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During the last two decades, kinase inhibitors have become the major drug class for targeted cancer therapy. Although the number of approved kinase inhibitors increases rapidly, comprehensive in vitro profiling and comparison of inhibitor activities is often lacking in the public domain. Here we report the extensive profiling and comparison of 21 kinase inhibitors approved by the FDA for oncology indications since June 2018 and 13 previously approved comparators on panels of 255 biochemical kinase assays and 134 cancer cell line viability assays. Comparison of the cellular inhibition profiles of the EGFR inhibitors gefitinib, dacomitinib, and osimertinib identified the uncommon EGFR p.G719S mutation as a common response marker for EGFR inhibitors. Additionally, the FGFR inhibitors erdafitinib, infigratinib, and pemigatinib potently inhibited the viability of cell lines which harbored oncogenic alterations in FGFR1-3, irrespective of the specific clinical indications of the FGFR inhibitors. These results underscore the utility of in vitro kinase inhibitor profiling in cells for identifying new potential stratification markers for patient selection. Furthermore, comparison of the in vitro inhibition profiles of the RET inhibitors pralsetinib and selpercatinib revealed they had very similar biochemical and cellular selectivity. As an exception, an NTRK3 fusion-positive cell line was potently inhibited by pralsetinib but not by selpercatinib, which could be explained by the targeting of TRK kinases in biochemical assays by pralsetinib but not selpercatinib. This illustrates that unexpected differences in cellular activities between inhibitors that act through the same primary target can be explained by subtle differences in biochemical targeting. Lastly, FLT3-mutant cell lines were responsive to both FLT3 inhibitors gilteritinib and midostaurin, and the PI3K inhibitor duvelisib. Biochemical profiling revealed that the FLT3 and PI3K inhibitors targeted distinct kinases, indicating that unique dependencies can be identified by combined biochemical and cellular profiling of kinase inhibitors. This study provides the first large scale kinase assay or cell panel profiling study for newly approved kinase inhibitors, and shows that comprehensive in vitro profiling of kinase inhibitors can provide rationales for therapy selection and indication expansion of approved kinase inhibitors.




Keywords: cancer cell line, biochemical assay, indication expansion, cell viability assay, kinase inhibitor, drug profiling



Introduction

Kinases are the major anticancer drug target class of the 21st century (1) with nearly 60 small molecule kinase inhibitors approved for clinical use in the first two decades (2, 3). While there are more than 500 kinases encoded by the human genome (4), currently approved kinase inhibitors for cancer treatment act primarily through approximately 20 different targets. Key to the success of kinase inhibitor therapy has been the simultaneous development of selective inhibitors and biomarker assays to enable the selection of patients that are most likely to respond to these drugs in the clinic. Well-known examples of clinically approved biomarkers are the Philadelphia chromosome for treatment of leukemias with imatinib (5), activating mutations in the epidermal growth factor receptor (EGFR) gene for treatment of non-small cell lung cancer (NSCLC) with gefitinib (6), activating mutations in the B-Raf proto-oncogene (BRAF) for treatment of metastatic melanoma with vemurafenib (7), and gene fusions resulting in constitutive activity of the anaplastic lymphoma kinase (ALK) for treatment of NSCLC with crizotinib (8). Biomarkers that correlate with intrinsic resistance of tumors to targeted therapies have also been identified. For instance, mutations in the Kirsten rat sarcoma virus (KRAS) oncogene predict resistance against anti-EGFR therapy in colorectal cancer and are used to exclude patients from treatment with these agents (9–11).

The ability of kinase inhibitors to inhibit tumor cell growth can be measured in vitro in cell viability assays. Novel predictive drug response biomarkers can be identified by profiling compounds on a large cell line panel and subsequently relating drug sensitivity to genomic information of the cell lines (12–16). In this way, we previously identified novel genomic and transcriptomic biomarkers for several approved kinase inhibitors (15, 17, 18). Additionally, head-to-head comparison of the selectivity and potency of inhibitors in a broad panel of cancer cell line viability assays can reveal similarities or differences in their biochemical mechanism of action (19, 20).

In two earlier studies, we compared the kinase selectivity and the cell panel profiles of all kinase inhibitors approved by the Food and Drug Administration (FDA) until May 2018 (15, 17). Here we present a head-to-head comparison of the biochemical and cellular selectivity and potency profiles of 21 newly FDA approved kinase inhibitors since June 2018 and 13 previously approved kinase inhibitors acting on the same targets. Eleven of the 21 newly approved inhibitors have not been profiled in previous large-scale kinase profiling studies (21, 22), while seven inhibitors were not included in earlier large scale cancer cell line panel profiling datasets, such as the Genomics of Drug Sensitivity in Cancer, Cancer Therapeutics Response Portal, and PRISM datasets (23–26). Our cell panel profiling data confirm FDA-approved stratification markers and reveal potential novel predictive biomarkers, for instance for the EGFR and fibroblast growth factor receptor (FGFR) inhibitors. Additionally, by combining cellular and biochemical profiling data, relevant activities and selectivities of several kinase inhibitors were discovered that may be explored to expand the application of kinase inhibitors for other therapeutic indications, such as the tropomyosin receptor kinase (TRK) inhibitor entrectinib for the treatment of FMS-like tyrosine kinase 3 (FLT3)-mutant acute myeloid leukemia (AML).



Materials and methods


Inhibitors

All kinase inhibitors were purchased from commercial vendors (as summarized in Table S1) and stored as solids at 4 °C. Before experiments, compounds were dissolved in 100% dimethyl sulfoxide (DMSO).



Kinase assays

Compounds were profiled on a panel of 255 wild-type kinases in either mobility shift assays (MSA) or immobilized metal ion affinity particle (IMAP) assays at a compound concentration of 1 µmol/L and an ATP concentration within 2-fold of the affinity for ATP (KM,ATP) of every individual kinase (27). Half-maximal inhibitory concentrations (IC50) on primary and secondary kinase targets were determined in duplicate 10-point dilution series of compounds in MSA for most kinases. For MEK1 and MEK2, inhibition of enzymatic activity was measured in enzyme-linked immunosorbent assays (ELISA).



Kinome tree biochemical selectivity

Percentage inhibition values at 1 µmol/L inhibitor were grouped into four categories for the 76 tyrosine kinases included in the panel of 255 kinases (group 1: > 95%, group 2: ≥ 90% & < 95%, group 3: ≥ 50% & < 90%, and group 4: ≤ 50% inhibition). Kinome trees were generated using Coral (28).



Cancer cell lines

Cell lines were purchased from the American Type Culture Collection (ATCC) (Manassas, VA, USA), German Collection of Microorganisms and Cell Cultures (DSMZ) (Braunschweig, Germany), Japanese Collection of Research Bioresources (JCRB) (Ibaraki city, Osaka, Japan), or RIKEN BioResource Research Center (Tsukuba, Ibaraki, Japan), as indicated in Table S2. Cell lines were propagated in the base cell culture medium as indicated in Table S2. Cell line-specific essential supplements were added to the culture media. All experiments were carried out within ten passages of the original vials. Authenticity of the cell lines was confirmed by short tandem repeat analysis at the respective provider.



Cell viability assays

The effect of compounds on cell viability was determined by measuring intracellular ATP content as an indirect readout of cell number (15). Cells were seeded in a 384-well plate at an optimized density to ensure unrestricted growth and maximum signal at the end of the viability assay. After 24 hours incubation, the starting cell number was determined by adding ATPlite 1Step (PerkinElmer, Groningen, the Netherlands) to each well and recording luminescence on an Envision multimode reader (PerkinElmer, Waltham, MA). Kinase inhibitor stock solutions in DMSO (as indicated in Table S1) were diluted in √10-fold steps in 100% DMSO to obtain a 9-point dilution series and were further diluted 31.6-fold in 20 mM HEPES buffer, before directly adding the dilution series in duplicate to the incubated culture plates with cells, which further diluted the compound solution 10-fold. A vehicle-treated control (0.4% (v/v) DMSO) was included in quadruplicate on the same assay plate to determine maximum cell growth. The final DMSO concentration was 0.4% (v/v) in all wells. After incubation for another 72 hours, ATP content in each well was measured as described previously. Cell line doublings were determined by relating the vehicle-treated control to the starting cell number. When the cell doubling deviated > 2-fold from the historic doubling as determined in multiple independent experiments, the experiment was invalidated and repeated. Percentage cell viability at each inhibitor concentration was determined by relating the inhibitor-treated conditions to the vehicle-treated control. IC50 values of kinase inhibitors were calculated by fitting a 4-parameter logistic curve to the percentage viability values using IDBS XLfit5 (IDBS, Guildford, United Kingdom). All curves were visually inspected and submitted to an F-test as implemented in XLfit5. Curves with F > 1.5 were invalidated. For some compounds, biphasic curves were measured in one or more cell lines, indicating a dual mechanism of action in these cell lines (29). In these cases, the most potent effect was fitted. In case the concentrations of the initial dilution range of an inhibitor were too high in a certain cell line, a new dilution series was generated using a diluted stock solution and retested on the cell line, as described earlier. For all bioinformatic analyses, 10log(IC50 [nmol/L]) values were used. The IC50 was limited to the maximum tested inhibitor concentration when the IC50 exceeded the maximum tested concentration. Reported average IC50 values indicate the geometric average.



Clustering of cell panel viability data

The 10logIC50 values of the kinase inhibitors on 134 cancer cell lines were compared by hierarchical clustering with the Ward method, using 1 – Pearson correlation (r) as clustering distance, as described before (19).



Annotation of genomic alterations in cell lines

Cell lines were classified as having an alteration in a specific cancer gene if at least one allele was altered by point mutation, insertion, deletion, fusion, or amplification. The mutation, fusion, and amplification status of the cell lines was retrieved from the COSMIC cell lines project (version 80) (23), Cancer Cell Line Encyclopedia (CCLE), DepMap (version 22Q1) (16), and Cellosaurus (30) databases. In order to ensure that genomic alterations included in subsequent analyses were relevant to cancer growth and drug response, mutations were only included when they were either reported as a hotspot mutation in Cancer Hotspots (31), described as oncogenic and gain-of-function in OncoKB or JAX CKB, or described as pathogenic in the literature. Although the bladder carcinoma cell line J82 harbors an activating FGFR3 p.K650E mutation, it does not express the FGFR3 protein on immunoblot and does not respond to FGFR inhibition (32). J82 was therefore annotated as FGFR3 wild-type.



Gene expression-based predictive biomarker analysis

Gene expression profiles of 19,177 genes were retrieved from the DepMap database (version 22Q1) (16). Cell lines which had ‘Engineered’ listed as primary disease indication were removed, resulting in a final number of 1379 cell lines for which gene expression data were available. For each of the 19,177 genes, Z-scores were calculated over all cell lines. This allowed for identification of genes which were highly expressed in a certain cell line, compared to all other cell lines.



Drug combination assays

Cell viability assays were performed as described above. Kinase inhibitors were diluted in 6-point dilution series. The 6-point concentration ranges were selected to optimally capture the full dose-response range of each inhibitor in the cell lines of interest, based on the 9-point dilution series of the single agents. The inhibitors were mixed in a 6x6 combination matrix design, and the 6-point dilution series of the single inhibitors were included as reference. Each concentration of both the combination matrix and single compounds were profiled in quadruplicate wells. Synergy scores were calculated by the Zero Interaction Potency (ZIP) method, using the synergyfinder R package (version 3.2.10) (33). The ZIP score indicates the percentage of additional cell line response induced by the combination compared to the expected response based on the two single agents (33). A ZIP score > 10 was considered synergistic, from -10 to 10 was considered additive, while < -10 was considered antagonistic.



Statistical analyses

All statistical analyses were performed in R (version 4.1.2), unless otherwise indicated. A two-sided Mann-Whitney test was performed for two-group comparisons. A p-value < 0.05 was considered significant. Multivariate analysis of variance (MANOVA) was performed for multi-group comparison. Benjamini-Hochberg corrected p-values < 0.2 were considered significant.




Results and discussion


Targets of recently approved kinase inhibitors

From June 2018 to February 2021, a total of 20 small molecule kinase inhibitors were approved for clinical use in cancer (Table 1). Several of these inhibitors target previously addressed kinases, such as ALK (lorlatinib) (34) and EGFR (dacomitinib) (35). Various other kinases have been successfully addressed for the first time with small molecule inhibitors, such as colony stimulating factor 1 receptor (CSF1R) (pexidartinib) (36), the hepatocyte growth factor receptor kinase MET (capmatinib) (37) and FGFR2-3 (erdafitinib and pemigatinib) (38, 39). The FGFR inhibitor infigratinib was only very recently approved (40, 41). Although this study is focused on kinase inhibitors approved by the FDA between 2018 and 2020, we decided to also include infigratinib in the current study, considering the extensive development history of this inhibitor. The selective TRK inhibitor larotrectinib was the first kinase inhibitor approved to target a specific genomic alteration regardless of tumor origin (42), a concept known as a tissue-agnostic indication. A second TRK inhibitor, entrectinib, was later approved for the same tissue-agnostic indication of neurotrophic tyrosine receptor kinase (NTRK) fusion-positive solid tumors. The progress towards tissue-agnostic indications underscores the importance of identifying suitable biomarkers for successfully advancing the development of kinase inhibitors.


Table 1 | Overview of kinase inhibitors profiled in the current study.





Kinase and cell panel profiling

In this study, the 21 newly-approved inhibitors and 13 previously approved comparators (Table 1) were profiled on a biochemical assay panel of 255 wild-type kinases at a single concentration of 1 µmol/L in order to compare the selectivity between inhibitors (Table S3). Additionally, the IC50 values of the compounds on their primary target and relevant secondary kinase targets were determined in 10-point dose-response curves which allows for comparing the potency of similar inhibitors on their primary or secondary targets (Table 2).


Table 2 | Biochemical potencies (IC50 in nmol/L) of recently approved kinase inhibitor drugs (2018 - 2020) and previously approved comparators.



All kinase inhibitors were also profiled on a panel of 134 cancer cell lines in viability assays (Table S4). The cell lines in the panel represent a wide range of solid tumors and hematological malignancies, including cell lines that represent relatively small patient populations, such as FLT3 mutant and NTRK fusion-positive malignancies, which are targeted by some of the recently approved inhibitors (Table 1; Table S2).

The IC50 values of each kinase inhibitor were determined in viability assays with the 134 different cell lines in 9-point dose-response curves (Table S4). To determine similarities or differences in the biochemical mechanism of action of the inhibitors, the IC50 fingerprints of the 34 kinase inhibitors on the panel of 134 cell lines were compared by hierarchical clustering (Figure 1). In this analysis, compounds that act through the same target are expected to cluster together (19).




Figure 1 | Hierarchical clustering based on the IC50 fingerprints of 21 recently approved kinase inhibitors and 13 previously approved drugs acting on the same targets, as determined in viability assays with 134 cancer cell lines.



The majority of the kinase inhibitors were clustered in proximity of inhibitors sharing the same primary target, for instance the MEK, BRAF, FGFR, and BTK inhibitors (Figure 1). This analysis also revealed broader clusters of inhibitors which act on different targets but which function in the same pathways. For instance the BRAF and MEK inhibitors were located in distinct, but adjacent clusters, owing to the activity of the inhibitors in BRAF p.V600E mutant cell lines (Figure S1). On the contrary, some inhibitors were clustered more closely together with inhibitors which act on a different primary target. For instance entrectinib (TRK) and gilteritinib (FLT3) were clustered together with four ALK-targeted inhibitors, even though larotrectinib (TRK) and midostaurin (FLT3) were included in the analysis. This indicates differences in biochemical and cellular inhibition profiles between inhibitors sharing the same primary target. To further explore these differences between kinase inhibitors and potentially identify novel drug response biomarkers and clinical indications, we compared the biochemical selectivity and cell line targeting of inhibitors in the different clusters.



EGFR inhibitors

Until 2021, a total of five small molecule EGFR inhibitors have received market approval: the first-generation inhibitors gefitinib and erlotinib, the second-generation inhibitors afatinib and dacomitinib, and the third-generation inhibitor osimertinib. The second- and third-generation inhibitors have an irreversible binding mode. Both EGFR exon 19 in-frame deletion and p.L858R mutation are predictive biomarkers for sensitivity to EGFR inhibitors in NSCLC patients and cell lines (6) and are included in the FDA label of all inhibitors except erlotinib. The EGFR p.T790M mutation is the most frequently observed resistance mechanism following treatment with first-generation inhibitors, and to a lesser extent with second-generation inhibitors (43). Osimertinib was specifically designed to target this mutation (44), and is approved for treatment of patients with EGFR p.T790M mutation-positive NSCLC who relapse after treatment with previous generation EGFR inhibitors. To compare the biochemical and cellular inhibition profiles of different generations of EGFR inhibitors, we selected the recently approved second-generation inhibitor dacomitinib and the previously approved first- and third-generation inhibitors gefitinib and osimertinib for profiling studies.

The activity of the three inhibitors in biochemical kinase assays was compared between wild-type EGFR, EGFR harboring sensitizing mutations (exon 19 deletion p.del746-750 (ex19del) and p.L858R), and EGFR harboring the p.T790M substitution which is associated with resistance (the single mutation p.T790M and the double mutants p.ex19del/T790M and p.L858R/T790M) (Figure 2A). The double mutants represent the clinically relevant event of an acquired resistance mutation after treatment with first- or second-generation EGFR inhibitors. In the biochemical assays, gefitinib and dacomitinib inhibited wild-type EGFR and EGFR harboring one of the sensitizing mutations with sub-nanomolar potency, while they inhibited the double mutants harboring both the p.T790M resistance mutation and a sensitizing mutation with 30- (dacomitinib) to 1000-fold (gefitinib) lower potency. Osimertinib spared wild-type EGFR and inhibited the sensitizing EGFR mutants and the mutants containing the p.T790M resistance mutation with comparable, nanomolar potency (Figure 2A). Compared to osimertinib, gefitinib had 171- to 435-fold lower potency on the double mutants harboring the p.T790M mutation and one of the sensitizing mutations, while dacomitinib inhibited these mutants with 4- to 17-fold lower potency compared to osimertinib (Figure 2A).




Figure 2 | Comparison of first- (gefitinib), second- (dacomitinib), and third- (osimertinib) generation EGFR inhibitors. (A) Spider plot of IC50 values of the three inhibitors in biochemical assays with wild-type EGFR (WT) and EGFR with sensitizing (S) or resistance (R) mutations. (B) Dose-response curve overlays of cell viability assay results of three inhibitors in cell lines harboring sensitizing (ex19del or p.L858R) or resistance (p.L858R + p.T790M) EGFR mutations. (C) Waterfall plots of cellular responses. Cell lines harboring either sensitizing (S) or resistance (R) mutations as described in the FDA labels of the inhibitors (ex19del, p.L858R, p.T790M), or uncommon (U) EGFR mutations are indicated in different colors. (D) Scatterplots of the IC50 distribution of the three inhibitors across EGFR-mutant and wild-type cell lines. The horizontal lines indicate the geometric means. Cell lines are colored as in panel C. (E) Volcano plot comparing the IC50 differences between EGFR-mutant and wild-type cell lines for the 34 inhibitors. Green nodes indicate inhibitors which are significantly more active in EGFR-mutant cell lines compared to EGFR wild-type cell lines, as determined by MANOVA.



We next investigated whether the differences in biochemical targeting translated to a cellular context. The 134 cell line panel contained ten cell lines harboring an activating mutation in EGFR (Table 3). These include cell lines of clinical disease models for which the drugs have been approved, e.g., NSCLC cell lines harboring the sensitizing ex19del (HCC4006, HCC827, NCI-H1650) or p.L858R (11–18) mutations. NCI-H1975 harbors the sensitizing p.L858R mutation in combination with the p.T790M resistance mutation (Table 3). Five cell lines contained point mutations other than those included in the FDA label of the three inhibitors (Table 3). All three inhibitors potently inhibited the viability of cell lines harboring the sensitizing mutations (Figure 2B; Table S4). Of note, although the potency of the three inhibitors in NCI-H1650 was comparable to their potency in the other cell lines harboring sensitizing mutations, the efficacy of all three inhibitors was marginal in this cell line (Figure 2B). The limited efficacy might be caused by a truncating PTEN mutation which renders NCI-H1650 less dependent on EGFR signaling (45).


Table 3 | Overview of EGFR-mutant cell lines included in the 134 cancer cell line panel.



Notably, osimertinib not only inhibited the viability of cell lines harboring sensitizing EGFR mutations, but also potently inhibited the viability of NCI-H1975, which harbors the p.T790M resistance mutation in addition to a sensitizing mutation (Figure 2B). Gefitinib showed almost 1900-fold lower potency in this cell line compared to osimertinib, while dacomitinib showed 28-fold lower potency (Figure 2B). These results illustrate that the biochemical activity of the three generations of EGFR inhibitors translate well to a cellular context.

To determine how the response of the different EGFR-mutant cell lines compared to the rest of the panel, waterfall plots were generated with the IC50 values of the three inhibitors (Figure 2C). For gefitinib and dacomitinib, the most sensitive cell line had a more than 1000-fold lower IC50 compared to the panel average. For osimertinib this difference was around 300-fold (Figure 2C). Cell lines harboring the sensitizing p.L858R or ex19del mutations were among the most sensitive for all three inhibitors (Figure 2C), except NCI-H1975, which harbors both the p.L858R sensitizing mutation and the p.T790M resistance mutation. This was the most sensitive cell line to osimertinib, but ranked lower for dacomitinib and had an IC50 below average for gefitinib (Figure 2C), which is in line with the biochemical potency of the three inhibitors on the p.L858R/T790M mutant. The cancer cell line panel also contained five cell lines harboring mutations in EGFR at other positions, not corresponding to the clinically approved stratification markers of the three inhibitors (uncommon mutations) (Table 3; Figures 2C, D). The colon carcinoma cell line SW48, which harbors an EGFR p.G719S mutation, was the most sensitive cell line for gefitinib and dacomitinib, and was also sensitive to osimertinib (Figures 2C, D). In line with these findings, the indication of another second-generation EGFR inhibitor, afatinib, was recently expanded to also include NSCLC harboring p.G719X mutations (46). Furthermore, a phase II study is ongoing for osimertinib in patients with NSCLC harboring uncommon EGFR mutations, including p.G719X (NCT03434418). The endometrial carcinoma cell line RL95-2, harboring a p.A289V mutation, was among the most sensitive cell lines for all three inhibitors (Figures 2C, D). The p.A289V mutation lies within the extracellular domain, which is frequently mutated in glioblastoma (47). Interestingly, another endometrial cell line in the panel (HEC-6) harbored the same mutation but was relatively insensitive to all three inhibitors (Figures 2C, D), which suggests that the p.A289V mutation is not a strong predictive biomarker for sensitivity to the three EGFR inhibitors in endometrial cancers. SNU-C2B, harboring a p.R165Q mutation, which also lies in the extracellular domain, was sensitive to gefitinib, but not to dacomitinib or osimertinib, while the endometrial cell line HEC-1-B harbors a p.A864V mutation and was relatively sensitive to all three inhibitors (Figures 2C, D).

Comparing the IC50 profiles of the three EGFR inhibitors between EGFR-mutant and wild-type cell lines shows preferential targeting of EGFR-mutant cell lines (Figure 2D). To determine whether this selective targeting was unique for EGFR inhibitors, a MANOVA was carried out for all 34 inhibitors. Although several inhibitors from different target classes significantly inhibited EGFR-mutant cell lines, the three EGFR inhibitors showed the strongest preference for these cell lines. Dacomitinib showed the strongest preference for targeting EGFR-mutant cell lines, having on average about 110-fold lower IC50 in EGFR-mutant compared to EGFR wild-type cell lines, followed by gefitinib (60-fold) and osimertinib (33-fold) (Figure 2E).

Our results show a good correlation between the biochemical and cellular potency and selectivity data for the three different generations of EGFR inhibitors. Additionally, the cell panel profiling identified several uncommon primary EGFR mutations which might be targeted by one or more of the currently approved EGFR inhibitors, suggesting potential room for indication expansion.



FGFR inhibitors

FGFR is a kinase that had not been successfully targeted with small molecules until recently. The first FDA-approved FGFR inhibitor, erdafitinib, was approved for urothelial carcinoma harboring either mutations in FGFR3 (p.R248C, p.S249C, p.G370C, and p.Y373C) or fusions involving either FGFR2 or FGFR3 (38). Subsequently, pemigatinib and infigratinib were both approved for FGFR2 fusion-positive cholangiocarcinoma (39–41).

In biochemical kinase assays, erdafitinib, pemigatinib and infigratinib inhibited wild-type FGFR1-3 with very similar, sub-nanomolar potencies (Figure 3A; Table 2). They also inhibited FGFR4, but with considerably lower potency (Figure 3A; Table 2). Acquired resistance mutations are a common resistance mechanism to FGFR inhibitors, in particular mutations at gatekeeper positions (48). Indeed, in our biochemical assays all three FGFR inhibitors showed lower potency on the profiled gatekeeper mutants, compared to the wild-type kinases (Figure 3A). Interestingly, erdafitinib retained most of its activity on the FGFR2 p.V564I mutant, suggesting that erdafitinib is still a viable treatment option in FGFR2 p.V564I mutant cancer.




Figure 3 | Comparison of approved FGFR inhibitors. (A) Bar graphs of the biochemical activity of the three FGFR inhibitors on wild-type FGFR1-4 kinases and corresponding gatekeeper mutants. (B) Scatterplots of the IC50 distribution of the three inhibitors across FGFR-altered and wild-type cell lines. The horizontal lines indicate the geometric means. Cell lines harboring genomic alterations in FGFR1-3 are indicated in different colors. (C) Waterfall plots of cellular responses of approved FGFR inhibitors. Cell lines are colored as in panel B. (D) Volcano plot comparing the IC50 differences between FGFR-altered and wild-type cell lines for the 34 inhibitors. Green nodes indicate inhibitors which are significantly more potent in FGFR-altered cell lines compared to FGFR wild-type cell lines, as determined by MANOVA. (E) Expression of FGF10 and FGF20 in 1379 cell lines reported in the DepMap database. TPM, Transcripts Per Million.



In contrast to the comparable potency between the inhibitors on wild-type FGFR1-4 in biochemical assays, the three inhibitors did show potency differences in FGFR-altered cell lines. The 134 cancer cell line panel included eight cell lines with an FGFR1-3 alteration (either mutation, fusion, or amplification) (Table 4). The two bladder carcinoma cell lines RT-4 (FGFR3-TACC3) and SW780 (FGFR3-BAIAP2L1) are representative models for the therapeutic indication of erdafitinib. Due to the lack of available FGFR2 fusion-positive cholangiocarcinoma cell lines, no representative models for the clinical indications of pemigatinib and infigratinib could be included in the study. The other six FGFR-altered cell lines harbored FGFR alterations or had a tissue origin other than those included in the indications of the three inhibitors (Table 4). All eight FGFR-altered cell lines were highly sensitive to the three inhibitors (Figures 3B, C). Erdafitinib and pemigatinib showed comparable potency in the eight FGFR-altered cell lines, with average IC50 values of 5.9 nmol/L and 4.3 nmol/L, respectively. Infigratinib was the least potent with an average IC50 of 20 nmol/L, which is a more than three-fold lower potency compared to the other two inhibitors (Figures 3B, C). Notably, the inhibitors did not show selectivity for the cell lines that are representative models for the therapeutic indication of erdafitinib (RT-4 and SW780) over the other FGFR-altered cell lines (Figure 3B). The AML cell line KG-1 harbors the FGFR1OP2-FGFR1 fusion and was the most sensitive of all cell lines for infigratinib and pemigatinib, and second most sensitive for erdafitinib (Figure 3B). These results suggest that all three inhibitors could be beneficial for the treatment of FGFR1-altered malignancies. Although FGFR1 is altered in various cancers (49), there are no kinase inhibitors approved for FGFR1-altered cancers yet. The gastric carcinoma cell lines KATO III and SNU-16 (FGFR2 amplification), and the colorectal adenocarcinoma cell line NCI-H716 (FGFR2-COL14A1 fusion) were also potently inhibited by all three inhibitors, with IC50 values ranging between 1.8 and 28 nmol/L (Table S4). The multiple myeloma cell line KMS-11 harbors an FGFR3 p.Y373C mutation and has increased FGFR3 expression due to a t(4; 14) translocation (50). The IC50 values in this cell line ranged between 13 and 26 nmol/L (Table S4). Lastly, the endometrial adenocarcinoma cell line AN3-CA was the least sensitive of the FGFR-altered cell lines for all three inhibitors (Figures 3B, C). This cell line harbors an FGFR2 p.N549K mutation, which renders the kinase in an active state by disrupting the autoinhibitory function of the molecular brake (51). This mutation was identified in several FGFR2 fusion-positive cholangiocarcinoma patients who progressed after treatment with infigratinib (52). All three inhibitors bind the inactive conformation of FGFR (53, 54), which might explain their relatively modest potency on the AN3-CA cell line compared to the other FGFR-altered cell lines.


Table 4 | Overview of FGFR-altered cell lines included in the 134 cancer cell line panel.



The three inhibitors preferentially targeted FGFR-altered cell lines over FGFR wild-type cell lines in the cell line viability assays (Figure 3C). A MANOVA was carried out to compare the targeting of cell lines harboring FGFR genetic alterations by all 34 profiled kinase inhibitors. Erdafitinib and pemigatinib showed the strongest targeting of all inhibitors (Figure 3D). Both were, on average, over 500-fold more potent in FGFR-altered cell lines in comparison to wild-type cell lines, while infigratinib showed 130-fold higher potency in FGFR-altered compared to FGFR wild-type cell lines. Several other kinase inhibitors also showed significant, although lower, preference for cell lines with genetic alterations in FGFR1-3, including the two RET inhibitors pralsetinib and selpercatinib, which were around ten times more active in FGFR-altered versus wild-type cell lines (Figure 3D). The RET inhibitors cross-reacted with FGFRs in biochemical assays, likely explaining their activity in FGFR-altered cell lines (Table 2).

Among the cell lines most sensitive to FGFR inhibitors were also cell lines that were wild-type for FGFR1-4, e.g., HuTu 80 and A-427 (Figure 3B; Table S4). To identify potential drug response biomarkers in these FGFR wild-type cell lines, we analyzed the basal expression levels of more than 19,000 genes in the DepMap database, which contains gene expression data of 1379 cell lines. This revealed that the genes encoding the FGFR ligands FGF10 and FGF20 were highly expressed in HuTu 80 while FGF20 was also highly expressed in A-427 (Figure 3E). Proliferation of FGFR wild-type cell lines may thus be driven by autocrine activation of FGFRs by FGFR ligands, rendering them responsive to FGFR inhibition. Besides genomic alterations in FGFR1-3, aberrant expression of FGFR ligands may thus be an additional response biomarker for FGFR inhibitors. Overall, our results show that the three FGFR inhibitors effectively targeted cell lines of diverse lineages which harbor distinct FGFR alterations or have aberrant expression of FGFR ligands, suggesting room for indication expansion and potentially a tissue-agnostic indication.



ALK inhibitors

ALK is one of the targets for which various generations of inhibitors have been developed and approved. In 2011, the FDA approved the first-generation ALK inhibitor crizotinib, followed by the three second-generation inhibitors ceritinib, alectinib, and brigatinib in later years. The second-generation inhibitors were developed to be effective against resistance mutations acquired after crizotinib treatment, and to have improved selectivity and brain penetration (55). Most recently, the third-generation inhibitor lorlatinib was approved, which is effective against resistance mutations acquired after treatment with first- or second-generation inhibitors (55). The five ALK inhibitors were all approved for ALK-positive NSCLC and crizotinib was recently also approved for ALK-positive anaplastic large cell lymphoma (ALCL). The four second- and third-generation inhibitors cluster together based on their cellular inhibition profile, while the first-generation inhibitor crizotinib clusters with the MET inhibitor capmatinib (Figure 1). Crizotinib was initially developed as a MET inhibitor and consequently inhibited MET with nanomolar potency in biochemical assays, which explains the clustering with capmatinib (Table 2) (56). Interestingly, the ALK cluster also contains the TRK inhibitor entrectinib and the FLT3 inhibitor gilteritinib (Figure 1). Both inhibitors inhibited ALK biochemically with nanomolar potency, explaining their clustering with ALK inhibitors (Table 2).

The biochemical selectivity of the ALK inhibitors was compared by profiling 255 wild-type kinases at a single concentration of 1 µmol/L inhibitor. The percentage residual activity of the kinases was compared, showing that alectinib was the most selective of the five profiled ALK inhibitors, closely followed by lorlatinib, while brigatinib was the least selective of the set (Figure 4A; Table S3).




Figure 4 | Comparison of approved ALK inhibitors. (A) Radar chart of the percentage residual activity of 255 wild-type kinases in the presence of 1 µmol/L inhibitor. (B) Scatterplots of the IC50 distribution of the three inhibitors across ALK-altered (ALK fusion or mutation) and ALK wild-type cell lines. The horizontal lines indicate the geometric means. Cell lines harboring ALK fusions, an ALK gene mutation, a MET gene alteration, or autocrine expression of HGF are indicated in different colors. (C) Volcano plot comparing the IC50 difference between ALK-altered and wild-type cell lines for 34 inhibitors. Green nodes indicate inhibitors which are significantly more potent in ALK-altered cell lines compared to ALK wild-type cell lines, as determined by MANOVA. (D) As panel C, but for MET-altered cell lines. Red nodes indicate inhibitors which are significantly less potent in MET-altered cell lines.



We determined how these differences in biochemical selectivity translated to a cellular context. The cell line panel contained one NSCLC (NCI-H2228) and four ALCL cell lines (DEL, L-82, SR, SU-DHL-1) harboring an ALK gene fusion (Table 5). One cell line, the neuroblastoma cell line SK-N-SH, harbored a missense mutation (p.F1174L) in ALK. This mutation is frequently observed as a primary mutation in neuroblastoma (57), and in NSCLC as a secondary resistance mutation to crizotinib and ceritinib (58), but is not yet included in the FDA label of any of the ALK inhibitors. The ALK fusion-positive cell lines were among the most sensitive cell lines for all five ALK inhibitors (Figure 4B). SK-N-SH had lower sensitivity than ALK fusion-positive cell lines, but was still more sensitive than average (Figure 4B). Interestingly, lorlatinib was the most potent ALK inhibitor in the ALK fusion-positive cell lines, but the least potent in the p.F1174L mutant cell line (Figure 4B). The relatively modest activity of all ALK inhibitors in SK-N-SH may be attributed to a co-occurring oncogenic NRAS mutation (p.Q61K). This mutation is associated with lorlatinib resistance in both ALK-positive NSCLC and ALK-mutant neuroblastoma and may bypass ALK inhibition by reactivating MEK/ERK signaling (59–61). For crizotinib, the MET-altered cell lines and those that express the MET ligand HGF in an autocrine loop were the most sensitive instead of the ALK fusion-positive cell lines (Figure 4B), which is in line with its potent activity on MET in biochemical assays (Table 2).


Table 5 | Overview of ALK-altered cell lines included in the 134 cancer cell line panel.



To determine whether any of the 34 kinase inhibitors were significantly more potent in the ALK-altered cell lines compared to the ALK wild-type cell lines, a MANOVA was carried out. This showed that all five ALK inhibitors were significantly more potent in the ALK-altered cell lines (Figure 4C). Lorlatinib showed the strongest preference with approximately 1800-fold difference in IC50 between mutant and wild-type cell lines, while crizotinib showed the weakest preference (14-fold) (Figure 4C). Entrectinib (12-fold) and gilteritinib (55-fold) also showed significant preference for inhibiting the viability of ALK-altered cell lines. Although not approved for ALK-related indications, entrectinib has been investigated in clinical trials involving ALK-positive malignancies (NCT03066661, NCT02568267). For gilteritinib, potential application in lorlatinib-resistant cancer has been proposed (62). In addition to the preferential targeting of ALK-altered cell lines by crizotinib, MET-altered cell lines were also significantly more responsive to crizotinib compared to MET wild-type cell lines (Figure 4D). However, whereas crizotinib was almost 100-fold more potent in MET-altered compared to MET wild-type cell lines, the selective MET inhibitor capmatinib was over 10,000-fold more potent (Figure 4D). These results underscore the selectivity and potency improvements achieved for ALK and MET inhibitors in the last decade. While a plethora of mutations can induce resistance to currently approved ALK inhibitors, entrectinib and gilteritinib may be further explored for expansion to indications involving specific ALK mutations.



TRK inhibitors

In 2018, larotrectinib was approved for the treatment of adult and pediatric solid tumors harboring fusions of any of the three NTRK genes (NTRK1-3) (42). Roughly a year after the approval of larotrectinib, entrectinib was approved for the same tissue-agnostic indication and the additional indication of ROS1-positive NSCLC (63). NTRK gene fusions are oncogenic drivers in a wide variety of rare adult and pediatric tumors, where they occur at high frequencies of over 90% in some cancer types (64). On the other hand, NTRK gene fusions are rare in more common tumor types, such as lung- and colorectal cancer, where they occur at frequencies lower than 1% (64).

The additional indication of ROS1-positive NSCLC for entrectinib suggests differences in the selectivity profiles of the two TRK inhibitors. This was confirmed in our biochemical assays, in which the TRK inhibitors had remarkably different selectivity profiles (Figure 5A; Table S3). Larotrectinib showed strong selectivity, only inhibiting TRKA, TRKB, TRKC, ROS1, and ACK1 by more than 50% at 1 µmol/L. In contrast, entrectinib inhibited 75 out of the 255 profiled kinases by more than 50% at the same concentration (Figure 5A; Table S3). Entrectinib was slightly more potent on TRKA-C, with around two-fold lower IC50 on all three TRK kinases compared to larotrectinib (Table 2). The apparent activity of larotrectinib on ROS1 is interesting, since this is a clinically approved biomarker for entrectinib. However, the relevance of the activity of larotrectinib on ROS1 is questionable, since it inhibited ROS1 with around 100-fold higher IC50 compared to TRKA-C, whereas entrectinib had comparable, nanomolar potency on both ROS1 and TRKA-C (Table 2). Additionally, entrectinib inhibited ALK with nanomolar potency, while larotrectinib did not inhibit ALK at concentrations up to 1 µmol/L, indicating additional differences in biochemical selectivity between the two inhibitors (Table 2).




Figure 5 | Comparison of approved TRK inhibitors. (A) Kinome trees showing the percentage of kinase activity inhibition for 76 wild-type tyrosine kinases in the presence of 1 µmol/L inhibitor. Presented kinases are a subset of the panel of 255 kinases as reported in Table S3. The degree of inhibition is shown from grey (least inhibited) to red (most strongly inhibited). (B) Waterfall plots of cellular responses of approved TRK inhibitors. Cell lines harboring an NTRK3 fusion, FLT3 ITD mutation, ALK alterations, or FGFR alterations are indicated in different colors.



Representative cell line models for the clinical indication of NTRK fusion-positive solid tumors are scarce and could not be obtained. However, an ETV6-NTRK3 fusion-positive AML cell line (AP-1060) was included in our cell line panel (65). AP-1060 was potently inhibited by both inhibitors and was consequently the most sensitive cell line for both inhibitors (Figure 5B). This suggests that both entrectinib and larotrectinib could provide clinical benefit in NTRK fusion-positive hematological malignancies, as was proposed before (66). In contrast to the differences in biochemical potency on TRKC (encoded by NTRK3) (Table 2), larotrectinib was around four-fold more potent in AP-1060 compared to entrectinib (Table S4). In agreement with the selective biochemical profile of larotrectinib, it was also very selective in cellular assays. Aside from AP-1060, only the FLT3 ITD-mutant cell lines MOLM-13 and MV4-11 showed some response to larotrectinib (Figure 5B), but this was negligible compared to the response of AP-1060 (more than 1000-fold higher IC50) (Table S4). On the other hand, entrectinib potently inhibited the ALK-altered and FLT3 ITD-mutant cell lines and, to a lesser extent, the FGFR-altered cell lines (Figure 5B). The potency of entrectinib in the ALK-altered cell lines was not surprising, as it potently inhibits ALK in biochemical assays (Table 2), and was consequently evaluated in clinical trials for ALK-related indications (NCT03066661, NCT02568267). Entrectinib also inhibited FLT3 in biochemical assays, which likely explains the pronounced activity of entrectinib in the FLT3 ITD-mutant AML cell lines (Table S3). The potency of entrectinib in the FLT3 ITD-mutant AML cell lines was comparable to the potency in the ALK-altered cell lines, suggesting that it may be worthwhile to further explore entrectinib in FLT3 ITD-mutant AML. Although the polypharmacology of entrectinib is associated with increased adverse events compared to larotrectinib, the broader selectivity profile of entrectinib opens opportunities for additional indications, such as ROS1- and ALK-related malignancies, and, as our data suggest, FLT3 ITD-mutant AML (67).



RET inhibitors

Selective targeting of RET is another mechanism addressed for the first time recently. Pralsetinib and selpercatinib were approved for NSCLC and thyroid cancers harboring RET gene fusions or mutations. Both inhibitors are investigated in tissue-agnostic clinical trials (NCT03155620, NCT03906331, NCT04589845). The inhibitors showed sub-nanomolar potency on RET in biochemical assays, but selpercatinib was almost two-fold more potent on RET compared to pralsetinib (Table 2). Although both inhibitors showed cross-reactivity with FGFR1-3, selectivity for RET was 10- to 100-fold (Table 2). Selpercatinib had a slightly more selective biochemical inhibition profile, inhibiting 46 kinases by more than 50% at 1 µmol/L whereas pralsetinib inhibited 71 kinases by more than 50% (Figure 6A; Table S3). In the comparative analysis of cellular inhibition profiles, the two inhibitors formed a separate cluster which, interestingly, also included the FLT3 inhibitor midostaurin (Figure 1). FLT3 is one of the kinases which was strongly inhibited by both inhibitors (Figure 6A), likely explaining the clustering with midostaurin.




Figure 6 | Comparison of approved RET inhibitors. (A) Kinome trees showing the percentage of kinase activity inhibition for 76 wild-type tyrosine kinases in the presence of 1 µmol/L inhibitor. Presented kinases are a subset of the panel of 255 kinases as reported in Table S3. The degree of inhibition is shown from grey (least inhibited) to red (most strongly inhibited). (B) Waterfall plots of cellular responses of approved RET inhibitors. Cell lines harboring a RET alteration, NTRK3 fusion, KIT mutation, PDGFRA fusion, FGFR alteration, or FLT3 ITD mutation are indicated in different colors. (C) Dose-response curve overlays of cell viability assay results of the RET inhibitors in the ETV6-NTRK3 fusion-positive cell line AP-1060. (D) Volcano plot comparing the IC50 difference between RET-altered and RET wild-type cell lines for the 34 inhibitors. Green nodes indicate inhibitors which are significantly more potent in RET-altered cell lines compared to RET wild-type cell lines, as determined by MANOVA.



The cancer cell line panel contained two cell lines harboring a RET gene fusion or mutation: the NSCLC cell line LC-2/ad (CCDC6-RET) and the thyroid carcinoma cell line TT (p.C634W). These cell lines are representative models for the therapeutic indications of the RET inhibitors and were among the most sensitive of the complete panel for both inhibitors (Figure 6B). In agreement with the higher biochemical potency of selpercatinib on RET, selpercatinib was three-fold more potent in the RET-altered cell lines compared to pralsetinib (Table S4). In addition to the RET-altered cell lines, both inhibitors preferentially targeted the two FLT3 ITD-mutant AML cell lines MOLM-13 and MV4-11 (Figure 6B), which is in agreement with the biochemical activity on FLT3 (Figure 6A). Other cell lines sensitive to both inhibitors included the chronic eosinophilic leukemia (CEL) cell line EoL-1, which harbors the FIP1L1-PDGFRA fusion, the KIT p.N822K mutant AML cell line Kasumi-1 and the various FGFR-altered cell lines (Figure 6B). The ETV6-NTRK3 fusion-positive cell line AP-1060 was almost 20-fold more sensitive to pralsetinib compared to selpercatinib (Figure 6C), which is in agreement with the biochemical inhibition of TRKC (encoded by NTRK3) by pralsetinib (Figure 6A). This shows that subtle selectivity differences between kinase inhibitors can be picked up by cell line profiling. Of the 34 profiled inhibitors, only the RET inhibitors showed significant preference for targeting the RET-altered cell lines, with a 232-fold lower IC50 of selpercatinib in RET-altered versus wild-type cell lines, and 76-fold lower IC50 of pralsetinib (Figure 6D). This difference in preferential targeting of RET-altered cell lines is consistent with the slightly higher selectivity and potency of selpercatinib in biochemical and cellular assays, which further confirms that the biochemical characteristics of the RET inhibitors translate well to a cellular context.



FLT3 inhibitors

Gilteritinib is the second targeted inhibitor approved for treatment of AML with FLT3 mutations, after midostaurin (68). While gilteritinib clusters together with the ALK inhibitors based on its cellular inhibition profile, midostaurin is at the other side of the clustering wheel next to the RET inhibitors (Figure 1).

In biochemical assays, gilteritinib was around eight-fold more potent on FLT3 compared to midostaurin (Table 2). To determine whether this difference in biochemical potency translated to a cellular setting, we profiled the inhibitors on the panel of 134 cancer cell lines. The cell line panel contained two FLT3-altered cell lines: the AML cell lines MV4-11 and MOLM-13. Both harbor an internal tandem duplication in FLT3 (FLT3 ITD), which results in constitutive, ligand-independent activation of the receptor. Gilteritinib was, on average, eight times more potent in the FLT3 ITD-mutant cell lines compared to midostaurin, which is in agreement with the difference in biochemical potency. Unsurprisingly, the FLT3 ITD-mutant cell lines were among the most sensitive for both inhibitors (Figure 7A). Additionally, both inhibitors potently inhibited the viability of the FIP1L1-PDGFRA fusion-positive cell line EoL-1, which can be explained by direct inhibition of PDGFRα, as evidenced in biochemical assays (Table S3). Gilteritinib also showed remarkable activity in the ALK-altered cell lines, owing to its potent activity on ALK in biochemical assays (Figure 7A; Table 2). Midostaurin did not preferentially inhibit the ALK-altered cell lines, which likely explains why the FLT3 inhibitors did not cluster together based on their cellular inhibition profile (Figure 7A; Figure 1).




Figure 7 | Comparison of approved FLT3 inhibitors and biomarker analysis of duvelisib. (A) Waterfall plots of cellular responses of approved FLT3 inhibitors. Cell lines harboring a FLT3 ITD mutation, PDGFRA fusion, or ALK alterations are indicated in different colors. (B) Volcano plot comparing the IC50 difference between FLT3 ITD-mutant and wild-type cell lines for the 34 inhibitors. Green nodes indicate inhibitors which are significantly more potent in FLT3 ITD-mutant cell lines compared to FLT3 wild-type cell lines, as determined by MANOVA. (C) Scatterplot of the IC50 distribution of the PI3Kγ/δ inhibitor duvelisib across FLT3 ITD-mutant AML and FLT3 wild-type AML cell lines. The horizontal lines indicate the geometric means.



MANOVA analysis of the 34 inhibitors revealed that, besides the two FLT3 inhibitors, nine other inhibitors significantly targeted the two FLT3 ITD-mutant cell lines, which indicates widespread off-target effects of kinase inhibitors on FLT3 (Figure 7B). Next to entrectinib (Figure 5B) and the two RET inhibitors (Figure 6B), the FMS inhibitor pexidartinib also significantly targeted the two FLT3 ITD-mutant cell lines. This is not surprising, since pexidartinib has been studied in a clinical trial for treatment of FLT3 ITD-mutant AML, based on its activity on FLT3 (69). A more surprising significant hit in the MANOVA was the phosphoinositide 3-kinase (PI3K)γ/δ inhibitor duvelisib. Duvelisib is a lipid kinase inhibitor and did not inhibit FLT3 or any of the other profiled tyrosine or serine/threonine kinases in biochemical assays (Table S3), indicating that the FLT3 ITD-mutant cell lines were also sensitive to inhibition of PI3Kγ or δ. To determine whether the potent effect of duvelisib was restricted to FLT3 ITD-mutant AML cell lines, we compared the IC50 distribution of duvelisib across all profiled AML cell lines. Our cell line panel contained eight AML cell lines, which showed different levels of response to duvelisib (Figure 7C). Although the IC50 difference between FLT3 ITD-mutant and FLT3 wild-type cell lines was not significant (p = 0.07), the two FLT3 ITD-mutant cell lines were the most potently inhibited of the eight AML cell lines, suggesting that FLT3 ITD-mutant cell lines are especially sensitive to duvelisib. This finding is in line with the observed activation of the PI3K/protein kinase B (AKT)/mammalian target of rapamycin (mTOR) pathway by constitutive FLT3 activation in FLT3 ITD-mutant AML (70).

To determine whether the combination of a FLT3 inhibitor and duvelisib was synergistic in FLT3 ITD-mutant AML cell lines, we exposed MOLM-13 and MV4-11 to combinations of either gilteritinib or midostaurin with duvelisib. Interestingly, the combination of gilteritinib with duvelisib was additive to weakly antagonistic in MOLM-13, whereas midostaurin and duvelisib were predominantly synergistic in this cell line (Figure S2). Midostaurin is biochemically less selective compared to gilteritinib (Table S3). The synergistic effects of midostaurin and duvelisib in MOLM-13 may thus be related to off-target effects of midostaurin, and not to selective inhibition of FLT3. In contrast, both combinations were additive in MV4-11 (Figure S2). The additive effects of the FLT3 inhibitors with duvelisib may be explained by partial inhibition of the PI3K/AKT/mTOR pathway by duvelisib, whereas more complete inhibition of this pathway may be required for the combined inhibition of FLT3 and the PI3K/AKT/mTOR pathway to be synergistic (70). These results indicate that profiling of kinase inhibitors as single agents on a large cell line panel may provide insight into the molecular dependencies of a specific disease, but these dependencies do not always correspond with synergistic combinations.



BTK inhibitors

Until 2021, three BTK inhibitors (ibrutinib, acalabrutinib, and most recently, zanubrutinib) were approved for treatment of diverse B-cell leukemias (71). All three inhibitors covalently bind to the sulfhydryl group of a cysteine at position 481 in the active site of BTK, resulting in irreversible inhibition of the enzyme (71–73). In biochemical kinase assays, zanubrutinib also inhibited other kinases that harbor a cysteine in the active site, such as TEC, BMX, BRK and EGFR (Table 2). Some of the clinical adverse events of the first-generation BTK inhibitor ibrutinib, including rash and diarrhea, have been attributed to cross-reactivity with EGFR (73). In our biochemical assays, zanubrutinib was 33 times more selective for BTK compared to EGFR, while ibrutinib was 58 times more selective (Table 2). To determine whether the biochemical activity profiles translated to a cellular setting, we profiled and compared the cellular activities of the three BTK inhibitors in the 134 cancer cell line panel.

It should be noted that inhibition of cell viability is only a surrogate marker of in vitro activity of BTK inhibitors. BTK inhibitors exert their therapeutic activity by promoting egress of malignant B-cells from lymph nodes (74, 75), and inhibition of tumor cell growth is not thought to significantly contribute to their clinical efficacy. In the cell line panel, the three BTK inhibitors potently inhibited the viability of the mantle cell lymphoma cell line REC-1 and the diffuse large B-cell lymphoma (DLBCL) cell line SU-DHL-6 (Figure 8A). The REC-1 cell line has constitutively active B-cell receptor signaling (76). The mechanistic basis for the sensitivity of SU-DHL-6 for BTK inhibitors is unknown, but may be related to the presence of a mutation in MYD88. According to the DepMap database, SU-DHL-6 harbors a p.S219C mutation in MYD88, which is recurrently detected in primary DLBCL samples (77). Although the mutation has not been functionally characterized, BTK is a known downstream component of mutated MYD88. Additionally, mutated MYD88 B-cell malignancies are known to respond to ibrutinib treatment, further suggesting that the MYD88 p.S219C mutation underlies the sensitivity of SU-DHL-6 to BTK inhibitors (78). Ibrutinib was the most potent of the three inhibitors in the REC-1 cell line, while acalabrutinib was the most potent in SU-DHL-6 (Figure 8A; Table S4).




Figure 8 | Comparison of approved BTK inhibitors. (A) Scatterplot of the IC50 distribution of the three BTK inhibitors across EGFR-mutant, ERBB2-amplified, and EGFR and ERBB2 wild-type cell lines. The horizontal lines indicate the geometric means. The responsive cell lines REC-1 and SU-DHL-6 are indicated in different colors. (B) Volcano plot comparing the IC50 difference between ERBB2-amplified and ERBB2 non-amplified cell lines for the 34 inhibitors. Green nodes indicate inhibitors which are significantly more potent in ERBB2-amplified cell lines compared to ERBB2 non-amplified cell lines, as determined by MANOVA. Red nodes indicate inhibitors which are significantly less potent in ERBB2-amplified cell lines.



The cancer cell panel profiling also revealed cross reactivities of the three BTK inhibitors. Ibrutinib and zanubrutinib both showed significant preferential targeting of the EGFR-mutant cell lines, with respectively 28-fold and 8-fold higher potency in EGFR-mutant compared to wild-type cell lines (Figure 2E; Table S4). Acalabrutinib did not significantly target the EGFR-mutant lines. Interestingly, acalabrutinib did show preferential targeting of the three ERBB2- (encoding the HER2 kinase) amplified cell lines (44-fold), as did ibrutinib (254-fold) and zanubrutinib (45-fold), suggesting HER2 is a common off-target of the currently approved BTK inhibitors (Figure 8B). Other inhibitors which significantly targeted the ERBB2-amplified cell lines were the three EGFR inhibitors and the selective HER2 inhibitor tucatinib (Figure 8B). In previous work, we compared the cellular potency and selectivity of tucatinib to those of the other approved HER2 inhibitors lapatinib and neratinib (18). This comparison confirmed that tucatinib is the most selective of the HER2 inhibitors, while lapatinib and neratinib additionally targeted EGFR-mutant cell lines.

Although the BTK inhibitors showed significant off-target activities which overlapped with the targets of other profiled kinase inhibitors, they still formed a distinct cluster in the clustering wheel (Figure 1). This indicates that cell panel profiling can distinguish between subtle selectivity differences of kinase inhibitors.



Inhibitors of PDGFRα and c-KIT mutants

In 2002, imatinib was the first kinase inhibitor which received approval for the treatment of KIT-positive unresectable or metastatic gastrointestinal stromal tumors (GIST). Sunitinib was approved for treatment of imatinib-resistant GIST in 2006, and in 2013 regorafenib was approved for the treatment of imatinib- and sunitinib-resistant GIST. Approximately 80% of GIST have activating mutations in KIT and 5-10% have activating mutations in PDGFRA which can be targeted by the three approved kinase inhibitors. However, approximately 10% of patients display primary resistance, and most patients that initially respond to kinase inhibitor therapy develop resistance due to secondary mutations (79). Treatment options for KIT- and PDGFRA-mutant GIST have been expanded by the recent approval of ripretinib and avapritinib. Ripretinib was developed to inhibit a broad spectrum of primary and secondary KIT and PDGFRA mutations which are not targeted by the three previously approved inhibitors (79). Avapritinib was developed to specifically target the p.D842V mutation in exon 18 of PDGFRA, which is the most frequent primary PDGFRA mutation in GIST but confers resistance to the previously approved inhibitors (80).

Avapritinib inhibited wild-type PDGFRA and the PDGFRA p.D842V mutant with sub-nanomolar potency in our biochemical assays (Table 2). Additionally, it had comparable nanomolar potency on the structurally similar KIT p.D816V mutant. This mutation is frequently observed in systemic mastocytosis, which is an additional indication for avapritinib. Ripretinib was also active on these mutants, although to a lesser extent (Table 2).

In line with their overlapping primary targets, the two inhibitors cluster together based on their cellular inhibition profile (Figure 1). No representative models for the clinical indications of the inhibitors were included in the cell line panel. However, the panel included the FIP1L1-PDGFRA fusion-positive CEL cell line EoL-1 and the KIT p.N822K mutant AML cell line Kasumi-1. Both inhibitors were most active in these cell lines, suggesting that both avapritinib and ripretinib could be beneficial for treatment of PDGFRA- and KIT-altered hematologic malignancies (Table S4).

In addition to avapritinib and ripretinib, other inhibitors potently inhibited the viability of EoL-1 and Kasumi-1 (Figure 9A). Many of these inhibitors targeted PDGFRα and KIT in biochemical assays, suggesting that the activity of these inhibitors in EoL-1 and Kasumi-1 was caused by off-target effects on either PDGFRα or KIT (Table S3). As an exception, the MEK inhibitors did not inhibit PDGFRα and KIT in biochemical assays (Table S3), but were still effective in EoL-1 and Kasumi-1, suggesting that EoL-1 and Kasumi-1 are also sensitive to MEK inhibition (Figure 9A).




Figure 9 | Comparison of approved PDGFRα and KIT inhibitors and combination assays. (A) Bar graphs presenting the IC50 values of the 34 kinase inhibitors in the PDGFRA- and KIT-altered cell lines EoL-1 (top) and Kasumi-1 (bottom). The PDGFRα and KIT inhibitors avapritinib and ripretinib, and the four MEK inhibitors are indicated in different colors. (B) Heatmaps of ZIP synergy scores for the 6x6 combination series of avapritinib and trametinib in EoL-1 (top), and ripretinib and trametinib in Kasumi-1 (bottom). The combined concentrations outlined in red are considered antagonistic (ZIP < -10).



Based on the dual sensitivity of EoL-1 and Kasumi-1 to PDGFRα/KIT and MEK inhibition, we sought to determine whether the combination of either avapritinib or ripretinib with a MEK inhibitor acted synergistically in these cell lines. Interestingly, all tested combinations had additive effects in EoL-1, which may indicate that EoL-1 is fully dependent on MEK signaling through the FIP1L1-PDGFRα fusion protein, and further inhibition of MEK does not provide an additional inhibitory benefit compared to inhibition of PDGFRα alone (Figure 9B; Figure S3) (29). Strikingly, all tested combinations were antagonistic in Kasumi-1 (Figure 9B; Figure S3). Full inhibition of the MEK pathway by combined KIT and MEK inhibition in Kasumi-1 may activate compensatory signaling through alternative pathways. Interestingly and in contrast to our findings, the combination of ripretinib and a MEK inhibitor was found to be synergistic in preclinical models of KIT-mutant GIST and systemic mastocytosis (81). Our results indicate that the synergistic effects of kinase inhibitors observed in a certain disease model cannot always be reproduced in other models, even when they harbor an activating alteration in the same driver gene. The precise molecular consequences of a genomic alteration in a specific disease should therefore be carefully determined in order to make informed decisions for drug combinations.




Conclusions

As the spectrum of approved kinase inhibitors for oncology indications expands, it is essential to determine and compare the potency and selectivity of these inhibitors to make the most informed decisions about therapy selection and label expansion. This study provides a head-to-head comparison of 21 newly approved kinase inhibitors and 13 previously approved comparators by extensive biochemical and cell panel profiling. For 11 of the newly approved inhibitors this is the first large-scale kinase profiling study in the public domain, and for seven this is the first profiling study on a large cancer cell line panel. We find that the biochemical characteristics of these kinase inhibitors do not always translate to a cellular context, indicating that cell panel profiling can provide additional insights into kinase inhibitor activity compared to biochemical profiling alone. Lastly, the patient stratification markers currently described in the FDA labels of kinase inhibitors were confirmed to a high degree in our assays, and we additionally identified potential predictive drug response biomarkers which may warrant further investigation for label expansion of the approved kinase inhibitors.
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