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EFNB1 levels determine distinct
drug response patterns guiding
precision therapy for B-cell neoplasms

Xiaoxi Li,1,3,4,* Chenxiao Zhang,1,3 Minyao Deng,1,3 Yong Jiang,1 Zhengjin He,2 and Hui Qian1,*
SUMMARY

The multi-omics data has greatly improved the molecular diagnosis of B-cell neoplasms, but there is still a
lack of predictive biomarkers to guide precision therapy. Here, we analyzed publicly available data and
found that B-cell neoplasm cell lines with different levels of EFNB1 had distinctive drug response patterns
of inhibitors targeting SRC/PI3K/AKT. Overexpression of EFNB1 promoted phosphorylation of key pro-
teins in drug response, such as SRC and STMN1, conferring sensitivity to SRC inhibitor and cytotoxic
drugs. EFNB1 phosphorylation signaling network was significantly associated with the prognosis of
GCB-DLBCL patients. Moreover, EFNB1 levels were correlated with cell of origin (COO) scores, suggest-
ing that EFNB1 is a quantitative indicator of cell differentiation. Ultimately, we proposed a model for the
stratification of human B-cell malignancies and the implementation of targeted therapies based on EFNB1
levels. Our findings highlight that EFNB1 level is a promising biomarker for predicting drug response,
COO and prognosis.

INTRODUCTION

B-cell neoplasm is a highly heterogeneous lymphoid hyperplasia disease. Although R-CHOP (rituximab, cyclophosphamide, doxorubicin,

vincristine and prednisone) regimen had achieved good therapeutic effect in diffuse large B-cell lymphoma (DLBCL), about 40% of patients

still failed to benefit from the treatment.1 Many factors can lead to treatment failure, such as extranodal dissemination. Extranodal dissem-

ination is a typical feature of aggressive B-cell lymphoma, such as diffuse large B-cell lymphoma (DLBCL),1 Burkitt’s lymphoma (BL)2 and high-

grade B-cell lymphoma (HGBL).3,4 On the one hand, extranodal dissemination is the result of the activation of pro-dissemination signals,

which may directly lead to drug resistance. On the other hand, extranodal dissemination not only leads to the damage of involved tissues

or organs, but also leads to insufficient drug concentration at disseminated sites. Therefore, extranodal dissemination is an important factor

for treatment failure and a key prognostic indicator.

Based on gene expression profiles, the Cell of Origin (COO) classification divides DLBCL into 3 subtypes, activated B-cell (ABC) DLBCL,

germinal center B-cell (GCB) DLBCL, and unclassified (UC) DLBCL.5 The latest LymphGen classification further divides DLBCL into 7 subtypes

based on the hallmarks of genetic variations.6 Extranodal lymphoma mainly belongs to the MCD (MYD88-CD79) subtype.6,7 The activating

mutations causing chronic activation of the B cell receptor (BCR) signaling pathway, such as MYD88 L265P and CD79B mutations, promote

the onset and progression of MCD-DLBCL. Ibrutinib and idelalisib, targeting BTK and PI3K respectively, are two approved targeted drugs

used as a first-line treatment or to treat relapsed/refractory B-cell lymphoma.8,9 Ibrutinib has substantial activity in the treatment of primary

CNS lymphoma (PCNSL).10,11 Ibrutinib plus R-CHOP have also been observed to enhance the survival benefit in MCD-DLBCL.12 However,

genetic and non-genetic resistance and adaptation to bypass the dependency on BCR inhibitors always develop through multiple mecha-

nisms.13 In addition, BCR signaling is also responsible for lymphocyte homing and adhesion via integrin.14 Ibrutinib has been reported to pro-

mote the egress of malignant B cells from the lymph nodes into the peripheral blood inmantle cell lymphomapatients.15 Therefore, inhibition

of the BCR signaling pathway not only suppresses cell survival, but also promotes lymphoma dissemination. Hence, identifying genes

involved in extranodal dissemination will be of great significance for understanding the pathogenesis of lymphoma and improving clinical

efficacy.

EFNB1 (Ephrin B1) is a B-type ligand in the Eph-Ephrin family, which represents the largest superfamily of receptor tyrosine kinases (RTKs)

and plays many functions in physiological and pathological processes.16,17 The interaction of Eph receptors and Ephrin ligands on neigh-

boring cells not only leads to the activation of the ‘‘forward’’ signal in Eph cells, but also phosphorylation of Ephrins and the activation of
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Table 1. The classification and genetic status of DLBCL cell lines

Cell lines Lineage sub-subtype COO classificationa MSI status Mutational Burden Ploidy WES Gender

A3-KAW DLBCL, NOS ABC MSS 56.5 2.12 Female

A4-FUK DLBCL, NOS ABC MSS 37.76 2.16 Female

DB DLBCL, NOS GCB MSS 32.42 3.25 Male

DOHH-2 DLBCL, NOS GCB MSS 24.26 2.06 Male

FARAGE DLBCL, NOS GCB MSI 116.76 2.00 Female

HT DLBCL, NOS GCB MSI 146.26 1.97 Male

KARPAS-422 DLBCL, NOS GCB MSS 40.97 2.16 Female

NU-DUL-1 DLBCL, NOS ABC MSS 30.16 2.00 Male

OCI-LY-19 DLBCL, NOS GCB MSS 21.05 2.07 Female

OCI-LY7 DLBCL, NOS GCB MSS 20.24 1.98 Male

RC-K8 DLBCL, NOS UCb MSS 53.42 2.12 Unknown

RL DLBCL, NOS GCB MSS 39.87 2.09 Male

SU-DHL-10 DLBCL, NOS GCB MSS 22.21 2.05 Male

SU-DHL-4 DLBCL, NOS GCB MSS 28.74 2.18 Male

SU-DHL-5 DLBCL, NOS GCB MSS 32.71 1.98 Female

SU-DHL-6 DLBCL, NOS GCB MSS 36.21 2.10 Male

SU-DHL-8 DLBCL, NOS ABC MSS 39.13 2.25 Male

VAL DLBCL, NOS GCB MSS 27.11 2.14 Female

WSU-DLCL2 DLBCL, NOS GCB MSS 27.55 2.06 Male

Abbreviation: COO, Cell of origin. DLBCL, NOS, Diffuse large B-cell lymphoma, not otherwise specified. MSI, microsatellite instability. MSS, microsatellite sta-

bility. WES, whole exon sequencing. UC, unclassified. ABC, activated B-cell. GCB, germinal center B-cell.
aCOO classification is determined by RNA-seq-based COO score.
bRC-K8 cell line is identified as ABC-DLBCL in most literatures, GCB-DLBCL in DepMap database and UC by COO score.
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the ‘‘reverse’’ signal in Ephrin cells. The Ephs and Ephrins can also trigger signals independently through interplay with other signal compo-

nents.18–20 The expression level of Ephs and Ephrins is critical for their clustering and biological functions. EFNB1 has been reported as a

specific marker for mature germinal center (GC) B cells21 and can control the function of germinal center T cell with EPHB4 and EPHB6.22

Moreover, EFNB1 has been reported to contribute to tumor progression in many cancers.17,23 Our previous study revealed that Efnb1 can

promote extranodal dissemination of lymphoma in Em-Myc; UtxKO mouse model and high expression of Efnb1 is significantly associated

with poor prognosis of human DLBCL.24 Given the potential effect of BCR activation on extranodal dissemination, we guess that EFNB1

may have a crosstalk with the BCR signaling pathway, thereby modulating therapeutic response of BCR-associated kinase inhibitors. In

this study, we analyzed the correlation of EFNB1 level and drug response pattern in human DLBCL, BL, andMultiple Myeloma (MM) cell lines

and identified six distinct drug response patterns of SRC/PI3K/AKT inhibitors. Moreover, EFNB1 levels were significantly associated with cell

of origin. These results indicate that EFNB1 level is a promising biomarker for predicting drug response, COO and prognosis.

RESULTS

EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in the DLBCL cell lines

Abnormal activation of the BCR signaling pathway is a typical feature of MCD-DLBCL, and inhibitors of BCR-associated kinases have become

a new choice of the treatment of B-cellmalignancies. To explore the role of EFNB1 on drug response, we selected 19DLBCL cell lines (Table 1)

with available IC50 data (half-maximal inhibitory concentration) and analyzed their EFNB1 expression level. Eleven BCR-associated kinase in-

hibitors, targeting ABL-SRC/ABL/SYK/BTK/PI3K/AKT, were selected as the BCR inhibitors panel (Figure 1A).

Based on the overall drug response and EFNB1 level, 19 DLBCL cell lines could be divided into two groups. The low-EFNB1 group was

sensitive to targeted drugs, while the high-EFNB1 group was tolerant to targeted drugs. According to the drug response patterns of ABL-

SRC/PI3K/AKT, we further divided the high-EFNB1 cell lines into 3 groups. In total, according to the drug response patterns and EFNB1 levels,

19 DLBCL cell lines were stratified into four drug response patterns and three EFNB1 levels: A/B/C/D-Types and high/medium/low levels

(Figure 1B). Based on the difference in response to PI3K-AKT inhibitors, EFNB1high cell lines (TPM>=1.94) were divided into two types, sen-

sitive A-Type and resistant B-Type. EFNB1medium cell lines (1.37<=TPM<=1.79), classified as C-Type, were resistant to all targeted drugs.

EFNB1low cell lines (TPM<=1.24), classified as D-Type, were sensitive to most targeted drugs rather than ABL-BTK-SYK inhibitors. It should

be noting that the correlation between some cell lines and certain drugs is not completely consistent with the A/B/C/D-type drug response

pattern, such as HT and RL, indicating the existence of alternativemechanisms in addition to EFNB1 levels. For instance, the HT cell line is MSI

(microsatellite instability), which may contribute to its unexpected drug response pattern. Therefore, HT and RL were classified as ‘‘Others’’.
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Figure 1. EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in DLBCL cell lines

See also Figure S1.

(A) Drug response profile of targeted drugs in DLBCL cell line. Efnb1 levels were evaluated by TPM. TPM, Transcripts Per Kilobase per Million mapped reads.

Drug response was evaluated by IC50, the half maximal inhibitory concentration. The unit for IC50 is mM. Dasa, Dasatinib. Bosu, Bosutinib. Nilo, Nilotinib. Ibru,

Ibrutinib. Entosple, Entospletinib. Tase, Taselisib. Picti, Pictilisib. Bupar, Buparlisib. Afure, Afuresertib. Upro, Uprosertib.

(B) Four drug response patterns in three EFNB1-Level groups of DLBCL cell lines. 19 DLBCL cell lines were divided into three EFNB1-level groups and four drug

response patterns. The EFNB1high group was further divided into A-Type and B-Type patterns, the EFNB1medium group was C-Type pattern, and the EFNB1low

group was D-Type pattern.

(C) Western bolt analysis of the phosphorylation level of SRC at 416 tyrosine. EV, empty vector.
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Figure 1. Continued

(D) Correspondence analysis of the expression pattern of EFNB1-related genes and the IC50 pattern of SRC-PI3K-AKT. The principal component analysis was

performed based on the expression level of EFNB1 (TPM) and IC50 of kinase inhibitors in 19 DLBCL cell lines. Red dotted box, EFNB1 levels and BCR SRC-PI3K-

AKT inhibitors. Yellow dotted box, SYK-BTK inhibitors. Blue dotted box, Eph receptors levels and EGFR levels. Purple dotted box, ABL inhibitor and HER2 levels.

(E) Diagram of GFP competition assay. Retroviral Efnb1 and GFP co-expressed cells were mixed with uninfected cells for drug treatment. The drug concentration

was determined according to the lethal dose of drug treatment for 48h, usually reaching LD80-90. LD, Lethal dosage, evaluated by cell viability (PI-%). PI,

propidium iodide. The GFP ratio of untreated cells and treated cells was analyzed at 72h. G1 represented the GFP ratio of untreated cells, and G2

represented the GFP ratio of drug treated cells. Calculate the Resistance Index (RI), RI = (G2-G1 *G2)/(G1-G1 *G2), and evaluate the effect of genes on drug

response.

(F) GFP competition assay of EFNB1 on targeted drugs. Log2 (RI)R0.5 was considered as resistance; Log2 (RI)%-0.5 was considered as sensitivity; otherwise, it

was neutral. NT, untreated.
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Most targeted drugs inhibit tumor growth by suppressing pro-survival or pro-proliferation signaling. If some cell lines aremore sensitive to

targeted drugs, it indicates that their survival dependsmore on the related signaling pathways. D-Type pattern showed that the EFNB1low cell

lines are sensitive to most ABL-SRC/PI3K/AKT inhibitors, indicating that the PI3K-AKT signaling pathway is the key pro-survival pathway,

thereby it can be recognized as the vulnerability for the EFNB1low cell lines. The C-type pattern showed that most of the tested inhibitors

are unable to inhibit proliferation of the EFNB1medium cell lines, suggesting the presence of additional proliferative signals. Moreover,

A-Type EFNB1high cell lines are highly dependent on the PI3K-AKT pathway, but B-Type EFNB1high cell lines are not. In addition, we noticed

that the EFNB1high cell lines are sensitive to multi-kinase inhibitor, such as Dasatinib targeting ABL and SRC, and resistant to ABL inhibitors,

such as Nilotinib. Hence, we guessed that the EFNB1high cell lines are highly dependent on the SRC-related pathway rather than ABL-related

pathway.

To verify the specificity of EFNB1 levels and drug response patterns, we performed the correspondence analysis between the expression

level of EFNB1 and several other RTK genes and the IC50 values of targeted drugs in the DLBCL cell lines. Two B-type Eph receptors, EPHB1

and EPHB2, werewell-established receptors for EFNB1, and twoA-type Eph receptors, EPHA2 and EPHA4, were newly identified as receptors

for EFNB1 in immune cells.25 Therefore, we finally analyzed the four EFNB1 receptors, EPHB1, EPHB2, EPHA2, EPHA4 and the other two RTKs,

EGFR, and HER2. Principal component analysis showed that the expression pattern of EFNB1 in the DLBCL cell lines was clustered together

with the IC50 pattern of SRC-PI3K-AKT inhibitors (Figure 1C). In addition, the four EFNB1’s receptors and EGFR are clustered together. The

HER2 level is closely clustered with the IC50 pattern of the ABL inhibitor, Nilotinib. The IC50 patterns of Ibrutinib and Entospletinib, targeting

two key BCR inhibitors BTK and SYK respectively, have the lowest correlation with others. Together, these results suggested that the corre-

lation between EFNB1 levels and drug response patterns is specific.

To verify the observation from human DLBCL cell lines, we performed the experimental verification on Em-Myc;Cdkn2a�/� cell line.

Em-Myc;Cdkn2a�/� cell line is a murine lymphoma derived cell line with well-defined genetic background and widely used in drug response

analysis.26,27 As SRC is an interacting protein of Efnb128 and can be phosphorylated by EphB/Ephrin B,29 we established an EFNB1-overex-

pressed stable cell line and analyzed the phosphorylation level of SRC. The results showed that ectopic expression of Efnb1 significantly

enhanced phosphorylation of SRC at tyrosine 416 (Figure 1D). To verify the interaction of EFNB1 and kinase inhibitors, we performed GFP

competition assay in the Em-Myc;Cdkn2a�/� cell line (Figure 1E). GFP competition assay was designed to determine the survival advantage

of geneticallymodified cells under drug-induced selection pressure. The results showed that overexpression of Efnb1 conferred cells sensitive

to dasatinib and resistant to Ibrutinib (Figure 1F), which was consistent with B-Type pattern in the EFNB1high cell lines. Together, these results

suggested that the activation of the EFNB1-SRC axis can enhance the cell dependency on SRC-related pathway, and thereby increase the

sensitivity of EFNB1high cells to SRC inhibitors.

To further explore the signaling pathways related to targeted drug response, we analyzed the publicly available protein expression

dataset of DLBCL cell lines, which was generated by reverse-phase protein arrays (RPPAs).30 RPPA is a quantitative, antibody-based tech-

nology, in which cell or tissue proteins will be printed on nitrocellulose-coated slides and analyzed by a set of antibody probes. 214 pro-

teins and phosphoproteins covering major cancer signaling pathways are available in the dataset of DLBCL cell lines. Based on the

observed differences in drug response, we analyzed differentially expressed proteins/phosphoproteins (DEPs/DEPPs) in different drug

response patterns and the merged patterns as indicated comparisons (See Figure S1A; Table S1). Phosphorylated AKT is one of five

DEPs/DEPPs between A-Type and B-Type cell lines (See Figure S1B), which is consistent with their difference in drug response to

PI3K-AKT inhibitors. Many DEPs/DEPPs were identified in A&B-Type vs. D-Type comparison and C-Type vs. D-Type comparison,

involving the PI3K-AKT-mTOR and RAF-MEK1-JUN signaling pathways (See Figure S1B), indicating that D-Type cell lines are significantly

different from A/B/C types in terms of the signaling network, supporting their overall differences in drug response pattern. Together,

these results suggested that the level and activity of kinase proteins are key reasons for the differences in drug response and cell

dependency.

We also analyzed the correlation of EFNB1 level and the phosphorylation status of SRC in RPPA data. We found that some EFNB1high cell

lines had increased SRC phosphorylation, such as HT (Src_pY416), A3KAW (Src_pY527), while some EFNB1low cell lines had lower SRC phos-

phorylation, such as KARPAS422 (Src_pY416), SUDHL6 (Src_pY527) (See Figures S1C–S1E). However, there was a lack of statistical correlation

between EFNB1 level and SRCphosphorylation in all DLBCL cell lines. The lack of correlation between SRCphosphorylation levels and EFNB1

level may be attributed to the heterogeneous genetic backgrounds of the cell lines and their complex signaling network. We will discuss in

detail the possible reasons in the discussion section.
4 iScience 27, 108667, January 19, 2024
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In summary, we identified four drug response patterns and three EFNB1-level groups based on the expression level of EFNB1 in DLBCL

cell lines and their IC50s to BCR-associated kinase inhibitors. Ectopic expression of EFNB1 can promote SRCphosphorylation and confer cells

sensitivity to SRC inhibitors. These results suggest that EFNB1 can interfere with the pro-proliferation signals and cell dependency on BCR-

associated kinases.

EFNB1 confers chemo-susceptibility

Changes in intrinsic signaling pathways and networks may alter the expression of genes related to cytotoxic drug response, thereby indirectly

affecting the sensitivity of cells to cytotoxic drugs. To investigate the effect of EFNB1 on chemotherapy, we analyzed the drug response

pattern of EFNB1 on lymphoma cytotoxic drug panel. Cytarabine (Ara-C) and Methotrexate (MTX) in R-HyperCVAD, Doxorubicin (DOX)

and Vincristine (VCR) in R-CHOP regimen, Gemcitabine (GEM) in R-GCVP regimen, Etoposide (VP-16) in R-CEPP regimen, Cisplatin

(CDDP) in R-ICE regimen, Oxaliplatin (OXA) in DHAX regimen, and VNB in GemVNB regimen were selected.

Firstly, we analyzed the EFNB1 level and the IC50 of cytotoxic drugs in human DLBCL cell lines. There was a poor correlation between

the EFNB1 level and the IC50 of cytotoxic drugs, but there was indeed a difference in the number of cell lines sensitive to drugs in

EFNB1high-medium and EFNB1low cell lines (Figure 2A). The number of EFNB1 high-medium cell lines sensitive to Ara-C, MTX, CDDP was a little

higher than that of EFNB1low cell lines (Figure 2B). Overall, the DLBCL cell lines display intrinsic sensitivity to a variety of cytotoxic drugs,

which may be determined by the characteristics of the DLBCL cells themselves, such as suspension. In the GDSC database, most sensitive

cell lines are suspended cell lines, such as leukemia, lymphoma, multiple myeloma cell lines. Suspended tumor cells often are 50–1000

times more sensitive to cytotoxic drugs than adherent tumor cells.

Next, GFP competition assay was performed to verify the effect of EFNB1 on cytotoxic drugs. Surprisingly, Efnb1-overexpressed cells were

hypersensitive to most cytotoxic drugs, especially DOX and VCR in R-CHOP regimen (Figure 2C). The gradient dose assay further verified the

gene-drug interaction of Efnb1-DOX (Figure 2D) and Efnb1-VCR (Figure 2E). The IC50 of DOX for EV cells was 140 nM and the IC50 of DOX for

EFNB1 cells was 68.8 nM. Due to the narrow range of VCR lethal dose (5–10 nM), we could not calculate the IC50 data. Bar graph presentation

showed that EFNB1 cells were almost dead at 5 nMVCR,while EV cells were alive at 5 and 7.5 nM. In addition, Decitabine (DAC), an inhibitor of

DNAmethyltransferase (DNMTi), was analyzed as a negative control (Figure 2F). These results indicate that ectopic expression of EFNB1 can

significantly enhance the sensitivity of cells to most cytotoxic drugs.

Together, these results indicate that ectopic expression of Efnb1 significantly enhances the sensitivity of cells to most cytotoxic drugs.

EFNB1 agonists may act as chemosensitizers, combining with chemotherapy drugs to improve the efficacy and reduce the toxicity.

EFNB1 phosphorylation signaling network contributes to chemo-susceptibility

To explore the mechanism, we analyzed proteins and phosphorylated peptides in EV and Efnb1 cells by mass spectrometry. Totally, 35994

peptides, involving 4135 proteins, were identified in EV and Efnb1 cells. After being filtered with the indicated parameters, 96 unique differ-

ential proteins (DPs), 91 differentially expressed proteins (DEPs), and 161 phosphorylated peptides were identified (Figure 3A). Pathway

enrichment analysis showed that EFNB1 significantly affected cell cycle and DNA repair signaling pathways (Figure 3B). These results suggest

that abnormalities in cell cycle and DNA repair caused by Efnb1 may contribute to chemo-susceptibility.

In 161 phosphorylated peptides, 50 phosphorylated peptides, involving 41 proteins, were identified in EFNB1 cells (Figure 3C, See

Table S2) and recognized as the members of the EFNB1 phosphorylation signaling network. Among them, TOP2A is a previously reported

gene associated with the sensitivity of topoisomerase inhibitors.31 STMN1 is a microtubule-associated protein, and its phosphorylation regu-

lation plays a key role in the cell cycle.32 Many studies report that the expression level of STMN1 is associated with chemoresistance of vinca

alkaloids and taxanes.33,34

To investigate whether the phosphorylation of STMN1 at Serine 28 can affect the response of cells to VCR, we constructed the wild-type

Stmn1 and S28Amutant cell lines. GFP competition analysis showed that ectopic expression of the wild-type Stmn1 greatly sensitized cells to

VCR (Figures 3D–3G), while the S28A mutant conferred weaker sensitivity of cells to VCR (Figures 3H and 3I). The result indicates that

increased phosphorylation of STMN1 at Serine 28 contributes to the Efnb1-conferred sensitivity to VCR.

Together, these results support that EFNB1 phosphorylation signaling network contributed to chemo-susceptibility of EFNB1high cells.

The EFNB1 phosphorylation signaling network is associated with the prognosis of GCB-DLBCL

To investigate the clinical relevance of the EFNB1 phosphorylation signaling network in DLBCL patients, we performed survival analysis for all

41 genes, corresponding to 41 phosphorylated proteins identified in Efnb1 cells (Figure 3C, See Table S2). The result showed that high

expression of seven genes (MCM2, ATXN2L, HDLBP, NPM1, PA2G4, TRMT61A, UBAP2L) was significantly associated with poor prognosis

of DLBCL patients (Lenz-Staudt, DLBCL, GSE10846) (Figures 4A and 4B). Next, we analyzed whether the joint expression of EFNB1 and

the seven genes has a better predictive effect. Among them, only the joint expression of EFNB1 and MCM2 presented a better effect on

the prognostic prediction in DLBCL (Figure 4C).

Furthermore, we asked whether the EFNB1 phosphorylation signaling network is associated with DLBCL subtypes. We performed the sur-

vival analysis for EFNB1 and the seven genes in ABC, GCB, and UC subtypes (Figures 4D–4F). The results showed that all genes except

TRMT61A were significantly associated with the prognosis of GCB subtype (Figure 4E), suggesting that the EFNB1 phosphorylation signaling

network contributes to themalignant progression of GCB-DLBCL. Next, we performed the survival analysis on patients with three subtypes of

DLBCL using the joint expression level of the eight genes. The results showed that the joint expression level of the eight genes could
iScience 27, 108667, January 19, 2024 5



Figure 2. Ectopic expression of EFNB1 confers cells sensitivity to most cytotoxic drugs

(A) Drug response profile of cytotoxic drugs in DLBCL cell line. Ara-C, Cytarabine. MTX, Methotrexate. GEM, Gemcitabine. DOX, Doxorubicin. VP-16, Etoposide.

CDDP, Cisplatin. OXA, Oxaliplatin. VCR, Vincristine. VNB, Vinorelbine. The logarithm of IC50 data was taken and drugs with different lethal doses were evaluated

separately. A lethal dose of around 0.1mMwas defined as low lethal dose (LLD). A lethal dose of around 1mMwas defined as medium lethal dose (MLD). A lethal

dose of around 10mMwas defined as high lethal dose (HLD). ‘‘-’’ indicated that the IC50 data was unavailable. Color bars for LLD/MLD/HLD indicate the range of

Log10(IC50) for each drug.

(B) The number and relative proportion of sensitive or resistant cell lines in EFNB1 high-medium cell lines and EFNB1low cell lines.

(C) GFP competition assay of EFNB1 on the lymphoma drug panel. Ara-C, Cytarabine. MTX, Methotrexate. GEM, Gemcitabine. TPT, Topotecan. DOX,

Doxorubicin. VCR, Vincristine. CDDP, Cisplatin. OXA, Oxaliplatin. DAC, Decitabine. Log2 (RI) R0.5 was considered as resistance; Log2 (RI)%-0.5 was

considered as sensitivity; otherwise, it was neutral. NT, untreated.

(D) Gradient dose analysis of DOX on EV and Efnb1. Cell viability was measured by PI-% at 48 h post treatment. IC50DOX(EV) = 140nM, IC50DOX(Efnb1) = 68.6nM.

(E) Gradient dose analysis of VCR on EV and Efnb1. Cell viability was measured by PI-% at 48 h post treatment. Unpaired t-test was used to test the significance.

(F) Gradient dose analysis of DAC on EV and Efnb1. Cell viability was measured by PI-% at 48 h post treatment. Data are obtained from three technical replicates.

Data are presented as mean G SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s. indicates not significant (p > 0.05).
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Figure 3. EFNB1 phosphorylation signaling network is associated with drug sensitivity

See also Table S2.

(A) Mass spectrometry data analysis scheme of EV and Efnb11 cells. EV, empty vector. Differential proteins (DPs) refer to proteins only detected in EV or Efnb1,

and the peptidesR3. Differently expressed proteins (DEPs) refer to proteins that were detected in both, and the peptidesR3, the relative intensity wasmore than

4-fold. 96 DPs, 91 DEPs, and 161 phosphorylation sites/peptides (125 proteins) were identified.

(B) Top 5 pathways enriched in DPs and DEPs.

(C) Distribution of 161 phosphorylation sites/peptides (125 proteins) in EV and Efnb1. (D-E). EV-GFP cell population without treatment (D) and with VCR (E).

(F and G) Stmn1-GFP cell population without treatment (F) and with VCR (G).

(H–I) Stmn1-S28A-GFP cell population without treatment (H) and with VCR (I).
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effectively distinguish high-risk and low-risk populations in both DLBCL (Figure 4G) and three subtypes of DLBCL (Figures 4H–4J), suggesting

that the 8-gene signature is a potential prognostic biomarker for DLBCL. Together, these results suggest that the EFNB1 phosphorylation

signaling network is closely related to the prognosis of DLBCL patients, indicating that it is more likely to affect the treatment response of

DLBCL.

EFNB1 level is an indicator and cause of B-cell lymphoma differentiation

Cell of origin, as one of the pathological mechanisms, is an important indicator for the classification and prognosis of B-cell malignancies. To

investigate the effect of EFNB1 on the cell of origin, we used an RNA-seq based method35,36 to calculate the COO score of the DLBCL cell

lines. The COO score is calculated from the expression levels of 20 genes associated with ABC/GCB classification, and can be used to deter-

mine the ABC/GCB origin of lymphoma.

The results showed a significant correlation between EFNB1 levels and COO scores (p = 0.0070, **) in the DLBCL cell lines (Figure 5A, See

Table S3). The EFNB1 level in ABC cell lines was significantly higher than that in GCB cell lines (p = 0.0058 **) (Figure 5B). Next, we analyzed the

relevance between EFNB1 level, COO score and drug response pattern. ABC cell lines are mainly EFNB1medium-high cells (TPMR 1), most of
iScience 27, 108667, January 19, 2024 7



Figure 4. The EFNB1 phosphorylation signaling network is associated with the prognosis of GCB-DLBCL

(A) Phosphorylated peptides/proteins identified in Efnb1 cells.

(B) Forest plot for the prognostic performance of indicated genes. p Value of the log rank test was shown. A human DLBCL dataset (Lenz-Staudt DLBCL

GSE10846) was used for survival analysis. The hazard ratio (HR), confidence interval, p Value in the forest plot were obtained from the SurvExpress program.

DLBCL, number of patients = 414.

(C) Forest plot for the prognostic performance of the individual and joint expression of EFNB1 and MCM2. p Value of the log rank test was shown.

(D–F) Forest plot for the prognostic performance of indicated genes in ABC DLBCL (D), GCB DLBCL (E), and UC DLBCL (F). ABC DLBCL, number of patients =

167. GCB DLBCL, number of patients = 183. UC DLBCL, number of patients = 64.

(G–J) Survival curve of DLBCL patients (G), ABC DLBCL patients (H), GCB DLBCL patients (I), Unclassified DLBCL patients (J) and the expression level of the 8

genes in low-risk and high-risk groups. The prognostic index (PI) was calculated by the joint expression level of the 8 genes and the Cox model to generate

the risk groups. The optimization algorithm was applied in risk grouping.
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Figure 5. EFNB1 level is a potential indicator for the degree of B-cell differentiation and activation

See also Table S3.

(A) The correlation of EFNB1 levels and COO scores in the DLBCL cell lines. The ABC cell lines are in yellow and the GCB cell lines are in cyan.

(B) The EFNB1 level in ABC and GCB cell lines.

(C) The relevance between EFNB1 level, COO score and drug response pattern in the DLBCL cell lines.

(D) Efnb1 levels and COO scores in Em-Myc; Cdkn2a�/� cells.

(E) Efnb1 levels, COO scores, cell of origin in Em-Myc lymphomas. Data are presented as meanG SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s.

indicates not significant (p > 0.05).
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which are resistant B-Type and C-Type (Figure 5C). GCB cell lines are mainly EFNB1 low-medium cells (TPM % 2), and sensitive D-Type are all

included (Figure 5C). This difference provides a reasonable explanation for the correlation between EFNB1 level and GCB prognosis, rather

than ABC prognosis. Overall, EFNB1 level is associated with cell of origin and COO score. Moreover, EFNB1 level is a potential quantitative

indicator for the degree of B-cell differentiation.

Next, to investigate whether EFNB1 directly promotes B-cell differentiation, we calculated the COO scores of murine lymphoma cell lines

and primary lymphomas. Due to differences in the expression of COO-related genes betweenmouse and human, here we only use the alter-

ation of COO scores to evaluate the cell differentiation trends, rather than the GCB and ABC origins. In Em-Myc; Cdkn2a�/� cells, ectopic

expression of EFNB1 increased the COO score by 12%–32% (Figure 5D), indicating that EFNB1 promotes cell differentiation toward the

ABC/post-GC stage by regulating gene expression of the 20 COO-related genes. Similarly, Efnb1 is almost not expressed in Em-Myc lym-

phomas originated from the pro-B cell stage, with a COO score ranging from 0.75 to 1.19 (Figure 5E). However, Efnb1 level significantly

increased to 10–50 (FPKM) in UTX knockout Em-Myc lymphomas originated from the mature B-cell stage, with COO score increasing to

around 1.6 (Figure 5E). In addition, the highest level of endogenous EFNB1 in UTX-KO lymphoma is 50 (FPKM). The ectopic expression level

of EFNB1 in Em-Myc; Cdkn2a�/� cell line is 91–97 (FPKM). The difference of twice should be in physiologically range. Together, consistent with

the previous report that EFNB1 is a biomarker of GC-B cell,21 these results support that EFNB1 promotes cell differentiation toward the ABC/

post-GC stage and is a potential indicator for the degree of B-cell differentiation/activation.
EFNB1 level is associated with the prognosis of PCNSL patients

Our previous study showed that knockout of UTX can significantly increase EFNB1 expression and promote the occurrence of PCNSL.

Therefore, we analyzed the transcriptome data from a recent PCNSL study37 and found that the expression level of EFNB1 is associated

with the prognosis of PCNSL (p = 0.0045) (Figure 6A). EFNB1 level is relatively low in the high-risk group and inversely correlated with

COOscore (p = 0.0064) (Figures 6A and 6B), which is the opposite of what we observed in GCB-DLBCL, suggesting that EFNB1 may

have a different mechanism in PCNSL. In addition, KDM6A (UTX) level is also associated with the prognosis of PCNSL (p = 0.0052) (Fig-

ure 6C). Furthermore, KDM6A expression is relatively low in the high-risk group (Figure 6C), which is consistent with what we observed in

DLBCL, suggesting that KDM6A is also a potential tumor suppressor gene in PCNSL. However, unlike EFNB1, KDM6A level lacks corre-

lation with COOscore (Figure 6D).

In summary, we found that the correlation between EFNB1 level and PCNSL prognosis or COO score is opposite to that observed in GCB-

DLBCL, suggesting that EFNB1may have different effects on pathological progression in different subtypes of B-cell lymphoma. It also should

be noted that although PCNSL is also characterized by activation of the BCR signaling pathway, transcriptionally similar to ABC-DLBCL,

PCNSL and DLBCL have their own unique transcriptional features and have been classified as two different subtypes in the latest 5th edition

of the WTO classification.38 Moreover, the survival time of PCNSL patients is much shorter than that of ABC-DLBCL patients, with most
iScience 27, 108667, January 19, 2024 9



Figure 6. EFNB1 Level is associated with the prognosis of PCNSL patients

(A) Survival curve of PCNSL patients and EFNB1 levels in low-risk and high-risk groups. Number of patients in low-risk group = 20. number of patients in high-risk

group = 8. Risk grouping was determined by the optimal significance difference.

(B) EFNB1 levels and COO scores in the PCNSL.

(C) Survival curve of PCNSL patients and KDM6A levels in low-risk and high-risk groups. Number of patients in low-risk group = 22. Number of patients in high-risk

group = 6. Risk grouping was determined by the optimal significance difference.

(D) KDM6A levels and COO scores in the PCNSL. Data are presented as meanG SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s. indicates not

significant (p > 0.05).
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patients surviving for less than 2 years (Figures 6A and 6C). Therefore, we believe that the significance of EFNB1 as a drug target is more

important than its diagnostic value. We speculate that EFNB1 agonists may be a potential therapeutic agent for PCNSL.
EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in the BL and MM cell lines

Next, we further analyzed the expression of EFNB1 in two other subtypes of B-cell malignancies, BL and MM, as well as their drug response

patterns. Eight BL cell lines and fifteen MM cell lines with available IC50 data were selected and analyzed (Table 2).

Ultimately, we identified two drug response patterns that were not present in DLBCL cell lines (Figures 7A and 7B), E-Type and F-Type,

suggesting that BL andMMhave completely different cell-dependency on the EFNB1-associated networks compared to DLBCL.Most BL cell

lines (7/8) showed a unique E-Type pattern (Figure 7A), indicating that BL cell lines have a unique dependency related to E-Type pattern.Most

EFNB1high MM cell lines (7/8, TPM>2) showed the F-Type pattern and most EFNB1medium-low MM cell lines (5/7, TPM<2) showed the C-Type

pattern (Figure 7B).

After calculating the COO score, we found that all BL cells have a similar transcriptome to the GCB-like or UC-like stage (Figure 7C, See

Table S3), while all MM cells have a similar transcriptome to the ABC/post-ABC-like stage (Figure 7D, See Table S3). However, unlike DLBCL

and PCNSL, EFNB1 level is not correlatedwith COOscore in BL (p = 0.1961) andMM (p= 0.2606). A reasonable explanation is that BL andMM

originate from the early and late stages of mature B-cell activation, respectively, and there is little difference in cell differentiation. We further

found that GCB-DLBCL has the lowest EFNB1 level and is significantly different from other subtypes (Figure 7E). Finally, we summarized the

EFNB1 level, COO score, drug response patterns, and potential therapeutic options in DLBCL, BL, andMM (Figure 7F). These results suggest

that different subtypes of B-cell neoplasms have distinctive drug response patterns, which are associated with EFNB1 levels. EFNB1 level is a

potential quantitative biomarker for predicting the COOof B-cell neoplasms and drug response patterns, which helps to determine themost

effective treatment plan or drug combination.
The EFNB1 phosphorylation signaling network is associated with the prognosis of FL, MM, and CLL

Given the association between EFNB1 levels and the drug response patterns in B-cell neoplasms, we further investigated the prognostic rele-

vance of EFNB1 and seven genes (MCM2, ATXN2L, HDLBP, NPM1, PA2G4, TRMT61A, UBAP2L) in other B-cell neoplasms. Follicular
10 iScience 27, 108667, January 19, 2024



Table 2. The classification and genetic status of BL and MM cell lines

Cell lines Lineage sub-subtype MSI status Mutational Burden Ploidy WES Gender

BL-41 Burkitt’s Lymphoma MSS 25.58 2.16 Male

CA46 Burkitt’s Lymphoma MSS 30.42 2.11 Male

DAUDI EBV-Related Burkitt’s Lymphoma MSS 1922.63 1.99 Male

GA-10 Burkitt’s Lymphoma MSS 34.74 2.04 Male

NAMALWA EBV-Related Burkitt’s Lymphoma – 49.26 2.02 Female

RAJI EBV-Related Burkitt’s Lymphoma MSS 32.21 2.09 Male

RAMOS Burkitt’s Lymphoma MSS 30.89 2.04 Male

ST486 Burkitt’s Lymphoma MSS 30.34 2.13 Female

AMO-1 Plasma Cell Myeloma MSS 40.42 3.68 Female

EJM Plasma Cell Myeloma MSS 55.79 3.06 Female

JJN-3 Plasma Cell Myeloma MSS 28.37 2.80 Female

KARPAS-620 Plasma Cell Myeloma MSS 20.5 3.08 Female

KMS-11 Plasma Cell Myeloma MSS 54.45 3.25 Female

KMS-12-BM Plasma Cell Myeloma MSS 35.95 3.52 Female

L-363 Plasma Cell Myeloma MSS 32.87 2.17 Female

LP-1 Plasma Cell Myeloma MSS 28.68 3.56 Female

MM1S Plasma Cell Myeloma MSS 39.47 1.99 Female

MOLP-8 Plasma Cell Myeloma MSS 39.39 2.10 Male

NCI-H929 Plasma Cell Myeloma MSS 27.97 1.98 Female

OPM-2 Plasma Cell Myeloma MSS 44.34 3.27 Female

RPMI-8226 Plasma Cell Myeloma MSS 42.68 2.94 Male

SK-MM-2 Plasma Cell Myeloma MSS 32.89 2.08 Male

U-266 Plasma Cell Myeloma MSS 41.39 2.05 Male

Abbreviation: EBV, Epstein-Barr virus. MSI, microsatellite instability. MSS, microsatellite stability. WES, whole exon sequencing.
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Lymphoma (FL) (Leich-Staudt, FL, GSE16131), MM (Shaughnessy, MM, GSE2658), Chronic Lymphocytic Leukemia (CLL) (Herold Bohlander,

CLL, GSE22762), were used to perform survival analysis. The results showed that the expression levels of most EFNB1-associated genes

were significantly associated with prognosis of FL, MM, CLL (Figures 8A–8C), suggesting that abnormality of the EFNB1 phosphorylation

signaling network is common in B-cell neoplasms and contributes to the malignant progression of B-cell neoplasms.

Among the eight genes, HDLBP and UBAP2 were significantly associated with the prognosis of MM and CLL (p < 0.001, ***), suggesting

that the biological functions involved in HDLBP and UBAP2 may play an important role in the malignant progression of MM and CLL. At the

same time, the expression level of EFNB1 is not correlated with the prognosis of MM, suggesting that there are other mechanisms that can

regulate the activation of the EFNB1 phosphorylation signaling network, thereby promoting malignant progression and drug response. Of

course, expression regulation is not the only regulatory mechanism of gene function. Protein stability and post-translational modifications

(PTMs) are also alternative regulatory mechanisms of gene function and need to be further investigated.

Next, we further analyzed the prognostic relevance of the 8-gene signature in three types of B-cell neoplasms. Survival curve analysis

showed that the joint expression level of the eight genes can effectively distinguish high-risk and low-risk groups of FF (Figure 8D), MM (Fig-

ure 8E), and CLL (Figure 8F), suggesting that the abnormality of the EFNB1 phosphorylation signaling network is a common mechanism of

malignant progression in various B-cell neoplasms.

In summary, the prognostic analysis suggests that the abnormality of the EFNB1 phosphorylation signaling pathway is closely related to

the prognosis of B-cell malignancies, which may be one of the reasons for treatment failure. Genes involved in the EFNB1 phosphorylation

signaling pathway are also the promising prognostic biomarkers.
The effect of EFNB1 on drug response is not EFNB1 level dependent

To analyze the effect of EFNB1 level on drug response, we further established several single-clone cell strains with decreased and increased

GFP/EFNB1 from EFNB1-GFP transduced Em-Myc;Cdkn2a�/� cells (Figure 9A). Compared with the parental cell line, there was no significant

difference in the sensitivity to targeted drugs and cytotoxic drug (dasatinib, MK-2206, doxorubicin) among the single-clone cell strains (Fig-

ure 9B). These results suggest that, unlike COO scores, the role of EFNB1 in regulating cell dependence and drug sensitivity should be cell

background dependent rather than EFNB1 level dependent.
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Figure 7. EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in the BL and MM cell lines

See also Table S3.

(A and B) Drug response profile of targeted drugs in the BL (A) and MM (B) cell lines. Efnb1 levels were evaluated by TPM. TPM, Transcripts Per Kilobase per

Million mapped reads. Drug response was evaluated by IC50, the half maximal inhibitory concentration. The unit for IC50 is mM. Dasa, Dasatinib. Bosu,

Bosutinib. Nilo, Nilotinib. Ibru, Ibrutinib. Entosple, Entospletinib. Tase, Taselisib. Picti, Pictilisib. Bupar, Buparlisib. Afure, Afuresertib. Upro, Uprosertib.

E-Type pattern was identified in BL cell lines. F-Type and C-Type patterns were identified in the EFNB1high and EFNB1medium-low MM cell lines, respectively.

(C and D) The correlation of EFNB1 levels and COO scores in the BL (C) and MM (D) cell lines. The BL cell lines are in green and the MM cell lines are in roseo.

(E) The expression level of EFNB1 in ABC-DLBCL, GCB-DLBCL, BL, and MM.

(F) The correlation of EFNB1 levels, COO scores, drug response patterns, and potential treatment options in DLBCL, BL, MM. Data are presented as mean G

SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s. indicates not significant (p > 0.05).
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Figure 8. The EFNB1 phosphorylation signaling network is associated with the prognosis of FL, MM, and CLL

(A–C) Forest plot for the prognostic performance of indicated genes in FL (A), MM (B), and CLL (C). The following datasets Leich-Staudt FL GSE16131,

Shaughnessy MM GSE2658, Herold Bohlander CLL GSE22762 were used for survival analysis. p Value of the log rank test was shown. The hazard ratio (HR),

confidence interval, p Value in the forest plot were obtained from the SurvExpress program. FL, number of patients = 184. MM, number of patients = 559.

CLL, number of patients = 107.

(D–F) Survival curve of FL patients (D), MM patients (E), CLL patients (F) and the expression level of the 8 genes in low-risk and high-risk groups. The prognostic

index (PI) was calculated by the joint expression level of the 8 genes and theCoxmodel to generate the risk groups. The optimization algorithmwas applied in risk

grouping.
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In addition, we demonstrated that although single-clone derived cell lines with same genetic background is an ideal model to analyze the

dose effect of individual gene expression levels. However, the discovery of EFNB1 levels and their drug response patterns may be cell back-

ground dependent, rather than cells with the same background. Hence, we speculated that endogenous EFNB1 levels and their specific cell

features, such as cell of origin and signaling network, together determine cell dependency and drug response patterns.

DISCUSSION

Although targeted therapies have greatly improved the outcomes of DLBCL patients, the identification of predictive biomarkers for drug

response is still challenging. Manymulti-omics studies have accumulatedmass of clinical cancer multi-omics data, of which patient prognosis

is themost relevant to disease progression anddrug efficacy. If the differences in gene expression or genetic variations are associatedwith the

prognosis of patients, they are more likely to directly participate in drug response.

In this study, six drug response patterns of BCR associated kinase inhibitors SRC/PI3K/AKT were identified in human DLBCL, BL, and MM

cell lines (Figure 10A). These six drug response patterns are correlated with the level of endogenous EFNB1 in cells. Among them, A/B-Type
iScience 27, 108667, January 19, 2024 13



Figure 9. The effect of EFNB1 on drug response is dose-independent

(A) Establishment of five single-clone cell strains with decreased and increased GFP intensity.

(B) Inhibitory effect of drug treatment on cell proliferation in the parental pool cell line and single-clone cell strains. Cell counting is measured by flow cytometry

analysis of PI negative cells at 48 h of the treatment. Dasatinib, 5mM. MK-2206, 5mM. Doxorubicin, 20nM. PI, propidium iodide. Data are obtained from three

independent biological replicates. Data are presented as mean G SEM. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s. indicates not significant

(p > 0.05).

ll
OPEN ACCESS

iScience
Article
and C-Type patterns appear in the EFNB1high and EFNB1medium DLBCL cell lines, respectively. D-Type pattern appears in the EFNB1low

DLBCL cell lines. E-Type pattern appears in the BL cell lines. F-Type pattern appears in the EFNB1high-medium MM cell lines. In addition,

C-Type pattern also appears in the EFNB1low MM cell lines. Moreover, the correspondence analysis of gene levels – drug response patterns

suggested that EFNB1 level is a specific indicator of drug response patterns in human DLBCL cell lines. These findings reveal that the expres-

sion level of EFNB1 is correlatedwith the dependency of cells on BCR-related kinases, suggesting that EFNB1 is a promising biomarker for the

efficacy evaluation and prediction of targeted drugs.

Using Em-Myc;Cdkn2a�/� cell model, we demonstrated that ectopic expression of Efnb1 conferred cells sensitivity to SRC inhibitors and

most cytotoxic drugs. Mechanically, Efnb1-induced phosphorylation may largely increase the dependency of cells on the SRC signaling

pathway, which sensitizes cells to SRC inhibitors (Figure 10A). Moreover, Efnb1-induced phosphorylation of Stmn1 at serine 28 confers cells

hypersensitivity to vincristine (Figure 10A). In addition, the EFNB1 phosphorylation signaling network identified by mass spectrometry was

significantly correlated with the prognosis of GCB-DLBCL, suggesting that the phosphorylation signaling network induced by EFNB1 is

involved in the pathological progression of DLBCL. In addition, although the expression level of endogenous EFNB1 in Em-Myc;

Cdkn2a�/� cells is very low, due to the high lethal dose of most targeted drugs, usually over 20 mmol, the Em-Myc; Cdkn2a�/� cell model

should be classified as C-Type pattern, multi-inhibitor tolerant. Efnb1-overexpression cells should be classified as B-Type, as Efnb1-overex-

pression leads to sensitivity to SRC inhibitors and no difference in PI3K-AKT inhibitors.

Ectopic expression of EFNB1 confers cells sensitivity to SRC inhibitors, indicating that SRC is a key kinase for cell survival and proliferation,

and EFNB1 can regulate the activity of SRC. However, the relationship between EFNB1 levels and SRC phosphorylation has not been vali-

dated in human DLBCL cell lines (Figure S1). Moreover, there is no differences on drug response in single-clone cell strains with differential

GFP/EFNB1 level, suggesting that the differences on drug response patterns in human DLBCL cell lines are cell background dependent (Fig-

ure 9). Due to the high heterogeneity, there may be multiple mechanisms by which EFNB1 regulates BCR-related kinase activity and its cell-

dependent effects in different B-cell neoplasm cell lines. The dependence of cell proliferation and survival on specific pathways and kinases,
14 iScience 27, 108667, January 19, 2024



Figure 10. Hypothesis of EFNB1 levels regulating drug response patterns and its clinical implication

(A) The correlation between endogenous EFNB1 levels and the classification of B-cell neoplasms, cell of origin, drug response patterns, prognosis, and the role of

ectopic expression of EFNB1.

(B) Different levels of EFNB1 form multiple aggregates that crosstalk with the BCR signaling network, maintaining pro-proliferative signals and causing

differences in cell dependency on the SRC/PI3K/AKT signaling network.

(C) Quantitative analysis of EFNB1 levels as a model for guiding lymphoma classification, prognostic predication, and efficacy evaluation.
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and whether the cell is sensitive to inhibitors of the kinases/pathways, are two different issues. Different cells can depend on the same

signaling pathways, but their sensitivity to inhibitors may be different (Figure 10B). For example, the BCR signaling in ABC cells is activated,

and the survival and proliferation of ABC cells are highly dependent on BCR signaling. However, some ABC cells are not sensitive to BCR

signaling inhibitors, such as the BTK inhibitor. One explanation is that the BCR signaling pathway is overactivated, and a single BTKi inhibitor

still cannot block the BCR signaling pathway (Figure 10B). Another explanation is that the BCR signaling pathway is not the only signaling

pathway that maintains cell survival and proliferation (Figure 10B). When the BCR signaling pathway is blocked, cells can still depend on other

pro-proliferative signaling pathways, resulting in tolerance to the BTKi inhibitor.

Kinase inhibitors such as BTKi and PI3Ki have been approved for the treatment of various B-cell malignancies, but resistance can occur

through multiple mechanisms, such as complementary pro-survival signaling pathways.13 The crosstalk among pro-survival signaling path-

ways, such as Eph-Ephrin and RTK,39 greatly weakens the cell’s dependency on a single signaling pathway or a single kinase, leading to

the tolerance of targeted drugs. Combination therapy with multiple kinase inhibitors is one of the feasible strategies to overcome kinase in-

hibitor resistance. It is worth further exploring whether the level of EFNB1 changes during the process of treatment and acquired drug resis-

tance, thus serving as a predictive biomarker for drug resistance.
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The correspondence analysis of EFNB1 levels – drug responses in human DLBCL cell lines shows that EFNB1low cell lines are generally

sensitive to most targeted drugs, indicating a strong dependence of EFNB1low cells on BCR and PI3K-AKT signaling pathways. Contrary

to EFNB1low cell lines, EFNB1medium cell lines are tolerant to most targeted inhibitors, indicating that the survival of EFNB1medium cell lines

is not dependent on the BCR and PI3K-AKT signaling pathways. However, in EFNB1high cell lines, the correspondence between EFNB1 level

and drug response is very complicated, with some cell lines showing sensitivity to PI3K-ATK inhibitors. Meanwhile, these drug response pat-

terns observed in the DLBCL cell lines are also partially supported by the protein and phosphoproteins expression of cancer signaling path-

ways (Figure S1). These results suggest that different levels of EFNB1 are associated with different signaling networks and dependencies. An

explanation for the diversity of EFNB1 phosphorylation signaling network in different cells was the diversity of Ephrin aggregates. Ephrins, as

the ligands for Eph receptors, can form dimers and oligomers and activate bidirectional signaling pathways through their interaction with Eph

receptors. Meanwhile, it is worth noting that Ephrins or Ephs can also be activated independently by self-polymerization or interaction with

other signaling proteins.23,40 We hypothesize that the activation of EFNB1 in DLBCL is Ephs independent. When EFNB1 within cells is at a

moderate level, it can form dimers or small aggregates, which can trigger distinctive signaling networks other than the BCR and PI3K-AKT

signaling pathways (Figure 10B). Hence, EFNB1medium cell lines are tolerant to BCR and PI3K-AKT inhibitors. When EFNB1 in cells is at a

high level, EFNB1 can form larger aggregates, allowing for the residence of more signaling proteins. Hence, SRC or other proteins, such

as PI3K-AKT, are engaged as the pro-survival signaling pathways in EFNB1high cell lines (Figure 10B).

The Eph-Ephrin signaling pathway is abnormally activated in various cancers, and targeting the Eph-Ephrin signaling pathway is a potential

anti-tumor strategy.41,42 However, due to the complementarity of the pro-survival signals, targeting Eph-Ephrin alone does not effectively

inhibit tumor growth. Our results preliminarily found that overexpression of EFNB1 can sensitize cells to various cytotoxic drugs. Mass spec-

trometry data also supports that EFNB1 activates cytotoxic drug-related signaling pathways, such as DNA repair and cell cycle. Therefore,

EFNB1 is expected to become a target for chemotherapy sensitizers. EFNB1 agonists are expected to be combined with cytotoxic drugs

to reduce the dose and side effects of cytotoxic drugs.

Compared with DLBCL cell lines, BL and MM cell lines exhibit distinctive the correlation between drug response patterns and EFNB1 levels,

suggesting that EFNB1plays different roles in thepathological processesof different subtypesof B-cell neoplasms. These findings also suggested

that the SRC/PI3K/AKT pattern can be used as a potentially functional classification indicator for different subtypes of B-cell neoplasms. High-

throughput quantification methods, such as RNA-seq, although not currently a clinical routine method, have a large amount of information and

sequencing costs continue todecline,making it an important technological developmentdirection for precise diagnosis in thepresent and future.

For example, two studies have performed high-throughput quantitativemethods, theNanoString-based assay35 and RNA-seq,36 to analyze ABC/

GCB types using FFPE tissue. Considering its correlation with drug response patterns, we proposed that quantitative analysis of EFNB1 levels

may help distinguish different subtypes of B-cell neoplasms and predict their drug response patterns (Figure 10C). Our murine lymphoma/cell

line data standardized by FPKM (0–97) is differently from publicly available human cell line data standardized by TPM (0–3.3). Moreover, EFNB1

levels in PCNSL data are standardizedby ReadCounts. Due to differentmethods of data standardization, we cannot compare the differences be-

tweendifferent data. However, the range and relative expression level of EFNB1expression differences within the samedata should be evaluable.

In addition, we found that EFNB1 levels are associated with the origin of B-cell neoplasms. Cell of origin is a key basis for the classification of

B-cell neoplasms, which is related to patient prognosis and also a hot topic in the pathological mechanism of B-cell lymphoma. BL and GCB-

DLBCL originate from theGC stage, while ABC-DLBCL originates from theABC/post-GC stage, amongwhich ABChas theworst prognosis.We

found that EFNB1 expression level can further divideGCB-DLBCL into high expressionwith poor prognosis and low expressionwith goodprog-

nosis subgroups, reflecting the potential of EFNB1 level as a prognostic marker for subtype classification. At the same time, cell models with

ectopic expression of Efnb1 and lymphomamodelswith endogenous high expression of Efnb1 both show that EFNB1 can promote the increase

of COO scores and differentiation toward ABC-like direction, suggesting that the increase of EFNB1 expression is the cause rather than the

result of lymphoma progression. Therefore, we proposed that EFNB1 is not only a GC/postGC-specific gene with biological functions related

to GC/postGC stage, but also that EFNB1 level, similar to COO score, can reflect the degree of cell differentiation in DLBLC and PCNSL.

Drug response, tumorigenesis, and prognosis are three distinct but closely related concepts of tumor progressions. Tumor progression is

a dynamic process, and EFNB1may play different roles in different B-cell neoplasms and different stages of tumor progression. Rapid disease

progression and treatment failure/drug resistance are both causes of poor prognosis and are difficult to distinguish. For example, high-dose

MTX and Ara-C are the main drugs in the R-HyperCVAD regimen in PCNSL, and relatively low expression of EFNB1 may promote the pro-

gression of PCNSL, or it may confer tumor cell resistance to MTX/Ara-C. Therefore, it is difficult to accurately determine the cause of poor

prognosis in PCNSL with low expression of EFNB1, and rigorous experimental studies and retrospective analysis of clinical data may provide

evidence to understand the role of EFNB1 in B-cell neoplasms.

This study uncovers a significant correlation between the expression level of EFNB1 anddrug response. EFNB1 can regulate the phosphor-

ylation of key molecules involved in drug response, such as SRC and STMN1, conferring sensitivity of cells to targeted and cytotoxic drugs.

Our findings highlight the clinical implication of non-genetic biomarkers in drug efficacy prediction. In addition, we proposed that the expres-

sion level of key genes that are associatedwithmalignant characteristics andworse outcomesmay havemore clinical significance than genetic

classification biomarkers and should be given more attention.
Limitations of the study

Evaluating tumor heterogeneity and its impact on drug response is very challenging. This study focused on the analysis of cell lines and their

drug response data. Although this study established an EFNB1 ectopic expression cell model and validated the role of EFNB1 in drug
16 iScience 27, 108667, January 19, 2024
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response, and preliminarily explored its phosphorylation signaling network and clinical significance, it has not yet explored the impact of dif-

ferences in endogenous expression levels and cell background on drug response. At the same time, this study was unable to obtain clinical

trial data and perform retrospective validation of the drug response patterns observed in cell lines. The clinical study of efficacy prediction of

EFNB1 levels requires rigorous design and systematic analysis. In addition, multiple factors can affect efficacy evaluation, and heterogeneous

lymphoma animal models rather than heterogeneous cell line models should be the ideal model for comprehensive evaluation of drug

efficacy.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit monoclonal anti-Phospho-Src (Tyr416) (clone D49G4) Cell Signaling Technology Cat#6943 RRID:AB_10013641

Mouse monoclonal anti-ACTB (clone ARC5115-01) ABclonal Cat#AC026 RRID:AB_2768234

Bacterial and virus strains

MLS-Efnb1 Li et al.24 N/A

MLP-Stmn1 This paper N/A

MLP-Stmn1-S28A This paper N/A

Chemicals, peptides, and recombinant proteins

Dasatinib Selleck Cat#S1021

Ibrutinib Selleck Cat#S2680

MK-2206 Selleck Cat#S1078

Cytarabine Selleck Cat#S1648

Methotrexate Selleck Cat#S1210

Gemcitabine Selleck Cat#S1714

Topotecan Selleck Cat#S1231

Doxorubicin Selleck Cat#S1208

Vincristine Selleck Cat#S1241

Cisplatin Selleck Cat#S1166

Oxaliplatin Selleck Cat#S1224

Decitabine Selleck Cat#S1200

Dimethyl sulfoxide Merck Cat#V900090

Dimethylformamide Merck Cat#D4551

Deposited data

The mass spectrometry data of EV and Efnb1 cells ProteomeXchange PXD038838

Original western blot image Figshare https://doi.org/10.6084/m9.figshare.24442741

Experimental models: Cell lines

Murine B-cell lymphoma cell line: Em-myc; Cdkn2a�/� Li et al.24 N/A

Recombinant DNA

Retroviral vector: MLS and MLP Li et al.24 N/A

cDNA for Efnb1 Li et al.24 N/A

cDNA for Stmn1 This paper N/A

cDNA for Stmn1-S28A This paper N/A

Software and algorithms

R x64 4.0.3 www.rstudio.com/

Metascape Zhou et al.43 https://metascape.org/

SurvExpress Aguirre-Gamboa et al.44 http://bioinformatica.mty.itesm.mx/SurvExpress

Other

The Cancer Proteome Atlas (TCPA) database Yang et al.30 https://tcpaportal.org/

Genomics of Drug Sensitivity in Cancer (GDSC) database Ghandi et al.45 https://www.cancerrxgene.org/

Cancer Cell Line Encyclopedia (CCLE) database Li et al.46 https://sites.broadinstitute.org/ccle/

Cell Model Passports Wellcome Sanger Institute https://cellmodelpassports.sanger.ac.uk/
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Xiaoxi Li (lixiaoxi@

ujs.edu.cn).
Materials availability

Requests for materials should be directed to the lead contact.
Data and code availability

� Themass spectrometry data have been deposited at the ProteomeXchange repository and are publicly available as of the date of pub-

lication. Accession numbers are listed in the key resources table. Original Western blot images have been deposited at Figshare and

are publicly available from the date of publication. The DOI is listed in the key resources table.

� This paper does not report original code.
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

For cell lines

Murine B-cell lymphoma cell line Em-myc;Cdkn2a�/�was a kind gift fromProf. Hai Jiang at theCenter for Excellence inMolecular Cell Science.

Em-myc;Cdkn2a�/� cell line was cultured in 45%DMEM, 45%IMDM, 10% fetal bovine serum, supplemented with 100 U/ml penicillin and strep-

tomycin, 25mM b-mercaptoethanol. The carefully regulated incubation environment maintained a consistent 5% CO2-saturated humidity and

a stable temperature of 37�C to facilitate optimal cell growth and proliferation. Em-myc;Cdkn2a�/� cell line is derived from female mice ac-

cording to RNA-seq data. PCR-based test for mycoplasma contamination was performed every two weeks.
METHOD DETAILS

Data acquisition and correspondence analysis

Drug IC50 dataset of drug panel and expression dataset of gene panel of DLBCL cell lines were downloaded from Genomics of Drug Sensi-

tivity in Cancer (GDSC)45 and Cancer Cell Line Encyclopedia (CCLE).46 Annotation information for cell lines was downloaded from the Cell

Model Passports.

Correspondence analysis of IC50 data and gene expression data was performed using the FactoMineR package in R Studio.
RPPA data analysis

Reverse phase protein array (RPPA) data of human DLBLC cell lines was downloaded from The Cancer Proteome Atlas (TCPA).30 The normal-

ized (level 4) protein expression values of 214 proteins/phosphoproteins were used for differential expression analysis. The significant differ-

ence of each comparison was analyzed by unpaired t-test and p values of <0.05 were considered significant.
Constructs

Gene of interest (GOI) with Kozak sequenceGCCACCwere amplified from cDNAofMA cells and cloned into retroviral vectorMLS (LTR-MCS-

SV40-GFP) or MLP (LTR-MCS-PGK-Puro-IRES-GFP). Efnb1 had been cloned into MLS in a previous study.24 Stmn1 and Stmn1 S28A were

amplified from cDNA and cloned intoMLP in this study. MSCV retroviral vectors with a helper plasmid were co-transfected into HEK293T cells

to produce retrovirus. GOI-GFP stable cell lines were established by retrovirus infection with polybrene (20 mg/ml). MLP-based stable cells

(Stmn1 and Stmn1 S28A) were selected with puromycin (mug/ml). Fluorescence-activated cell sorting (FACS) was performed using

FACSAria II (BD) to sort MLS-based stable cells (Efnb1). The single-clone cell strains were established through the dilution method, in which

about 30 cells were seeded in 96 wells of a 96-well plate.
Chemicals

Dasatinib (S1021), Ibrutinib (S2680), MK-2206 (S1078), Cytarabine (Ara-C, S1648), Methotrexate (MTX, S1210), Gemcitabine (GEM, S1714),

Topotecan (TPT, S1231), Doxorubicin (DOX, S1208), Vincristine (VCR, S1241), Cisplatin (CDDP, S1166), Oxaliplatin (OXA, S1224), Decitabine

(DAC, S1200) were purchased from Selleck, USA.

All chemicals but CDDP and OXA were dissolved in dimethyl sulfoxide (DMSO, V900090, Merck, USA) to concentrations of 10mM and

aliquoted and stored at �20�C. CDDP and OXA were dissolved in Dimethylformamide (DMF, D4551, Merck, USA) to concentrations of

10mM and aliquoted and stored at �80�C. Working concentrations for all chemicals were determined by lethal dose tests.
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Drug response analysis

GFP competition assay was performed as previous.26 Retrovirus infected cells with 30%–50% GFP proportion were used in the GFP compe-

tition assay. 4x104 cells in 100mL of BCM and 100mL 2x working solution diluted by BCMwere mixed and incubated. 200mL and 400mL of fresh

BCMwere added at 24h and 48h. 100mL cell suspension were taken out to analyze the cell viability and GFP% of untreated and treated at 48h

and 72h.

In the GFP competition assay, cell viability was mainly used to evaluate whether the drug concentration achieved the effective lethal dose

(LD). Drug concentration achieving LD80 to LD90 at 48h was optimal for most drugs in GFP competition assay. The living cells, which were PI

(propidium iodide) negative population, were gated to analyze the percentage of GFP in untreated and treated samples. GFP% of untreated

and treated at 48h or 72h was used to calculate the Resistance Index (RI), which was used to evaluate the effect of genetic modification on

therapeutic response of cells to tested drugs.

RI=(G1-G1*G2)/(G2-G1*G2). G1, GFP% in untreated. G2, GFP% in treated.

Gradient dose analysis was performed as follows. EV cells or sorted Efnb1 cells were mixed with 2-fold drug working solution and incu-

bated as GFP competition assay. 200mL of fresh BCM were added at 24h. 100mL cell suspension were taken out to analyze the cell viability

at 48h.
Western blot analysis

Protein was extractedby RIPAbuffer containing protease andphosphatase inhibitors. Protein samples were equally loadedwith 25 mgprotein

on 10% gels and separated at 120V. PVDF membranes with transferred proteins were blocked with 5%milk in TBST and immunoblotted with

the following antibodies: Rabbit monoclonal anti-Phospho-Src (Tyr416) (#6943, Cell Signaling Technology, 1:1000, USA), Mouse monoclonal

anti-ACTB (AC026, ABclonal, 1:100000, CN). Chemiluminescent was detected by Amersham Imager 600 (GE Life Sciences, USA).
Mass spectrometry data analysis

Cells were harvested by centrifugation and washed with cooled PBS three times. The precipitates were quick freezing at�80 and shipped to

biotech company for mass spectrometry analysis with dry ice. Each sample was collected three times as three biological replicates.

The mass spectrometry analysis process was as follows. First, proteins were extracted and the concentrations of proteins were measured

with BCA method. After trypsin enzymatic hydrolysis, the processed samples of replicates were combined and analyzed by LC-MS/MS to

obtain raw files of the original mass spectrometry results. After MaxQuant (1.6.2.10) analysis, match the data and obtain the identification

results.
Pathway enrichment analysis

Pathway enrichment analysis of DPs and DEPs was performed with Metascape.43 Pathway enrichment analysis has been carried out with GO

Biological Processes. All genes in the genome have been used as the enrichment background.
Prognostic analysis

Survival analysis was performedwith the online tool SurvExpress.44 The following datasets were used for survival analysis. DLBCL, Lenz-Staudt

GSE10846,47 number of patients = 414. FL, Leich-Staudt, GSE16131,48 number of patients = 184. MM, Shaughnessy, GSE2658,49 number of

patients = 559. CLL, Herold Bohlander, GSE22762,50 number of patients = 107. The prognostic index (PI) was calculated by the expression

value and the Cox model to generate the risk groups. The optimization algorithm was applied in risk grouping. The SurvExpress program

was performed according to the tutorial.
COO classification

The COO score was calculated based on the expression of 20 ABC/GCB subtype associated genes and assigned to ABC, GCB, and unclas-

sified categories. 12 genes associated with ABC classification were SH3BP5, IRF4, PIM1, ENTPD1, BLNK, CCND2, ETV6, FUT8, BMF, IL16,

PTPN1. 8 genes associated with GCB classification were ITPKB, MME, BCL6, MYBL1, DENND3, NEK6, LMO2, LRMP, SERPINA9.

The gene expression values were quantile normalized and log2 transformed, and then z-normalized across the genes. The average of the

z-scores was calculated for each sample to compute the ABC/GCB scores. The COO score as a combined subtype score was then computed

by taking the difference in the ABC score to the GCB score.

If theCOOscorewas>0.25 and its GCB scorewas <0.75, the samplewas classified as ABC; If theCOOscorewas <�0.25 and its ABC score

was <0.75, the sample was classified as GCB. The rest of the samples belonged to the unclassified group.
QUANTIFICATION AND STATISTICAL ANALYSIS

GraphPad Prism Version 9 software (GraphPad Software, USA) was used for graphing and statistical analysis. The unpaired t-test and the log

rank test were used as indicated in the figure legends. Data are presented as mean G SEM and p value < 0.05 was considered statistically

significant. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 and n.s. indicates not significant (p > 0.05).
22 iScience 27, 108667, January 19, 2024


	ISCI108667_proof_v27i1.pdf
	EFNB1 levels determine distinct drug response patterns guiding precision therapy for B-cell neoplasms
	Introduction
	Results
	EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in the DLBCL cell lines
	EFNB1 confers chemo-susceptibility
	EFNB1 phosphorylation signaling network contributes to chemo-susceptibility
	The EFNB1 phosphorylation signaling network is associated with the prognosis of GCB-DLBCL
	EFNB1 level is an indicator and cause of B-cell lymphoma differentiation
	EFNB1 level is associated with the prognosis of PCNSL patients
	EFNB1 levels are associated with drug response patterns of SRC-PI3K-AKT inhibitors in the BL and MM cell lines
	The EFNB1 phosphorylation signaling network is associated with the prognosis of FL, MM, and CLL
	The effect of EFNB1 on drug response is not EFNB1 level dependent

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	Inclusion and diversity
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	For cell lines

	Method details
	Data acquisition and correspondence analysis
	RPPA data analysis
	Constructs
	Chemicals
	Drug response analysis
	Western blot analysis
	Mass spectrometry data analysis
	Pathway enrichment analysis
	Prognostic analysis
	COO classification

	Quantification and statistical analysis




