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R E V I E W

Comparative reasoning in radiology artificial intelligence: longitudinal 
and reference-case approaches

ABSTRACT
Artificial intelligence (AI) in radiology remains predominantly examination-centric, whereas clinical 
interpretation frequently depends on comparison across time or with relevant prior cases. This nar-
rative review examines comparative reasoning in radiology AI through two related but clinically dis-
tinct forms: longitudinal reasoning, which compares examinations from the same patient over time, 
and reference-case reasoning, which uses clinically analogous cases from other patients to support 
interpretation. We propose a capability hierarchy that distinguishes simple access to compara-
tive information from higher-level capabilities, including selection of relevant historical context, 
anatomical and lesion-level correspondence, characterization of interval change, temporal-state 
interpretation, multi-interval trajectory reasoning, and entity-specific assessment of clinical simi-
larity. This distinction matters because providing prior examinations or retrieving visually similar 
cases does not itself demonstrate meaningful comparative reasoning. We review developments 
in prior-examination selection, registration, lesion tracking, temporal vision–language modeling, 
treatment-response assessment, analogous-case retrieval, and longitudinal report generation. Par-
ticular emphasis is placed on evaluation strategies that determine whether model performance 
depends appropriately on clinically relevant comparative information rather than on additional in-
put volume, global image similarity, acquisition characteristics, or other shortcuts. Key challenges 
include incorrect prior selection, lesion mismatching, temporal inconsistency, clinically irrelevant 
reference-case retrieval, data leakage, misleading comparative language, and propagation of his-
torical errors. Future progress will require models that preserve entity identity, reason coherently 
across multi-visit imaging histories, identify clinically informative reference cases, and demonstrate 
benefit under realistic clinical conditions. Comparative reasoning is therefore a necessary step in 
the transition from examination-level toward patient-level radiology AI.
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Clinical interpretation in radiology is frequently comparative. Radiologists routinely 
compare a current examination with prior imaging to assess interval change and better 
understand the disease state; professional reporting guidance explicitly recommends 

comparison with prior examinations when available.1,2 Such comparison is central to common 
tasks, including assessing lesion growth, treatment response, recurrence, disease progression, 
and distinguishing progression or recurrence from treatment-related change.2,3 However, the 
dominant development paradigm in radiology artificial intelligence (AI) has historically cen-
tered on individual examinations, with detection, triage, classification, and related tasks per-
formed predominantly at a single time point.2 

Assessment of an examination alone captures only part of the longitudinal comparison 
workflow. Providing a model with a prior examination does not, by itself, constitute a longi-
tudinal comparison process. The process is a set of linked operations: selection of relevant 
historical examinations, identification of corresponding anatomy or lesions across examina-
tions, and assessment of stability or interval change.4 Each of these can fail independently. 
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The problem compounds when several pri-
or examinations are available, because the 
model must then identify not only the rele-
vant comparator examination but also the 
relevant series within it and the correspond-
ing finding location.4 

Recent primary studies illustrate the 
breadth of this emerging field. These include 
tumor-preserving longitudinal registration 
and automated lesion tracking,5,6 tempo-
ral vision–language models that explicitly 
incorporate previous images and reports,7 
and benchmarks designed to test reasoning 
across multiple imaging intervals rather than 
isolated current–prior pairs.8 The demon-
strated value of additional historical informa-
tion, however, is not uniform. For instance, in 
screening mammography, radiologists’ com-
parison with two or more prior examinations 
was associated with lower recall, higher pos-
itive predictive value of recall, and a higher 
cancer detection rate than comparison with 
a single prior.9 In contrast, a recent digital 
breast tomosynthesis AI study found similar 
discrimination with and without prior exam-
inations, with priors providing only limited 
additional benefit, mainly through slightly 
improved specificity.10 These contrasting 
examples indicate that the value of longi-
tudinal information is task- and system-de-
pendent and cannot be assumed from its 
availability alone.

This narrative review synthesizes work 
across medical image registration, lesion 
tracking, vision–language modeling, report 
generation, image retrieval, and clinical deci-
sion support through the lens of comparative 
reasoning. This includes both same-patient 
longitudinal comparison and comparison 
with clinically analogous cases from other 

patients. It focuses on the capabilities re-
quired to move from access to comparative 
information toward clinically meaningful 
interpretation, covering historical-context 
selection, correspondence, temporal inter-
pretation, reference-case comparison, com-
munication, evaluation, safety, and the tran-
sition toward patient-level radiology AI.

Relevant literature was identified through 
targeted and topic-driven searches, supple-
mented by backward and forward citation 
tracking. As this is a narrative rather than a 
systematic review, studies were selected 
based on their relevance to the concep-
tual and clinical themes discussed rath-
er than to provide exhaustive coverage. 
 
Conceptual foundations of comparative 
reasoning

For this review, two related but clinically 
distinct forms of comparative reasoning in 
radiology AI are distinguished (Figure 1). The 
first—and the primary focus of this review— 
is longitudinal comparison, in which current 
and previous examinations from the same 
patient are interpreted together to charac-
terize disease evolution; paired longitudinal 
vision–language approaches provide a di-
rect example of this paradigm.11 The second 
is reference-case comparison, in which a 
current examination is compared with clini-
cally analogous cases from other patients to 
support diagnosis or differential diagnosis, 
as demonstrated by a deep learning-based 
image retrieval system evaluated for radiol-
ogist decision support.12 Longitudinal and 
reference-case comparison have distinct 
clinical purposes: the former characterizes 
change within the same patient over time, 
whereas the latter supports interpretation by 
comparison with analogous cases from other 
patients. They nevertheless share a common 
principle of identifying clinically relevant en-
tities or regions across images and reasoning 
about their correspondence, similarity, or 
difference. Cross-modality imaging may con-
tribute to either form, although it is regard-
ed as a technical dimension of comparison 
rather than a separate category of reason-
ing. Comparison with a normative reference 
population, as in age- and sex-adjusted brain 
volumetric percentiles or coronary artery cal-
cium percentiles, is also common in clinical 
radiology; its comparator, however, is a sta-
tistical distribution rather than another im-
aging examination, and it is not considered 
further here.

Furthermore, a capability hierarchy is pro-
posed that distinguishes access to longitudi-

nal information from increasingly advanced 
forms of longitudinal reasoning (Table 1 and 
Figure 2). The individual components of this 
hierarchy are not necessarily novel, as several 
have been studied separately. Its contribu-
tion is to place these capabilities within a 
common structure that distinguishes what 
each level demonstrates and what remains 
to be evaluated. At the most basic level, an 
AI system may analyze a single examination 
without historical context. A system at the 
next level may receive a current and prior ex-
amination but use them primarily as joint in-
puts for prediction, as demonstrated by mod-
els combining current and prior computed 
tomography (CT) for pulmonary nodule ma-
lignancy estimation.13 Beyond simple access, 
a system may identify the historical examina-
tion, series, report, or reference point most 
relevant to the current task.4 More advanced 
systems establish anatomical or lesion-level 
correspondence between examinations. Sys-
tems at the next level support quantification 
of interval differences, as illustrated by lon-
gitudinal CT pipelines combining detection, 
segmentation, lesion matching, and change 
classification.14 Higher-level systems trans-
late paired-examination information into 
clinically meaningful temporal states; for 
example, progression models have classified 
findings as improved, unchanged, worsened, 
or new.15 At the highest level, multi-interval 
trajectory reasoning requires integration of 
several examinations across time; temporal 
models have begun to operationalize this by 
encoding serial examination trajectories for 
prediction.16 

The clinical relevance of this hierarchy can 
be seen in treatment-response assessment. 
For example, under Response Evaluation Cri-
teria in Solid Tumors (RECIST) 1.1, a patient 
may have a sum of target-lesion diameters of 
100 mm at baseline, 60 mm at nadir, and 75 
mm at a subsequent follow-up. Because pro-
gression is assessed relative to the smallest 
sum on study, the increase from 60 to 75 mm 
represents a 25% and 15-mm increase and 
therefore meets the criteria for progressive 
disease, despite the tumor burden remaining 
below baseline. This assessment depends on 
correct identification of the corresponding 
target lesions across examinations; if lesion 
correspondence is uncertain or incorrect, the 
measured change and the resulting tempo-
ral interpretation should likewise be regard-
ed as uncertain.

These levels are not interchangeable and 
should not be interpreted as a mandatory 
sequence. The ability to accept multiple im-
ages does not, by itself, demonstrate that 

Main points

•	 Comparative radiology artificial intelligence 
(AI) includes same-patient longitudinal rea-
soning and reference-case reasoning using 
analogous cases from other patients.

•	 Providing prior examinations does not by 
itself demonstrate longitudinal reasoning.

•	 Meaningful longitudinal reasoning requires 
appropriate historical-context selection, 
correspondence across examinations, inter-
pretation of interval change, and integra-
tion across multiple time points. 

•	 Clinically useful reference-case comparison 
should prioritize entity-specific relevance 
over global image similarity.

•	 Comparative radiology AI should be evalu-
ated for appropriate use of comparative in-
formation as well as clinical utility.
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a model understands temporal relation-
ships.8,17 Having access to a patient’s imaging 
history is distinct from selecting appropriate-
ly within it, because the relevant comparator 
is determined by the clinical task rather than 
by recency. Registration or lesion matching 
establishes spatial or lesion correspondence 
across examinations but does not itself de-
termine the clinical meaning of change.18,19 
Likewise, quantifying an interval difference 
and interpreting it clinically are different ca-
pabilities.20,21 Pairwise comparison between 
two examinations is not equivalent to mul-
ti-interval longitudinal reasoning, which 
requires integrating temporally ordered ev-
idence into a globally consistent interpreta-
tion across multiple visits (Figure 3).8

Table 1. Taxonomy of capabilities relevant to comparative reasoning in radiology artificial intelligence

Category Capability Definition Required information 
or data

Typical output What it does not 
establish

Longitudinal

Single-examination 
analysis

Interpretation of one 
examination without 

explicit use of previous 
imaging or reference 

cases

Current examination Detection, segmentation, 
classification, or diagnosis

Use of historical 
context or comparative 

reasoning

Longitudinal 
information access

Availability of one 
or more previous 

examinations or reports 
to the model

Current examination + 
previous examination(s) 

and/or report(s)

Prediction incorporating 
multiple inputs

That the model has 
identified or interpreted 
temporal relationships

Historical-context 
selection

Identification of the 
previous examination, 

series, report, reference 
point, or clinical event 
most relevant to the 

current task

Current examination 
+ longitudinal patient 

history

Selected prior examination, 
series, report, reference 

point, or event

Correct correspondence 
or interpretation of 

interval change

Anatomical 
correspondence

Establishment of 
spatial or semantic 

correspondence between 
anatomical structures 
across examinations

Current and previous 
examinations

Registered anatomy or 
corresponding regions

Identity of individual 
lesions or clinical 

meaning of change

Lesion/entity 
correspondence

Identification of the 
same lesion, finding, or 
clinically relevant entity 

across examinations

Current and previous 
examinations, often 

with spatial and 
appearance information

Matched lesion or entity 
across time

Whether the matched 
entity has clinically 

progressed or 
responded

Change 
characterization

Detection or 
quantification of 
differences in a 

corresponding entity 
between examinations

Corresponding anatomy 
or entity across ≥ 2 

examinations

Change in size, volume, 
burden, morphology, signal, 
attenuation, enhancement, 
or another imaging feature

Whether the observed 
difference represents 

biological progression, 
response, or technical 

variability

Temporal 
interpretation

Translation of interval 
differences into clinically 

meaningful temporal 
states

Correspondence + 
interval information

New, stable, improved, 
worsened, or resolved

Integration of the 
complete disease 

course across several 
examinations

Multi-interval 
trajectory reasoning

Integration of information 
across several time 

points while preserving 
temporal order, entity 

identity, and consistency

Structured multi-visit 
imaging history

Coherent interpretation or 
representation of disease 

course

Clinical utility unless 
benefit is independently 

demonstrated

Reference Reference-case 
comparison

Comparison of the 
current examination or 
finding with clinically 
analogous cases from 

other patients

Current examination 
+ reference-case 

collection

Similar cases, clinically 
relevant similarity/difference 
assessment, and diagnostic 

support

Same-patient temporal 
reasoning 

Figure 1. Comparative reasoning in radiology artificial intelligence. A current finding can be interpreted 
using two complementary forms of comparison: the patient’s own prior examinations to understand 
temporal evolution (i.e., longitudinal comparison), or clinically analogous cases from other patients to 
provide diagnostic context (i.e., reference-case comparison). Cross-modality imaging may contribute to 
either form.
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Recent multi-interval benchmarking sup-
ports this last distinction, showing that lo-
cally plausible interval-level interpretations 
may not translate into globally consistent 
trajectory-level reasoning.8 This argues for 
defining longitudinal capability in terms 
of the temporal relationships and depend-
encies a model can establish and interpret 
across examinations, rather than the number 
of examinations it receives.

Construction of longitudinal context

Longitudinal reasoning begins before di-
rect image comparison. A patient may have 
numerous previous studies, and the clinically 

relevant comparator is not necessarily the 
most recent examination (Figure 4).4 In some 
settings, the immediately preceding study 
is most informative; in others, the relevant 
reference may be a pretreatment baseline, 
an earlier examination, or several studies 
that establish a longer trajectory.4,9,20 In on-
cologic response assessment, for example, 
interpretation may depend on comparison 
with pretreatment baseline when assessing 
response, or the smallest previously record-
ed tumor burden (nadir) when assessing pro-
gression, rather than simply the immediately 
preceding examination.20 The time interval 
itself also carries clinical meaning, because 

expected rates of lesion growth and the 
evolution of treatment-related changes vary 
substantially between clinical settings.22,23

Consequently, selection of historical in-
formation should be considered part of the 
longitudinal reasoning problem rather than 
a preprocessing step, because identifying 
the appropriate comparator depends on the 
clinical question being asked. Providing a 
model with every available examination in-
discriminately increases input volume with-
out necessarily increasing relevant compar-
ative information and adds computational 
burden. Human radiologists already perform 
selective historical retrieval by identifying 

Figure 2. Capabilities in longitudinal radiology artificial intelligence. The schematic distinguishes longitudinal information access from progressively more advanced 
capabilities, including historical-context selection, anatomical and lesion-level correspondence, change characterization, temporal interpretation, and multi-
interval trajectory reasoning. These represent operational capabilities rather than a mandatory sequential architecture, and access to prior examinations alone does 
not establish longitudinal reasoning.

Figure 3. Pairwise comparison versus multi-interval trajectory reasoning. Pairwise approaches generate separate judgments for individual intervals, whereas 
trajectory reasoning integrates temporally ordered information across the complete sequence to characterize the overall disease course (with subsequent 
progression illustrated by a new contralateral lesion at examination 4). Correct interval-level judgments, therefore, do not, by themselves, demonstrate coherent 
multi-interval reasoning.
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which prior examinations, image series, find-
ings, reports, and clinical events are most rel-
evant to the current question.4,24

The optimal longitudinal context may in-
clude both images and text. Previous reports 
provide compact summaries of established 
findings and earlier interpretations, whereas 
prior images provide the underlying visual 
evidence. Longitudinal AI systems have be-
gun to exploit both sources simultaneous-
ly; for example, models have combined the 
previous chest radiograph and its report 
with the current examination to pre-fill the 
findings section of the current report.25 Re-
al-world comparison is further complicated 
by heterogeneity between current and pri-
or examinations. In a mammography read-
er study, diagnostic performance differed 
among cases with prior and current exami-

nations acquired using the same versus dif-
ferent vendors.26 Surgery, radiation therapy, 
and systemic treatment between examina-
tions can also produce expected posttreat-
ment changes that affect how interval find-
ings are interpreted.23,27 

Automated selection of relevant historical 
information is beginning to be addressed 
explicitly.4 Weikert et al.4 developed Time-
Lens, which used natural language process-
ing and image matching to identify relevant 
prior examinations, comparator series, and 
corresponding finding locations in serial CT 
and magnetic resonance imaging (MRI); use 
of the system reduced the average time re-
quired for longitudinal finding assessment 
by approximately 40%. In the literature re-
viewed here, however, prior-selection meth-
ods remain less prominent than downstream 

approaches for registration, lesion matching, 
and change analysis. This suggests an impor-
tant research opportunity: future longitudi-
nal systems should not simply accumulate 
patient history but should identify which 
elements of that history are relevant to the 
current diagnostic task. Once the appropri-
ate comparison has been selected, the next 
problem is establishing reliable correspond-
ence across examinations.

Correspondence across examinations

Meaningful longitudinal comparison re-
quires establishing that the same anatomy, 
lesion, or clinical entity is being evaluated 
across time.5,18,28 This can be challenging 
because serial examinations may differ in 
patient positioning, acquisition parameters, 
scanner characteristics, and respiratory state; 

Table 2. Proposed evaluation framework for comparative radiology artificial intelligence

Evaluation target Minimum evidence Stronger evidence What must be ruled out

Historical-context selection

Accuracy or relevance 
of the selected previous 

examination, series, report, or 
reference point

Reader-defined clinical relevance; 
downstream effect on interpretation; 

comparison with simple strategies, such as 
selecting the most recent prior

Selection of the temporally closest 
study rather than the clinically 

appropriate comparator

Anatomical correspondence
Registration or localization 

accuracy using an appropriate 
reference standard

Evaluation across scanners, protocols, 
anatomical deformation, and treatment states

Clinically important local 
misregistration despite good global 

alignment

Lesion/entity correspondence
Accuracy of matching the 

same lesion or entity across 
examinations

Evaluation in patients with multiple similar 
lesions, new lesions, resolving lesions, and 

marked morphological change

Spatial proximity mistaken for true 
entity identity

Change characterization
Agreement with reference 
measurements or labels for 

interval change

Repeatability analysis and robustness to 
acquisition or reconstruction differences

Technical or measurement variability 
interpreted as biological change

Temporal interpretation

Accuracy for clinically 
meaningful states, such 

as new, stable, improved, 
worsened, or resolved

Performance stratified by temporal state; 
comparison with current-examination-only 
models; correct-prior versus irrelevant-prior 

experiments

Model infers temporal state from the 
current examination alone or from 

dataset-specific shortcuts

Incremental value of 
longitudinal information

Better performance in the 
same cases with current + 
prior input than with the 

current examination alone

Correct-prior versus irrelevant/mismatched-
prior testing; prior-image versus prior-

report ablation; perturbation of historical 
information

Improvement caused by additional 
input volume, patient identity, 

acquisition characteristics, or textual 
patterns rather than meaningful 

temporal reasoning

Value of longer history Comparison of one-prior 
versus multiple-prior input

Incremental performance according to 
number, timing, and relevance of previous 

examinations

Additional examinations increase 
information volume without 
providing useful trajectory 

information

Multi-interval trajectory 
reasoning

Evaluation using ≥ 3 
temporally ordered 

examinations and trajectory-
level targets

Comparison of full-history reasoning with 
independent adjacent-pair predictions; 

explicit temporal-consistency evaluation

Independent pairwise predictions 
presented as evidence of trajectory 

reasoning

Comparative report generation Correctness of comparative 
findings and temporal states

Entity-level factuality, temporal consistency, 
grounding to relevant examinations, and 

uncertainty assessment

Fluent temporal language without 
correct comparative evidence

Reference-case comparison Diagnostic relevance of 
retrieved analogous cases

Reader study; lesion/entity-specific retrieval 
analysis; comparison with global-image 

retrieval

Similar anatomy or acquisition 
characteristics mistaken for clinically 

meaningful similarity

Clinical utility

Effect on radiologist 
performance, workflow, or 

clinical decision-making in a 
clinically relevant setting

Multi-reader, workflow, or prospective 
studies; evaluation of effects on diagnosis, 

management, or other clinically meaningful 
outcomes

Benchmark or statistical improvement 
assumed to translate into clinical 

benefit
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anatomy may also be altered due to treat-
ment-related changes.18,28,29

At the anatomical level, image registra-
tion provides a common spatial framework 
for comparison.18 Rigid registration primari-
ly addresses translation and rotation, affine 
registration additionally accommodates 
transformations such as scaling and shear-
ing, and deformable registration models 
more complex local anatomical changes.18 
For longitudinal reasoning, however, accu-
rate alignment is not sufficient if the regis-
tration process distorts the pathology being 
measured.5 This is particularly relevant in 
treatment-response imaging, where genuine 
changes in tumor size or morphology should 
be preserved rather than normalized by the 
registration process.5 A recent longitudinal 
breast MRI study specifically addressed this 
problem by developing deformable regis-
tration that maintained global anatomical 
alignment while preserving tumor volume.5 

Anatomical alignment also does not guar-
antee lesion identity.6,28,30 Individual lesions 
may enlarge, shrink, resolve, or substantially 
change in appearance between examina-
tions, and new lesions may emerge and oth-
ers disappear.18,28 Longitudinal lesion track-
ing therefore requires more than anatomical 
alignment alone.6,28,30 Cai et al.6 demonstrat-
ed this principle with Deep Lesion Tracker, 
which combined lesion appearance with an-
atomical information to identify correspond-
ing lesions across serial CT examinations. This 
distinction between anatomical alignment 

and lesion-specific matching is particularly 
important in patients with multiple similar 
lesions, where spatial correspondence alone 
may be insufficient.6,28,30

Correspondence becomes more chal-
lenging when exact voxel-wise correspond-
ence is unreliable, such as with substantial 
treatment-related deformation or when 
correspondence must be established across 
modalities.5,31 Recent work has therefore 
explored semantic and anatomical embed-
dings that identify corresponding structures 
despite substantial differences in visual ap-
pearance.31 For example, the Universal Ana-
tomical Embedding framework was evaluat-
ed for both longitudinal CT lesion tracking 
and cross-modality CT–MRI correspondence 
for affine and rigid registration, explicitly 
addressing situations in which structures 
with similar meaning may have markedly 
different appearances.31 In such settings, the 
relevant longitudinal question may be enti-
ty-level correspondence rather than exact 
voxel overlap: whether a finding or anatomi-
cal structure at one time point represents the 
same clinical entity at another.

This distinction is important for the over-
all capability hierarchy. Correspondence de-
termines what should be compared; it does 
not determine what the observed difference 
means clinically. Once reliable anatomical or 
lesion identity has been established, the task 
then shifts from alignment and matching to-
ward temporal interpretation.

Temporal reasoning across serial examina-
tions

Temporal reasoning begins with detec-
tion of interval change but extends beyond 
it. At a basic level, models can identify differ-
ences in location, size, morphology, signal 
intensity, attenuation, enhancement, or dis-
ease burden between sequential examina-
tions. These differences can then be translat-
ed into clinically meaningful temporal states. 
For example, an anatomy-specific chest radi-
ograph model has classified interval findings 
as improved, unchanged, worsened, or new 
while also localizing newly appearing abnor-
malities.15 Such categories move longitudinal 
analysis closer to clinical radiology reporting 
and decision-making than raw pixel- or fea-
ture-level differences alone.

Quantitative longitudinal analysis pro-
vides another level of information. Depend-
ing on the clinical task, relevant measure-
ments may include lesion diameter, volume, 
number of lesions, disease burden, growth 
rate, enhancement, diffusion, perfusion, 
or other quantitative imaging biomarkers. 
Longitudinal models can use these changes 
for higher-level clinical tasks, such as treat-
ment-response prediction. In a multi-institu-
tion study of rectal cancer, Jin et al.32 integrat-
ed pre- and post-treatment multiparametric 
MRI using a Siamese deep learning frame-
work to predict pathologic complete re-
sponse; the longitudinal model significantly 
outperformed models using imaging from 
a single time point. This illustrates the tran-
sition from measuring imaging change to-
ward estimating clinically relevant disease 
evolution, without implying that model 
predictions alone are sufficient to determine 
management.

A major challenge is distinguishing biologi-
cal change from measurement and acquisition 
variability. Quantitative imaging studies have 
shown that apparent longitudinal differences 
can arise from imaging parameters, segmen-
tation, measurement procedures, and other 
sources of variability even when no true bi-
ological change has occurred.33,34 Treatment 
adds a separate layer of complexity because 
therapy-related imaging changes may mimic 
progression. In neuro-oncology, for example, 
the Response Assessment in Neuro-Oncology 
(RANO) Version 2.0 set of criteria specifically 
addresses the high frequency of pseudopro-
gression after radiotherapy and recommends 
confirmation of progression in appropriate 
settings.35 Longitudinal AI therefore needs to 
interpret observed change in relation to both 
imaging conditions and treatment chronology.

Figure 4. Selection of clinically relevant longitudinal context. The temporally nearest prior examination is not 
necessarily the clinically defined reference examination for a longitudinal task. The Response Assessment 
in Neuro-Oncology (RANO) Version 2.0 criteria provide a practical example: in newly diagnosed glioma 
treated with radiotherapy (RT), the post-RT magnetic resonance imaging (MRI) obtained approximately 4 
weeks after treatment serves as the baseline for subsequent response assessment rather than the immediate 
postsurgical MRI. For subsequent progression assessment, the relevant comparison may shift to the nadir if 
tumor burden decreases below baseline. The schematic illustrates the broader principle that longitudinal 
artificial intelligence should identify task-appropriate reference examinations rather than defaulting to the 
most recent prior, while still integrating information across the longitudinal imaging history. 
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A major limitation is that many existing 
evaluations of AI in medical imaging have 
focused on single images or short-horizon 
image pairs rather than complete multi-visit 
trajectories.8,36 Pairwise comparison is clin-
ically useful, but it is not equivalent to rea-
soning over a disease course. Across several 
examinations, serial imaging may reveal pro-
gressive enlargement, response followed by 
recurrence, or different trajectories among 
individual lesions. These patterns require 
preservation of temporal order and integra-
tion of evidence across multiple intervals 
rather than independent before-and-after 
comparisons. Longitudinal modeling stud-
ies also suggest that additional time points 
may provide incremental predictive infor-
mation.37 In patients with brain metastases 
treated with stereotactic radiosurgery, a 
convolutional gated recurrent unit model in-
tegrating four sequential MRI examinations 
outperformed simple convolutional neural 
network, radiomics, and diameter-based 
comparison models, with performance im-
proving as additional follow-up examina-
tions were incorporated.37 

Multi-interval benchmarks have begun to 
expose this limitation directly. The Multi-In-
terval Chest X-Ray (MI-CXR) benchmark eval-
uates five-visit chest radiograph sequences 
and separates temporal event localization, 
interval-wise change reasoning, and global 
trajectory summarization.8 Across 14 vision–
language models, mean accuracy was 29.3%, 
only modestly above random guessing. Prob-
ing analyses showed that models could gen-
erate locally plausible interval interpretations 

yet fail to combine them into globally consist-
ent decisions across the complete timeline. 
Thus, good performance on paired examina-
tions should not automatically be interpreted 
as evidence of longitudinal trajectory reason-
ing.

Temporal interpretation also needs to 
account for regional and entity-level hetero-
geneity. Disease evolution may differ across 
anatomical regions: one abnormality may 
improve while another remains unchanged 
or worsens. Anatomy-specific progression 
modeling has shown that incorporating re-
gional information can improve progression 
classification compared with approaches 
relying only on global image features.15 Sta-
bility itself is also a clinically relevant lon-
gitudinal state; dedicated follow-up chest 
radiograph systems have been developed 
specifically to identify unchanged exami-
nation pairs while still detecting important 
interval abnormalities.36 More recently, the 
CheXTemporal benchmark reported that, in 
zero-shot evaluation, the vision–language 
models tested performed better on visual-
ly salient worsening than on subtler states, 
such as stable and resolved, although these 
findings currently derive from a preprint and 
require further validation.38 

The central objective of longitudinal AI 
should therefore extend beyond detecting 
that two images differ. The system should 
determine which entities have changed, in 
what direction, over what interval, and with 
what clinical significance. Comparative infor-
mation becomes valuable when it contrib-

utes to a coherent and clinically meaningful 
interpretation of disease course.

Reference-case and analogous-case rea-
soning

Reference-case comparison represents 
the second form of comparative reasoning 
considered in this review. Instead of compar-
ing a patient with their own prior examina-
tions, the current examination is compared 
with previously diagnosed cases or other 
clinically analogous cases from other pa-
tients.39 This approach is particularly relevant 
when imaging findings are uncommon, vis-
ually confusable, or associated with a broad 
differential diagnosis.12,40 

Content-based image retrieval (CBIR) 
provided the historical foundation for this 
approach by retrieving radiological images 
according to visual similarity, with semantic 
and metadata information used to improve 
clinical relevance.41 More recently, deep rep-
resentations and foundation-model embed-
dings have been applied to retrieval across 
large and heterogeneous imaging collec-
tions.42 In a 2025 study evaluating 1.6 million 
radiological images across four modalities 
and 161 pathologies, selected weakly su-
pervised foundation models, particularly 
BiomedCLIP, achieved competitive retrieval 
performance without task-specific fine-tun-
ing; however, retrieval based on pathologi-
cal features remained less effective than re-
trieval based on anatomical characteristics.42 
This distinction is important because visual 
similarity does not necessarily imply clinical 

Figure 5. Reference-case reasoning and the distinction between global image similarity and clinical relevance. Candidate A is globally different from the current 
examination but contains a clinically analogous lesion, whereas Candidate B is globally similar but contains a clinically different finding. Clinically meaningful 
reference-case reasoning should therefore prioritize similarity of the relevant entity rather than overall image appearance. 
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similarity (Figure 5).43 Clinically useful retriev-
al may therefore require representations that 
emphasize the specific lesion, anatomical re-
gion, or diagnostic entity rather than global 
image appearance alone.39,43 Successful re-
trieval should therefore not be interpreted as 
evidence of reference-case reasoning unless 
the retrieved cases are also used appropri-
ately to support diagnostic interpretation.

Reader studies provide direct evidence 
that analogous-case retrieval can support 
radiological interpretation.12,40 In interstitial 
lung disease CT, use of a deep learning-based 
CBIR system that retrieved similar cases us-
ing regional disease patterns improved both 
diagnostic accuracy and interreader agree-
ment across readers with different levels of 
experience.12 More recently, a multi-reader 
study of orbital MRI demonstrated improved 
diagnostic accuracy with retrieved reference 
cases for uncommon eye and orbital masses, 
and reading time was lower in reads using 
the CBIR tool alone than in reads using status 
quo reference tools alone.40 Together, these 
reader studies suggest that reference-case 
retrieval can improve radiologist diagnostic 
performance in selected settings, particular-
ly when interpretation involves uncommon 
or visually overlapping imaging patterns.12,40 

The value of reference-case reasoning 
also depends on the quality and composition 
of the reference database. In CBIR, the size 
and diversity of the database can influence 
the reliability of retrieved comparisons.44 
Cases should also have reliable diagnostic 
labels or reference standards, because weak 
or noisy labels can compromise the reliability 
and generalizability of AI systems.45 Biased 
or unrepresentative case sampling may limit 
the applicability of retrieved cases to other 
patient populations.45,46

The conceptual link between longitudinal 
and reference-case comparison has recently 
been formalized in MedReCo, which frames 
radiological comparison as an entity-aware 
cross-image reasoning problem encompass-
ing both clinically analogous reference-case 
retrieval and same-patient temporal inter-
pretation.39 This emerging formulation is 
conceptually useful; however, for the pur-
poses of this review, analogous-case reason-
ing should remain distinct from text-centric 
retrieval-augmented generation or literature 
search, in which retrieval primarily supplies 
external knowledge to a generative model 
rather than a matched imaging case used 
directly as comparative imaging evidence.47 

Communication of comparative reasoning

Comparative reasoning becomes clinical-
ly useful when its conclusions can be com-
municated accurately. Longitudinal report 
generation therefore represents a down-
stream expression of temporal reasoning 
rather than the entirety of the reasoning 
process.

A comparative report should identify 
which findings have changed, clearly identify 
corresponding anatomical locations, and use 
appropriate temporal language, such as sta-
ble, improved, worsened, new, or resolved. 
Such statements should be grounded in im-
aging evidence from the relevant examina-
tions and should communicate uncertainty 
when the observed difference is equivocal.1,48 
The European Society of Radiology guide-
line explicitly recommends clear anatomical 
localization and description of comparison 
with prior examinations,1 and Bruno et al.48 
specifically address clear communication of 
diagnostic uncertainty. 

An important limitation is that models 
can learn the language of comparison with-
out access to reliable comparative evidence. 
Report-generation systems trained on rou-
tine radiology reports have been shown to 
generate references to prior examinations 
that were not actually available to the mod-
el, reflecting patterns inherited from reports 
containing historical comparisons rather 
than genuine longitudinal interpretation.49 
Even when previous images and reports are 
provided, correctly translating changes be-
tween prior and current observations into 
text remains difficult. In a longitudinal chest 
radiograph report-generation study, when 
the label for the same observation differed 
between the previous and current reports, 
84.42% of generated outputs were incorrect 
for that observation.25 

Recent longitudinal report-generation 
approaches have attempted to incorporate 
temporal imaging information more explic-
itly. Dalla Serra et al.50 aligned and fused 
current and prior chest radiographs into a 
joint longitudinal representation and intro-
duced anatomy-based control over gener-
ated report content. More recently, Libra in-
corporated paired current and prior images 
through a dedicated temporal alignment 
mechanism within a vision–language model, 
further illustrating the move toward explicit 
modeling of interval information during re-
port generation.51 Other recent approaches 
have moved toward explicit difference mod-
eling; DDaTR introduced a dynamic differ-

ence-aware temporal architecture designed 
to capture changes between current and 
prior examinations during longitudinal re-
port generation.52 These approaches demon-
strate technical progress, but the accuracy 
of comparative language should remain an 
independently evaluated output of longitu-
dinal reasoning.51 A fluent statement that a 
lesion is stable does not, by itself, establish 
that the underlying temporal interpretation 
was correct.

Evaluation of comparative radiology artifi-
cial intelligence

Evaluation should establish not only 
whether a comparative radiology AI system 
performs well but also whether its perfor-
mance depends appropriately on the compar-
ative information it receives. An improvement 
after adding a prior examination does not, by 
itself, demonstrate that the model used that 
prior correctly.53 A system may instead rely on 
entity presence or on acquisition-, patient-, or 
healthcare-process correlates rather than the 
intended temporal information.53-55 

Evaluation should therefore reflect the 
stages of the comparative-reasoning pipe-
line (Table 2). Historical-context selection 
requires assessment of whether the clinically 
appropriate historical examination and com-
parison series were identified or retrieved.4 
Anatomical and lesion/entity correspond-
ence require evaluation of spatial alignment 
and correct identification of the same lesion 
or finding across examinations.6 Change 
characterization requires accurate localiza-
tion and, where applicable, measurement of 
interval differences, whereas temporal-state 
interpretations should distinguish task-ap-
propriate clinically meaningful states, such 
as new, stable, improved, worsened, and re-
solved.6,7,53 Multi-interval trajectory reason-
ing should additionally demonstrate con-
sistency across the complete timeline rather 
than only between adjacent examinations.8 
Reference-case reasoning should similar-
ly be evaluated for the clinical relevance of 
retrieved cases, including whether similarity 
reflects the relevant lesion or entity rather 
than global image resemblance. More gener-
ally, robust evaluation of medical-imaging AI 
requires complementary measures selected 
according to the task, dataset properties, and 
clinical context.56 

Controlled comparisons are particularly 
informative. Current-examination-only per-
formance can be compared in the same cas-
es with performance using the correct prior, 
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to estimate incremental longitudinal value.10 
Correct priors can be contrasted with irrele-
vant or mismatched priors to test whether the 
model responds specifically to meaningful 
temporal information (Figure 6). Where suf-
ficient data exist, one-prior and multiple-pri-
or settings can determine whether longer 
histories provide added value. Comparisons 
between prior images and prior reports may 
help establish whether observed gains arise 
from visual or textual historical information.7

Perturbation-based evaluation, in which 
supplied comparative information is altered 
rather than withheld, may provide further ev-
idence of genuine temporal sensitivity. Ko et 
al.53 evaluated longitudinal chest radiograph 
models by reversing current–prior image 
order and measuring order sensitivity and 
temporal consistency, demonstrating how 
controlled manipulation of comparative in-
formation can test whether model behavior 
reflects the intended temporal relationship. 

These strategies should be regarded as 
proposed evaluation principles rather than 
universal requirements, since the appropriate 
design depends on the intended task. Never-
theless, claims of longitudinal reasoning are 
stronger when evaluation demonstrates that 
model behavior changes appropriately with 
the relevance, content, or temporal ordering 
of the comparison.53 

Dedicated temporal benchmarks are 
beginning to provide more task-specific 
evaluation. Microsoft Chest X-Ray Temporal 

(MS-CXR-T) introduces radiologist-reviewed 
temporal labels for paired chest radiographs, 
including improving, stable, and worsening 
states, together with a temporal-semantic 
text task.7 The MI-CXR benchmark approach 
extends evaluation beyond image pairs to 
five-visit timelines and separately assesses 
event localization, interval-wise change rea-
soning, and global trajectory summarization.8 
The LUNGUAGE dataset further addresses 
sequential report interpretation through ex-
pert-reviewed longitudinal annotations and 
LUNGUAGESCORE, which evaluates entities, 
relations, attributes, and temporal consisten-
cy across patient timelines.57 Metrics of this 
kind are important because conventional 
lexical-overlap measures, such as BLEU and 
ROUGE, do not directly establish whether a 
comparative statement is factually, clinically, 
or temporally correct.57-59 Temporal-state vo-
cabularies also differ across benchmarks and 
primary studies, which limits direct compar-
ison of reported performance.7,15 Compara-
ble benchmarks for reference-case retrieval 
remain less developed, although large-scale 
retrieval evaluations have begun to assess 
whether similarity reflects pathological rath-
er than anatomical features.42 

Clinical utility requires a different level of 
evidence from benchmark or metric-based 
performance. Statistical performance alone 
does not necessarily imply practical clinical 
relevance, and medical-imaging AI evalua-
tion should ultimately consider the clinical 
consequences of model performance.56 A 

recent digital breast tomosynthesis study 
provides a useful example: the same AI sys-
tem achieved an area under the receiver op-
erating characteristic curve of 0.93 both with 
and without prior examinations.10 Thus, the 
availability of clinically realistic historical in-
formation should not itself be interpreted as 
evidence of added clinical value.

Accordingly, evidence of comparative 
reasoning and evidence of clinical utility 
should be distinguished. The former can be 
demonstrated through controlled, task-spe-
cific experiments showing appropriate use 
of comparative information. The latter re-
quires evidence of benefit when the system 
is integrated into clinical decision-making, 
and broader claims of generalizability ad-
ditionally require testing beyond the de-
velopment setting.60,61 An established AI re-
porting guideline, the Checklist for Artificial 
Intelligence in Medical Imaging (CLAIM), 
distinguishes internal testing from external 
testing, and a clinical AI guideline, Develop-
mental and Exploratory Clinical Investiga-
tions of Decision Support Systems Driven by 
Artificial Intelligence (DECIDE-AI), emphasiz-
es evaluation in live workflows, including hu-
man–AI interaction, safety, implementation, 
and actual clinical performance.60,61 Compar-
ative AI should therefore be evaluated sep-
arately for task performance, for whether it 
uses comparative information (e.g., historical 
information in longitudinal comparison) ap-
propriately, and for whether that capability 
ultimately improves clinical practice.

Figure 6. Testing whether longitudinal information is used specifically and appropriately. Providing a prior examination alone does not establish longitudinal 
reasoning. Stronger evidence is obtained when a clinically relevant prior produces an appropriate task-specific change or benefit compared with current-only input, 
and this effect is not reproduced by an irrelevant or mismatched prior. Evidence is ambiguous when relevant and irrelevant priors produce similar effects or when 
model output shows no specific dependence on clinically relevant history, because any apparent benefit may reflect additional input, shortcuts, or nonspecific 
contextual information rather than genuine temporal reasoning.
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Failure modes, safety, and clinical transla-
tion

Longitudinal systems introduce mul-
ti-stage failure modes because an error at any 
stage propagates to those that follow (Table 

3). A system may retrieve the wrong prior ex-
amination, use an inappropriate baseline, or 
lack access to a clinically relevant study per-
formed elsewhere.62 The availability and rele-
vance of historical information should there-
fore be treated as part of the reliability of the 

longitudinal system rather than assumed to be 
constant. Reference-case systems introduce a 
related risk when globally similar examina-
tions are retrieved despite poor similarity of 
the clinically relevant lesion or entity, poten-
tially providing misleading diagnostic context.

Table 3. Failure modes, consequences, and safeguards in comparative radiology artificial intelligence (AI)

Failure mode Example Potential consequence Evaluation or mitigation

Incorrect prior examination or 
series retrieval

For comparison of an enhancing brain 
lesion, the system retrieves the precontrast 

T1-weighted series from the prior MRI 
instead of the available postcontrast series

Incorrect assessment of 
response or progression

Explicit evaluation of examination 
and series retrieval; verification that 

the characteristics of the selected 
images, such as sequence and 

contrast status, are appropriate for 
the comparison task

Missing historical information Relevant imaging performed at another 
institution is unavailable

A pre-existing finding may 
appear new, or the observed 
trajectory may be incomplete

Make available history transparent; 
evaluate performance under 

incomplete histories

Inappropriate temporal 
reference point

Current tumor burden compared only with 
the previous examination rather than the 

clinically appropriate baseline or nadir
Incorrect temporal classification

Task-specific definition and 
recording of the appropriate 

comparison point

Registration failure
Substantial postoperative or treatment-
related deformation produces incorrect 

alignment

False localization or apparent 
interval change

Registration quality control; 
pathology-aware methods; 

automated failure detection where 
feasible

Lesion/entity mismatch One metastasis is matched to a different 
nearby metastasis at follow-up

Incorrect growth or response 
assessment

Entity-specific matching validation; 
confidence estimates; human review 
when correspondence is uncertain

Acquisition-related pseudo-
change

Different slice thickness, reconstruction, 
respiratory state, scanner, or contrast 

timing alters appearance

Technical variability interpreted 
as biological change

Robustness testing across acquisition 
conditions; normalization where 

appropriate; uncertainty reporting

Treatment-related mimic of 
progression

Inflammation, pseudoprogression, necrosis, 
fibrosis, or postoperative change resembles 

active disease

Incorrect classification of 
progression or recurrence

Incorporation of treatment 
chronology and appropriate clinical 

context; task-specific reference 
standards

Patient-level data leakage Different examinations from the same 
patient occur in both training and test sets Inflated apparent performance

Patient-level dataset splitting; 
patient-independent external 

evaluation

Historical shortcut learning
Model exploits scanner characteristics, 

patient identity, or report style rather than 
temporal relationships

Apparent benefit from historical 
input without genuine 
comparative reasoning

Current-only controls; mismatched-
prior experiments; shortcut and 

subgroup analyses

Hallucinated comparative 
language

Generated report refers to a previous 
examination that was not supplied

False impression that a 
comparison was actually 

performed

Explicit grounding of comparative 
statements to available evidence; 

factuality and temporal-consistency 
evaluation

Incorrect temporal language Report states stable despite measurable 
progression

Misleading clinical 
communication

Entity-level assessment of 
comparative statements rather than 

lexical similarity alone

Propagation of historical error Incorrect previous report or AI output is 
reused as context for a later interpretation

Earlier error may influence 
subsequent longitudinal 

conclusions

Preserve provenance; retain access 
to original imaging; explicitly study 

error propagation

Automation bias Reader accepts an incorrect AI judgment of 
stability or progression

Reduced human diagnostic 
performance

Calibrated uncertainty; transparent 
supporting evidence; human-factors 

evaluation

Loss of entity-level information 
in patient representations

A global patient representation obscures 
divergent trajectories of individual lesions

Regional progression may be 
hidden by overall stability

Entity-level representations and 
lesion-specific temporal tracking

Failure under real-world 
heterogeneity

Model trained on standardized paired 
studies encounters different vendors, 
protocols, modalities, institutions, or 

treatment states

Reduced generalizability in 
routine follow-up

External multi-institution testing; 
subgroup analysis across protocol, 
vendor, modality, and institution

Clinically irrelevant reference-
case retrieval

A globally similar examination is retrieved 
although the relevant lesion or entity is not 

clinically analogous

Misleading diagnostic context or 
differential diagnosis

Entity- or lesion-specific retrieval 
evaluation; comparison with global-
image retrieval; reader assessment of 

clinical relevance
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Correspondence errors create another im-
portant risk. Registration may be challenged 
by substantial anatomical or treatment-re-
lated change, and lesion tracking becomes 
difficult when several similar lesions coexist 
or when lesions appear, disappear, or change 
markedly in morphology.30 These limitations 
are not merely theoretical. In a longitudi-
nal CT lesion-tracking study, an automated 
registration and segmentation pipeline suc-
ceeded for 96% of baseline lesions but only 
80% of corresponding follow-up lesions.30 If 
lesion identity is incorrect, apparently pre-
cise measurements of interval change can 
still produce an incorrect temporal conclu-
sion.30 

Longitudinal datasets also require par-
ticular attention to data leakage. Repeated 
examinations from the same patient can al-
low subject-specific information to appear 
in both training and evaluation sets when 
data are split at the examination rather than 
patient level. Park et al.63 explicitly identify 
the placement of different follow-up im-
aging examinations from the same patient 
into training and test sets as data leakage, 
and Chaibub Neto et al. 64 demonstrate the 
related problem of identity confounding in 
repeated-measures machine-learning data. 
In a longitudinal brain MRI study, record-wise 
splitting produced a cross-validation accu-
racy of 97.33%, which fell to 38.71% when 
the trained models were evaluated on pre-
viously unseen subjects; subject-wise split-
ting was substantially less optimistic during 
cross-validation.65 Although these numerical 
results arise from one experimental setting 
and should not be generalized across longi-
tudinal imaging AI, they demonstrate why 
patient-level separation is essential when re-
peated examinations are present.

Communication creates an additional lay-
er of risk. Report-generation systems trained 
on routine radiology reports can generate 
references to prior examinations that were 
not available to the model, creating appar-
ently comparative statements without com-
parative evidence.49 Historical reports may 
themselves contain interpretations that are 
later found to be discrepant or incorrect. A 
systematic review and meta-analysis of sec-
ondary imaging interpretations found an 
overall discrepancy rate of 32.2% between 
primary and secondary interpretations, al-
though the authors also emphasized hetero-
geneity and limitations in determining which 
interpretation was correct in cases without a 
reference standard.66 Previous information 
can also influence errors in longitudinal re-
port generation: in one chest-radiograph 

study, generated observation labels were 
particularly likely to be incorrect when the 
corresponding finding changed between 
the previous and current examinations.25 Sys-
tems that repeatedly consume earlier reports 
or AI-generated outputs could therefore 
propagate errors forward. Whether such lon-
gitudinal error inheritance occurs systemati-
cally has not yet been well characterized and 
should therefore be regarded as a potential 
risk rather than an established failure mode.

Human interaction adds another dimen-
sion. In a prospective mammography exper-
iment, incorrect Breast Imaging Reporting 
and Data System suggestions presented as 
AI output substantially impaired reader per-
formance among inexperienced, moderately 
experienced, and very experienced radiol-
ogists.67 The system was simulated rather 
than an actually trained AI model. Although 
this study did not evaluate longitudinal AI 
specifically, it demonstrates the broader sus-
ceptibility of radiologists to automation bias. 
More recent eye-tracking evidence using a 
commercially available mammography AI 
system similarly showed reduced reader sen-
sitivity in cases with false-negative AI sug-
gestions, indicating that erroneous AI output 
can alter both diagnostic performance and 
visual search behavior.68 Among 10 readers, 
median sensitivity fell from 71% without AI 
to 39% with false-negative AI suggestions, 
accompanied by a reduction in fixation rate. 
The same mechanism could be consequen-
tial when an AI system presents a confident 
temporal conclusion, such as stable or pro-
gressive. Automation bias may be more 
pronounced for such conclusions than for 
single-examination findings, because verify-
ing a temporal claim requires retrieving and 
re-reading prior examinations rather than 
simply re-inspecting the current one.

Clinical translation should therefore in-
clude transparency about which examina-
tions contributed to an output, how longitu-
dinal findings were linked, and how certain 
the system is about its temporal conclusion. 
Clinical implementation should also ad-
dress data privacy and security, particularly 
when reference cases from other patients 
or imaging histories across institutions are 
accessed, with appropriate de-identification 
and data-governance measures. These re-
quirements align with the international FU-
TURE-AI consensus framework for trustwor-
thy healthcare AI,69 whose guiding principles 
include traceability, usability, robustness, 
and explainability, and whose recommenda-
tions include human oversight, uncertainty 
quantification, and logging of data access. 

More historical information is not inherently 
safer or more informative; its value depends 
on whether that information is relevant, re-
liable, correctly associated with the current 
findings, and interpreted within the appro-
priate clinical context.

Toward patient-level radiology artificial in-
telligence

The longer-term development of longi-
tudinal AI requires moving beyond isolated 
current–prior pairs toward representations 
of a patient’s evolving imaging history. Such 
systems should not simply store every pre-
vious examination: they should maintain 
clinically relevant information over time and 
retrieve the appropriate historical context 
for the current task. Recent patient-level pre-
training work combining longitudinal chest 
CT with clinical variables illustrates the feasi-
bility of learning representations across mul-
tiple time points and data types rather than 
treating each examination independently.70 

Multi-interval reasoning is a central re-
quirement. A patient-level model should pre-
serve temporal order and entity identity, rec-
ognize changes in trajectory, and maintain 
consistency across several examinations. In 
pediatric glioma surveillance, Tak et al.16 de-
veloped a temporal deep-learning approach 
using serial postoperative MRI examinations, 
including chronological-order learning 
during pretraining. Recurrence-prediction 
performance increased as additional histor-
ical examinations were incorporated, with 
gains plateauing after approximately three 
to six scans depending on the dataset. This 
is among the few direct estimates of how 
much imaging history contributes and sug-
gests that the marginal value of additional 
examinations may decline rather than accu-
mulate indefinitely.9,16,37 Emerging work has 
begun to model imaging histories explicitly 
as spatiotemporal trajectories; for example, 
a recent breast MRI framework represented 
relationships across multiple treatment time 
points and evaluated how much the num-
ber of dynamic contrast-enhanced MRI time 
points and the inclusion of inter-scan time 
differences contributed to response predic-
tion.71 Such approaches illustrate the shift 
from paired-image comparison toward ex-
plicit trajectory representation.

Historical selection is another opportuni-
ty. Automated systems can already retrieve 
relevant prior examinations and image series 
and display corresponding finding locations 
after a finding is selected on the current ex-
amination.4 Future systems could extend this 
capability through more adaptive retrieval 
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or agentic mechanisms that autonomously 
select and retrieve historical information ac-
cording to the current clinical task.

Patient-level reasoning will also need 
to tolerate real-world heterogeneity across 
scanners, protocols, modalities, institu-
tions, and treatment states. Recent foun-
dation-model work provides evidence that 
large-scale clinical representation learning 
can produce features robust across some 
of these dimensions. NeuroVFM, trained on 
5.24 million clinical CT and MRI volumes, 
learned a shared neuroimaging representa-
tion that supported cross-protocol anatom-
ical matching and cross-modality diagnostic 
transfer, while maintaining MRI performance 
across manufacturers, field strengths, and 
medical centers.72 Importantly, these capa-
bilities should be viewed as infrastructure 
that may enable longitudinal reasoning, not 
as evidence that the model itself reasons 
over patient trajectories.

Foundation models and longitudinal 
pretraining should therefore be judged by 
demonstrated temporal behavior rather 
than by scale or generality alone. Increas-
ingly capable image representations do not 
remove the need for explicit evaluation of 
longitudinal reasoning.

Future datasets should move beyond iso-
lated pairs and include structured multi-visit 
trajectories with lesion or entity correspond-
ence, annotated clinically appropriate com-
parators, clinically meaningful temporal la-
bels, and realistic acquisition heterogeneity. 
Evaluation should likewise progress beyond 
retrospective benchmark accuracy toward 
external or multisite testing, and toward pro-
spective clinical evaluation assessing effects 
on radiologist performance and productivity, 
workflow, clinical decision-making, and oth-
er clinically meaningful outcomes.60,69 

Final remarks

Comparative reasoning is a necessary step 
beyond examination-centric radiology AI. 
Clinically meaningful systems must not only 
access prior examinations or reference cases 
but also identify the relevant comparison, pre-
serve anatomical and lesion-level correspond-
ence, and interpret temporal change or clini-
cal similarity appropriately. Future progress 
will depend on rigorous evaluation of whether 
comparative information is used as intended 
and whether these capabilities translate into 
reliable clinical benefit. Ultimately, the goal is 
patient-level radiology AI that reasons coher-
ently across evolving imaging histories and 
clinically relevant reference cases.

Building on this broader view of pa-
tient-level radiology AI, claims that AI could 
replace radiologists should be considered 
in the context of the broader interpre-
tive capabilities required in clinical prac-
tice. Radiologists integrate findings across 
time, interpret them within the clinical 
and treatment context, and communicate 
uncertainty. Reliable comparative reason-
ing is therefore one of several capabilities 
that AI would need to demonstrate before 
such claims can be meaningfully assessed. 
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