., 2025) Finally, combine radiography with
point-of-care ultrasound, echocardiography, or clinical data where appropriate to raise
positive predictive value on high-stakes calls such as malignant effusion or suspicious
nodules (Rubini et al., 2025; Schmid et al., 2022).

13. Conclusion

Al for small-animal thoracic radiographs is transitioning from promising prototypes to de-
ployable assistants where visual cues and labels are strongest. The most reliable gains
arise from a layered pipeline that begins with automated QA, proceeds through interpreta-
ble measurements or localized detections, and culminates in calibrated, clini-
cian-in-the-loop decisions. Cardiac size assessment, pleural disease triage, and high-con-
trast emergencies are already credible use-cases, while subtle textures and masses
remain challenging. The next phase should prioritize multicenter, patient-level validation,
multi-view and self-supervised representation learning, and user interfaces that improve
teaming rather than only scores. With these ingredients, veterinary practices can translate
algorithmic accuracy into safer, faster, and more consistent care.
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