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Abstract 

Background:  ALK gene fusions are key oncogenic drivers in cancers such as non-small 
cell lung cancer, where they define a molecular subtype responsive to ALK tyrosine 
kinase inhibitors (TKIs). However, resistance commonly arises due to single nucleotide 
variants (SNVs) within the ALK tyrosine kinase domain, many of which remain variants 
of uncertain significance (VUSs).

Results:  To systematically profile resistance, we use prime editing to generate 
and assess 3,208 ALK variants covering 99% of all possible SNVs across exons 20–28, 
along with intronic variants. We evaluate drug resistance across three generations 
of ALK TKIs: alectinib, lorlatinib, and zotizalkib. These high-resolution resistance land-
scapes validate known resistance mutations (e.g., G1202R, L1196M), identify previously 
uncharacterized resistance-associated VUSs, and reveal distinct patterns of drug-spe-
cific and shared resistance across inhibitors. Structural mapping further contextualizes 
resistance-associated variants relative to the ATP-binding pocket and distal regions 
associated with resistance.

Conclusions:  This study provides a comprehensive functional atlas of ALK tyrosine 
kinase domain variants under TKI selection, offering a valuable experimental frame-
work for interpreting resistance-associated variants. Although derived from in vitro 
models and therefore context dependent, this resource complements existing clinical 
and genomic knowledge and may aid in the functional interpretation of ALK variants 
observed in ALK-driven cancers.
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Background
ALK gene fusions play a critical role in the pathogenesis of various cancers [1, 2], includ-
ing non-small cell lung cancer (NSCLC)  [3], anaplastic large cell lymphoma (ALCL)   
[4, 5], inflammatory myofibroblastic tumor (IMT)  [6], breast cancer  [7], colorectal  
cancer  [7], and glioma  [8, 9]. In particular, ALK fusions define distinct molecular 
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subtypes of NSCLC, accounting for approximately 4–6% of lung adenocarcinomas  [3, 
10]. These fusions typically result from chromosomal rearrangements involving the 
region encoding the ALK tyrosine kinase domain (TKD), leading to its constitutive acti-
vation and the dysregulation of downstream signaling pathways [3, 11, 12].

ALK-positive lung cancers are generally sensitive to ALK tyrosine kinase inhibitors 
(TKIs) that target the ALK TKD within the fusion protein [2, 13–18]. However, nearly 
all patients with advanced ALK-positive NSCLC eventually develop resistance, result-
ing in disease progression  [19]. This resistance often arises from acquired ALK muta-
tions [2, 20–24] or activation of bypass signaling pathways [2, 25, 26]. Such mutations, 
typically caused by single nucleotide variants (SNVs), can alter drug binding affinity and 
reduce therapeutic efficacy [20–24]. To overcome this challenge, next-generation TKIs 
have been developed—most notably, the third-generation inhibitor lorlatinib, which 
addresses resistance to second-generation agents like alectinib  [2, 15]. Nevertheless, 
resistant variants continue to emerge, highlighting the need for a comprehensive under-
standing of resistance profiles, which would lay foundation for the development of more 
effective therapies [2, 27–29].

Although several TKI-resistant ALK mutations, such as G1202R and L1196M, are well 
characterized [2, 30], the majority of ALK mutations remain variants of uncertain sig-
nificance regarding their impact on ALK TKI resistance. Currently, only G1202R and 
L1196M are included in the National Comprehensive Cancer Network (NCCN) guide-
lines for TKI selection [30]. Therefore, there is a critical need for a comprehensive profile 
of resistance-conferring ALK mutations. This profile should include not only mutations 
affecting established TKIs such as alectinib and lorlatinib, but also investigational agents 
like zotizalkib—a fourth-generation TKI that has been evaluated in clinical trials  [31]. 
Establishing such a resource could significantly enhance clinical decision-making, ena-
bling more precise TKI selection and resistance management strategies, and ultimately 
supporting precision therapy in ALK fusion-driven cancers.

In this study, we employed prime editing to systematically assess how ALK fusion var-
iants across the entire TKD, a hotspot for acquired mutations following ALK TKI treat-
ment [2], affect drug resistance. We experimentally generated and analyzed a total of 2,953 
ALK variants, covering 99% (2953 out of 2976) of all possible ALK SNVs within the TKD 
sequence (exons 20–28), and 255 SNVs in intronic regions near exon–intron junctions. We 
established comprehensive resistance profiles of these variants against alectinib, lorlatinib, 
and zotizalkib—representing second-, third-, and fourth-generation TKIs, respectively. 
Our results are consistent with previous clinical findings and results from cell-based assays. 
Additionally, our findings provide structural insights into drug-resistance mechanisms. We 
anticipate that these resistance profiles for three generations of NSCLC therapies targeting 
ALK fusions will enhance precision oncology approaches and improve prognostic predic-
tions for individual patients. Moreover, this dataset could be extended to other ALK fusion-
driven cancers, guiding therapeutic strategies beyond NSCLC.

Results
Optimization of prime editing in an ALK‑positive lung cancer cell line

The EML4-ALK fusion is the most prevalent ALK fusion variant in NSCLC, accounting 
for approximately 85% of ALK-positive cases  [1, 3, 32]. This structural rearrangement 
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fuses the 5′ end of EML4 with the 3′ end of ALK, which encodes the ALK TKD, thereby 
activating several oncogenic pathways through the HELP domain of EML4 (Fig.  1A, 
B) [3, 11, 12, 32]. To comprehensively profile the effects of ALK variants on the response 
to ALK TKIs, we utilized the H3122 cell line, which harbors variant 1—the most com-
mon EML4-ALK fusion variant (Additional file 1: Fig. S1A).

Given that mismatch repair (MMR) deficiency enhances prime editing efficiency [33] 
and H3122 cells exhibit functional MMR activity (Additional file 1: Fig. S1B), we gener-
ated an MLH1-knockout H3122 line (H3122-MLH1KO) using SpCas9 and two single 
guide RNAs (sgRNAs) targeting MLH1—a standard strategy to improve prime editing 
performance  [33, 34]. Deep amplicon sequencing confirmed near-complete disrup-
tion of the MLH1 locus (> 99.9% indel frequency; PRJNA1272298). Single-cell clones 

Fig. 1  Cell line generation for functional evaluation of ALK variants. A Schematic representation of the 
EML4–ALK fusion variant 1 (E13; A20), highlighting key domain-encoding regions: trimerization domain (TD), 
hydrophobic motif in EML proteins (HELP), tandem atypical propeller domain (TAPE), and tyrosine kinase 
domain (TKD). The ALK TKD spans exons 20–28. B Predicted three-dimensional structures of the ALK TKD 
(left) and full EML4–ALK fusion protein (right) generated using AlphaFold3. The N-lobe (residues 1093–1199) 
contains a prominent αC-helix (cyan), whereas the C-lobe (residues 1200–1399) includes the glycine-rich 
P-loop (green), the activation loop (A-loop, blue), and the DFG motif (yellow). The ATP-binding pocket—where 
representative resistance mutations such as G1202R and L1196M are located—is circled. The ALK domain 
within the fusion protein is boxed. C Schematic of pegRNA design and editing outcomes for the ALK L1196M 
variant at the endogenous locus. The intended substitution generating L1196M is shown in blue, and an 
additional synonymous marker substitution is shown in green. Spacer and RT–PBS elements are indicated. D 
Schematic overview of prime editing-based generation of single nucleotide variants (SNVs) in ALK 
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with confirmed MLH1 knockout were isolated by limiting dilution into 96-well plates 
and subsequently selected for stable PE expression. Recent studies suggest that PE7 out-
performs PEmax in editing efficiency  [35]; therefore, we transduced H3122-MLH1KO 
cells with lentiviral constructs expressing either PEmax  [33] or PE7  [35] (Additional 
file 1: Fig. S1C). To benchmark editing performance, we designed a prime editing guide 
RNA (pegRNA) library encompassing all possible SNVs within exon 23 and its flanking 
intronic regions (± 5  bp), totaling 1,287 pegRNAs (429 SNVs × 3 pegRNAs per SNV). 
Deep sequencing of the targeted locus showed that PE7-expressing cells exhibited a 
2.1-fold increase in reads per million (RPM) compared to PEmax-expressing cells (77 vs 
36; Additional file 1: Fig. S1D). Based on these results, we selected the PE7-expressing 
H3122-MLH1KO line (hereafter referred to as H3122-PE7) for subsequent experiments.

Prime editing enables saturating SNV generation in the ALK TKD sequence

Acquired resistance mutations to ALK TKIs frequently arise within the TKD sequence 
(exons 20–28), particularly in exons 22 and 23—the core drug-binding domain 
(Fig.  1B)  [2, 36]. Well-known resistance-associated mutations include the gatekeeper 
mutation L1196M and the solvent-front mutation G1202R, both encoded in exon 23 [2, 
30]. To generate all possible SNVs across the ALK TKD sequence (exons 20 to 28), we 
designed a total of 9,531 pegRNAs (= 992 bp × 3 substitutions/bp × 2 ~ 3 pegRNAs (1 ~ 2 
regular pegRNAs + 1 engineered pegRNA (epegRNA)  [37])/substitution) using Deep-
Prime-FT [38]—a deep learning-based pegRNA efficiency predictor.

We constructed nine exon-specific pegRNA libraries (E20 to E28) (Methods, Addi-
tional file 2: Table S1) and introduced them individually into H3122-PE7 cells. A rep-
resentative pegRNA design and the corresponding editing outcomes are illustrated in 
Fig. 1C. Following 10 days of culture to allow sufficient editing (Fig. 1D), we performed 
deep sequencing to quantify variant allele frequencies, comparing edited samples to 
unedited controls. After filtering out low-confidence variants (odds ratio (OR) ≤ 3 or 
adjusted P ≥ 0.05 in any replicate; Methods) [34], we successfully identified 3,208 signifi-
cant SNVs, including 99.3% (2,031) of all 2,045 single amino acid variants encoded by the 
SNVs.

Complete resistance profiling of ALK variants against three generations of TKIs

To comprehensively evaluate the resistance profiles of ALK variants across three genera-
tions of ALK TKIs, prime-edited H3122-PE7 cells were first cultured for 10 days after 
pegRNA library transduction to establish edited variant populations, followed by an 
additional 10 days under four experimental conditions: (i) untreated control, and treat-
ment with (ii) alectinib (second-generation), (iii) lorlatinib (third-generation), and (iv) 
zotizalkib (fourth-generation) (Fig.  2A). To quantify the drug resistance conferred by 
each SNV, we calculated log2 fold changes (LFCs) between drug-treated and untreated 
conditions. These LFCs were standardized using the distribution of LFCs for synony-
mous SNVs (Methods). Standardized LFCs (sLFCs) for internal replicates of each SNV 
were frequency-based weighted and averaged to generate a resistance score per repli-
cate. Final resistance scores were obtained by averaging across biological replicates, pro-
viding a representative “resistance score” for each variant.
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Biological replicates showed high concordance across drug conditions (Pearson 
correlation coefficients: alectinib, r = 0.67; lorlatinib, r = 0.72; zotizalkib, r = 0.68; 
Additional file 1: Fig. S2A). We then used the mean of SNV resistance scores to cal-
culate the resistance score of each protein variant. These protein-level scores were 
also highly reproducible across replicates (Pearson r = 0.72, 0.78, and 0.72 for alec-
tinib, lorlatinib, and zotizalkib, respectively; Additional file 1: Fig. S2B). Among the 
396 amino acid variants assessed including synonymous mutations, 209, 157, and 
30 were encoded by two, three, and four distinct SNVs, respectively. Notably, SNVs 
encoding the same amino acid substitution yielded highly correlated resistance scores 
(Pearson r = 0.60, 0.63, and 0.65, respectively; Additional file 1: Fig. S2C), with even 
stronger concordance observed when the analysis was restricted to missense variants 

Fig. 2  Landscape of ALK TKI resistance conferred by SNVs in the ALK TKD sequence. A Schematic overview 
of the drug-resistance profiling pipeline using pooled pegRNA libraries to introduce SNVs across the ALK 
TKD sequence. Prime editing was initiated by pegRNA library transduction at D-10 (T0), followed by a 10-day 
editing period to establish variant populations (D0, T10), after which cells were subjected to drug treatment 
or control conditions for an additional 10 days and harvested at D10 (T20). One pegRNA library was 
constructed per exon, resulting in nine libraries targeting exons 20–28. B Heatmap of resistance scores for 
SNVs across exons 20–28, stratified by TKI: alectinib (top), lorlatinib (middle), and zotizalkib (bottom). Vertical 
dashed lines denote exon boundaries. Known and newly identified resistant variants are labeled. Based on 
three-dimensional structures of ALK bound to alectinib or lorlatinib (PDB: 3AOX and 4CLJ, respectively), 
mutations located within 6 Å of the drug-binding site are highlighted in red. A boxed region highlights the 
absence of canonical drug-resistant variants, such as L1196M and G1202R, in cells treated with zotizalkib
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(Additional file 1: Fig. S2D), confirming the robustness and consistency of our high-
throughput resistance assay.

Based on the distribution of resistance scores for synonymous SNVs, we categorized 
SNVs into three groups: resistant (resistance scores exceeding the 99.7th percentile of 
the scores of synonymous SNVs in both replicates), sensitive (resistance scores below 
the 95th percentile in both replicates), and intermediate (SNVs not meeting either 
threshold; Methods). For alectinib, we identified 2712, 444, and 52 SNVs encoding 1703, 
316, and 45 single amino acid variants (SAAVs) as sensitive, intermediate, and resistant, 
respectively (Fig.  2B and Additional file  2: Table  S2). For lorlatinib, 2540, 585, and 83 
SNVs encoding 1566, 435, and 75 SAAVs were classified as sensitive, intermediate, and 
resistant, respectively. For zotizalkib, 2276, 869, and 63 SNVs encoding 1348, 692, and 56 
SAAVs were classified as sensitive, intermediate, and resistant, respectively. We provide 
heatmaps for the resistance scores in Additional file 1: Figs. S3–S8.

Comprehensive profiling provides structural context for ALK TKI resistance

To elucidate the structural mechanisms underlying resistance to three generations of 
ALK TKIs, we examined the 3D spatial distribution of resistant variants in relation to 
the drug-binding pocket (Fig. 3A, B). The three inhibitors—a​lectinib, lorlatinib, and zoti-
zalkib—all target the ATP-binding site within the ALK kinase domain, albeit with differ-
ences in molecular size and central nervous system penetrance, enabling inhibition of 
ALK-mediated signaling pathways [2, 31, 36].

We observed that drug resistant variants were distributed in two distinct patterns, 
with localization either adjacent to, or apart from, the ATP-binding pocket (Fig.  3A, 
B and Additional file  1: Fig. S9A). Examples of variants in or near the pocket include 
L1196M, I1171T/M, and G1269A, all residing directly in the ATP-binding pocket, 
as well as the solvent-front mutations G1202R and D1203N. These variants conferred 
resistance to alectinib and lorlatinib, consistent with previous reports indicating reduced 
drug binding affinity associated with these mutations [2, 39–41]. Notably, we found that 
zotizalkib—a fourth-generation, compact macrocyclic TKI engineered to fit precisely 
into the ATP-binding pocket  [31]—effectively inhibits ALK fusion proteins harboring 
L1196M or G1202R mutations (Additional file 1: Fig. S9A and Fig. 2B), consistent with 
prior in vitro data [31].

Strikingly, our high-throughput mutational screening also identified distal sites—par-
ticularly residues F1245 and F1174—as recurrent resistance hotspots (Fig.  3A-C and 
Additional file  1: Fig. S9A). Notably, these residues are spatially separated from the 
ATP-binding pocket, suggesting that resistance conferred by mutations at these sites 
is unlikely to arise from direct disruption of drug binding. Previous computational and 
structural studies have proposed that these residues form an aromatic–aromatic net-
work, and mutations such as F1174C may destabilize this interaction  [42, 43]. In this 
study, structural modeling and prior simulations were used to provide a conceptual 
framework for interpreting these observations, rather than direct evidence of altered 
binding kinetics or conformational changes Accordingly, although the functional data 
demonstrate that these distal variants robustly confer drug resistance, the precise bio-
physical mechanisms underlying these effects remain to be elucidated.
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To quantify our observations about mutation distributions, we compared the rela-
tive frequency of resistant variants within the drug-binding pocket versus other 
regions. Among all variants localized to the binding pocket, 6% (15/255) caused 
resistance to alectinib and 4% (9/229) to lorlatinib; among all variants localized 
outside the pocket, only 1% (38/2,953) caused resistance to alectinib and 2.5% 
(75/2,979) to lorlatinib (Fig.  3D and Additional file  1: Fig. S9B). This enrichment 
analysis underscores that the ATP-binding pocket is a disproportionately frequent 
site of resistance-conferring variants. Collectively, our structural and functional 
mapping provides novel insights into the spatial diversity of resistance mechanisms 
against ALK TKIs, highlighting contributions from both variants located within the 
ATP-binding pocket and those arising at distal resistance sites.

Fig. 3  Spatial distribution of drug-resistant ALK variants across the kinase domain. A Three-dimensional 
structure of the ALK TKD in complex with alectinib (PDB: 3AOX). Residue-wise average resistance scores to 
alectinib are mapped onto the structure using a blue-to-red color gradient (blue: sensitive; red: resistant). The 
alectinib-binding domain is circled, drug is shown in green and representative resistant variants are labeled. 
B Crystal structure of the ALK TKD in complex with lorlatinib (PDB: 4CLJ). Residue-wise average resistance 
scores to lorlatinib are overlaid using the same color gradient. The lorlatinib-binding domain is circled. A 
magnified boxed region highlights drug-resistant variants that form aromatic ring interactions, located distal 
to the drug-binding site. C Three-dimensional surface representation of the ALK TKD bound to lorlatinib. 
The ATP-binding pocket and distal resistance site are circled. Resistance scores to lorlatinib are shown as 
a residue-wise color gradient. D Stacked bar plots showing the proportion of resistant (red), intermediate 
(rosy-brown), and sensitive (blue) variants located within or outside the alectinib-binding pocket. Percentages 
represent the fraction of variants belonging to each functional class
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Comparison of resistance profiles of ALK variants with classifications from previous reports

We next compared our high-throughput resistance profiling data with existing clinical 
and experimental reports. According to current NCCN guidelines for NSCLC manage-
ment, only two ALK mutations—G1202R and L1196M—are recognized as actionable 
alterations that justify switching from alectinib to lorlatinib  [30]. However, our func-
tional analysis classified both G1202R and L1196M as resistant to both alectinib and lor-
latinib (Fig. 4A, B), which differs from the clinical interpretation that lorlatinib retains 
relative activity against these mutations. Notably, this clinical interpretation is primarily 
based on comparative efficacy across ALK inhibitors rather than absolute equivalence to 
wild-type sensitivity.

To rule out concentration-dependent effects as a source of this discrepancy, we per-
formed dose–response assays for lorlatinib at three concentrations: 2  nM (below the 
screening concentration), 5 nM (screening concentration), and 10 nM (above). Resist-
ance scores across these conditions were highly correlated (Fig.  4C, Additional file  2: 
Table S3), and the resistant phenotype conferred by both G1202R and L1196M remained 
consistent, confirming that the observed resistance was not due to subtherapeutic 
exposure.

Moreover, to exclude the possibility that the observed resistance patterns resulted 
from low-level drug selection or insufficient selective pressure, we performed additional 
validation experiments using a broad range of drug concentrations. Cell viability was 
assessed across multiple concentrations for all three ALK inhibitors in 150-mm cul-
ture dishes, matching the format and scale of the high-throughput screening platform. 
In addition to the concentrations used in the primary screen, we included higher drug 
doses, spanning from approximately half-maximal inhibitory concentrations (IC50) to 
the 20% inhibitory concentration (IC20) levels (Additional file  1: Fig. S10A and Addi-
tional file 2: Table S4).

Using these conditions, we repeated the resistance screening specifically for exon 23—
the most clinically relevant exon within the ALK TKD sequence—following the same 
analytical pipeline as in the original high-throughput assay. Resistance scores obtained 
under these higher and more cytotoxic drug concentrations showed strong correlations 
with those derived at other tested concentrations across all three inhibitors (Additional 
file 1: Fig. S10B–D and Additional file 2: Table S5). Importantly, this concordance was 
maintained even under highly lethal drug exposures, supporting that the resistance 
phenotypes observed in our study are robust and not attributable to insufficient drug 
selection pressure. Together, these results further validate the reliability of our high-
throughput resistance screening platform.

A literature review [21, 44, 45], including studies cited in the NCCN guidelines [30], 
further supports our findings; both mutations have been shown to increase the IC50 of 
lorlatinib by at least 10- to 20-fold relative to that for wild-type ALK [29]. Importantly, 
these observations highlight that our resistance classifications reflect relative resistance 
under defined in  vitro selective pressures, rather than a binary designation of clinical 
insensitivity.

Notably, zotizalkib, a fourth-generation ALK inhibitor designed to target resistance-
associated mutations near the drug-binding pocket via a compact macrocyclic scaf-
fold  [31], retained activity against cells harboring G1202R or L1196M (Fig.  4D). This 
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Fig. 4  Comparison of resistance profiles of ALK variants with classifications from previous reports. A Heatmaps 
comparing resistance classifications for alectinib (top) and lorlatinib (bottom) between this study (in which 
mutations are classified as sensitive, intermediate, or resistant) and annotations from prior reports, including 
the National Comprehensive Cancer Network (NCCN) guidelines (sensitive, intermediate, resistant; intermediate 
indicates cases where cell-based experimental evidence and clinical guidelines appear to be inconsistent). B 
Scatter plot comparing resistance scores for ALK SNVs against alectinib (x-axis) and lorlatinib (y-axis). Variants 
resistant to both drugs are shown in dark red, alectinib-only resistant variants in blue, and lorlatinib-only 
resistant variants in orange. Canonical resistance mutations L1196M and G1202R are labeled in red. C Scatter 
plots comparing resistance scores for ALK SNVs treated with different concentrations of lorlatinib: 2 nM vs. 5 nM 
(top), 5 nM vs. 10 nM (middle), and 2 nM vs. 10 nM (bottom). Canonical resistance mutations are labeled in red. 
D Scatter plot comparing resistance scores for ALK SNVs against alectinib (x-axis) and zotizalkib (y-axis). Variants 
resistant to both drugs are shown in dark red, alectinib-only in blue, and zotizalkib-only in orange. Canonical 
resistance mutations are labeled in red. E Bar plot showing the number of ALK protein variants classified as 
resistant in this study. Variants not annotated as resistant in the NCCN guidelines are highlighted in dark blue 
and considered novel. F Sankey plots showing concordance between resistance classifications in this study and 
previously reported annotations for alectinib (left) and lorlatinib (right). Variants lacking prior classification were 
designated as variants of uncertain significance (VUSs). R; resistant, I; intermediate, S; sensitive
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result is consistent with recent studies [31] and highlights zotizalkib’s potential clinical 
utility, particularly for patients who develop resistance to lorlatinib. Given the persistent 
emergence of G1202R as a resistance mutation following lorlatinib therapy [46], our data 
suggest zotizalkib as a promising therapeutic alternative.

To further validate our resistance classifications, we compared our dataset to the COS-
MIC (Catalogue Of Somatic Mutations In Cancer) resistance database. Among COS-
MIC-listed alectinib-resistant variants, 16 of 20 (80%) were classified as resistant in our 
assay, and the remaining 4 variants (20%) were classified as intermediate; for lorlatinib, 
the concordance was 100% (16/16), with all COSMIC-listed resistant variants were clas-
sified as resistant in our assay (Additional file 1: Fig. S10E and F), underscoring the reli-
ability and clinical relevance of our profiling.

Across our full dataset, we identified 45 alectinib-resistant, 72 lorlatinib-resistant, and 
52 zotizalkib-resistant SAAVs, of which 43 (96%), 72 (100%), and 52 (100%), respectively, 
were previously unreported (Fig. 4E, F and Additional file 1: Fig S10G-H). Notably, 17 
(38%), 26 (36%), and 20 (38%) of alectinib-, lorlatinib-, and zotizalkib- resistant variants, 
respectively, retained sensitivity to other generations of drugs—suggesting that resist-
ance to one TKI may be overcome by switching to another (Additional file 2: Table S2; 
see Additional file 1: Fig. S10G for direct lorlatinib–zotizalkib comparisons). However, 
13 SAAVs conferred resistance to all three inhibitors, underscoring the need for next-
generation therapies beyond current ALK TKIs.

Distinct classes of drug‑resistant ALK variants defined by cell fitness

We investigated whether ALK variants could be stratified into distinct functional sub-
types by integrating drug resistance and cellular fitness. Prior studies have shown that 
some oncogenic variants impose intrinsic fitness costs in the absence of inhibitors, con-
sistent with excessive pathway activation and oncogene-induced senescence, giving rise 
to so-called drug addiction–like resistance states [47–49]. In contrast, other resistance 
mutations either maintain neutral fitness or confer a proliferative advantage [47].

To quantify fitness scores, ALK variants were generated by prime editing, and vari-
ant frequencies were compared between two untreated time points: 10  days (T = 10) 
and 20 days (T = 20) after transduction. LFCs in variant abundance between T = 10 and 
T = 20 were calculated, standardized using synonymous variants, and weighted by vari-
ant frequency to generate a fitness score for each biological replicate, followed by aver-
aging across replicates, using the same analytical framework applied for resistance score 
calculation (Methods).

Integrating fitness and resistance scores across all three ALK inhibitors revealed three 
major potential classes of drug-resistant variants: (i) canonical resistance variants, 
which confer resistance without substantially affecting baseline fitness; (ii) driver-like 
variants, which confer both drug resistance and a proliferative advantage; and (iii) vari-
ants causing a drug addiction–like phenotype, in which cells exhibit resistance but dis-
play reduced fitness in the absence of drug treatment (Additional file 1: Fig. S11A–C). 
This classification framework is consistent with previously described resistance–fitness 
trade-off models. For example, L1196M, F1174V, and F1245C displayed canonical resist-
ance profiles, whereas G1202R (c.3604G > C, c.3604G > A) showed a drug addiction–like 
phenotype, characterized by decreased baseline fitness despite robust resistance upon 
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drug exposure. These findings suggest that fitness trade-offs may shape the evolutionary 
dynamics of resistant variants, although their therapeutic implications require further 
investigation.

Individual evaluations of drug resistance in strains expressing ALK variants

To validate the resistance phenotypes identified in our high-throughput screen, we per-
formed individual functional assays on eight strains expressing ALK variants—P1153R, 
I1171M, F1174C, F1193L, L1196M, M1199L, G1202R, and F1245C—against three gen-
erations of ALK inhibitors. These variants were chosen based on distinct drug response 
profiles: F1145C, F1174C, and P1153R conferred resistance to all three drugs; G1202R, 
L1196M, and I1171M were resistant to alectinib and lorlatinib but sensitive to zotizalkib; 
M1199L showed resistance to alectinib but remained sensitive to lorlatinib and zoti-
zalkib; and F1193L remained sensitive to all drugs tested.

We transduced H3122 cells expressing PE7 with individual lentiviruses encoding each 
variant-specific pegRNA (Additional file  2: Table  S6). Prime-edited cells were mixed 
with control cells at a 25:75 ratio and cultured for 10 days under either untreated condi-
tions or in the presence of alectinib, lorlatinib, or zotizalkib. Variant frequencies were 
quantified to assess resistance phenotypes (Fig. 5A).

The frequencies of P1153R-, F1174C-, and F1245C-containing cells increased by 2.6-
fold (Day 10 vs. untreated; 65% vs. 25%), 1.6-fold (8.3% vs. 5.4%), and 2.1-fold (51% vs. 
24%), respectively, under alectinib treatment; 1.3-fold, 2.7-fold, and 3.0-fold under lorla-
tinib; and 3.5-fold, 2.7-fold, and 3.7-fold under zotizalkib, confirming their resistance to 
all three inhibitors. Similarly, frequencies of G1202R-, L1196M-, and I1171M-contain-
ing cells increased by 4.7-fold, 3.2-fold, and 2.8-fold under alectinib, and 4.3-fold, 3.2-
fold, and 1.9-fold under lorlatinib, but decreased by 0.69-fold, 0.82-fold, and 0.94-fold, 
respectively, under zotizalkib, supporting its efficacy against these variants (Fig. 5B).

For M1199L, variant-containing cell frequencies increased by 2.2-fold (27% vs. 12%) 
under alectinib but decreased by 0.39-fold (4.7% vs. 12%) under lorlatinib and 0.47-fold 
(5.6% vs. 12%) under zotizalkib, indicating retained sensitivity to the latter two agents. 
By contrast, F1193L-containing cells were consistently depleted across all treatments—
0.46-fold (7.6% vs. 17%) with alectinib, 0.75-fold with lorlatinib, and 0.51-fold with zoti-
zalkib—confirming its susceptibility to all three inhibitors (Fig. 5B).

Notably, fold-changes observed in these individual assays showed strong correlation with 
resistance scores from the high-throughput drug-resistance assay, with Pearson’s correla-
tion coefficients of 0.66 for alectinib, 0.82 for lorlatinib, and 0.98 for zotizalkib (Fig. 5C), 
underscoring the accuracy and reproducibility of our high-throughput platform.

Individual evaluations of drug resistance in single‑variant clones

To further validate resistance phenotypes identified in the pooled screen, we eval-
uated drug sensitivity using single-variant systems. First, H3122 cells harboring 
newly identified resistant variants (P1153R or F1245C), along with cells harboring 
well-characterized variants (G1202R or L1196M), were subjected to dose–response 
assays with three ALK TKIs to determine IC50s (Methods). Both P1153R- and 
F1245C-containing cells exhibited increased IC50 values relative to cells with wild-
type ALK across all three inhibitors, whereas G1202R- and L1196M-containing cells 



Page 12 of 29Oh et al. Genome Biology           (2026) 27:72 

showed lower IC50 values for zotizalkib compared to wild type (Additional file  1: 
Fig. S12A and Additional file 2: Table S7), consistent with the resistance classifica-
tion of these variants.

Fig. 5  Individual evaluations of the drug resistance of ALK variants. A Schematic overview of the strategy for 
individual validations of drug resistance. Lentiviral vectors encoding pegRNAs designed to introduce eight 
specific SNVs, along with a control vector, were individually transduced into PE7-expressing H3122 cells. 
Ten days post-transduction, pegRNA-transduced cells and control (empty vector) cells were mixed and split 
into untreated and drug-treated groups. SNV frequencies were quantified by targeted deep sequencing 
10 days after treatment initiation. B Bar plots showing the fold change (top) and percentage (bottom) of 
sequencing reads harboring each variant after treatment with alectinib (blue), lorlatinib (yellow), zotizalkib 
(orange), or control solvent (gray) at Day 10. Values represent the mean of three independent biological 
replicates, with error bars indicating standard deviation. C Correlations between resistance scores obtained 
from high-throughput screening and fold-change values from individual validation assays for alectinib 
(top), lorlatinib (middle) and zotizalkib (bottom). Pearson correlation coefficients (r) are shown. The SNV 
classifications from the high-throughput evaluations are indicated
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Across variants, IC50 values showed strong concordance with resistance scores 
derived from the high-throughput screen (Pearson’s r = 0.94 for alectinib, 0.82 for lorla-
tinib, and 0.97 for zotizalkib; Additional file 1: Fig. S12B), confirming that pooled resist-
ance scores accurately recapitulate drug sensitivity measured at the single-variant level.

We next assessed resistance using a conventional Ba/F3 transformation assay to pro-
vide an orthogonal validation [50]. Ba/F3 cells expressing EML4–ALK harboring a dis-
tal resistance variant (F1174C or F1245C) or a canonical resistance variant (L1196M 
or G1202R) were treated with increasing concentrations of each inhibitor to determine 
IC50 values. Consistent with results from the pooled screen, F1174C- and F1245C-
expressing Ba/F3 cells showed elevated IC50 values across all three TKIs, whereas 
L1196M and G1202R conferred resistance to alectinib and lorlatinib but increased sensi-
tivity to zotizalkib (Additional file 1: Fig. S12C and Additional file 2: Table S7).

Together, these results demonstrate that resistance profiles derived from prime edit-
ing–based high-throughput screening are reproducible across both single-variant can-
cer cell models and conventional cytokine-dependent transformation assays.

Evaluation of ALK TKIs in NCI‑H2228 cells

To assess whether resistance scores defined in H3122 cells are reproducible in an inde-
pendent ALK fusion–positive lung cancer model, we performed the same resistance 
profiling in NCI-H2228 cells, which harbor an EML4–ALK fusion with a distinct break-
point (variant 3), in contrast to variant 1 in H3122 cells. We generated PE7-expressing 
H2228 cells (Methods), introduced all possible SNVs in ALK exons 22 and 23 by prime 
editing, and evaluated variant-specific responses under untreated conditions or treat-
ment with three generations of ALK TKIs.

To exclude insufficient selective pressure as a potential confounder, we first assessed 
cell viability across a range of drug concentrations for all three ALK TKIs in 150-mm 
culture dishes and selected doses spanning approximately IC50 to IC20 levels (Addi-
tional file 1: Fig. S13A and Additional file 2: Table S8). Using these concentrations and 
the same experimental and analytical pipeline as in the H3122 screen, we calculated 
resistance scores for exon 22 and 23 variants in H2228 cells. However, resistance scores 
derived from H2228 cells showed poor correlation with those obtained in H3122 cells, 
even under higher drug concentrations (Additional file 1: Fig. S13B and Additional file 2: 
Table S9).

To investigate the basis for this discrepancy, we examined ALK dependency in H2228 
cells using the prime editing–based fitness framework. Fitness scores were calculated by 
comparing variant frequencies between two untreated time points (T = 10 and T = 20), 
as described for H3122 cells. We then evaluated whether fitness scores could distinguish 
loss-of-function variants from intact ALK variants using receiver operating characteris-
tic (ROC) analysis, assuming that nonsense SNVs disrupt ALK function and lead to cel-
lular depletion in ALK-dependent contexts, whereas synonymous SNVs preserve ALK 
function.

In H3122 cells, fitness scores robustly discriminated nonsense from synonymous 
SNVs, yielding an area under the curve (AUC) of 0.82—comparable to previous func-
tional studies of oncogene dependency in lung cancer, such as EGFR-focused analy-
ses reporting AUC values around 0.85  [34] (Additional file  1: Fig. S13C). In contrast, 
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fitness scores in H2228 cells failed to distinguish loss-of-function from intact variants 
(AUC = 0.40), indicating weak or absent dependency on ALK despite the presence of an 
EML4–ALK fusion. Notably, similar observations regarding reduced ALK dependency 
in H2228 cells have been reported in prior studies [51–53].

Together, these results indicate that resistance classifications defined in an ALK-
dependent context (such as H3122 cells) may not be transferable to settings in which 
tumor cell survival is driven by alternative signaling pathways. Thus, although ALK 
fusion status is necessary, it may not be sufficient to predict functional dependency or 
drug response, underscoring the importance of cellular context when applying resist-
ance classifications.

Association between ALK mutation‑defined classifications and clinical outcomes in ALK 

fusion–positive cancer

Given that our high-throughput screening delineates the impact of ALK variants on 
alectinib response—a drug commonly used in ALK fusion–positive lung cancer—we 
hypothesized that ALK mutation status may hold prognostic value. We analyzed patient 
survival in relation to somatic ALK mutations and their corresponding alectinib resist-
ance classification derived from our screening, using sequencing data from MSK-
CHORD (Clinicogenomic Harmonized Oncologic Real-world Dataset)  [54]. Multiple 
variants characterized in our study were also detected in clinical specimens (Additional 
file 1: Fig. S14A).

Among EML4–ALK fusion–positive patients who underwent sequencing after alec-
tinib treatment, those harboring resistant variants exhibited significantly worse over-
all survival compared to those with wild-type ALK (P = 0.008) (Fig. 6A). However, the 
number of patients with resistant variants was limited (n = 7), and this analysis should 
therefore be interpreted with caution. Extending the analysis to all EML4–ALK fusion–
positive lung cancer cases with ALK mutations (n = 15), regardless of treatment history 
or sequencing timepoint, we again observed reduced survival in patients with resistant 
variants (n = 13) compared to those with wild-type ALK (n = 186; P = 0.004) (Fig. 6B). It 
is important to note that relatively few patients harbored resistant ALK variants and that 
survival analyses for sensitizing variants were not statistically feasible. Therefore, these 
results should be interpreted as exploratory associations rather than definitive prognos-
tic evidence. Larger, prospectively annotated cohorts will be required to determine the 
clinical utility of functional resistance classifications in predicting patient outcomes.

Application of ALK variant classifications to other ALK‑driven cancers

Beyond EML4–ALK fusion–positive lung cancer, ALK rearrangements occur in diverse 
malignancies [1], including ALCL [4, 5], IMT [6], breast cancer [7], colorectal cancer [7], 
and glioblastoma [8, 9]. Additionally, several germline ALK mutations have been impli-
cated in neuroblastoma [55]. As these cancers typically retain the ALK kinase domain 
(coding begins in exon 20), we sought to examine whether resistance-associated variants 
identified in our H3122-based screen overlap with those previously reported in other 
ALK-driven disease contexts.

We used AlphaFold3 to model the protein structures of various ALK fusions and 
wild-type ALK (Fig.  6C)  [56], confirming that all were structurally aligned with the 
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EML4–ALK fusion present in H3122 cells (Fig. 6D). Based on this conserved struc-
tural context, we compared our resistance classifications with previously reported 
ALK mutation profiles across other cancers. Notably, several ALK mutations identi-
fied as drug-resistant in neuroblastoma [57–61], IMT [62], and glioma [63] matched 
the resistance profiles from our classification (Fig. 6E).

Fig. 6  Clinical application of ALK mutation classifications. A Kaplan–Meier survival analysis of EML4–ALK 
fusion-positive lung cancer patients who underwent sequencing after alectinib treatment. Patients were 
grouped based on somatic ALK variant status: resistant (n = 7) and wild-type ALK (n = 186). Groups with fewer 
than four patients were excluded. P-values comparing survival between the resistant group (dark red) and 
the wild-type group were calculated using the log-rank test. B Kaplan–Meier survival analysis of all EML4–ALK 
fusion-positive adenocarcinoma patients, irrespective of treatment history or sequencing time point. Patients 
were stratified based on the alectinib resistance classifications determined in this study. P-values comparing 
the resistant group (dark red; n = 13) and wild-type group (n = 186) were calculated using the log-rank test. S; 
Sensitive. C Structural alignment of EML4–ALK (red) with other ALK fusion proteins (blue), including ATIC–ALK 
(left), NPM1–ALK (middle), and STRN–ALK (right), with structures predicted using AlphaFold3 and aligned 
using PyMOL. D Root mean square deviation (RMSD) values from pairwise alignments between EML4-ALK 
and other ALK fusion variants. Lower RMSD values indicate higher structural similarity to EML4-ALK. E 
Heatmap comparing the drug-resistance profiles of ALK mutations reported in other cancers (neuroblastoma, 
glioma, and inflammatory myofibroblastic tumor; left axis), based on prior literature describing sensitivity 
or resistance to crizotinib, alectinib, and lorlatinib. These literature-based annotations are compared with 
resistance classifications from this study, derived using H3122 cells treated with alectinib or lorlatinib (top 
axis). Mutations are categorized as sensitive or resistant, highlighting concordant results
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Together, these observations suggest that the resistance-associated features identified 
in our screen are not restricted to EML4–ALK lung cancer, but may reflect conserved 
properties of the ALK kinase domain across diverse oncogenic contexts. At the same 
time, because functional dependency on ALK signaling varies substantially between 
tumor types, disease-specific validation will be important for translating these classifica-
tions beyond ALK-dependent lung cancer.

Discussion
In this study, we systematically profiled the functional consequences of 3,208 variants 
within the ALK TKD sequence using prime editing in a EML4–ALK-positive lung can-
cer model. Our approach provides a high-resolution map of ALK variant–specific resist-
ance across three generations of ALK TKIs, uncovering both known and previously 
uncharacterized resistance-conferring mutations. To our knowledge, this represents the 
most comprehensive functional interrogation of ALK TKI resistance to date. The strong 
correlation between our drug-resistance scores and both individual validation results 
and clinical outcomes in ALK-positive lung cancer underscores the robustness of our 
approach.

Clinically, our findings have important implications for precision medicine in the 
treatment of EML4–ALK-positive cancers. Our resistance assays identified a diverse 
spectrum of resistance mutations, with substantial overlap but notable divergence across 
alectinib, lorlatinib, and zotizalkib. Canonical resistance mutations, such as L1196M 
and G1202R, predictably conferred resistance [2, 36, 39–41]. Notably, resistance defined 
in  vitro reflects relative drug sensitivity under controlled selective pressures and does 
not directly equate to absolute clinical insensitivity. In clinical settings, mutations such 
as G1202R or L1196M may still be considered lorlatinib-responsive because their abso-
lute IC50 values remain within clinically achievable exposure ranges, despite substantial 
reductions in drug potency relative to that seen with wild-type ALK [46]. In addition, we 
identified distal resistance-associated variants, including F1174C and F1245C, that con-
fer resistance despite their spatial separation from the ATP-binding pocket. Although 
these observations expand the spectrum of resistance-associated sites within ALK, the 
precise biophysical mechanisms underlying distal resistance remain to be elucidated.

Importantly, our dataset offers potential clinical utility, suggesting that the functional 
impact of ALK mutations may help contextualize resistance mechanisms and potentially 
inform treatment considerations. Furthermore, the structural conservation of the ALK 
TKD across ALK-driven malignancies raises the possibility that aspects of this resistance 
landscape may extend beyond lung cancer. However, applications to other disease con-
texts should be approached cautiously and may require additional validation.

This study has several limitations. Resistance classifications derived from func-
tional screening are influenced by oncogene dependency in the cellular context tested. 
Although ALK fusion status defines a major molecular subset of lung cancer, our analysis 
in NCI-H2228 cells indicates that the presence of an EML4–ALK fusion alone does not 
necessarily confer functional dependency on ALK signaling. In such contexts, resistance 
patterns defined in ALK-dependent models may not be directly transferable. In addition, 
although we employed direct endogenous sequencing and multi-pegRNA redundancy 
to mitigate guide-efficiency and specificity concerns inherent to prime editing–based 
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screens, we acknowledge that rare unintended editing outcomes or secondary muta-
tions cannot be fully excluded under these experimental conditions. Likewise, although 
synonymous SNVs were used as empirical neutral references to normalize position- and 
context-dependent effects, a minority of synonymous changes may exert functional 
effects. Furthermore, because resistance scores are derived from defined drug concen-
trations, variants exhibiting highly dose-dependent or context-specific resistance pro-
files may not be fully captured by a fixed-dose screening framework. Clinical outcome 
analyses—particularly for zotizalkib—were limited by the availability of patient data. 
In addition, although higher nominal concentrations were required in vitro to achieve 
equivalent selective pressure, the relevance of such exposures to patient tolerability or 
off-target effects will need to be established through pharmacokinetic and clinical stud-
ies. Finally, because our analyses were performed in controlled in vitro systems to enable 
systematic and scalable functional interrogation, in vivo validation will be important to 
further assess how variant-specific resistance phenotypes manifest under physiological 
drug exposure and tumor microenvironmental constraints.

Conclusions
Together, the results from our study provide a comprehensive functional map of resist-
ance mutations within the ALK TKD, generated at single-variant resolution through 
prime editing. These findings delineate canonical and distal resistance mechanisms and 
establish a quantitative framework for interpreting variant-specific drug responses in 
ALK-positive lung cancer and other ALK-driven malignancies. The resulting resistance 
atlas represents a valuable resource for guiding drug development and treatment selec-
tion, ultimately supporting precision oncology efforts in this clinically important subset 
of cancers.

Methods
Cell lines and culture

NCI-H3122 (RRID: CVCL_5160) and NCI-H2228 (RRID: CVCL_1543) cells were pur-
chased from Cytion. These H3122 and H2228 cells were maintained in RPMI-1640 
medium (Gibco; with 2.05 mM L-glutamine), supplemented with 10 mM HEPES (Wel-
gene), 1  mM sodium pyruvate (Gibco), 10% fetal bovine serum (FBS) (RDT), and 1% 
penicillin/streptomycin (Gibco). HEK293T cells (ATCC) were cultured in Dulbecco’s 
Modified Eagle Medium (Gibco) with 10% FBS (RDT) and 1% penicillin/streptomycin 
(Gibco). All cell lines were maintained at 37 °C in a humidified incubator with 5% CO2. 
Ba/F3 murine bone marrow-derived pro-B cells were obtained from ATCC. Ba/F3 cells 
were cultured in RPMI-1640 medium supplemented with 10% FBS, 1% penicillin/strep-
tomycin, and 10 ng/ml of interleukin-3 (IL-3, PeproTech). All cell lines were routinely 
tested and confirmed to be free of mycoplasma contamination.

Plasmid vector construction

Plasmid constructs were assembled using either Gibson assembly (NEBuilder® HiFi 
DNA Assembly Master Mix, New England Biolabs) or conventional ligation following 
restriction enzyme digestion (T4 DNA Ligase, NEB), in accordance with the manufac-
turer’s instructions.
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To generate pLenti-PEmax-BSD and pLenti-PE7-BSD, the SpCas9 coding sequence 
in the LentiCas9-Blast plasmid (Addgene #52962)  [64] was replaced with PEmax 
or PE7 coding sequence, which were PCR-amplified from pCMV-PEmax (Addgene 
#174820) [33] and pCMV-PE7 (Addgene #214812) [35], respectively.

For pegRNA expression in transfection experiments and evaluation of resistance to 
ALK TKIs, the Lenti-gRNA-Puro vector (Addgene #84752) was linearized by diges-
tion with BsmBI-v2 (NEB), gel-purified, and ligated with double-stranded DNA inserts 
encoding pegRNA sequences. These inserts were generated by annealing complemen-
tary single-stranded oligonucleotides designed with 4-bp overhangs compatible with the 
vector backbone.

Plasmid assembly products (2–4 μL of the Gibson or ligation mixture) were trans-
formed into NEB Stable Competent E.  coli (NEB). Transformed cells were cultured 
at 30  °C or 37  °C, and plasmid DNA was extracted using a NICSROprep™ Plasmid 
DNA Miniprep S&V Kit (Bionics). All constructs were verified by Sanger sequencing 
(Macrogen).

Lentivirus production

HEK293T cells were seeded at a density of 1 × 10⁷ cells per 150-mm dish approximately 
18 h prior to transfection. Lentiviral particles were produced using Lipofectamine 3000 
(Thermo Fisher Scientific) according to the manufacturer’s instructions. Briefly, 20  μg 
of transfer plasmid encoding the gene of interest, 15 μg of packaging plasmid psPAX2 
(Addgene #12,260), and 5  μg of envelope plasmid pMD2.G (Addgene #12,259) were 
mixed in 1 mL of Opti-MEM (Gibco) along with 80 μL of P3000 reagent. In parallel, 90 
μL of Lipofectamine 3000 was diluted in 1  mL of Opti-MEM and combined with the 
plasmid mixture. After 15 min of incubation at room temperature, the transfection mix 
was added to the HEK293T cells. The medium was replaced 6 h post-transfection, and 
virus-containing supernatant was harvested at 48 h. Supernatants were filtered through 
a 0.45-μm Millex-HV low-protein-binding membrane (Millipore), aliquoted, and stored 
at − 80 °C until use.

Generation of cell lines

To generate MMR-deficient H3122 cells, wild-type H3122 cells were transfected with 
a combination of plasmids: a Cas9-expressing plasmid (pRGEN-Cas9-CMV/T7-Puro-
RFP; ToolGen) and two sgRNA-expressing plasmids (pRG2; Addgene #104,174) target-
ing MLH1 [34]. The sgRNA sequences used were as follows:

MLH1-sgRNA1, 5′-TGG​AGG​GGG​ATA​CAA​CAA​AG(GGG)−3′
MLH1-sgRNA2, 5′-GCC​TGG​GGC​TGA​CTG​GAC​AG(GGG)−3′

Transfections were performed using Lipofectamine 3000 following the manufacturer’s 
protocol. A total of 1.5 μg of Cas9-expressing plasmid and 0.5 μg of each sgRNA plas-
mid were transfected into 3 × 105 cells seeded the previous day. Five days post-transfec-
tion, cells were single-cell sorted into 96-well plates. Clonal populations were screened 
by deep sequencing using primers 21 and 22 (Additional file 2: Table S10). Editing effi-
ciency and indel frequencies were assessed using Cas-Analyzer.
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To generate stable H3122 MLH1-knockout lines expressing PE2max or PE7, 2.0 × 10⁶ 
MLH1-deficient H3122 cells were seeded into 100-mm dishes and transduced the fol-
lowing day with lentivirus produced from pLenti-PEmax-BSD or pLenti-PE7-BSD. 
Transductions were carried out at high multiplicity of infection (MOI) in the presence 
of 10 μg/mL polybrene (Sigma). After 24 h, cells were selected with 8 μg/mL blasticidin 
(InvivoGen) for 7 days.

To generate MMR-deficient H2228 cells, wild-type H2228 cells were transfected using 
the same approach as described for H3122 cells, with the following modifications. Base 
editor BE4max (pCMV-BE4max-3xHA; Addgene #112,096) and an sgRNA targeting 
MSH6 (pRG2; Addgene #104,174) were used. The sgRNA sequence used was as follows:

MSH6-sgRNA1, 5′-GAA​TCC​cAAG​CCC​ACG​TTA​G (TGG)−3′

Transfections were performed using an approach similar to that described above. 
Clonal populations were isolated and screened by targeted deep sequencing using prim-
ers 23 and 24 (Additional file 2: Table S10). Editing efficiency and indel frequencies were 
assessed using BE-Analyzer (95.4% editing efficiency; PRJNA1272298).

To generate stable MSH6-deficient H2228 cells expressing PE7, MSH6-knockout 
clones were transduced with lentivirus produced from pLenti-PE7-BSD under the same 
conditions used for H3122 cells, including a high MOI in the presence of 10 μg/mL poly-
brene. Stable cell lines were selected with 5 μg/mL blasticidin (InvivoGen) for 7 days.

Design of pegRNA libraries for saturation mutagenesis

To perform saturation mutagenesis across the ALK coding region, including the ± 5 
nucleotides flanking each exon–intron junctions, we designed comprehensive pegRNA 
and epegRNA libraries using the human genome reference (hg38) as a template. The 
final library was divided into nine subsets, each targeting one ALK exon (20 through 28).

To enhance editing efficiency and accurately detect genuine edits, we employed the 
PEER-seq strategy  [34]. This method incorporates synonymous substitutions near the 
intended edit site, facilitating direct sequencing of the genomic locus while reducing 
background noise and partially bypassing MMR surveillance. Synonymous markers were 
randomly assigned, resulting in diverse pegRNA designs for each SNV, which were sub-
sequently used to evaluate editing outcomes.

Candidate pegRNAs were ranked by DeepPrime-FT scores  [38], calculated using a 
fine-tuned predictive model trained on PE4max editing efficiency in A549 cells. Guides 
with right homology arms (RHAs) shorter than 4 nucleotides were excluded. For each 
SNV, the three guides with the highest scores were selected, with at least two featuring 
distinct spacer sequences whenever possible. Two of the selected guides were pegRNAs, 
and the third was an epegRNA, consistent with previous findings that PE7 performs 
optimally with pegRNAs.

Synonymous substitution sites were chosen based on the following design criteria: (i) 
preferential use of alternative codons that do not overlap with the primary target base; 
(ii) avoidance of substitutions within 2 nucleotides of exon boundaries or 5 nucleotides 
of exon–intron junctions to minimize splicing interference whenever possible; (iii) 
preference for substitutions that disrupt the protospacer adjacent motif (PAM, NGG); 
(iv) when PAM disruption was infeasible, priority given to substitutions near the PAM 
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within the left homology arm; (v) additional preference was given to substitutions in the 
RHA closest to the primary editing site. To prevent premature transcription termination 
at poly-T motifs in guide RNAs driven by the U6 promoter [65], additional synonymous 
mutations were introduced within the reverse transcription template if needed.

Finally, to ensure comprehensive SNV representation across ALK exons, the num-
ber of guide RNA oligonucleotides per SNV was scaled based on the cumulative Deep-
Prime-FT score. Specifically, oligos were synthesized at fivefold scale for SNVs with 
scores below 2, fourfold for scores between 2 and 4, threefold for scores between 4 and 6, 
and twofold for scores between 6 and 8. If the cumulative score exceeded 70, the number 
of guides per SNV was limited to two to minimize redundancy while retaining high-
scoring candidates.

Construction of pegRNA libraries and cloning

The pegRNA libraries were designed for saturation editing of the ALK TKD sequence, 
targeting exons 20–28 and including ± 5 bp of adjacent splice sites. A pooled library of 
256-nucleotide oligonucleotides was synthesized via array-based synthesis (Twist Bio-
science) for downstream plasmid construction. Each oligonucleotide contained the fol-
lowing components:

(1) an 18-bp left homology arm terminating at the 3’ end of the U6 promoter; (2) a 
20-bp guide sequence comprising a 5′ G and a 19-bp spacer; (3) an improved version of 
the SpCas9 sgRNA scaffold sequence [66]; (4) a reverse transcription (RT) template and 
primer binding site (PBS); (5) an 8-bp linker (from the pegLIT toolkit) [37] and a 37-bp 
tevopreQ1 aptamer for the epegRNA format, followed by a 7-bp poly-T terminator; (6) a 
variable-length buffer sequence for oligo length standardization; and (7) a 20-bp homol-
ogy arm specific to each exon for subset library amplification.

Unique homology arm sequences for ALK were as follows:

ALK exon 20: 5’-TGC​GAC​CGT​AAT​CAA​ACC​AA-3’
ALK exon 21: 5’-GTT​CAA​ATT​GCG​TGC​GAC​AT-3’
ALK exon 22: 5’-AAA​TGG​ATG​CCT​TGT​GCG​AA-3’
ALK exon 23: 5’-AAA​CGG​AGC​CAT​GAG​TTT​GT-3’
ALK exon 24: 5’-AAA​CTG​GAG​GCG​GCA​AAT​TA-3’
ALK exon 25: 5’-ACC​GCG​CTC​GAA​GAA​TTT​AA-3’
ALK exon 26: 5’-TCC​TCA​GCC​GAT​GAA​ATT​CC-3’
ALK exon 27: 5’-ATG​CAA​TCG​GCC​TGG​TAT​TT-3’
ALK exon 28: 5’-ACA​ATT​AGT​TGG​CGC​TTC​CT-3’

Oligonucleotide pools were PCR-amplified using Q5 High-Fidelity DNA Polymerase 
(NEB) with the following conditions: 30  s at 98  °C, 30  s at 68  °C, 2  min at 72  °C for 
14 cycles. Amplicons were gel-purified. The lentiviral backbone (Lenti-gRNA-Puro, 
Addgene #84,752) was linearized by BsmBI digestion (Enzynomics, 55  °C for 6 h), fol-
lowed by gel purification. DNA fragments were assembled using NEBuilder® HiFi DNA 
Assembly Master Mix. The assembled library was concentrated by isopropanol precipi-
tation with GlycoBlue™ (Invitrogen) and electroporated into Endura electrocompetent 
cells (Lucigen) using a MicroPulser (Bio-Rad) to generate a plasmid library.
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Drug dose–response cell viability assay in H3122 and H2228 cells

For drug dose–response cell viability assays, H3122 and H2228 cells stably expressing PE7 
(H3122-PE7, H2228-PE7) were seeded at 2 × 10⁶ cells per 150-mm dish in complete RPMI-
1640 medium containing serial dilutions of ALK TKIs [alectinib (Selleckchem, S2762), lor-
latinib (Selleckchem, S7536), or zotizalkib (MCE, HY-139279)], in duplicate dishes. TKIs 
were replenished every 3 days by replacing the medium. Seven days after seeding, cells were 
harvested by trypsinization and stained with trypan blue (Gibco), after which viable cell 
numbers were quantified using a Countess Automated Cell Counter (Thermo Fisher Scien-
tific) according to the manufacturer’s instructions. Cell viability was calculated as the per-
centage of viable cells relative to that in the DMSO-treated vehicle control. All experiments 
were performed in at least two independent biological replicates.

High‑throughput drug‑resistance screening of ALK variants

All screening experiments to measure drug resistance were performed in biological dupli-
cates. To generate exon-specific pegRNA library-expressing H3122 cells, 4 × 106 cells per 
dish were plated in 150-mm dishes 24 h before transduction. To ensure sufficient cell cover-
age (> 5,000 cells per pegRNA), a total of 1.8 × 107 cells were seeded for the exon 20, 23, and 
27 libraries, and a total of 1 × 107 cells were plated for each of the other exon library trans-
ductions. Libraries were transduced at an MOI of 0.5 in the presence of 8 μg/ml polybrene. 
Cells were selected with 0.5 μg/ml puromycin (Gibco) for 10 days, while being expanded for 
subsequent experiments. In parallel, H2228 cells were processed using identical criteria but 
transduced only with exon 22 and exon 23 libraries.

After selection, cells were harvested to maintain ≥ 5,000 × coverage and distributed into 
four conditions: (1) untreated control, (2) 20 nM alectinib treatment (SelleckChem, S2762), 
(3) 5 nM lorlatinib treatment (SelleckChem, S7536), and (4) 300 nM zotizalkib treatment 
(MCE, HY-139279), whereas H2228 cells were treated with 3 µM alectinib, 20 μM lorla-
tinib, or 300 nM zotizalkib. These concentrations were selected to induce approximately 
20–30% reductions in cell viability over a 10-day treatment period, consistent with prior 
pooled CRISPR-based screening studies [34, 67].

To further assess the robustness of resistance profiles across a broader range of selec-
tive pressures, high-dose screening was also performed. In H3122 cells, high-dose condi-
tions included 40 nM and 80 nM alectinib, 10 nM and 20 nM lorlatinib, and 900 nM and 
2700 nM zotizalkib. In H2228 cells, high-dose conditions included 6 µM alectinib, 40 μM 
lorlatinib, and 1000 nM zotizalkib. These higher drug concentrations resulted in more than 
50% reductions in cell viability (Additional file 1: Figs. S10 and S13).

Cells were cultured for an additional 10 days under their respective treatment conditions. At the 
end of the treatment period, cells were harvested for subsequent genomic DNA (gDNA) extrac-
tion to enable downstream sequencing and analysis of drug response profiles.

Genomic DNA extraction and deep sequencing

gDNA was isolated using a Wizard® Genomic DNA Purification Kit (Promega) accord-
ing to the manufacturer’s instructions. PCR amplification was carried out in two sequen-
tial rounds.

For the first round, 22–66  μg of purified gDNA—corresponding to > 5,000 × coverage 
per library, based on an estimate of 6 pg gDNA per cell—was amplified using exon-specific 
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primers and Q5® High-Fidelity DNA Polymerase (NEB) (Additional file 2: Table S10). PCR 
was performed for 25 cycles with annealing temperatures ranging from 58 °C to 64 °C. The 
resulting amplicons were pooled, purified using a MEGAquick-Spin Total Fragment DNA 
Purification Kit (iNtRON Biotechnology), and subjected to size selection via 2% agarose gel 
electrophoresis followed by gel extraction using the same kit.

In the second (indexing) PCR, 40 ng of purified product from the first round was used 
as input and amplified using Illumina-compatible indexing primers and Q5® High-Fidel-
ity DNA Polymerase. The reaction was carried out at 60 °C for 8 cycles. Final amplicons 
were purified using the same kit and sequenced on an Illumina NovaSeq 6000 platform.

Sequencing data processing and variant identification

To identify SNVs from deep sequencing data, we constructed a custom reference database 
encompassing all intended variants within ALK exons 20–28. Reference sequences were 
derived from the NM_004304.5 transcript and included the full coding sequence with five 
intronic nucleotides flanking each exon–intron boundary. Each reference entry encoded 
a specific SNV along with a synonymous substitution; any additional mismatches were 
excluded. Sequencing reads were preprocessed and aligned to this reference database, and 
only reads with perfect matches—whether edited or wild-type—were retained for down-
stream analysis.

To distinguish true prime-edited SNVs from sequencing or background noise, we 
applied Fisher’s exact test to compute ORs and P-values by comparing day 0 (D0) sam-
ples to unedited controls:

Variants were classified as true prime-edited events if they met all of the following cri-
teria: (i) OR ≥ 3, (ii) false discovery rate < 0.05 after Benjamini–Hochberg correction, and 
(iii) normalized abundance exceeding 0.5 RPM [34]. These thresholds ensured both sta-
tistical significance and sufficient representation in the sequencing data.

Resistance score calculation and classification

LFCs for each SNV were calculated by comparing allele frequencies between drug-
treated and untreated cells at day 10 (D10), following exposure to alectinib, lorlatinib, 
or zotizalkib. To account for variability in editing efficiency due to sequence context and 
positional bias, we standardized the LFC of each SNV using the LFCs of synonymous 
SNVs, which were considered neutral as they do not alter amino acid changes. For each 
exon, the LFCs of synonymous SNVs were modeled using Locally Weighted Scatterplot 
Smoothing (LOWESS) regression to capture positional trends. Standardization was then 
performed by subtracting the regressed synonymous LFC from each SNV’s LFC and 
dividing by the standard deviation of synonymous LFCs within the same exon, enabling 
direct comparison between exons [34].

OR =

(SNV read counts (D0)+ 1)/(Wild type read counts (D0)+ 1)

(SNV read counts (unedited cells)+ 1)/(Wild type read counts (unedited cells)+ 1)

Standardized LFC =

each SNV LFC − each position synonymous LFC (Lowess regressed)

Standard deviation of synonymous SNVs
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After standardization, to integrate information across synonymous co-edits (internal 
replicates), a weighted average of standardized LFCs was computed for each SNV, taking 
into account the relative allele frequencies of each variant:

Final resistance scores were derived by averaging weighted LFCs across biological rep-
licates. For single amino acid substitutions encoded by multiple SNVs, the resistance 
score was defined as the mean of all relevant SNV scores.

SNVs generated by the ALK exon 20–28 libraries were classified based on thresholds 
derived from the distribution of synonymous SNV resistance scores. Classifications were 
defined as follows [34]:

- Resistant: SNV resistance scores that were above the 99.7th percentile relative to 
scores of the synonymous SNVs in both replicates.

- Sensitive: SNV resistance scores that were under the 95th percentile relative to scores 
of the synonymous SNV in both replicates.

- Intermediate: SNVs not classified as ‘Resistant’ or ‘Sensitive’.
For protein variant classification, LFCs of protein variants induced by multiple SNVs 

were calculated as previously described, using the same classification criteria as in SNV-
based analyses.

Fitness score calculation and classification of drug‑resistant subtypes

Fitness scores were calculated to quantify the effects of individual SNVs on baseline cell 
growth in the absence of drug treatment. For each SNV, LFCs in variant frequency were 
calculated by comparing values from untreated samples at day 10 (D10) to those at base-
line (D0). To correct for sequence context– and position-dependent effects on editing 
efficiency, SNV LFCs were standardized using synonymous SNVs. For each exon, the 
positional trends of synonymous SNV LFCs were estimated using LOWESS regression, 
and standardized LFCs were obtained by subtracting the regressed synonymous LFC at 
each position and dividing by the standard deviation of synonymous SNV LFCs  [34]. 
Standardized LFCs were then combined across internal replicates using a weighted 
average that accounts for read depth and statistical confidence, as described above. The 
fitness score for each SNV was calculated as the average of weighted LFCs across bio-
logical replicates.

To classify resistance subtypes, fitness scores were integrated with drug resistance 
scores using percentile-based thresholds derived from the distribution of synony-
mous SNVs within each exon, providing a statistically robust and internally controlled 
framework [47].

SNVs were classified as follows:

–	 Canonical: resistance score > 99.7th percentile of those of synonymous SNVs and fit-
ness score between the 5th and 95th percentiles.

–	 Drug addiction-like: resistance score > 99.7th percentile and fitness score < 5th per-
centile.

–	 Driver-like: resistance score > 99.7th percentile and fitness score > 95th percentile.

Weighted LFC =

allele frequency of each mutation in SNV × LFC of each mutation (Intended edit)

allele frequency of each SNV (Intended edit)
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Drug‑resistance screening at variable lorlatinib concentrations

To assess the resistance of ALK exon 23 variants in a dose-dependent manner, we per-
formed a drug-resistance screening using the pegRNA library specific to exon 23. All 
experiments were conducted in biological duplicates. H3122 cells were transduced with 
lentiviral vectors encoding the pegRNA library at an MOI of 0.5, ensuring a minimum 
5,000-fold representation of each pegRNA throughout the experiment.

Twenty-four hours post-transduction, cells were subjected to selection with 0.5 μg/mL 
puromycin for 10 days. Following selection, cells were seeded into four treatment con-
ditions corresponding to increasing concentrations of lorlatinib (SelleckChem, S7536): 
0 nM (untreated), 2 nM, 5 nM, and 10 nM. Cell numbers in each condition were scaled 
to maintain ≥ 5,000-fold pegRNA coverage.

Cells were cultured under drug treatment for an additional 10  days. At the end of 
this period, cells were harvested for gDNA extraction. The resulting DNA was used for 
library preparation and deep sequencing to evaluate variant-specific drug-resistance 
profiles across the lorlatinib concentration gradient. Resistance scores for each SNV 
were calculated as described above.

Evaluation of drug resistance using a conventional approach

To introduce specific SNVs associated with drug resistance—P1153R, I1171M, F1174C, 
F1193L, L1196M, M1199L, G1202R, and F1245C—pegRNAs were designed and 
cloned into the BsmBI-linearized Lenti-gRNA-Puro vector (Addgene, 87,245). Golden 
Gate cloning was used to assemble three key fragments into the linearized vector: (1) 
annealed spacer oligonucleotides; (2) an improved SpCas9 sgRNA scaffold sequence; (3) 
an annealed pegRNA RT template with a 3′ PBS extension, all with appropriate over-
hangs for cloning.

For lentiviral transduction, 0.6 × 10⁶ H3122 cells stably expressing PE7 were seeded 
into 100-mm dishes 24 h prior to infection. Each condition was tested in three biological 
replicates. Cells were infected with pegRNA-expressing lentiviruses at a high MOI (~ 1). 
Parallel cultures of 0.6 million cells were transduced with an empty vector as negative 
controls. At 24  h post-transduction, media were replaced with puromycin-containing 
media to select for successfully transduced cells.

After 10  days of selection, pegRNA-transduced and empty-vector-transduced cells 
were mixed at a 25:75 ratio. These mixed populations were divided into four treatment 
groups: untreated control, or treated with alectinib (20 nM), lorlatinib (5 nM), or zoti-
zalkib (300  nM). Following 10  days of drug exposure, cells were harvested for gDNA 
extraction. Target regions were amplified using site-specific primers (Additional file 2: 
Table  S10) and subjected to deep sequencing to quantify variant-specific enrichment 
under each drug condition.

Generation of Ba/F3 cells expressing EML4‑ALK variants

cDNAs encoding EML4–ALK fusion variant 1 (corresponding to the H3122 fusion), 
including wild-type and representative mutant forms, were synthesized (gene fragments; 
Twist Bioscience) and cloned into the pMT_025 expression vector (Addgene #158,579) 
using Gibson assembly (Additional file  2: Table  S11). Recombinant constructs were 
packaged into lentiviral particles using standard lentiviral production protocols.



Page 25 of 29Oh et al. Genome Biology           (2026) 27:72 	

For transduction, Ba/F3 cells were seeded at 4 × 10⁶ cells per well in six-well plates 
and incubated with lentiviral supernatant in RPMI medium supplemented with IL-3 and 
10  μg/mL polybrene (Sigma). Plates were centrifuged at 2,000 × g for 90  min at 25  °C 
(spinoculation) and incubated for an additional 48 h. Successfully transduced cells were 
selected by withdrawal of IL-3 from the culture medium, allowing the expansion of 
IL-3–independent Ba/F3 cells expressing each EML4–ALK variant.

IC50 determination in H3122 single clones and Ba/F3 variant cell lines

Single-cell H3122 clones carrying P1153R, L1196M, G1202R, or F1245C variants were 
generated using prime editing. PE7-expressing H3122 cells were transfected with plas-
mids encoding variant-specific pegRNAs and selected with puromycin for 5 days. Cells 
were then seeded at limiting dilution (0.3 cells per well) into 96-well plates (four plates 
per variant) and expanded for 14  days. Clonal genotypes were confirmed by targeted 
deep sequencing. For genotyping, cells were lysed directly in 96-well plates using 100 µl 
lysis buffer (50  mM Tris–HCl, 1  mM EDTA, 0.05% SDS, 5% proteinase K; Biofact) at 
55  °C for 1  h, followed by two rounds of PCR amplification of the target regions, as 
described above.

For drug sensitivity assays, H3122 single clones and Ba/F3 variant cell lines were 
seeded into 96-well plates at a density of 5 × 103 cells per well. H3122 cells were main-
tained in complete growth medium, whereas Ba/F3 cells were cultured in IL-3-free RPMI 
medium during drug treatment. After 24 h, cells were treated with serially diluted TKIs 
and incubated for 72 h. Subsequently, 20 μL of MTT reagent (3-(4,5-dimethylthiazol-2-
yl)−2,5-diphenyltetrazolium bromide, Thermo Fisher Scientific) was added to each well 
and cells were incubated for 1 h. Following removal of the media, 200 μL of DMSO was 
added to solubilize the formazan crystals. Absorbance was measured at 570 nm using a 
microplate reader (Infinite M Nano, Tecan), and cell viability was calculated relative to 
that of untreated controls. IC50 values were determined by nonlinear regression analysis 
using GraphPad Prism.

Survival analysis

Survival analysis was performed using the “overall survival (in months)” and “survival 
status” fields from the MSK-CHORD dataset [54], which includes genomic and clinical 
data. Two patient groups were analyzed: (i) EML4–ALK fusion-positive patients treated 
with alectinib prior to sequencing, and (ii) all EML4–ALK fusion-positive NSCLC 
patients.

Kaplan–Meier survival curves were generated using the lifelines Python package. Log-
rank tests were used to compare survival distributions between patients harboring alectinib 
resistance mutations identified in this study and those with wild-type ALK (Fig. 6A, B).

Data visualization

All data visualizations were performed using Python. Illustrative schematics were 
created with BioRender.com. Structural visualization and variant mapping were con-
ducted using PyMOL (version 2.5.5). Variants were mapped onto the crystal struc-
tures of the ALK TKD bound to alectinib (PDB ID: 3AOX) and lorlatinib (PDB ID: 
4CLJ), as well as the full-length structure of EML4–ALK predicted by Alphafold3. 
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Additionally, AlphaFold3-predicted three-dimensional structures  [56] of NPM1–
ALK, ATIC–ALK, TPM3–ALK, TPM4–ALK, STRN–ALK, KIF5B–ALK, and EML4–
ALK were aligned to compare structural variations across ALK fusion proteins using 
PyMOL (Fig. 6D).

Statistical analysis

Statistical analyses were performed using Python and Prism, and all tests were con-
ducted as two-tailed unless otherwise specified.
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