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Abstract
Despite curative-intent treatment, recurrence risk in resectable non-small cell lung cancer
(NSCLC)  remains  difficult  to  define,  and  postoperative  management  still  depends  on
imperfect clinicopathologic assessment. Circulating tumor DNA (ctDNA)-based minimal
residual  disease  (MRD)  has  emerged  as  a  promising  adjunct  for  postoperative  risk
stratification, early relapse detection, and perioperative response assessment. Its clinical
translation, however, is still limited by low sensitivity in low-shedding diseases, imperfect
specificity from biological background signals, interpretive uncertainty, and a lack of assay
standardization. In this context, artificial intelligence (AI) is relevant not as a generic add-
on,  but  as  a  potential  means  to  improve  weak-signal  detection,  refine  variant-origin
assignment,  and  translate  serial  ctDNA  measurements  into  clinically  interpretable  risk
estimates. This review considers the current clinical role of ctDNA-MRD in perioperative
NSCLC, the barriers to routine implementation, and the extent to which AI may help make
molecular monitoring more reliable and clinically useful.

https://www.oaepublish.com
https://ucenter.oaepublish.com
https://dx.doi.org/10.20517/ais.2026.27
https://dx.doi.org/10.20517/ais.2026.27
https://crossmark.crossref.org/dialog/?doi=10.20517/ais.2026.27&domain=pdf


Page 341 Chen et al. Art Int Surg. 2026;6:340-59

INTRODUCTION
Lung cancer remains the leading cause of cancer death worldwide, with nearly 2.5 million new cases and 1.8

million deaths estimated in 2022
[1]

. Even among patients with resectable non-small cell lung cancer (NSCLC)

treated with curative intent, durable disease control remains limited: postoperative recurrence has long been

reported in 30%-55% of cases, and a recent meta-analysis still showed 5-year recurrence-free survival

declining from 82% in stage I disease to 34% in stage III
[2,3]

. This persistent gap between apparently curative

treatment and residual biologic risk has driven interest in molecular approaches that can refine postoperative

risk assessment beyond stage, pathology, and imaging alone.

Accordingly, circulating tumor DNA (ctDNA)-based minimal residual disease (MRD) has attracted growing

interest as a non-invasive tool for postoperative risk assessment, recurrence surveillance, and perioperative

decision support. However, it is not yet sufficiently standardized or validated to serve as a stand-alone

biomarker for direct clinical decision-making. Its utility remains limited by weak postoperative tumor signal,

background noise, variable result interpretation, and the lack of standardized analytical and clinical

frameworks. The integration of artificial intelligence (AI) with ctDNA analysis may further expand this

potential by improving signal detection and supporting more refined interpretation and risk estimation. This

review examines the clinical value and current limitations of ctDNA-MRD in perioperative NSCLC, and

discusses how AI may help address these gaps, where it still falls short, and what will be required for clinical

translation.

Literature search strategy for this narrative review

For this narrative review, we searched PubMed, Embase, Web of Science, and ClinicalTrials.gov for English-

language literature published between January 2015 and October 2025. Keywords included “non-small cell

lung cancer”, “perioperative”, “resectable”, “circulating tumor DNA”, “minimal residual disease”, “artificial

intelligence”, and “machine learning”.

CURRENT ROLE OF PERIOPERATIVE ctDNA-MRD
Clinical rationale

MRD generally refers to tumor cells that remain in the body after curative-intent treatment but are still

below the detection limit of conventional methods
[4-7]

. ctDNA is the tumor-derived fraction of circulating

cell-free DNA (cfDNA) and carries molecular features of the primary tumor
[8]

. It therefore provides a

practical liquid-biopsy readout of residual molecular disease. In perioperative NSCLC, ctDNA-detected

MRD is therefore best interpreted as a molecular surrogate of residual tumor burden after curative-intent

treatment.

In resectable NSCLC, ctDNA status at the postoperative landmark time point is significantly associated with

an increased risk of recurrence and death. This landmark assessment is usually performed between 2 weeks

and 4 months after surgery. Gale et al. reported that patients with detectable ctDNA at this time point had a

14.8-fold higher risk of recurrence and a 5.48-fold higher risk of death
[9]

.

The importance of ctDNA-MRD in the perioperative setting also lies in its temporal advantage over imaging.

During longitudinal follow-up, ctDNA monitoring identified 79% of patients who eventually relapsed before

or at the time of radiographic progression, whereas the detection rate of a single postoperative test was only

41%
[10]

. In the TRACERx study, ctDNA signaled relapse in early-stage NSCLC a median of 119 days earlier

than computed tomography (CT) imaging
[11]

. An exploratory analysis from ADAURA likewise showed that

MRD positivity preceded imaging-defined disease-free survival events by a median of 4.7 months
[12]

. Against

this background, perioperative ctDNA-MRD is best understood as a risk stratification tool. It refines
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Table 1. Comparison of ctDNA-MRD assay strategies and analytical methods

Category Approach
Principle/what it
captures

Main strengths
Main limitations or
trade-offs

Representative
reference

Assay
strategy

TI

Uses patient-specific
tumor variants identified
from tumor tissue and
then tracks those variants
in plasma

Highest specificity;
better suited to ultra-
low-burden MRD
settings

Requires tumor tissue;
longer turnaround;
higher cost; less flexible
for emergent variants

Abbosh et al.,
2017[13]

Assay
strategy

TN

Uses predefined plasma-
based genomic or
epigenomic features
without prior tumor
sequencing

Faster workflow; no
tissue dependence;
easier to scale

Lower individualization
may reduce sensitivity;
more background noise;
interpretation is harder
in low-shedding disease

Hong et al., 2024[14]

Analytical
approach

ddPCR

Allele-specific PCR in
microdroplets for highly
focused detection of
known mutations

Very high analytical
sensitivity; absolute
quantification; low
LoD for predefined loci

Narrow genomic scope;
limited to known
targets; less suited to
heterogeneous residual
disease

Gassa et al., 2021[15]

Analytical
approach

NGS-based assays

Deep sequencing of
multiple loci or genomic
regions, often with
hybrid-capture or
amplicon-based designs

Broader genomic
coverage; enables
multi-mutation
tracking and
longitudinal
monitoring

Requires deeper
sequencing, stronger
error suppression, and
more complex
bioinformatics

Chaudhuri et al.,
2017[16]

Analytical
refinement

UMI-enabled/bioinformatic
error suppression

Molecular barcoding plus
computational filtering to
suppress background
artifacts and improve
low-VAF calling

Improves analytical
specificity and
confidence at very low
allele fractions

Still does not fully
eliminate false
negatives; performance
depends on assay
design and cfDNA input

Newman et al.,
2016[17]

Analytical
refinement

Phased-variant ultra-
sensitive methods

Tracks multiple mutations
on the same DNA
fragment to lower
background error far
beyond single-SNV
methods

Extremely high
analytical sensitivity in
ultra-low-signal
settings

Technically demanding;
real-world perioperative
NSCLC validation is still
limited

Kurtz et al., 2021[18]

TI: Tumor-informed; MRD: minimal residual disease; ctDNA: circulating tumor DNA; TN: tumor-naïve; ddPCR: droplet digital polymerase chain
reaction; LoD: limit of detection; NGS: next-generation sequencing; UMI: unique molecular identifier; VAF: variant allele frequency; cfDNA: cell-free
DNA; SNV: single nucleotide variant; NSCLC: non-small cell lung cancer.

recurrence-risk assessment, helps distinguish biologically high-risk from low-risk postoperative states, and

supports more individualized follow-up and treatment discussions.

Current assessment strategies

To date, a range of MRD detection assays have been developed, and these methods differ in sensitivity,

specificity, turnaround time, susceptibility to technical bias, and the degree of laboratory standardization

[Table 1]
[13-18]

. In practice, ctDNA-MRD detection mainly follows two broad strategies: tumor-informed and

tumor-naïve, distinguished by whether prior tumor sequencing is required. Current technical approaches are

mainly based on droplet digital polymerase chain reaction (ddPCR) or deep next-generation sequencing

(NGS), often combined with unique molecular identifier (UMI)-based designs and other error-suppression

strategies to improve interpretive reliability when ctDNA approaches the limit of detection
[19]

.

Current clinical applications

Postoperative risk stratification

ctDNA positivity after resection in NSCLC is clinically meaningful because recurrence is usually both more

likely and earlier once molecular disease becomes detectable. This temporal lead over imaging can be

clinically meaningful. In the cohort reported by Peng et al., 19 of 30 postoperative ctDNA-positive patients

(63.3%) later developed clinical recurrence, and ctDNA preceded radiographic findings or symptoms by a
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median of 12.6 months
[20]

. Qiu et al. reported postoperative ctDNA positivity in 18 of 85 patients (21.2%);

during surveillance, ctDNA became detectable in 27 of 34 patients who eventually relapsed and preceded

radiographic recurrence by a median of 88 days
[10]

.

A single postoperative landmark test also has clear limitations. It can separate higher- and lower-risk groups,

but it does not fully support individualized decision-making, particularly in low-shedding or slower-growing

tumors, where current assays still miss a proportion of biologically relevant disease
[21]

. In the prospective

cohort reported by Zhang et al., landmark MRD yielded a negative predictive value (NPV) of 86.6% and a

positive predictive value (PPV) of 81.0%. Once serial time points were incorporated, these increased to 96.8%

and 89.1%, respectively
[22]

. These data provide a stronger rationale for longitudinal monitoring than a general

appeal to “dynamic assessment” alone.

Adjuvant treatment stratification

For adjuvant treatment, ctDNA is better understood as a marker that enriches for biologically high-risk

disease than as a stand-alone treatment switch. Available evidence supports this risk-enrichment role. In

LUNGCA-1, MRD-positive patients who received adjuvant therapy had better recurrence-free survival than

MRD-positive patients who did not, and after adjustment this association remained significant in the MRD-

positive subgroup
[23]

. Chen et al. reported a similar pattern: among patients with positive ctDNA at an early

postsurgical time point (P2), adjuvant therapy was associated with a median RFS of 269 days, compared with

111 days in those who did not receive it
[24]

. Qiu et al. likewise showed that, in stage II-III disease, the

postsurgical ctDNA-positive group benefited from adjuvant chemotherapy (ACT), whereas ctDNA-negative

patients had a low risk of relapse regardless of whether ACT was administered
[10]

.

Nevertheless, ctDNA status should not yet be used alone to define escalation or de-escalation strategies. In

TRACERx, postoperative ctDNA profiling appeared to capture not only residual disease but, in some cases,

resistance to adjuvant chemotherapy, with ctDNA burden continuing to rise despite treatment
[11]

.

Exploratory analyses from IMpower010 add the same note of caution. During the first two years, about one-

third of recurrences occurred in patients who were ctDNA-negative after surgery and chemotherapy, and

longer-term analyses suggested benefit from adjuvant atezolizumab regardless of ctDNA status
[25]

. Thus,

ctDNA positivity helps identify patients at higher biological risk, whereas ctDNA negativity remains

insufficient to determine who can safely forgo systemic therapy.

Perioperative response assessment

In the neoadjuvant and perioperative setting, changes in ctDNA status over time may be more informative

than a single binary result. ctDNA clearance illustrates this principle most clearly. In NADIM, clearance after

neoadjuvant nivolumab plus chemotherapy was associated with markedly longer progression-free survival

(PFS) and overall survival (OS), with hazard ratios (HR) of 0.16 and 0.05, respectively
[26]

. A similar pattern

was seen in AEGEAN: after three cycles of perioperative durvalumab plus chemotherapy, ctDNA clearance

identified patients with better event-free survival, particularly in the durvalumab arm, with an HR of

0.26
[27,28]

. This distinction is clinically relevant. A postoperative snapshot indicates whether molecular disease

is detectable at a single time point, whereas ctDNA clearance captures whether the tumor-derived signal is

decreasing during treatment. Nevertheless, postoperative ctDNA status itself may also carry important

prognostic value in the perioperative setting. In a prospective cohort of patients receiving neoadjuvant

immunotherapy-based regimens including chemoimmunotherapy, postoperative ctDNA positivity was

independently associated with recurrence (HR 5.37, 95%CI: 1.27-22.67; P = 0.01)
[29]

. These findings indicate

that postoperative ctDNA status may complement ctDNA clearance in identifying patients at increased risk

of relapse following neoadjuvant therapy. Together, these biomarkers provide a more comprehensive

assessment of treatment response and recurrence risk than either metric alone.
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Overall, ctDNA-based MRD provides a molecular framework for refining adjuvant and consolidation

therapy strategies. However, prospective interventional trials remain essential for establishing standardized

MRD-guided treatment algorithms. Numerous ongoing studies are exploring MRD-based interventions.

Summaries of 20 completed studies and 42 ongoing trials are provided in Supplementary Tables 1 and 2.

Additionally, Supplementary Tables 3 and 4 respectively summarize trials that utilize AI/machine learning

(ML) for ctDNA analysis in NSCLC and trials that apply AI/ML to liquid biopsy analysis in NSCLC.

LIMITS OF CONVENTIONAL ctDNA-MRD
The principal limitation of ctDNA-based MRD in resectable NSCLC remains sensitivity. After curative-

intent treatment, the tumor-derived fraction can fall to ≤ 0.01%-0.1% of total cfDNA, therefore requiring

assays to detect an intrinsically scarce biological signal
[30]

. This biological constraint helps explain the wide

variability in reported postoperative detection rates. In the 13-study systematic review cited by Boukouris,

reported MRD detection rates ranged from 6% to 46%
[31]

. Longitudinal monitoring improves performance,

but it does not remove the limitation. In the meta-analysis by Zhong et al., pooled sensitivity for longitudinal

surveillance was 76% for hybrid-capture NGS and 77% for amplicon-based NGS
[32]

. This limitation is

particularly evident in low-shedding disease. Zhang et al. showed that brain-only recurrence was detected in

only 1 of 5 cases during longitudinal monitoring
[22]

. Chaudhuri et al. showed that broader variant tracking

can improve detection: when cancer personalized profiling by deep sequencing (CAPP-seq) tracked all

known variants rather than a single mutation, MRD detection increased from 58% to 94%
[16]

. Even this

finding is better interpreted as evidence that sensitivity can be improved, rather than as proof that current

assays are sufficient across postoperative NSCLC.

Specificity also remains imperfect. Plasma does not contain tumor DNA alone, and clonal hematopoiesis

(CH) is the clearest competing source of low-frequency variants. This matters even more in MRD analysis,

because the variant allele frequency (VAF) range being interrogated is already close to the technical floor
[33]

.

In the OAK correlative analysis, clonal hematopoiesis of indeterminate potential (CHIP)-derived variants

were detectable in paired plasma and peripheral blood mononuclear cells (PBMC) samples from patients

with late-stage NSCLC; the number of CHIP variants increased with age, and tumor protein p53 (TP53) was

the most frequently mutated gene
[34]

. Thus, a plasma mutation may be analytically real but biologically

unrelated to residual tumor. Without matched leukocyte sequencing or explicit CHIP filtering, this creates a

clear interpretive risk: a positive plasma call may reflect hematopoietic background rather than persistent

NSCLC
[35]

. Tumor-naïve and plasma-only workflows are especially exposed here, because the detected

variants are not directly anchored to the resected tumor
[36]

. The opposite problem also remains: a negative

plasma result may simply reflect limited ctDNA shedding rather than the absence of residual disease.

Methodological heterogeneity represents another major barrier. Studies grouped under the term “ctDNA-

MRD” in NSCLC still differ substantially in platform, threshold, postoperative sampling window, and patient

population. Boukouris specifically noted that performance varies with disease stage, molecular background,

treatment exposure, follow-up duration, assay type, and sampling time after surgery. The same review also

makes clear that tumor-informed and tumor-naïve approaches are not interchangeable choices
[31]

. Tumor-

informed assays generally gain specificity by anchoring plasma findings to known tumor variants, whereas

tumor-naïve assays may be faster and easier to deploy but accept more biological and analytical background

noise
[11,13,37-39]

. A practical unresolved issue is that the field still lacks consensus on two basic questions: when

postoperative blood should be drawn for clinically meaningful MRD assessment, and what ctDNA level

should count as residual disease. Until those points are standardized, study results will continue to look

stronger in some cohorts than in others, and thresholds from one series will remain difficult to transfer into

routine care.

https://file.oaecenter.com/published/pdf/20d190779d6610c631667ef5e0b928e4/1784098457/ais6027-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/20d190779d6610c631667ef5e0b928e4/1784098457/ais6027-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/20d190779d6610c631667ef5e0b928e4/1784098457/ais6027-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/20d190779d6610c631667ef5e0b928e4/1784098457/ais6027-SupplementaryMaterials.pdf
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Another major limitation lies in clinical actionability. Although prognostic value has been shown repeatedly,

decision-grade utility requires a higher evidentiary standard that has not yet been met in NSCLC. Boukouris

notes that ctDNA-MRD has still not been incorporated into official guidelines for adaptive decision-making

in early-stage disease
[31]

. Part of the reason is the persistent weakness of a negative result. ctDNA clearance is

informative, but it is not the same as confirmed eradication of residual disease. In exploratory biomarker

analyses from CheckMate 816 and CheckMate 77T, ctDNA clearance was associated with higher pathologic

complete response (pCR) rates; however, pCR still occurred in only 46% of ctDNA-cleared patients in

CheckMate 816 and 50% of ctDNA-cleared patients in the nivolumab arm of CheckMate 77T
[40-42]

. At

present, ctDNA is best viewed as a tool for refining postoperative risk stratification and enriching for

biologically higher-risk groups. It is not yet strong enough on its own to justify treatment withholding or to

serve as a stand-alone trigger for escalation or de-escalation.

WHERE AI ADDS VALUE
Enhancing sensitivity through weak-signal integration

In resectable NSCLC, postoperative ctDNA-based MRD testing is performed in a setting in which the tumor-

derived signal is often extremely scarce. After curative-intent treatment, tumor-derived DNA may fall near

the lower limit of assay resolution, where conventional platforms become less stable. In the SEQC2 analytical

validity study, variants above approximately 0.5% VAF were detected with high sensitivity and

reproducibility across assays, whereas performance below this level became less reliable and more variable,

particularly when input material was limited
[43]

. This analytical constraint provides the technical rationale for

AI-based ctDNA approaches. The key issue is not merely that conventional assays have limited sensitivity,

but that threshold-based, locus-by-locus interpretation uses only part of the available cfDNA information.

When ctDNA is sparse, weak but potentially informative signals may still be distributed across fragmentomic

patterns, methylation states, and broader genomic features, even when no single locus is confidently

positive
[30]

. AI-based models aim to recover such information by integrating evidence across many reads and

feature classes at the sample level, rather than relying solely on whether a predefined mutation exceeds a

fixed cutoff
[44]

.

Bahado-Singh et al. provided an early example of this feature-integration strategy in a cfDNA methylation

study for lung cancer detection
[45]

. Using genome-wide methylation profiling with the Illumina EPIC array,

they selected informative cytosine-phosphate-guanine (CpG) markers and trained several supervised

learning algorithms on multivariable methylation feature sets rather than on individually thresholded loci.

The cohort was small, including only 10 lung cancer cases and 20 controls, so these results require cautious

interpretation. In repeated resampling analyses, several classifiers achieved area under the curves (AUCs) of

1.00, and the deep-learning model achieved 100% sensitivity and 100% specificity. These results should be

interpreted cautiously, because the cohort included only 10 lung cancer cases and 20 controls, and such

perfect performance in a small dataset may reflect overfitting rather than clinical maturity. Nevertheless, the

study is useful as a proof of principle: when plasma cfDNA is represented as a coordinated methylation

pattern, tumor-associated signal may become easier to detect than under a marker-by-marker framework
[45]

.

Kim et al. extended this concept by integrating methylation and fragment-size information in lung cancer

plasma
[46]

. Using a targeted enzymatic methylation sequencing (EM-seq) panel, they generated data from 142

patients with NSCLC and 56 healthy controls. For each sample, they constructed a two-dimensional

methylation-fragment size representation and used it as input for a convolutional neural network, enabling

methylation and fragment-length information to be interpreted jointly rather than as separate feature classes.

The resulting model achieved an AUC of 0.87 and an accuracy of 81.5%, outperforming models based on

methylation or fragment-length features alone. The dilution experiment is particularly relevant to the MRD

setting: detection was achievable at a tumor fraction of 1% with 98% specificity and at 0.1% with 80%
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specificity. Although this framework does not by itself solve postoperative MRD detection, it supports the

premise that joint modeling can extract weak cfDNA signals that may be difficult to recover when

methylation, fragment size, and variant calls are analyzed separately
[46]

.

This direction is further illustrated by MRD-focused platforms such as MRD-EDGE. Widman et al. used

plasma whole-genome sequencing (WGS) with machine-learning-guided signal enrichment to integrate

single-nucleotide variant (SNV)-level and copy-number variant (CNV)-level information, rather than

relying on a single feature type
[47]

. In analytical testing, MRD-EDGE improved SNV signal enrichment by

approximately 300-fold compared with the earlier MRDetect approach and reduced the degree of aneuploidy

required for ultrasensitive CNV detection from 1 Gb to 200 Mb
[47 ,48]

. In stage III colorectal cancer,

preoperative detection reached an AUC of 0.998. More relevant to NSCLC, the same platform was applied to

22 patients with early-stage NSCLC treated with neoadjuvant durvalumab with or without stereotactic body

radiation therapy (SBRT), followed by surgery. Pretreatment ctDNA detection achieved an AUC of 0.98,

with ctDNA undetectable in only two patients with clinical stage IA disease. Among 14 resected patients

included in the survival analysis, recurrence occurred in 5 of 8 MRD-positive patients, whereas none of the 6

MRD-negative patients relapsed during the available follow-up. Although these numbers are small, the

findings suggest that whole-genome signal integration may expand the postoperative detection window in

settings where conventional high-sensitivity assays remain limited
[47]

.

The most directly relevant evidence comes from postoperative NSCLC cohorts. Wang et al. applied WGS-

based cfDNA fragmentomics to 87 patients with resected NSCLC, none of whom had received neoadjuvant

therapy, and modeled fragment-size-ratio features at landmark approximately 7-day and 6-month time

points
[49]

. At a specificity of at least 90%, the fragmentomic models achieved sensitivities of 43.5% and 57.9%

at the two respective time points, compared with 26.1% and 31.6% for a tumor-informed mutation-based

assay applied to the same samples. Combining both approaches across both time points increased overall

sensitivity to 78.3%, and high-risk prediction preceded radiographic recurrence by a median of 293 days.

Because this study directly examined a postoperative landmark MRD setting in NSCLC, it provides one of

the closest analogs to the perioperative task. It suggests that genome-wide fragment integration can recover

residual-disease signals missed by locus-specific mutation tracking. However, the cohort was small, and the

model was evaluated using leave-one-out cross-validation without independent external validation;

therefore, these results should be considered proof-of-principle evidence rather than a definitive estimate of

clinical performance
[49]

. Tumor-naïve fragment-length modeling provides a complementary line of evidence.

Zhu et al. developed Fragle, a deep-learning model that estimates ctDNA levels from the density distribution

of cfDNA fragment lengths using low-pass WGS data
[50]

. In 162 patients with resected lung cancer sampled at

the landmark time point, Fragle inferred ctDNA levels without requiring tumor tissue. Among 158 patients

who were classified as ctDNA-negative by a tumor-agnostic mutation panel, Fragle identified a subgroup

with higher inferred ctDNA levels and significantly worse disease-free survival. These findings suggest that

fragment-length patterns may provide postoperative risk information even when mutation-based plasma

testing is negative. However, this analysis should be interpreted as supportive rather than definitive MRD

evidence, because it represents a downstream use of a ctDNA quantification model, involved few recurrence

events, and did not test CH discrimination in high-CH populations
[50]

.

The three principal ways in which AI/ML may enhance ctDNA-based MRD assessment in perioperative

NSCLC are summarized in Figure 1.

Improving specificity through signal-origin interpretation

Loss of specificity in ctDNA-based MRD does not arise solely from technical assay limitations. It also fails

because plasma contains DNA from multiple biological sources, and CH is one of the most important of

them. CH arises from age-associated somatic mutations in hematopoietic stem and progenitor cells, followed
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Figure 1. Three principal ways in which AI/ML can improve ctDNA-based MRD assessment in perioperative NSCLC. (A) illustrates the use
of AI for weak signal integration to improve sensitivity in ultra-low-burden disease; (B) shows how AI can improve specificity by
distinguishing tumor-derived signals from clonal hematopoiesis and other background noise; (C) summarizes longitudinal and window-
aware modeling strategies that translate serial ctDNA measurements into dynamic recurrence-risk estimates and clinically actionable
management categories. Created in BioRender. Chen, Y. (2026) h ​t ​t ​p ​s ​: ​/ ​/ ​B ​i ​o ​R ​e ​n ​d ​e ​r ​. ​c ​o ​m ​/ ​i ​t ​4 ​i ​2 ​m ​l ​. NSCLC: Non-small cell lung cancer;
ctDNA: circulating tumor DNA; MRD: minimal residual disease; AI: artificial intelligence; ML: machine learning; CH: clonal hematopoiesis.

by clonal expansion, and many of these variants are easily detectable in plasma cfDNA. This creates a direct

challenge for MRD interpretation: VAF alone often does not separate CH-derived variants from true tumor-

derived ctDNA, because the two distributions overlap. Consequently, CH can produce false molecular

positivity even when sequencing is analytically robust. Razavi et al. made this point clearly in pan-cancer

cfDNA profiling, showing that a large fraction of plasma variants had features consistent with CH rather

than tumor origin
[51]

. In NSCLC, this concern has been demonstrated empirically. In the OAK cohort,

Yaung et al. analyzed 332 paired plasma and PBMC samples from patients with advanced disease and found

a median of one CHIP variant per sample, with counts increasing with age and TP53 emerging as the most

frequently mutated gene
[34]

. They also showed that allele frequencies of CHIP-derived and tumor-derived

variants overlapped in plasma, which is exactly why plasma-only interpretation can become unreliable when

leukocyte sequencing is not incorporated
[34]

. More recent NSCLC MRD reviews have treated CH not as a side

issue, but as a central obstacle to maintaining specificity when ctDNA is being used to infer residual disease

after curative-intent therapy.

That is also why several groups have started to treat variant-origin assignment as a classification problem

rather than a manual filtering step. Fairchild et al. pushed this further in a large real-world oncology

cohort
[36]

. Using labeled cfDNA variants and matched sequencing data in a training subset, they developed a

machine-learning framework to distinguish CH from tumor-derived alterations and then applied it across

4,324 clinical cfDNA samples. About 30.3% of patients had evidence of CH in plasma, and the prevalence

rose with age. Clinically, the key concern is not only the prevalence of CH, but also that CH-derived variants

may occur in genes that would otherwise be interpreted as clinically meaningful if plasma were analyzed in
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isolation. The practical value of such classifiers therefore lies in reducing incorrect biological attribution at

the point of reporting. In other words, the model is useful because it changes what a “positive” plasma result

actually means
[36]

.

This logic is already evident in perioperative and longitudinal ctDNA workflows. In the LUCID study, Gale

et al. used a tumor-informed design based on exome sequencing of the primary tumor to build patient-

specific assays, with matched normal blood used to remove leukocyte-derived variants before plasma

tracking
[9]

. This should be viewed as more than a technical refinement. It is an acknowledgment that MRD

interpretation becomes much less trustworthy if hematopoietic background is left unresolved from the start.

Algorithmic CHIP removal combined with PBMC-based correction can likewise change which plasma calls

are read as positive
[35]

, suggesting that CH cannot be adequately addressed by a few fixed exclusion rules

alone. The more likely direction is probabilistic filtering that uses broader variant-level context and matched-

normal information when available. For perioperative NSCLC, that matters because ctDNA positivity is

clinically useful only if it really reflects residual tumor burden, not background hematopoietic clonality.

Translating serial ctDNA into dynamic postoperative risk estimates

Before asking where AI changes this picture, it is worth fixing the clinical baseline against which any model

must be judged. Gale et al. used highly sensitive, patient-specific RaDaR assays (up to 48 tumor-informed

amplicons) to analyze 363 serial plasma samples from 88 patients with predominantly early-stage NSCLC
[9]

.

ctDNA detection at the prespecified landmark (2 weeks to 4 months after treatment) occurred in 17% of

patients and was strongly associated with shorter recurrence-free survival (RFS; HR 14.8) and overall survival

(OS; HR 5.48), whereas ctDNA detected 1-3 days after surgery was not associated with recurrence. That

contrast matters in itself: both the timing and the persistence of detectable ctDNA, not simply its presence,

carry the prognostic weight. Serial sampling showed that ctDNA-positive samples preceded radiologic

recurrence by a median of ~213 days, with most detectable tumor fractions below 0.1% and over one-third of

samples below 0.01%, so even a well-designed tumor-informed landmark test still operates close to its

analytical floor and leaves part of the biologically relevant disease unresolved at any single time point. This is

the ceiling that any downstream model has to improve on, and it frames the problem as a longitudinal one

rather than a single-threshold one.

Turning these serial trajectories into an explicit, decision-grade risk score is the step where AI is genuinely

relevant. Wang et al. developed PRIME, an interpretable machine-learning model trained across six curative-

intent NSCLC cohorts (493 patients with stage I-III disease treated with surgery or definitive

chemoradiotherapy), with MRD assessed at a postoperative landmark 2 weeks to 4 months after treatment
[52]

.

Rather than read ctDNA as a binary call, it combined landmark MRD with blood-based mutations in kelch-

like ECH-associated protein 1 (KEAP1), serine/threonine kinase 11 (STK11) and cyclin-dependent kinase

inhibitor 2A (CDKN2A) and with clinical features, after removal of germline and clonal-hematopoiesis

variants. Of several algorithms, a neural network performed best, reaching an AUC of 0.85 (95%CI:

0.81-0.89) in training and 0.82 (0.74-0.89) in independent validation, with landmark MRD the dominant

contributor in the SHAP analysis; model-defined high-risk patients derived a significant benefit from

adjuvant therapy after surgery (P <​ 0.001), whereas low-risk patients did not (P = 0.928). For a perioperative

reader, this is close to the intended task - a curative-intent cohort, a postoperative landmark, and an output

that maps onto an adjuvant-therapy decision - but it is not a finished tool. The training population

deliberately pooled resectable with unresectable and surgical with chemoradiotherapy patients, a

heterogeneity the authors list first among their limitations, so its calibration in a strictly resectable, surgery-

only setting remains to be shown, and the supporting evidence is still retrospective.



Page 349 Chen et al. Art Int Surg. 2026;6:340-59

Zhang et al. approached the same problem from the side of the negative result
[53]

. Single-time-point

landmark MRD is insensitive - its false-negative rate approaches 70%, and its sensitivity is only about 30% -

so LAMPAD, an XGBoost-Cox model, pairs the postoperative landmark with a preoperative baseline draw to

recover prognostic information from landmark-negative patients. Trained on 163 resected stage I-III patients

(no neoadjuvant therapy) with undetectable landmark MRD and validated across cohorts using both fixed-

panel and personalized assays, it separated low- from high-risk patients with 2-year disease-free survival of

97.8% vs. 71.6% (HR 0.11, 95%CI: 0.06-0.21), a separation that held in pooled validation (94.3% vs. 72.4%; HR

0.18, 95%CI: 0.13-0.25), with baseline ctDNA level as the leading feature; methylation deconvolution traced

the high-risk signal to immune- and multi-organ-derived cfDNA rather than tumor shedding alone. As

direct perioperative evidence, this is valuable because it targets the weak negative result that most limits

clinical actionability and does so in precisely the resected population of interest. The same caveats apply: the

report is in press, the dual-time-point design depends on a preoperative sample that is not always banked,

the validation is retrospective, and the authors note that compatibility with fragmentomic and methylation-

based platforms is unproven.

The clearest demonstrations of how longitudinal ctDNA trajectories can be translated into risk scores

currently come from metastatic NSCLC, where dense serial sampling is available, and AI/ML methods have

been applied at scale. Assaf et al. analyzed 466 patients from the randomized phase III IMpower150 trial,

sampling ctDNA at baseline and through early on-treatment timepoints, and - after algorithmic and PBMC-

based removal of germline and clonal-hematopoiesis variants - trained a machine-learning model that

integrated longitudinal features such as changes in VAF and the number of detectable alterations over time

to predict OS
[35]

. The resulting score separated patients with radiographic stable disease or partial response

into high- versus low-intermediate-risk groups (hazard ratios ~3.2-3.3), with wide OS separations (for

example, 7.1 months vs. 22.3 months in stable disease), and remained prognostic in an independent OAK 

validation cohort; in simulation, early ctDNA dynamics could even outperform early imaging for 

predicting trial-level OS differences. Yuan et al. reworked the same data into a treatment-agnostic, 

nonlinear mixed-effects joint model that links ctDNA kinetics to OS without using the treatment arm as a 

covariate, producing predicted survival rates generally within 20% - often within 10% - of the 

final trial readouts
[ 5 4 ]

. Both are methodologically instructive, and the joint-modeling logic in particular 

transfers naturally to a postoperative setting. The domain does not transfer with it, however: these models 

were built where tumor fractions are high and serial sampling is dense, whereas perioperative MRD 

operates near the limit of detection and on a different endpoint, so their figures are better treated as 

hypothesis-generating for the resectable setting
[54]

.

Meta-analytic data reinforce the need to move beyond binary ctDNA endpoints when constructing such

models. Lu et al. show that study-level performance improves when postoperative ctDNA is analyzed

longitudinally, with AUCs approaching ~0.9 in several early-stage NSCLC subgroups
[55]

. Costa et al. further

argue that ctDNA VAF dynamics capture subtle changes in tumor burden that may precede both radiologic

progression and clinical deterioration, making them particularly amenable to AI/ML techniques that can

compress high-frequency, low-amplitude signals into continuous risk scores
[30]

. Encouragingly, this is no

longer a borrowed argument - the modeling is now being done in the resectable population it is meant to

serve. What remains is the harder part, and it is not unique to AI: a risk score earns its place in perioperative

care only once it has been tested prospectively, shown to hold across centers and assays, and tied to a

decision a clinician would actually make differently. To make the evidentiary basis of this section explicit,

Table 2 maps the AI/ML studies by their proximity to the target use case, separating direct perioperative

NSCLC MRD evidence from findings extrapolated from screening, diagnostic, metastatic, or active-disease

monitoring settings. A structured comparison of these AI/ML methods and validation features is provided in

Supplementary Table 5.

https://file.oaecenter.com/published/pdf/20d190779d6610c631667ef5e0b928e4/1784098457/ais6027-SupplementaryMaterials.pdf
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Table 2. Evidence gap map for AI/ML studies informing perioperative ctDNA-MRD in resectable NSCLC

Evidence category Study Original context and domain gap
Transfer implication for
perioperative NSCLC

Direct

Wang et al.,
2023[49]

Resected NSCLC cohort with no neoadjuvant
therapy; 87 patients, 163 plasma samples at 7 days
and 6 months after curative surgery. Penalized Cox
fragmentomic models were evaluated by leave-one-
out cross-validation

Meets the Direct category because the
evaluated population is resected NSCLC
with postoperative MRD/recurrence
endpoints. Evidence maturity remains
limited by single-center leave-one-out
validation, so thresholds and
transportability need independent external
validation

Zhang et al.,
2026[53]

Stage I-III NSCLC patients undergoing surgical
resection without neoadjuvant therapy;
preoperative baseline and postoperative landmark
blood were integrated with clinicopathologic
variables for DFS/cure-risk stratification

Meets the Direct category because the
development/evaluation setting is
postoperative resected NSCLC. It provides
multi-cohort AI/ML evidence, but
prospective treatment-guidance testing is
still needed

Direct-adjacent

Widman et al.,
2024[47]

Early-stage NSCLC arm from a neoadjuvant
immunotherapy protocol: 22 patients received
durvalumab with or without SBRT before intended
surgery; 16 had postoperative plasma and 14
underwent resection. Postoperative MRD was
associated with recurrence, but samples were
drawn in a neoadjuvant/adjuvant-treated context

Direct-adjacent because the NSCLC
evidence is a component of a mixed-
cancer/platform study and was
neoadjuvant-treated. Best used as
neoadjuvant-treated perioperative
evidence for MRD-EDGE sensitivity;
broader postoperative NSCLC deployment
requires separate validation

Zhu et al.,
2025[50]

Multi-cancer deep-learning model for ctDNA
quantification from fragment-length distributions;
applied to a resected early-stage lung cancer cohort
at the landmark timepoint about 30 days after
curative surgery

Direct-adjacent because the lung MRD
application is clinically close, but the
primary model task is ctDNA quantification
rather than a postoperative recurrence or
treatment-decision model

Zviran et al.,
2020[48]

Genome-wide cfDNA MRD method paper with a
real postoperative early-stage LUAD arm: 22
postoperative samples collected at a median of 2.5
weeks after surgery, within a mixed-cancer
development study

Direct-adjacent feasibility evidence for
ultra-sensitive genome-wide MRD
detection, but limited by mixed cancer
cohorts, small LUAD sample size, internal
validation, and incomplete maturity for
NSCLC deployment

Wang et al.,
2026[52]

Curative-intent stage I-III NSCLC model pooling
radical surgery and definitive
radiotherapy/chemoradiotherapy cohorts;
treatment modality is one of the model predictors,
with a resectable surgical subgroup reported

Direct-adjacent for localized NSCLC risk
modeling, but not a pure postoperative
resected-NSCLC MRD model. Surgical
deployment requires subgroup-specific
calibration and validation

Metastatic/active-disease

Assaf et al.,
2023[35]

Metastatic non-squamous NSCLC from
IMpower150; longitudinal on-treatment ctDNA
dynamics were modeled across five timepoints to
predict overall survival

Useful as a mature longitudinal modeling
template, but metastatic tumor burden,
sampling density, active systemic therapy,
and OS endpoints do not transfer directly
to low-burden postoperative MRD

Yuan et al.,
2025[54]

Treatment-agnostic joint model of longitudinal
ctDNA dynamics in treatment-naive metastatic
non-squamous NSCLC from IMpower150,
predicting overall survival across first-line regimens

The joint-modeling structure is informative,
but any perioperative use would require
refitting and validation in true post-
resection cohorts with recurrence/DFS
endpoints

van ’t Erve et al.,
2024[73]

Fragmentome-based tumor-fraction estimator
developed mainly in metastatic CRC and validated
for longitudinal treatment monitoring, with an
independent stage III/IV lung cancer validation
cohort

Supports mutation-independent
fragmentomic tumor-fraction estimation as
a feature class, but active-disease
monitoring does not establish
postoperative NSCLC MRD performance
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Screening/diagnosis

Bahado-Singh et
al., 2022[45]

Small lung-cancer-versus-control methylation study
using supervised and deep-learning classifiers; n =
30 with near-perfect reported discrimination

Mechanistically relevant for methylation
feature integration, but the task is
prevalent cancer detection. It should be
framed as proof-of-concept and an
overfitting caution, not MRD evidence

Kim et al.,
2024[46]

NSCLC diagnosis versus healthy controls using a
CNN over cfDNA methylation and fragment-size
profiles; includes dilution experiments but not
postoperative recurrence prediction

Supports joint methylation-fragment
modeling for weak signal recovery, but
postoperative operating points, specificity,
and false-positive tolerance must be re-
established

Mathios et al.,
2021[71]

Prospective lung cancer detection and
characterization from cfDNA fragmentomes in high-
risk/symptomatic cohorts, validated against non-
cancer individuals and lung cancer cases

Supports genome-wide fragmentomic
features and external validation practice;
detection of prevalent cancer is not
equivalent to ultra-low postoperative
residual disease

Mazzone et al.,
2024[72]

Prospective case-control validation of a locked low-
coverage WGS fragmentome classifier for blood-
based lung cancer screening among screening-
eligible individuals

Shows that fragmentome classifiers can be
clinically validated, but screening
sensitivity/specificity trade-offs differ from
perioperative MRD decision thresholds

CH filtering

Fairchild et al.,
2023[36]

Pan-cancer plasma-only classifier distinguishing
blood-derived clonal hematopoiesis variants from
tumor-derived variants in cfDNA sequencing

Relevant for improving MRD specificity and
reducing false positives, but it is a variant-
origin task rather than a postoperative
recurrence-risk model

Arango-Argoty
et al., 2025[62]

Open-source ML framework that classifies cfDNA
variants as CH or tumor origin from plasma-only
samples in the absence of matched WBC
sequencing

Useful when matched-WBC sequencing is
unavailable, but perioperative NSCLC
deployment should be benchmarked
against matched-WBC labels and
outcome-aware ablation tests

Palizban et al.,
2024[63]

Semi-supervised GAN model for classifying somatic
mutation origins in cfDNA as CH-related or tumor-
derived using curated variant-origin labels

Mainly informs specificity control and
transfer-risk discussion; high internal AI
performance in variant attribution does not
establish MRD recurrence prediction

Categories are ordered by distance from the target use case (AI/ML-assisted perioperative ctDNA-MRD in resectable NSCLC) and assigned by
domain match alone. Direct perioperative MRD: entire study population is resected/perioperative NSCLC with MRD, recurrence, DFS/RFS, or cure-
risk endpoints. Direct-adjacent: contains a real postoperative or curative-intent NSCLC component but only partially matched, owing to mixed
cancer types, mixed treatment modalities, or model-task mismatch. Metastatic/active-disease monitoring: developed in advanced or on-treatment
cohorts with OS, PFS, treatment-response, or tumor-fraction endpoints. Screening/diagnosis: cancer-versus-control, early-detection, or diagnostic
models. CH filtering and variant-origin attribution: classify plasma variants as tumor- versus clonal-hematopoiesis-derived, supporting MRD
specificity rather than predicting recurrence. AI: Artificial intelligence; CH: clonal hematopoiesis; cfDNA: cell-free DNA; CRC: colorectal cancer;
ctDNA: circulating tumor DNA; DFS: disease-free survival; LUAD: lung adenocarcinoma; ML: machine learning; MRD: minimal residual disease;
NSCLC: non-small cell lung cancer; RFS: recurrence-free survival; SBRT: stereotactic body radiation therapy; OS: overall survival; WGS: whole
genome sequencing; CNN: convolutional neural network; WBC: white blood cell; GAN: generative adversarial network.

CHALLENGES FOR AI-ENABLED ctDNA-MRD IN PERIOPERATIVE NSCLC
Window and threshold drift

In perioperative NSCLC, the clinical meaning of a post-treatment MRD result depends strongly on when the

blood is drawn
[9]

, and any model built on these data will also be constrained by the sensitivity of the

underlying assay. An early postoperative landmark sample and a later surveillance sample should not be

assumed to represent the same clinical context
[32,56]

. These differences suggest that indiscriminate pooling of

postoperative and surveillance windows may complicate model development and interpretation. A mixed-

window model may appear acceptable overall while still being less informative within specific clinical

windows. A more conservative and better-supported conclusion is that predictive performance differs across

postoperative windows and monitoring strategies. In localized NSCLC, landmark MRD detection yielded an

NPV/PPV of 86.6%/81.0%, which increased to 96.8%/89.1% when longitudinal time points were

incorporated
[32]

. Existing perioperative NSCLC data support this interpretation. In resected NSCLC,

postoperative sampling windows vary substantially across studies, ranging from a few days to several

months, and landmark and surveillance strategies show different performance profiles, with surveillance

generally improving sensitivity while changing the underlying prevalence structure of the task
[10,24]

. These

findings argue against treating sampling time as a purely incidental feature in perioperative MRD modeling.
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A more defensible approach may be to prespecify the intended clinical windows and evaluate model

behavior separately within them, rather than assuming that one post-treatment setting is interchangeable

with another. At a minimum, separating early postoperative assessment from later surveillance may be more

clinically interpretable than applying a single cutoff across the entire perioperative course.

CH confounding

At the ultra-low variant allele fractions encountered in MRD analysis, the interpretation of plasma variants

can be substantially confounded by CH
[51,57,58]

, especially in older patients, smokers, or previously treated

patients
[34,59]

. If plasma variants are treated indiscriminately as tumor-derived, model outputs may partly

reflect CH-associated background rather than residual NSCLC alone
[60]

. This distinction matters because,

when CH is left unresolved, the model may no longer be answering a clean perioperative MRD question.

Instead, the task may shift from “is residual NSCLC present?” to “does this patient have residual NSCLC, or a

plasma background enriched for CH?” In a plasma-only pipeline, those are not the same problem. When

feasible, matched white-blood-cell or PBMC sequencing remains the most robust design choice
[34,51,58,61]

.

When it cannot, CH handling should be described explicitly rather than noted only in general terms. In such

cases, an explicitly described and independently evaluated in silico CH-filtering strategy is preferable to an

unspecified adjustment
[62,63]

. Just as importantly, perioperative AI studies would also benefit from showing

how model performance changes when CH handling is omitted. Ablation analyses with and without CH

filtering may be informative, because they make it possible to see whether apparent model performance is

being driven by residual disease biology or by hematopoietic background. Specificity and PPV should

therefore be reported transparently, especially when background non-tumor signal may influence

classification. Otherwise, a model may appear accurate while assigning molecular risk on an incorrect

biological basis.

Assay and site effects

Fragmentomic MRD features are influenced by both biological and technical context. Their observed values

can be shaped by both biology and the analytical pipeline, although the size of this effect is feature-specific

rather than universal
[64-66]

. In cfDNA fragmentomics, preanalytical and analytical factors such as collection

and processing conditions, library preparation, and bioinformatic processing can alter some readouts,

particularly genome-wide fragmentation patterns and fragment-end features
[66]

. By contrast, not every

variable perturbs every feature to the same degree; for example, collection tube and processing time did not

materially change overall fragment-size distributions in one study, whereas genome-wide fragmentation

patterns and fragment-end sequences were affected, and one- versus two-step centrifugation had little effect

on nuclear cfDNA size or motif diversity but did affect mitochondrial cfDNA
[65]

. Wang et al. made this

problem especially clear by comparing donor-derived plasma cfDNA processed with nine library kits and ten

data-processing routes: kit- and route-dependent variation was evident, particularly for motif profiles and

some regional length signals, and batch effects remained visible across published datasets even after

standardized reprocessing
[66]

. In perioperative NSCLC, where post-treatment ctDNA can be present at

extremely low fractions, such technical shifts cannot be dismissed, because assay-dependent variation may be

mistaken for weak biological signal
[33]

. This does not imply that every strong single-center model is non-

portable, but it does indicate that portability should not be inferred from internal performance alone
[67,68]

.

Cross-study fragmentomics work has specifically highlighted the need for external validation, and claims of

generalizability are better supported when models are evaluated in independent site-held-out data. For

reporting, the most defensible standard is to describe the assay and preprocessing pipeline in enough detail

for reproduction, identify the development and validation settings, and report discrimination and calibration

transparently, including any heterogeneity across clinical windows or centers
[69,70]

. By contrast, pipeline

locking, version control, and longitudinal drift monitoring are best framed as strong translational

recommendations rather than as conclusions already established by perioperative NSCLC MRD studies.
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Domain shift

Many published fragmentomic AI models for lung cancer have been trained in screening, diagnostic, or

active-disease treatment-monitoring cohorts rather than in postoperative MRD cohorts
[71-73]

. Models

developed directly within resected, postoperative NSCLC populations remain few, and the existing examples

are typically limited by small cohort size and an absence of independent validation
[49]

. Perioperative MRD in

resectable NSCLC belongs to a different domain, with post-treatment ctDNA often approaching the

analytical limits of detection and the task shifting from current cancer detection to future recurrence

prediction. For this reason, perioperative AI-MRD models should ideally be developed in genuine

perioperative cohorts, or at minimum externally validated and, when necessary, recalibrated in such cohorts,

rather than transferred unchanged from screening or active-disease settings
[74]

. The target population,

outcome definition, and signal-to-noise regime are different, and postoperative samples generally show a

much weaker tumor signal than cancer-versus-control or active-disease settings. A model that behaves

sensibly in a “cancer versus control” setting may therefore become poorly calibrated once it is moved into a

postoperative relapse-prediction setting
[67,72]

. In practice, this means that recalibration and threshold re-

estimation may be needed after external validation, especially when models are moved across clinical

windows or domains.

Risk-action gap

In perioperative NSCLC, an MRD score becomes clinically useful only when it is linked to a prespecified

clinical action. A probability estimate alone is insufficient. This is one reason why strong retrospective

performance does not automatically translate into practice
[31,75-77]

. The postoperative MRD literature in

NSCLC remains heterogeneous, there is still no single standard-of-care framework for how liquid-biopsy

MRD should be deployed, and recent meta-analytic work continues to show that performance depends on

assay type, monitoring strategy, and the clinical context in which the test is applied
[78-80]

. Thus, the central

task is not only to build a model that ranks risk, but also to define what action should follow each risk level.

One practical route is to align the score with the target perioperative population and map the output into a

small number of prespecified action categories: closer surveillance, continuation of standard therapy,

consideration of escalation, or in selected contexts de-escalation
[81]

. The goal is not to force every score into

an intervention. It is to prevent the opposite problem, where the same model output may be interpreted

differently across centers because no action framework was set in advance. Without that calibration-plus-

action structure, even a statistically strong MRD model is likely to generate variable reporting, variable

management, and very little workflow benefit
[31]

. In other words, the model may predict risk, but it will not

support reproducible care unless its outputs are linked to predefined clinical actions
[75]

.

The major sources of uncertainty and potential AI/ML failure modes across the perioperative ctDNA-MRD

workflow are summarized in Figure 2.

FUTURE DIRECTIONS
The next phase of perioperative ctDNA-MRD research in resectable NSCLC should move beyond

retrospective demonstrations that postoperative ctDNA positivity is associated with recurrence. This

association has been consistently demonstrated. The more important question is now practical: which

patients should actually enter prospective treatment-guiding trials, and which MRD patterns are strong

enough to justify changing management. Future studies need to test this directly. Persistent MRD positivity

at a clinically meaningful postoperative landmark, failure of ctDNA clearance, or conversion from negative

to positive during surveillance are all plausible candidates for treatment intensification. The converse

question is just as important and probably harder: whether sustained MRD negativity across predefined time

windows can support shorter adjuvant therapy, de-escalation, or even treatment omission in carefully

selected patients. A clinically meaningful advance will require linking MRD-defined risk groups to

                                                                                        



Chen et al. Art Int Surg. 2026;6:340-59 Page 354

Figure 2. Perioperative ctDNA-MRD workflow in resectable NSCLC and AI/ML failure modes across the pipeline. The central curve
depicts the perioperative ctDNA-MRD workflow, from clinical context and sampling to MRD assay, AI modeling, and clinical decision-
making. The color-coded panels map MRD-intrinsic constraints (MRD limitations, CH confounding) and AI/ML-specific failure modes
(window shift, assay effect, domain shift, risk-action gap) to each pipeline layer. Created in BioRender. Chen, Y. (2026) h ​t ​t ​p ​s ​: ​/ ​/ ​B ​i ​o ​R ​e ​n ​d ​e ​r ​.
c ​o ​m ​/ ​t ​v ​n ​y ​9 ​l ​2 ​. MRD: Minimal residual disease; ctDNA: circulating tumor DNA; VAF: variant allele fraction; LOD: limit of detection; CH:
clonal hematopoiesis; AI: artificial intelligence; ML: machine learning; PPV: positive predictive value; NPV: negative predictive value.

prespecified interventions and evaluating them using clinically relevant outcomes, rather than relying only

on separation of Kaplan-Meier curves. Relevant endpoints should include recurrence-free survival, reduction

of overtreatment, and the safety of withholding or shortening therapy, rather than relying on indirect

inference.

AI is most relevant when it is applied to interpretive tasks that conventional approaches do not handle well.

In perioperative NSCLC, three applications appear particularly relevant. The first is longitudinal risk

modeling from serial ctDNA measurements, so that recurrence risk can be updated over time rather than

reduced to a single positive-or-negative result. Although direct evidence remains limited, future AI-based

models could explore whether integrating ctDNA clearance dynamics with postoperative ctDNA status

improves recurrence-risk estimation after neoadjuvant therapy. Such models could provide a more

comprehensive assessment of treatment response and residual disease burden, potentially improving

recurrence-risk prediction following neoadjuvant therapy. The second is calibration across clinically different

sampling windows, because a ctDNA result does not mean the same thing immediately after surgery, at a

postoperative landmark draw, or months later during surveillance. The third is variant interpretation in the

presence of CH and assay-specific background noise, which becomes more problematic as tumor fraction

approaches the lower limit of detection. These applications should therefore be framed not as generic

opportunities to “apply AI,” but as defined perioperative tasks. They should be evaluated against

management-relevant endpoints and decisions, not mainly against discrimination statistics in development

datasets.

For ctDNA-MRD tools to be used credibly in practice, improved model performance alone will not be

sufficient. Algorithms should be prespecified before prospective testing, calibrated in the perioperative

population in which it is meant to be used, and then shown to hold up across centers, assays, and sampling
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workflows. Just as importantly, the output has to connect to a limited set of real management options:

escalate treatment, continue standard adjuvant therapy, step treatment down, or intensify surveillance.

Otherwise the model is only producing a risk score in the abstract. Reporting standards should also be

rigorous. Sampling window, assay context, CH handling, calibration, site-held-out validation, and the

thresholds used to support treatment decisions all need to be explicit. Without that level of structure, AI-

enabled ctDNA-MRD is likely to remain a sophisticated prognostic layer rather than a tool that can

consistently shape perioperative care in NSCLC.

CONCLUSION
In resectable NSCLC, the central challenge is not simply detecting recurrence, but identifying residual

disease early and reliably enough to inform perioperative and postoperative management. ctDNA-based

MRD has therefore emerged as a clinically relevant adjunct for risk stratification, relapse surveillance, and

assessment of perioperative treatment response. Its current role, however, remains constrained by limited

sensitivity in low-shedding disease, imperfect specificity related to biological background signals such as CH,

interpretive uncertainty across clinical contexts, and the lack of standardized analytical and reporting

frameworks.

In this setting, AI is relevant because it may strengthen weak-signal detection, improve variant-origin

assignment, and convert serial ctDNA measurements into more clinically interpretable risk estimates. These

advances will become clinically meaningful only if they are supported by prospective validation, robust

standardization, and clear integration into treatment and surveillance pathways. The continued refinement

of ctDNA-based MRD technologies, together with more standardized workflows and AI-enabled

interpretation, may help move perioperative NSCLC management toward more reliable and clinically

actionable precision care.
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