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ABSTRACT 

Cancer behaves as a dynamic evolutionary system, whereas conventional tissue 
biopsy and imaging provide incomplete temporal information about how a tumour is 
changing. This review critically examines whether longitudinal liquid-biopsy 
measurement, combined with artificial intelligence (AI), can move oncology from 
tumour monitoring toward genuine prediction of cancer evolution and treatment 
resistance. Using a narrative critical-review approach, representative mechanistic, 
clinical, and computational evidence was purposively synthesised to evaluate the 
current maturity of AI-enabled longitudinal liquid-biopsy prediction. We synthesise 
evidence on circulating tumour DNA, circulating tumour cells, extracellular vesicles, 
and multimodal liquid-biopsy platforms, together with AI approaches applied to 
longitudinal cancer data, drawing on landmark and recent studies across colorectal, 
lung, breast, and ovarian cancer. Current evidence distinguishes three increasingly 
demanding tasks: early detection, longitudinal monitoring, and genuine forecasting. 
Longitudinal circulating tumour DNA analysis can detect molecular progression and 
emerging resistance mutations months before radiographic progression, and 
machine-learning models can stratify survival using serial biomarker metrics; 
however, most published “AI prediction” studies demonstrate earlier detection or 
prognostic association rather than prospectively validated forecasting of a future, 
patient-specific event. Biological variability in tumour shedding, analytical noise, 
small and irregularly sampled longitudinal datasets, overfitting, data leakage, weak 
external validation, and limited interpretability constrain the transition from detection 
to actionable prediction. AI-enabled liquid biopsy has genuine potential to forecast 
tumour trajectories, but current evidence is considerably stronger for molecular 
monitoring and early detection than for prospectively validated, clinically actionable 
prediction. Realising this potential will require standardised assays, prospective 
longitudinal cohorts with predefined prediction horizons, rigorous external and 
temporal validation, calibrated and interpretable models, and interventional trials 
linking predictions to treatment decisions before AI-enabled liquid biopsy can be 
considered ready to guide clinical care. 
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Introduction 
The problem: cancer is an evolving system 
Cancer is not a static entity but a dynamic 

evolutionary system in which genetically and 
phenotypically diverse cellular populations continually 
emerge, compete, and adapt [1]. Genomic instability 
generates intratumoural heterogeneity, providing a 
substrate for clonal selection and disease progression 
[2]. Therapeutic intervention further reshapes this 
ecosystem: treatment can eliminate susceptible 
populations while imposing selective pressure that 
favours pre-existing or newly acquired resistant 
subclones [3]. Consequently, the molecular 
composition of a tumour may change substantially 
during treatment, making a single baseline 
characterisation increasingly inadequate for 
understanding subsequent disease behaviour. 

Tissue biopsy is particularly limited in this 
context because it samples a restricted anatomical site 
at a single time point and therefore may not capture 
spatially distributed or temporally emerging clones. 
Serial plasma analysis offers a complementary strategy 
by enabling repeated, minimally invasive assessment of 
tumour-derived molecular signals and has 
demonstrated the capacity to track clonal evolution and 
treatment-associated resistance [4,5]. 

Why liquid biopsy changes the problem 
Liquid biopsy introduces a fundamentally 

different sampling paradigm by enabling repeated, 
minimally invasive interrogation of tumour-derived 
material in circulation. Circulating tumour DNA 
(ctDNA) provides genomic information on tumour 
burden, clonal composition, and emerging molecular 
alterations [6], while circulating tumour cells (CTCs) 
can retain cellular and phenotypic features that 
complement DNA-based measurements [7]. 
Extracellular vesicles and circulating RNA provide 
additional information on intercellular signalling and 
gene regulation [10], whereas DNA methylation and 
fragmentomic patterns can capture tissue-of-origin and 
tumour-associated epigenetic features. Circulating 
proteins may further contribute functional and 
phenotypic information. Rather than treating these 
analytes as interchangeable biomarkers, their 
complementary biological signals create an opportunity 
to construct multidimensional molecular trajectories. 
Multi-analyte platforms that integrate several 
circulating signals simultaneously have already 
improved diagnostic performance relative to single-
analyte tests [12], and recent advances increasingly 
emphasise integrated, multi-omic liquid-biopsy 
profiling, although analytical variability, low tumour-
derived signal, and incomplete biological 
representation remain important constraints. 

Why AI is entering the field 
The increasing use of liquid biopsy in 

longitudinal cancer monitoring has created a 
computational problem as much as a biological one. 
Serial samples can contain numerous molecular 
features measured at different time points, with signals 
that vary between patients and fluctuate during disease 
progression and treatment. These data are therefore 
high-dimensional, heterogeneous, and inherently time-
dependent, while low concentrations of tumour-
derived material and technical variation can introduce 
substantial noise. Interpreting such patterns manually 
becomes increasingly difficult as the number of 
measurements and biological variables expands. 
Machine learning and deep learning provide a means of 
analysing these complex relationships simultaneously, 
identifying patterns across repeated measurements and 
potentially distinguishing clinically meaningful 
trajectories from random variation [13]. Recent studies 
demonstrate the growing application of machine 
learning to liquid-biopsy data, particularly where 
multiple molecular features must be integrated to 
improve prediction [17]. 

The critical question 
The central question is no longer whether 

liquid biopsy can provide information about cancer, but 
whether changes in circulating biomarkers can be 
interpreted reliably enough to anticipate what the 
tumour will do next. This distinction is important 
because an earlier molecular signal of progression or 
resistance does not, by itself, constitute a prediction of 
future tumour behaviour. AI may provide the 
analytical capacity required to model complex 
trajectories across serial measurements, but the clinical 
value of such models depends on whether they can 
generalise beyond the datasets in which they were 
developed and provide sufficiently early, accurate, and 
actionable forecasts. Current evidence increasingly 
supports longitudinal monitoring and early 
identification of molecular changes, while prospective 
evidence demonstrating that AI models can reliably 
forecast tumour evolution and guide treatment before 
clinical progression remains comparatively limited. 

This review therefore critically evaluates 
whether AI-enabled longitudinal analysis of liquid-
biopsy biomarkers can move cancer monitoring beyond 
retrospective detection and association towards 
prospective prediction of tumour evolution and 
treatment resistance. Particular attention is given to the 
distinction between monitoring, early detection, and 
genuine forecasting, the biological and computational 
factors that constrain prediction, and the level of 
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validation required before such models can inform 
clinical decisions. 

Review Approach 
This article was conducted as a narrative 

critical review rather than a systematic review. 
Accordingly, no formal systematic database search, 
predefined search strategy, or systematic study-
selection protocol was undertaken. The literature was 
purposively identified and selected to provide 
representative mechanistic, clinical, and computational 
evidence relevant to longitudinal liquid biopsy, tumour 

evolution, treatment resistance, and AI-enabled 
prediction. Particular emphasis was placed on 
landmark studies and recent evidence illustrating serial 
liquid-biopsy monitoring, emerging resistance, 
longitudinal modelling, and the methodological 
distinction between early molecular detection, 
prognostic association, and genuine prospective 
forecasting. The selected literature was critically 
synthesised to evaluate the current maturity, 
limitations, and clinical translation of AI-enabled 
longitudinal liquid-biopsy approaches. 

 

From Static Biomarkers to Dynamic Tumour Monitoring 
The limitations of conventional monitoring 
Conventional cancer monitoring provides 

valuable information, but much of it remains inherently 
limited in space or time. A tissue biopsy offers detailed 
histological and molecular information, yet it 
represents a sample from a particular anatomical site at 
a particular moment. In heterogeneous tumours, this 
spatial snapshot may not reflect genetically distinct 
populations elsewhere in the primary tumour or at 
metastatic sites, while repeated tissue sampling is often 
impractical because of invasiveness and anatomical 
constraints. 

Imaging provides a different perspective by 
tracking anatomical changes during treatment, but 
changes in tumour size or morphology do not 
necessarily correspond directly to the underlying 
molecular events driving progression or resistance. A 
single liquid biopsy similarly provides only a molecular 
snapshot. Its greater potential emerges when blood 
samples are collected repeatedly, allowing changes in 
circulating tumour-derived signals to be examined as a 
trajectory rather than as isolated measurements. 
Longitudinal sampling can therefore capture temporal 
changes that a single tissue specimen or imaging 
assessment may miss, creating an opportunity to 
observe tumour evolution as it unfolds during 
treatment. 

Longitudinal liquid biopsy as a window into 
tumour evolution 

Serial liquid biopsy provides an opportunity to 
observe molecular changes as treatment reshapes the 
tumour. Changes in ctDNA abundance can reflect 
alterations in tumour burden, while the appearance, 
disappearance, or changing allele frequency of specific 
variants may indicate shifts in the relative abundance of 
tumour clones. Over successive sampling points, these 
patterns can reveal the expansion of resistant 
populations that may be difficult to identify from a 
single biopsy. In metastatic colorectal cancer, 
longitudinal ctDNA progression preceded 

radiographic progression in 58.1% of patients, with a 
median lead time of 3.3 months, and resistant mutations 
and gene amplifications were identified at the time of 
progression [16]. 

The value of longitudinal analysis, however, 
extends beyond detecting individual mutations. The 
direction and rate of molecular change may provide 
information about treatment response and the 
trajectory of disease. Studies in metastatic lung and 
breast cancer have similarly shown associations 
between serial ctDNA dynamics, treatment response, 
and subsequent clinical outcomes [17,20]. Persistent 
postoperative ctDNA is likewise associated with a 
substantially increased risk of recurrence, providing a 
lead time over standard surveillance imaging in several 
solid tumours [22,23]. These findings support 
longitudinal liquid biopsy as a means of observing 
tumour evolution between conventional clinical 
assessments.  

But detection is not prediction 
For clarity, four related but distinct terms are 

used throughout this review. Detection refers to 
identifying the presence of a tumour-associated 
molecular signal at a given time point. Monitoring 
refers to serial measurement of that signal to determine 
how it changes over time. Prognosis refers to the 
estimation of a patient’s subsequent clinical outcome or 
risk based on information available at a defined 
assessment point; although prognostic associations 
may identify patients at higher risk of progression, 
recurrence, or death, they do not necessarily constitute 
longitudinal forecasting of how a tumour will evolve 
over time.Forecasting refers to using information 
available at an earlier, predefined prediction point to 
estimate the probability or timing of a future event that 
has not yet occurred. Actionable clinical prediction 
represents a higher threshold in which a forecast has 
sufficient accuracy, validation, lead time, and clinical 
relevance to support a treatment decision. These terms 
are not interchangeable: an early molecular signal that 
precedes radiographic or clinical progression 



Osei et al.                                                                                        Oncol. Nucl. Med. Transplantol. 2026;2(3):onmt029                                                                                                 
 

 

ONMT: https://www.onmtjournal.org 

represents early detection or monitoring unless it is 
prospectively used to estimate a subsequent event 
within a defined prediction horizon. 

This distinction is particularly important in 
longitudinal liquid-biopsy research. A rise in ctDNA 
that precedes radiographic progression may 
demonstrate earlier detection of disease activity, but it 
does not necessarily establish that a model can predict 
future progression in an individual patient. Similarly, 
identifying a resistance-associated mutation before 
treatment failure demonstrates molecular evolution but 

does not by itself establish when resistance will become 
clinically consequential, or whether an alternative 
treatment would improve the outcome. Longitudinal 
liquid biopsy should therefore be viewed as a 
continuum from detection, to monitoring, to 
forecasting, and ultimately to actionable prediction. The 
critical challenge for AI is to demonstrate that it can 
make the transition between these stages reliably, 
rather than simply classify patterns that are already 
apparent. 

 

What Liquid Biopsy Can Actually Tell Us About Tumour Evolution 
ctDNA and clonal evolution 
Among liquid-biopsy biomarkers, ctDNA 

provides one of the most direct means of following the 
genomic dynamics of a tumour over time. Its value is 
not simply that tumour-associated variants can be 
detected in plasma [6], but that their abundance can be 
measured repeatedly. Changes in variant allele 
frequency across serial samples may therefore provide 
an indirect view of how individual clones expand or 
contract during disease progression and treatment. A 
declining allele frequency may accompany the 
suppression of a treatment-sensitive clone, whereas 
persistence or increasing representation of another 
variant may indicate selection of a population that has 
become less responsive to therapy. 

This longitudinal perspective is particularly 
relevant to treatment resistance [32]. Resistant 
subclones may exist before therapy and subsequently 
become more prominent under treatment pressure. 
Recent single-cell and cell-free DNA sequencing in 
high-grade serous ovarian cancer showed that drug-
resistant disease typically arises from the selective 
expansion of a small subset of clones already present at 
diagnosis, and that this expansion could be tracked 
non-invasively in serial plasma samples across the 
treatment course [21]. Similar applications of ctDNA 
include identifying molecular relapse and detecting 
minimal residual disease after apparently successful 
treatment. Persistent ctDNA after definitive therapy is 
associated with a substantially increased risk of 
recurrence in several solid tumours, most robustly 
demonstrated in resected stage II colon cancer, 
although the strength of this association varies with 
tumour type, assay, and clinical setting [22,23]. 

These observations establish ctDNA as a useful 
marker of tumour dynamics, but they also expose an 
important limitation. A changing molecular signal 
indicates that the tumour population is changing; it 
does not necessarily reveal the complete evolutionary 
trajectory or establish which future clinical event will 

occur. Low tumour shedding, biological heterogeneity, 
and technical differences between assays can also 
obscure genuine changes or produce measurements 
that are difficult to compare across time. Thus, the 
principal opportunity for AI is not merely to identify 
individual mutations, but to determine whether 
complex patterns of clonal change across repeated 
measurements contain sufficiently reliable information 
to forecast subsequent tumour behaviour. 

CTCs and cellular heterogeneity 
CTCs provide information that cannot be fully 

recovered from cell-free DNA because they are intact 
tumour cells rather than molecular fragments released 
into the circulation [7]. Their analysis can therefore 
preserve aspects of cellular phenotype, including 
protein expression, morphology, and transcriptional 
state, while also allowing direct investigation of 
genomic features at the level of individual cells. This 
distinction is important in heterogeneous tumours, 
where clinically relevant subpopulations may differ 
substantially in their capacity for proliferation, 
invasion, survival, and treatment response. 

CTCs may also provide a more direct view of 
metastatic biology. Their presence in the circulation 
represents a stage in the dissemination process, and 
specific CTC phenotypes and clusters have been 
associated with enhanced metastatic capacity [8]. 
Recent phylogenetic analysis using whole-exome 
sequencing has further shown that individual CTC 
clusters can be genetically oligoclonal, containing cells 
derived from more than one tumour clone, highlighting 
their potential role in polyclonal dissemination and 
tumour evolution [9]. 

However, the biological richness of CTCs is 
accompanied by a major analytical limitation: they are 
extremely rare, and their isolation depends strongly on 
the characteristics of the enrichment and detection 
method. Consequently, CTC measurements may be less 
reproducible and less readily scalable than ctDNA 
analysis. Their greatest value may therefore lie not in 
replacing ctDNA, but in complementing it with cellular 
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and phenotypic information that can help explain the 
biological significance of molecular changes observed 
in plasma. 

Extracellular vesicles and circulating RNA 
Extracellular vesicles and circulating RNA 

provide a complementary view of tumour biology 
because they can reflect active communication between 
malignant cells and their surrounding environment. 
Extracellular vesicles carry biologically active cargo, 
including RNA, DNA, proteins, and lipids, and can 
transfer this material between tumour cells and stromal 
or immune cells [10]. This communication can alter 
signalling pathways involved in tumour growth, 
immune regulation, and adaptation to treatment, 
thereby contributing to the development of therapeutic 
resistance. 

Circulating RNA, particularly RNA protected 
within extracellular vesicles, may capture changes in 
gene regulation that are not readily apparent from 
genomic analysis alone. Extracellular-vesicle-derived 
long RNA signatures have, for example, been combined 
with computed tomography (CT) features to improve 
discrimination of early-stage lung adenocarcinoma 
beyond either modality alone [11], supporting the 
potential value of vesicle-derived RNA for monitoring 
tumour biology and treatment response. However, the 
biological heterogeneity of extracellular vesicles and 
differences in their isolation and characterisation 
remain important limitations. These issues are 
particularly relevant when measurements are intended 
for longitudinal modelling, because a signal must be 
reproducible across time before changes can be 
confidently interpreted as biological rather than 
technical. Extracellular vesicle and circulating RNA 
data may therefore add mechanistic information to 
longitudinal liquid biopsy, but their predictive value 
will depend on analytical standardisation and 
validation in appropriately designed patient cohorts. 
Despite their biological promise, the evidence 
supporting CTCs, EVs, and circulating RNA for 
longitudinal forecasting remains substantially less 
mature than that for ctDNA. Much of the available 
literature has focused on analyte detection, molecular 
characterisation, diagnostic discrimination, or 
associations with prognosis rather than prospectively 
validated prediction of future tumour evolution or 
treatment resistance. Longitudinal studies with 
predefined prediction points, clinically relevant 
prediction horizons, and independent validation 
remain limited. These analytes should therefore be 
regarded as promising complementary sources of 
temporal information rather than established substrates 
for AI-enabled clinical forecasting. 

Multi-analyte liquid biopsy 

The biological complexity of tumour evolution 
raises a limitation of relying on any single circulating 
biomarker. ctDNA can provide genomic evidence of 
changing tumour populations, but it does not directly 
capture cellular phenotype. CTCs can provide cellular 
and single-cell information, yet their scarcity can 
restrict sampling depth. Extracellular vesicles and 
circulating RNA may reflect signalling and regulatory 
processes that are not represented fully by genomic 
measurements. Clinical variables and imaging provide 
additional information about the patient's disease state 
and its anatomical consequences. The challenge is 
therefore to determine whether these complementary 
signals can be combined into a coherent representation 
of tumour behaviour rather than interpreted 
independently. 

Early studies provide evidence that 
multimodal approaches can improve biological 
classification and prognostic modelling. Combining 
liquid-biopsy measurements with CT features has 
improved diagnostic discrimination compared with 
individual modalities in early-stage lung 
adenocarcinoma [11], and multi-analyte blood tests that 
integrate protein and genomic markers have improved 
detection of surgically resectable cancers relative to 
single-marker approaches [12]. More recent work has 
similarly emphasised the potential of integrating 
circulating DNA, tumour cells, extracellular vesicles, 
proteins, and immune components to characterise 
tumour and host dynamics over time. 

For AI-enabled longitudinal modelling, 
however, the relevant question is not simply whether 
more variables improve model performance. Each 
additional analyte introduces its own measurement 
error, biological variability, and missing data. A useful 
model must therefore determine which signals contain 
reproducible temporal information, which provide 
mechanistic context, and which contribute little beyond 
existing measurements. Multimodal integration is 
valuable only when the combined data improve 
prediction in independently validated patients and 
remain interpretable enough to support clinical 
decisions. The future challenge is consequently not to 
collect every available biomarker, but to identify the 
smallest and most reliable combination of longitudinal 
signals capable of representing tumour evolution with 
clinically meaningful accuracy. Although multimodal 
integration has demonstrated encouraging diagnostic 
and prognostic performance, such performance should 
not be equated with longitudinal forecasting. A model 
that combines molecular, imaging, and clinical 
variables to classify current disease status or estimate 
prognosis at a single time point does not necessarily 
predict how an individual tumour will evolve over 
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time. Evidence for multimodal models that integrate 
serial liquid-biopsy measurements with other 
longitudinal data to prospectively forecast treatment 
resistance, progression, or clonal evolution remains 

limited. Future studies should therefore distinguish 
clearly between multimodal diagnostic or prognostic 
modelling and true longitudinal forecasting based on 
temporally ordered patient data. 

 

AI-Enabled Longitudinal Modelling 
From conventional longitudinal modelling to 

AI 
Longitudinal liquid-biopsy data can be 

analysed using established statistical approaches, 
including mixed-effects models, longitudinal 
regression, survival analysis, and joint models that 
relate repeated biomarker measurements to time-to-
event outcomes. These methods remain valuable 
because they provide interpretable estimates of 
temporal associations and can explicitly account for 
within-patient correlation, repeated measurements, 
and clinically relevant covariates. AI and machine-
learning approaches may offer additional flexibility 
when datasets become high-dimensional, multimodal, 
or characterised by complex nonlinear relationships 
and interactions that are difficult to specify a priori. 
Time-series and deep-learning methods can further 
model dependencies across sequential observations 
and integrate molecular, imaging, treatment, and 
clinical features. However, greater algorithmic 
complexity does not inherently confer superior 
predictive performance or clinical utility. The relevant 
question is therefore not whether AI should replace 
established longitudinal statistical methods, but 
whether it provides reproducible incremental 
predictive value when evaluated against appropriate 
statistical benchmarks and validated in independent 
patient populations. 

AI approaches relevant to tumour evolution 
Different AI approaches address distinct 

aspects of modelling tumour evolution. Supervised 
machine learning is most directly applicable when a 
predefined clinical endpoint is available. Models can 
integrate liquid-biopsy features to estimate outcomes 
such as treatment response, progression, recurrence, or 
survival. For example, a longitudinal ctDNA model 
developed from a randomised phase 3 trial of 466 
patients with non-small-cell lung cancer integrated 
multiple ctDNA metrics collected across five treatment 
time points using machine learning and stratified 
patients into groups with markedly different survival 
outcomes [17]. This study illustrates how machine 
learning can combine dynamic molecular features 
across serial measurements rather than relying on a 
single ctDNA value. However, survival-risk 
stratification represents prognostic modelling and is 
not equivalent to forecasting the specific biological 

event or resistance mechanism responsible for 
subsequent progression. The intended prediction target 
and prediction horizon must therefore be considered 
when interpreting AI model performance. 

Importantly, the performance evidence 
supporting AI-enabled longitudinal prediction remains 
heterogeneous. In the NSCLC study, the longitudinal 
ctDNA model identified patient groups with 
substantially different survival outcomes and retained 
prognostic value in an external cohort [17]. However, 
many other longitudinal liquid-biopsy studies report 
measures of molecular lead time, hazard ratios, or 
biomarker discrimination rather than the full set of 
metrics expected for clinical prediction models, 
including calibration, sensitivity, specificity, predictive 
values, and decision-curve analysis. Consequently, 
direct comparison of predictive performance across 
studies remains difficult, and evidence of association or 
discrimination should not be interpreted as 
demonstrating a well-calibrated and clinically useful 
forecasting model. 

Unsupervised learning addresses a different 
problem because it does not require a predefined 
clinical outcome. Clustering and related approaches can 
identify molecularly distinct patient groups or patterns 
of longitudinal biomarker change that may correspond 
to different evolutionary states. Such methods may be 
particularly useful for discovering previously 
unrecognised trajectory patterns or molecular 
subgroups that could subsequently inform predictive 
modelling. However, these data-driven clusters do not 
themselves constitute predictions, and their biological 
and clinical relevance requires independent validation 
before they can be interpreted as meaningful 
evolutionary states. 

Time-series and dynamic survival models are 
particularly relevant because tumour evolution is 
inherently temporal. Recurrent neural networks and 
related architectures, including long short-term 
memory networks, are designed to learn dependencies 
across sequential observations [14] and could therefore 
model evolving biomarker trajectories in relation to 
subsequent progression, treatment response, or 
resistance. Dynamic survival models address a related 
task by updating estimates of the risk or timing of 
events such as progression, relapse, or death as new 
longitudinal measurements become available. 
Transformer-based architectures use self-attention to 
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model relationships across sequences of observations 
[15] and may provide another approach for integrating 
multiple time-dependent molecular and clinical 
features. However, these architectures should be 
regarded as methodologically relevant approaches 
rather than established liquid-biopsy forecasting tools 
unless they have been specifically evaluated and 
validated using longitudinal liquid-biopsy data. 

Multimodal AI extends longitudinal 
modelling by integrating liquid-biopsy measurements 
with complementary information such as imaging, 
treatment history, and clinical characteristics. Each 
modality captures a different component of disease: 
circulating biomarkers provide molecular information, 
imaging captures anatomical change, and clinical data 
provide patient and treatment context. Multimodal 
models may therefore be designed to predict outcomes 
such as diagnosis, treatment response, progression, or 
prognosis by combining signals that would otherwise 
be analysed separately [11]. Nevertheless, much of the 
existing multimodal evidence remains diagnostic or 
prognostic rather than demonstrating prospective 
longitudinal forecasting. Additional modalities also 
introduce missingness, measurement heterogeneity, 
and opportunities for overfitting. The critical test is 
therefore whether multimodal models provide 
reproducible improvements in temporally separated, 
prospective, or externally validated cohorts rather than 
simply achieving higher performance within their 
development datasets. 

What would constitute genuine prediction? 
For AI-enabled longitudinal modelling to 

constitute genuine prediction, information used by the 
model must be available before the outcome of interest 
and should be used to estimate a subsequent event, 
such as progression or treatment resistance, within a 
predefined prediction horizon. This temporal 
separation is essential to distinguish forecasting from 
retrospective classification. Credible forecasting also 
requires evaluation beyond the development dataset. 
Independent cohorts, temporal validation, and 
assessment of calibration are needed to establish 
whether predictions generalise to new patients [27–29]. 
Ultimately, the strongest evidence would come from 
prospective evaluation in which predictions are 
generated before clinical progression and linked to 
predefined management strategies. Accordingly, 
longitudinal liquid-biopsy studies should clearly 
specify the prediction point, prediction horizon, 
outcome, and intended clinical use. These 
methodological requirements provide the basis for 
evaluating whether longitudinal liquid-biopsy studies 
have progressed from molecular monitoring and 
prognostic association to genuine forecasting. The 
following section therefore examines the available 
clinical evidence, with particular attention to what 
serial liquid-biopsy measurements have demonstrated, 
whether predictive models have been prospectively 
validated, and how close current approaches are to 
supporting clinically actionable decisions. 

 

Can We Really Predict Treatment Resistance? 
Evidence that resistance leaves molecular 

footprints 
Treatment resistance can leave detectable 

molecular traces in the circulation as tumour 
populations are reshaped by therapeutic selection. 
Under treatment pressure, sensitive clones may decline 
while pre-existing or newly acquired resistant 
populations gain a relative advantage. Serial ctDNA 
analysis can capture this process through changes in 
variant allele frequencies, the emergence of previously 
undetected alterations, and the increasing 
representation of resistant clones. Such changes have 
been observed across several tumour types and can 
provide molecular evidence of evolutionary selection 
before resistance becomes apparent on conventional 
imaging. 

The dynamics of ctDNA can also reflect 
treatment response and subsequent relapse. In a 
longitudinal study of 62 patients with metastatic 
colorectal cancer receiving first-line chemotherapy, 
ctDNA clearance was independently associated with 

longer progression-free survival, whereas ctDNA 
progression preceded radiographic progression in 
58.1% of patients, with a median lead time of 3.3 
months; diverse resistant mutations and gene 
amplifications were identified at the time of 
progression [16]. Similar longitudinal approaches have 
been used to detect molecular residual disease and 
identify patients at increased risk of recurrence after 
apparently successful treatment [22,23]. 

These findings support the biological 
plausibility of using circulating biomarkers to follow 
treatment-induced evolutionary change. They also 
reveal an important limitation: not all resistance is 
explained by detectable genetic alterations. Cancer cells 
can acquire drug-tolerant states through epigenetic, 
transcriptional, and phenotypic adaptation without a 
readily identifiable resistance mutation. Consequently, 
the absence of a resistance-associated alteration cannot 
be interpreted as evidence that resistance is absent. The 
molecular footprint captured in blood is therefore an 
incomplete representation of a changing tumour 
ecosystem, reinforcing the need for models that 
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integrate multiple longitudinal signals rather than 
relying on isolated genetic events. 

Evidence supporting early prediction 
Evidence from several tumour types suggests 

that longitudinal liquid biopsy can provide molecular 
information before conventional evidence of treatment 
failure. In EGFR-mutant non-small cell lung cancer, 
serial plasma monitoring by droplet digital PCR 
detected the resistance mutation EGFR T790M in 47% 
of patients who progressed on first- or second-
generation tyrosine kinase inhibitors, with almost half 
of positive cases identified a median of 2.2 months 
before clinically apparent progression [18]. Building on 
this observation, the prospective randomised APPLE 
trial demonstrated that serial plasma T790M 
monitoring is feasible for guiding the sequencing of 
gefitinib and osimertinib, identifying molecular 
progression before RECIST-defined progression in 17% 
of patients and enabling an earlier switch to osimertinib 
with a favourable 18-month progression-free survival 
[19]. This supports the value of repeated molecular 
assessment as an earlier indicator of changing treatment 
sensitivity, although the timing and clinical significance 
of individual resistance alterations vary, and their 
detection does not necessarily establish when clinically 
evident resistance will develop. 

Colorectal cancer provides particularly clear 
evidence for the temporal value of ctDNA. In the 
longitudinal cohort described above, ctDNA 
progression preceded radiographic progression in 
58.1% of patients, with a median lead time of 3.3 months 
[16]. These findings demonstrate that molecular 
progression can become apparent before anatomical 
progression, although the study primarily established 
earlier detection rather than prospective prediction of a 
future event. 

Breast cancer studies provide a similar but 
more nuanced picture. In a prospective cohort of 
patients receiving neoadjuvant chemotherapy, early 
reductions in ctDNA variant allele fraction were 
associated with subsequent treatment response, and 
patients who achieved a pathological complete 
response showed substantially greater reductions in 
ctDNA than those with partial or no response [20]. 
More recent longitudinal work using ovarian cancer 
cell-free DNA has similarly shown that resistant clones 
already present at diagnosis undergo selective 
expansion during treatment, and that this expansion is 
trackable in serial plasma samples [21]. 

Taken together, these studies demonstrate that 
serial liquid biopsy can provide clinically relevant lead 
time over conventional assessment in selected settings, 
establishing a biological and temporal foundation for 
the development of future forecasting models. 

But are these actually AI predictions? 
The distinction becomes particularly important 

when evaluating studies described as AI-based 
prediction. A serial biomarker study showing that 
ctDNA changes before radiographic progression 
establishes temporal association, while an association 
between ctDNA burden and survival provides 
prognostic information. Neither necessarily 
demonstrates that a model can forecast a future event 
for an individual patient, and even a machine-learning 
classifier should not automatically be regarded as a 
forecasting system solely because it achieves high 
discrimination [25,26]. A useful hierarchy therefore 
separates five levels of evidence. Serial biomarker 
measurement demonstrates biological monitoring; 
statistical association establishes prognostic or 
predictive relationships; machine-learning 
classification may improve discrimination for a 
predefined endpoint; and longitudinal AI modelling 
explicitly incorporates repeated observations to 
estimate a subsequent event [17]. Stronger evidence 
comes from prospective validation in which predictions 
are generated before the outcome, while AI-guided 
intervention represents a still higher threshold in which 
predictions inform treatment and improve patient 
outcomes. At the clinical-action level, the DYNAMIC 
trial provides an example of ctDNA-guided clinical 
decision-making rather than AI-based prediction: 
postoperative ctDNA status was used to guide adjuvant 
chemotherapy decisions in stage II colon cancer, 
demonstrating how molecular information can be 
prospectively incorporated into treatment management 
[23]. This hierarchy is important because longitudinal 
prediction studies vary substantially in their prediction 
points, horizons, outcomes, and methodological 
quality. A recent scoping review of AI models applied 
to longitudinal cancer data identified considerable 
variation in these features and a high risk of bias in most 
included studies, particularly from inappropriate study 
design and inadequate sample size [24]. Broader 
systematic reviews of machine-learning prediction 
models similarly report substantial risk of bias, 
frequently related to insufficient sample size, 
overfitting, and other analytical shortcomings [25,26]. 
Claims of AI-enabled prediction should therefore be 
judged by temporal design, appropriate validation, and 
demonstrated clinical value rather than algorithmic 
sophistication alone (Table 1). 
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Table 1. Evidence hierarchy for AI-enabled tumour prediction. 
 

Evidence type What it demonstrates Does it constitute 
genuine 
forecasting? 

Example 

Serial biomarker 
measurement 

Biological change over 
time 

No Serial ctDNA measurements showing 
decreasing or increasing tumour burden 
during treatment 

Statistical 
association 

Prognostic or predictive 
association 

Not necessarily Association between detectable ctDNA and 
subsequent recurrence or survival 

Machine-learning 
classifier 

Classification of a 
predefined outcome 

Usually not by 
itself 

Classification of patients into high- and low-
risk groups using molecular features 

Longitudinal AI 
model 

Prediction using 
temporal trajectories 

Potentially Prediction of future progression or treatment 
resistance using serial ctDNA measurements 

Prospectively 
validated model 

Prediction in 
independently assessed 
patients 

Stronger evidence Prediction generated before the clinical 
outcome and subsequently evaluated in 
patients 

AI-guided 
intervention 

Prediction translated 
into treatment change 

Highest level of 
clinical evidence 

Model-generated prediction used to trigger 
predefined treatment modification or clinical 
reassessment 

 
To place these concepts in the context of current 

evidence, studies across different cancer types have 
investigated the use of serial liquid-biopsy 
measurements to monitor tumour evolution, treatment 
response, and emerging resistance. However, the extent 
to which these approaches achieve genuine 
longitudinal prediction varies considerably. Table 2 
summarises representative evidence across cancer 
settings, highlighting the analytes examined, 
longitudinal sampling strategies, analytical 

approaches, and the outcomes 
investigated.Importantly, the studies summarised in 
Table 2 represent two related but distinct evidence 
streams: longitudinal liquid-biopsy studies that track 
molecular changes over time, and studies that explicitly 
apply AI or machine-learning methods to longitudinal 
or multimodal data. The former provide biological and 
temporal evidence necessary for prediction but should 
not themselves be interpreted as AI-enabled 
forecasting. 

 
Table 2. Representative evidence for longitudinal liquid-biopsy monitoring and AI/ML-enabled prediction of 

tumour evolution and treatment resistance.  
 

Study/can
cer setting Design/population Longitudinal 

sampling Analysis AI/ML
? 

Endpoint/prediction 
horizon 

Validation/perfor
mance 

NSCLC 
[17] 

Phase III trial-derived 
cohort; 466 patients 
with metastatic 
NSCLC receiving 
chemo-
immunotherapy 

ctDNA 
assessed at 5 
time points 
through cycle 
3 day 1 

ML 
integratio
n of 
longitudin
al ctDNA 
metrics 

Yes 

Overall survival; risk 
estimated using early 
on-treatment ctDNA 
measurements 

External validation 
in OAK cohort; OS 
HR 3.73 (95% CI 
1.83–7.60) for high-
risk group 

Metastatic 
colorectal 
cancer [16] 

Longitudinal cohort; 62 
patients receiving first-
line chemotherapy; 272 
plasma samples 

Serial 
sampling 
during 
treatment 

Targeted 
NGS and 
molecular 
trajectory 
analysis 

No 

Radiological 
progression/PFS; 
ctDNA progression 
preceded radiological 
progression by 
median 3.3 months 

ctDNA clearance 
associated with 
PFS: adjusted HR 
0.22 (95% CI 0.10–
0.46); no external 
predictive-model 
validation 

EGFR-
mutant 
NSCLC 
[18,19] 

[18]: 117 evaluable 
patients with acquired 
EGFR-TKI resistance; 
[19]: randomised non-

Serial plasma 
T790M 
monitoring 

ddPCR/co
bas-based 
molecular 

No 

Emergence of 
T790M/resistance 
before clinical or 
RECIST progression 

[18]: T790M 
detected median 
2.2 months before 
clinical PD in 
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Study/can
cer setting Design/population Longitudinal 

sampling Analysis AI/ML
? 

Endpoint/prediction 
horizon 

Validation/perfor
mance 

comparative phase II 
APPLE trial, 103 
patients in reported 
arms B/C 

during EGFR-
TKI therapy 

monitorin
g 

approximately half 
of T790M-positive 
patients; [19]: 17% 
switched treatment 
before RECIST PD; 
18-month PFS 
67.2% in arm B 

Early 
breast 
cancer [20] 

Prospective cohort; 52 
patients receiving 
neoadjuvant 
chemotherapy 

Plasma 
collected 
before, during 
and after 
chemotherapy 

Serial 
ctDNA/V
AF 
analysis 
and ROC 
analysis 

No 

Treatment response 
and prognosis; 
response assessed 
from ctDNA after 2 
treatment cycles 

AUC 0.81 (95% CI 
0.61–1.00) for local 
tumour response 
after 2 cycles; no 
external validation 

High-
grade 
serous 
ovarian 
cancer [21] 

Prospective 
multimodal cohort; 24 
stage III–IV patients; 
longitudinal clonal 
analysis in 18 patients 

Serial cfDNA 
from 
diagnosis 
through 
treatment and 
recurrence 
over multiple 
years 

CloneSeq-
SV and 
evolutiona
ry 
modelling 
of clone-
specific 
structural 
variants 

No* 

Clonal evolution and 
emergence of 
treatment-resistant 
populations; no 
predefined clinical 
prediction horizon 

Demonstrated 
selective expansion 
of pre-existing 
resistant clones; no 
external clinical 
forecasting 
validation 

Study/can
cer setting Design/population Longitudinal 

sampling Analysis AI/ML
? 

Endpoint/prediction 
horizon 

Validation/perform
ance 

 

Phase III trial-derived 
cohort; 466 patients 
with metastatic 
NSCLC receiving 
chemo-
immunotherapy 

ctDNA 
assessed at 5 
time points 
through cycle 
3 day 1 

ML 
integratio
n of 
longitudin
al ctDNA 
metrics 

Yes 

Overall survival; risk 
estimated using early 
on-treatment ctDNA 
measurements 

External validation 
in OAK cohort; OS 
HR 3.73 (95% CI 
1.83–7.60) for high-
risk group 

 
Although Williams et al. [21] employed 

computational evolutionary modelling through 
CloneSeq-SV, the study did not evaluate an AI/ML 
model for prospective patient-level clinical forecasting; 
it is therefore classified here as longitudinal clonal-
evolution evidence rather than AI-enabled prediction. 

The prediction and action gap 
Even an accurate prediction of treatment 

resistance does not automatically translate into better 
patient care. A clinically useful model must provide 
sufficient lead time for a meaningful intervention and, 
importantly, the predicted outcome must have an 
available and effective response. If an algorithm 
identifies a resistant trajectory but there is no validated 
treatment strategy for acting on that information, its 
clinical value remains uncertain. The same applies 
when changing therapy solely on the basis of a 
molecular prediction has not been shown to improve 
outcomes. This creates a critical gap between predicting 
what a tumour may do and knowing what should be 
done in response. Bridging this gap will require 

prospective clinical trials in which AI-generated 
predictions are linked to predefined treatment 
strategies and evaluated not only for predictive 
accuracy, but also for patient outcomes, safety, and 
clinical utility [23]. 

The prediction–action gap can be illustrated by 
several potential clinical scenarios. A validated forecast 
of emerging molecular resistance during targeted 
therapy could prompt confirmatory testing, closer 
surveillance, or consideration of an alternative 
treatment before radiological progression becomes 
evident. In the postoperative setting, a persistent or 
rising ctDNA trajectory indicating a high probability of 
recurrence could potentially inform escalation of 
adjuvant therapy or intensified surveillance, whereas 
sustained molecular clearance might support 
investigation of treatment de-escalation strategies. 
Similarly, a forecast of progression generated from 
serial ctDNA measurements during systemic therapy 
could identify patients who require earlier imaging or 
clinical reassessment. Importantly, these actions should 
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not be triggered solely because a model predicts an 
adverse outcome; prospective trials must demonstrate 
that acting on such predictions improves clinically 

meaningful outcomes compared with standard 
management. 

 
Why Prediction Remains Difficult 

Biological limitations 
The predictive value of liquid biopsy is 

constrained first by the biology of what reaches the 
circulation. Tumour shedding is highly variable 
between patients and across disease stages, and some 
tumours release very little ctDNA, limiting the amount 
of tumour-derived information available for analysis. 
Even when ctDNA is detectable, plasma represents a 
composite signal from multiple tumour sites and may 
therefore underrepresent spatially restricted clones. A 
resistant population emerging in one metastatic site, for 
example, may not contribute sufficiently to the 
circulating pool to become detectable at the same time 
as it becomes biologically important. This creates a 
fundamental problem for longitudinal prediction 
because the absence of a circulating signal does not 
necessarily indicate the absence of an evolving resistant 
clone. In addition, circulating DNA is not exclusively 
tumour derived; cell-free DNA released by normal 
tissues contributes background material that can dilute 
tumour-specific signals and complicate their accurate 
measurement. These biological constraints mean that 
an AI model may identify patterns with considerable 
technical precision while still providing an incomplete 
representation of the tumour from which those patterns 
originate. 

The magnitude of these biological limitations 
varies substantially across clinical contexts. ctDNA 
shedding differs among tumour types and generally 
increases with greater disease burden, meaning that 
molecular trajectories derived from advanced 
metastatic disease may not translate directly to early-
stage or minimal residual disease settings, where 
circulating tumour-derived material can be extremely 
scarce. Metastatic site also influences detectability 
because lesions in different anatomical compartments 
may contribute unequally to the circulating DNA pool. 
Treatment further alters ctDNA dynamics by changing 
tumour burden, inducing tumour-cell death, and 
selecting resistant populations, such that the biological 
meaning of a rise or fall in ctDNA may depend on when 
sampling occurs relative to therapy. These context-
dependent differences are particularly important for AI 
models because a trajectory learned in one tumour type, 
disease stage, metastatic pattern, or treatment setting 
may not generalise to another. Longitudinal prediction 
models should therefore account explicitly for tumour 
type, disease burden, metastatic distribution, treatment 
exposure, and the clinical context in which ctDNA is 

measured [37]. Clonal haematopoiesis represents an 
additional biological confounder in cfDNA analysis 
because age-related expansion of haematopoietic cell 
clones can release somatic variants into plasma that 
may be mistaken for tumour-derived alterations. This is 
particularly relevant when variants occur in genes 
commonly altered in both haematological clones and 
solid tumours. Without appropriate discrimination, 
such signals may generate false-positive ctDNA 
findings or distort longitudinal molecular trajectories 
used for AI modelling. Parallel sequencing of matched 
white blood cells can help distinguish clonal-
haematopoiesis-derived variants from tumour-derived 
mutations and should therefore be considered when 
constructing and validating longitudinal ctDNA 
datasets [36]. 

Analytical limitations 
Analytical variability remains an important 

limitation of longitudinal liquid-biopsy modelling. 
Sequencing errors can become particularly problematic 
when tumour-derived DNA is present at low 
abundance, making small changes in variant frequency 
difficult to distinguish from technical noise. This is 
important for AI-based longitudinal analysis because a 
model may interpret technical variation as evidence of 
biological change. 

Assay differences introduce a further 
challenge. Differences in extraction methods, 
sequencing platforms, analytical pipelines, and 
reporting thresholds can produce measurements that 
are not directly comparable across laboratories or 
across time. Pre-analytical factors, including blood 
collection, processing, and storage, can also influence 
the quantity and quality of circulating DNA and 
therefore affect downstream measurements. 

Assay design further influences the sensitivity 
and consistency of longitudinal ctDNA measurements. 
Tumour-informed approaches use prior tumour 
sequencing to identify patient-specific variants that are 
subsequently tracked in plasma, enabling highly 
targeted detection and potentially greater sensitivity for 
low-level disease, although they require tumour tissue 
and prior molecular profiling. In contrast, tumour-
agnostic approaches analyse plasma without requiring 
prior tumour profiling, typically using predefined 
genomic panels or broader molecular features such as 
methylation and fragmentomic patterns. These 
approaches may be more readily implemented when 
tumour tissue is unavailable and may capture newly 
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emerging alterations, but their sensitivity and 
specificity depend on assay design and the biological 
signal being measured. Consequently, longitudinal 
changes generated by different assay strategies may not 
be directly comparable, and apparent molecular 
trajectories may partly reflect differences in analytical 
sensitivity, feature selection, or detection thresholds 
rather than tumour evolution itself. Assay type should 
therefore be explicitly considered when developing and 
validating AI models based on serial liquid-biopsy 
measurements [34,35]. 

These analytical issues become more 
consequential when serial measurements are used to 
construct a tumour trajectory. A change between two 
sampling points is meaningful only if it can be 
distinguished from expected analytical variation. Lack 
of standardised procedures and thresholds therefore 
limits both reproducibility and the transferability of 
longitudinal models across clinical settings. Apparent 
temporal changes in ctDNA should consequently be 
interpreted in the context of the assay strategy used, 
particularly when comparing or combining 
longitudinal datasets generated using different 
approaches. 

The key issue is that AI cannot correct for 
unreliable input data simply by using a more 
sophisticated algorithm. If technical variation is 
incorporated into the training data, the model may 
learn patterns that do not represent genuine tumour 
evolution. Standardised sample handling, validated 
assays, and consistent analytical procedures are 
consequently necessary foundations for reliable AI-
enabled prediction. 

AI-specific limitations 
AI-based longitudinal modelling introduces 

additional sources of uncertainty beyond those 
associated with liquid-biopsy measurement. One of the 
most important is the limited size of many available 
datasets. Longitudinal studies require repeated 
samples from the same patients, which makes them 
more difficult and expensive to assemble than 
conventional cross-sectional datasets. When the 
number of patients is small relative to the number of 
molecular features, models can become overly complex 
and overfit the development dataset, producing 
apparently strong performance that does not generalise 
to new patients [27]. 

Data leakage and temporal bias are major 
concerns in longitudinal prediction and can arise in 
several ways. Randomly splitting individual 
observations rather than patients can place serial 
samples from the same patient in both training and 
testing datasets, allowing the model to exploit patient-
specific information and producing overly optimistic 

performance. Leakage can also occur when biomarker, 
imaging, treatment, or clinical information collected 
after the defined prediction point is incorporated into 
model development. Immortal-time bias may arise 
when classification or exposure definitions depend on 
patients remaining event-free long enough to 
contribute subsequent measurements, while 
inappropriate imputation can introduce future 
information if missing values at an earlier time point are 
estimated using measurements obtained later in the 
disease course. Class imbalance can further produce 
misleading estimates of accuracy when clinically 
important outcomes, such as treatment resistance, 
occur in relatively few patients. Longitudinal 
prediction studies should therefore use patient-level 
data partitioning, temporally appropriate 
preprocessing and imputation, clearly defined 
prediction points and horizons, and validation 
procedures that preserve the chronological ordering of 
information. 

Longitudinal datasets also commonly contain 
missing or irregularly timed observations. Patients may 
miss sampling points, discontinue treatment, or 
undergo testing at different intervals. These patterns 
are unlikely to be completely random and may 
themselves be related to disease progression, creating 
additional challenges for model development. 

Finally, strong performance in a single 
institution does not establish clinical reliability. Poor 
external validation, dataset shift, and institution-
specific biases can reduce performance when models 
are applied to patients whose tumour types, treatment 
patterns, assays, or clinical characteristics differ from 
those in the development cohort [30]. Lack of 
interpretability further limits clinical adoption when 
clinicians cannot understand which longitudinal 
features are driving a prediction. Thus, the main 
challenge is not simply developing accurate algorithms, 
but demonstrating that their predictions remain 
reliable, interpretable, and clinically meaningful 
beyond the dataset in which they were trained. 

The biggest problem: prediction without 
clinical validation 

A model can achieve an impressive area under 
the receiver operating characteristic curve (AUROC) 
and still have limited clinical value. Technical 
performance describes how well a model discriminates 
between patients who do and do not experience a 
specified outcome, but this does not establish whether 
its predictions are sufficiently accurate, timely, or useful 
to change clinical management. In longitudinal liquid-
biopsy research, this distinction is particularly 
important because a model may identify patients at 
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high risk of progression without demonstrating that 
acting on that prediction improves their outcome. 

Clinical utility depends on factors that are not 
captured by discrimination alone. Predictions should 
be adequately calibrated, meaning that estimated risks 
should correspond reasonably to the risks actually 
observed [28]. The model should also provide sufficient 
lead time for clinicians to intervene and should perform 
reliably in patients outside the development cohort. 
Importantly, there must be a clinically justified action 
associated with the prediction. Identifying an 
increasing probability of treatment resistance is of 
limited practical value if there is no validated treatment 
strategy that can safely be initiated on the basis of that 
information. 

The distinction is therefore between predicting 
an outcome and improving a decision. External and 

prospective validation can establish whether a model 
continues to perform in real clinical settings [29], but 
even good predictive performance does not by itself 
demonstrate patient benefit. The strongest evidence 
would come from prospective studies in which model 
predictions are available before the clinical event and 
are linked to predefined treatment strategies, with 
outcomes compared against standard care [23]. 

For AI-enabled liquid biopsy to move beyond 
research, evaluation must therefore extend from 
AUROC and other measures of technical performance 
to calibration, clinical utility, decision consequences, 
and patient outcomes [31]. This is the point at which a 
promising prediction model becomes a clinically 
relevant tool rather than simply a high-performing 
algorithm. 

 

From Prediction to Clinical Decision-Making 
The potential clinical pathway for AI-enabled 

liquid biopsy is straightforward in concept but remains 
largely investigational: serial liquid biopsy, AI analysis, 
predicted evolutionary trajectory, estimated resistance 
risk, clinical decision, and repeat sampling [33]. In this 
model, repeated molecular measurements would 
provide an evolving picture of tumour behaviour, 

while AI would estimate the probability of clinically 
relevant changes before they become evident through 
conventional assessment. The resulting prediction 
could then be considered alongside imaging, clinical 
findings, and treatment history before a management 
decision is made. This represents a proposed 
framework rather than an established clinical pathway 
(Figure 1). 

 

 
 
Figure 1. Conceptual framework for AI-enabled longitudinal oncology.  
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Serial liquid-biopsy sampling generates 
repeated molecular measurements that can be 
integrated into patient-specific molecular trajectories. 
AI-based temporal modelling uses these longitudinal 
data to forecast tumour evolution and estimate the risk 
of emerging treatment resistance. These predictions 
may inform treatment adaptation, after which 
subsequent liquid-biopsy measurements provide new 
information on tumour dynamics and treatment 
response. The newly acquired longitudinal data can 
then be incorporated to update and refine the predictive 
model, creating a continuous learning cycle. This 
framework represents a proposed conceptual pathway 
and remains investigational pending prospective 
validation and demonstration of clinical utility. 

Translation into practice would require 
prospective validation and clinical trials demonstrating 
that acting on model predictions improves outcomes 
compared with standard care [23]. Interpretability is 
also important because clinicians must be able to assess 
why a model has identified a patient as being at 
increased risk, rather than treating its output as an 
unquestionable result. Clinician oversight should 

therefore remain central, particularly when predictions 
are uncertain or conflicting with other clinical evidence. 

Practical considerations may be equally 
important. The cost of repeated liquid-biopsy testing, 
sequencing, and computational analysis could limit 
access, particularly in healthcare systems with 
constrained resources. Differences in laboratory 
capacity and availability of advanced molecular testing 
may also create inequalities in implementation. In 
addition, models intended for clinical use would need 
to meet relevant regulatory and quality requirements 
and demonstrate reliable performance across different 
patient populations and healthcare settings [29]. 

Finally, a useful system would require patient-
specific decision thresholds. The level of predicted 
resistance risk that justifies changing treatment may 
differ according to cancer type, available therapies, 
treatment toxicity, and the consequences of delaying a 
more effective option. The goal should therefore not be 
to replace clinical judgement with an algorithm, but to 
provide timely longitudinal evidence that can improve 
clinical decision-making [31]. 

 

Future Research Agenda and Proposed Framework 
The next stage of AI-enabled liquid-biopsy 

research should focus on establishing whether 
longitudinal molecular information can generate 
reliable and clinically useful forecasts of tumour 
behaviour. To structure this progression, we propose 

the Liquid Biopsy-to-Forecast Continuum, a six-stage 
framework comprising detection, monitoring, 
biological characterisation, forecasting, clinical action, 
and iterative learning.  

 
Table 3. The Liquid Biopsy-to-Forecast Continuum: a proposed six-stage evidentiary framework. 
 

Stage Objective 
1 — Detect Determine whether tumour-derived material can be reliably identified in the circulation. 
2 — Monitor Assess how the molecular signal changes across serial sampling points. 
3 — Characterise Identify emerging clones, resistance-associated alterations, or other biological changes that may 

explain the observed trajectory. 
4 — Forecast Use longitudinal molecular and clinical information to estimate the probability of a defined 

future event within a clinically meaningful time horizon. 
5 — Act Determine whether the prediction is sufficiently reliable and actionable to support a change in 

treatment. 
6 — Learn Continue longitudinal sampling to determine whether the predicted and observed trajectories 

agree and, where appropriate, use these data to improve subsequent models. 
 
The Liquid Biopsy-to-Forecast Continuum was 

developed through conceptual synthesis of the 
evidence reviewed in this article rather than through 
formal consensus or empirical validation. Its six stages 
reflect the progressive evidentiary steps identified 
across the literature, beginning with reliable detection 
of tumour-derived material, followed by longitudinal 
monitoring and biological characterisation, and 

advancing to forecasting, clinical action, and iterative 
learning. The framework can be applied prospectively 
when designing clinical studies by requiring 
investigators to specify the stage being evaluated and 
the corresponding evidence needed for progression to 
the next stage. For example, forecasting studies should 
predefine the prediction point, prediction horizon, 
clinical endpoint, and validation strategy, whereas 
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studies evaluating the action stage should additionally 
determine whether model-generated predictions can 
support predefined treatment decisions and improve 
clinically meaningful outcomes. The framework 
therefore provides a structured approach for 
distinguishing the maturity of different AI-enabled 
liquid-biopsy applications and identifying the 
methodological and clinical evidence still required for 
translation. The proposed continuum is not intended to 
replace established frameworks for biomarker 
development, clinical prediction modelling, or 
implementation. Rather, it addresses a specific 
translational gap at their intersection by organising the 
progression from serial liquid-biopsy measurement to 
prospective, AI-enabled forecasting and ultimately to 
clinical action. Unlike conventional biomarker 
frameworks that primarily establish analytical and 
clinical validity, or prediction-model frameworks that 
focus on model development, validation, and 
reporting, the continuum explicitly links temporally 
resolved molecular monitoring with biological 
interpretation, future-event forecasting, predefined 
clinical action, and iterative learning. Its principal 
contribution is therefore to provide a liquid-biopsy-
specific structure for determining when longitudinal 
molecular information has progressed from detecting 
or monitoring tumour change to generating and acting 
on clinically meaningful predictions. 

Several priorities follow from this framework. 
Future studies should use prospective longitudinal 
cohorts with standardised sampling schedules and 
clearly defined prediction points and horizons [27]. 
Multimodal datasets integrating liquid-biopsy 
measurements with imaging, treatment exposure, and 
clinical characteristics may provide a more complete 
representation of tumour state, but these models 
require rigorous external and temporal validation 
[29,30]. Studies should also emphasise interpretable 
models, calibrated risk estimates, and clinically 

meaningful prediction thresholds rather than relying 
on discrimination measures alone [28]. 

Ultimately, prospective interventional trials are 
needed to determine whether acting on AI-generated 
predictions improves patient outcomes, following the 
precedent set by ctDNA-guided adjuvant 
chemotherapy trials in colon cancer [23]. Research 
should also assess cost, accessibility, workflow 
requirements, and other health-economic and 
implementation outcomes [31]. The future of AI-
enabled liquid biopsy should therefore not be defined 
by whether an algorithm can classify patients, but by 
whether longitudinal models can reliably forecast 
clinically meaningful tumour transitions early enough 
to change clinical outcomes. 

Limitations of this review 
This review has several limitations. First, it was 

conducted as a narrative critical review rather than a 
systematic review; therefore, the literature was 
purposively selected and the possibility of selection 
bias cannot be excluded. Second, no formal quantitative 
synthesis or meta-analysis was undertaken, reflecting 
substantial heterogeneity across studies in cancer type, 
disease stage, treatment setting, liquid-biopsy analyte, 
sampling schedule, analytical platform, modelling 
approach, and clinical endpoint. This heterogeneity 
also limits direct comparison of predictive performance 
across studies. Third, the evidence base for AI-enabled 
longitudinal forecasting remains relatively limited, 
with many studies focusing on molecular monitoring, 
prognostic association, or early detection rather than 
prospectively validated patient-level forecasting. 
Finally, AI and liquid-biopsy technologies are evolving 
rapidly, and emerging studies may alter the evidence 
landscape as new assays, longitudinal datasets, 
modelling approaches, and prospective validation 
studies become available. These limitations should be 
considered when interpreting the conclusions and 
proposed framework presented in this review. 

Conclusion 
Can liquid biopsy predict the future of a 

tumour? Current evidence suggests that this capability 
remains investigational. Serial liquid-biopsy 
measurements can reveal tumour burden, clonal 
evolution, treatment response, and emerging resistance 
before conventional clinical progression in selected 
settings. However, prospectively validated AI models 
that use longitudinal liquid-biopsy trajectories to 
forecast patient-specific tumour evolution or treatment 
resistance remain limited. Advancing the field will 
require standardised assays and sampling, adequately 
powered longitudinal cohorts, rigorous temporal and 
external validation, calibrated and interpretable 

models, and prospective trials demonstrating that 
model-informed treatment decisions improve patient 
outcomes. AI-enabled liquid biopsy therefore provides 
a credible pathway towards anticipatory oncology, but 
its clinical value will ultimately depend on 
demonstrating reliable forecasting and actionable 
benefit beyond molecular monitoring. 
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