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The introduction of immune checkpoint blockade (ICB) has markedly improved outcomes for advanced melanoma. 
However, many patients develop resistance through unknown mechanisms. While combination ICB has im-
proved response rate and progression-free survival, it substantially increases toxicity. Biomarkers to distinguish 
patients who would benefit from combination therapy versus aPD-1 remain elusive. We analyzed whole-exome 
sequencing of pretreatment tumors from four cohorts (n =  140) of ICB-naïve patients treated with aPD-1. 
High genomic heterogeneity and low ploidy robustly identified patients intrinsically resistant to aPD-1. To estab-
lish clinically actionable predictions, we optimized and validated a predictive model using ploidy and heteroge-
neity to confidently identify (90% PPV) patients with intrinsic resistance to and worse survival on aPD-1. We 
further observed that three of seven (43%) patients predicted to be intrinsically resistant to single-agent PD-1 ICB 
responded to combination ICB, suggesting that these patients may benefit disproportionately from combina-
tion ICB. These findings highlight the importance of heterogeneity and ploidy, nominating an approach toward 
clinical actionability.

INTRODUCTION
The introduction of immune checkpoint blockade (ICB) has mark-
edly enhanced the treatment landscape for patients with advanced 
melanoma, but only a subset of patients has durable response to ther-
apy (1–3). Single-agent antibodies to programmed cell-death protein 
1 (aPD-1) ICB nivolumab and pembrolizumab and combination aPD-1 
and anti-cytotoxic T-lymphocyte associated protein-4 (aCTLA-4) 
ICB (ipilimumab + nivolumab) are standard first-line treatment 
options for patients with advanced metastatic melanoma, with the 
latter showing improved response rates and progression-free sur-
vival (PFS) and trending toward improved overall survival (OS) (4). 
However, combination therapy incurs more severe immune-related 

adverse events (>50% versus ~15% for single-agent aPD-1 ICB) 
(3, 5), and the absolute difference in proportion of patients with du-
rable response to combination versus single-agent ICB is <10%. Bio-
markers to guide between combination and single-agent ICB are 
crucial but currently lacking. This highlights the need to improve our 
understanding of the molecular determinants of response and resis-
tance to (i) guide more personalized and rational utilization of ICB 
treatment options and (ii) identify novel targets and combinations to 
overcome resistance. Thus far, several markers have been suggested to 
be associated with response to aPD-1 ICB. Tumor mutational burden 
(TMB) was the first to be associated with response in patients with 
melanoma (6, 7). Subsequently, several additional features have been 
proposed on the basis of neoantigaen load, immunohistochemical 
quantification of programmed death-ligand 1 (PD-L1) and CD8, ge-
netic alteration in the antigen presentation genes, and gene expression–
based interferon-γ (IFN-γ) signature (7–13). Many of these biomarkers 
were nominated in nonmelanoma or pancancer settings, with in-
consistent validation in metastatic melanoma and without differen-
tiation of important clinical context (e.g., different ICB regimens 
or prior therapy). In this study, we focus on aCTLA-4 ICB–naïve pa-
tients with metastatic melanoma (which represents the current front-
line therapy setting for metastatic melanoma) treated with aPD-1 
ICB, discovering that genomic heterogeneity and ploidy predict in-
trinsic resistance to aPD-1 ICB. We develop a simple decision tree 
based on these features to identify with high precision patients with 
intrinsic resistance to aPD-1 ICB who may disproportionately benefit 
from combination ICB and validate these findings in independent 
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cohorts of PD-1 and contrast with combination PD-1/CTLA-4 ICB–
treated patients with melanoma. We also observe that these predic-
tions do not mirror known clinical or previously nominated 
molecular features associated with poor-risk disease or poor response 
to ICB. This work builds on our recent findings, where prior therapy 
significantly stratified response to aPD-1 ICB, and overcomes prior 
limitations due to lack of validation cohorts (14). The aim is to en-
hance personalized and rational ICB utilization, identify novel targets 
and combinations to overcome resistance, and understand the role of 
genomic heterogeneity and ploidy in response and survival, advanc-
ing precision medicine in oncology.

RESULTS
Low ploidy and high heterogeneity discriminate patients 
with intrinsic resistance to aPD-1 ICB in multiple 
independent cohorts
We harmonized several cohorts of patients with metastatic mela-
noma from previous studies and clinical trials (table S1) (15, 16). 
From these studies, we identified patients matching first-line treat-
ment with aPD-1 immune checkpoint blockade (i.e., removing pa-
tients who had prior ICB treatment or were treated with aCTLA-4 
or combination aPD-1/aCTLA-4 therapy) with whole-exome se-
quencing (WES) of pretreatment tumor samples (Materials and 
Methods). We categorized patients with intrinsic resistance to ther-
apy [exhibiting progressive disease (PD) at first restaging scan] as 
“progressors.” In a previous analysis of WES of patients with meta-
static melanoma treated with aPD-1 ICB (14), we found that high 
genomic heterogeneity and low genomic ploidy predicted intrinsic 
resistance in ICB-naïve patients, and a parsimonious predictive 
model incorporating genomic heterogeneity, ploidy, and tumor pu-
rity predicted intrinsic resistance [cross-validation area under the 
curve (AUC) of 0.76]. Genomic heterogeneity was defined as the 
proportion of subclonal nonsynonymous mutations inferred from 
WES (Materials and Methods).

In the current study, we applied this model to an independent co-
hort from two clinical trials (BMS CheckMate-038 and CheckMate-
064; 27 and 13 patients, respectively, included after quality control), 
demonstrating a modest AUC of 0.64 (fig. S1A). Examining the in-
dividual features of the model, tumor purity was not associated with 
response in the independent cohorts evaluated (fig. S1B), but the 
association between higher genomic heterogeneity and lower ploidy 
with intrinsic resistance to therapy was robust (ploidy MW P = 0.002 
and heterogeneity MW P = 0.038; ploidy MW P = 0.027 and hetero-
geneity MW P = 0.018 in the original and independent cohorts, re-
spectively; Fig. 1, A and B). Consequently, we developed models using 
only the robust features of genomic heterogeneity and ploidy in a 
combined discovery cohort (Fig. 1C) of n = 124 patients. Logistic 
regression and decision tree models using heterogeneity and ploidy 
had moderate AUCs in the combined cohort (AUC of 0.73 and 0.75, 
respectively; 10-fold cross-validation AUC of 0.72; fig. S2); patients 
predicted to be PD by the model had an overall response rate (ORR) 
of 5.1 (95% CI, 2.4 to 10.9) and 8.6 (95% CI, 3.7 to 20.1) for intrinsic 
resistance in the logistic regression and decision tree models, re-
spectively (Fig. 1, D and E). The models also stratified OS and PFS 
with the patients predicted as PD having worse OS [decision tree 
hazard rate ratio (HR) = 3.1 (95% CI, 1.8 to 5.3), P < 0.0001; logistic 
regression HR = 1.9 (95% CI, 1.1 to 3.3), P = 0.019] and PFS [decision 
tree HR = 2.5 (95% CI, 1.6 to 3.9), P < 0.0001; logistic regression 

HR = 2.0 (95% CI, 1.3 to 3.1), P = 0.0018; fig. S3]. The decision tree 
model was characterized by higher-precision/positive predictive 
value (PPV; 76% versus 66%) and specificity (84% versus 71%) com-
pared to the logistic regression model (fig. S2, B and C), offering 
a straightforward approach to predicting patients with intrinsic 
resistance (Fig. 1F).

To further evaluate the robustness and potential translatability of 
our findings, which were based on our methods to infer genomic 
heterogeneity and ploidy from WES, we evaluated multiple different 
definitions of genomic heterogeneity, specifically varying the cancer 
cell fraction (CCF) thresholds to categorize variants “clonal” versus 
“subclonal” and different metrics of heterogeneity, and found that 
our results remained robust across a range of thresholds and hetero-
geneity metrics (Materials and Methods, fig. S4, and table S2). Fur-
thermore, we tested an automated approach to infer purity and 
ploidy (needed to estimate CCF), with significant stratification be-
tween progressors and responders (Materials and Methods and fig. 
S5), suggesting potential feasibility for practical applications.

Timing of whole-genome doubling event distinguishes 
responders versus nonresponders with 
whole-genome doubling
We analyzed tumors misclassified by our model, e.g., tumors exhib-
iting low heterogeneity and high ploidy but still showing intrinsic 
resistance, and tumors with high heterogeneity and low ploidy but 
without intrinsic resistance. The distribution of ploidy in our co-
horts is bimodal (Fig. 2A and fig. S6), with higher ploidy driven by 
whole-genome doubling (WGD) events (Fig. 2, A and B). The muta-
tions within WGD tumors manifest different multiplicities (e.g., one 
or two copies per cancer cell) reflecting mutations occurring either 
after (one copy) or before (two copies) the WGD event (Fig. 2C). 
Consequently, the ratio of 2:1 multiplicity of mutations is thus as-
sociated with time from the WGD event (17, 18). Three WGD tu-
mors, misclassified by our predictive model as nonprogressors 
because of low heterogeneity and high ploidy, exhibited a high 2:1 
single-nucleotide variant (SNV) multiplicity ratio. This suggests that 
they may represent recent WGD events (Fig. 2D). Incorporating 
SNV multiplicity as a feature of the model led to a small AUC im-
provement (AUC = 0.76; fig. S7, A and B, with examples of PD sam-
ples with WGD and low heterogeneity in fig. S7C and responder 
samples with WGD and low heterogeneity in fig. S7D). Conversely, 
misclassified patients predicted to have intrinsic resistance (PD) but 
observed to have non-PD (nPD; 11 of 46 predicted PD patients) 
lacked distinguishable genomic or clinical characteristics. Most of 
these patients had stable disease (SD) as best response [7 SD, 3 par-
tial response (PR), and 1 complete response (CR) of 11 misclassified 
patients]. Furthermore, most misclassifications occurred at relatively 
lower heterogeneity (fig. S8), indicating less favorable outcomes, 
even in the absence of PD at the earliest assessment point.

Genomic heterogeneity specifically predicts therapy 
response, while ploidy is prognostic
To probe the distinct prognostic (i.e., indicative of poor biology in-
dependent of therapy) and predictive (outcome in the context of 
therapy) functions of genomic heterogeneity and ploidy, we exam-
ined data from The Cancer Genome Atlas (TCGA) melanoma co-
hort (19). This information was gathered at a time when modern 
targeted and ICB therapies were not broadly used, thus representing 
an “untreated” cohort. Ploidy was significantly higher in metastatic 
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Fig. 1. High genomic heterogeneity and low ploidy predict intrinsic resistance in previously ICB-naïve PD-1 treated patients. (A) Genomic heterogeneity and 
ploidy in progressors (PD as best response, orange) versus responders (CR/PR as best response, green) and other (SD or MR as best response, gray) in the CTLA-4 ICB–naïve 
PD-1 ICB–treated subset of a large discovery cohort of patients with metastatic melanoma [Mann-Whitney Wilcoxon (MWW) P = 0.038 and P = 0.0021 for heterogeneity 
and ploidy, respectively]. (B) Genomic heterogeneity and ploidy comparison in progressors, other, responders of a validation CTLA-4 ICB–naïve PD-1 ICB–treated cohort 
drawn from two clinical trials (MWW P = 0.018 and P = 0.027 for heterogeneity and ploidy, respectively). (C) A combined discovery cohort was constructed combining the 
patients from three different cohorts: (14), the clinical trials CheckMate-038 and CheckMate-064. For CheckMate-064, only the patients in the arm A were selected; for 
these patients, the response was evaluated after 12 weeks. (D) Decision boundaries of the logistic regression model (LR) with genomic heterogeneity and ploidy as fea-
tures to predict patients with intrinsic resistance (PD) using the combined discovery cohort. The orange area represents the area predicted by the model as PD, while the 
blue area represents the patients predicted as not PD (nPD). The observed therapy response of each patient is represented by the orange plus symbol (PD) or the blue 
triangle (nPD). (E) Decision boundaries for a decision tree model. (F) Structure of the decision tree with logic and split cutoff used. In each node, the top number represents 
the overall prediction for the node, with 1 being PD and 0 being nPD. The second number represents the probability of the patients in that group to be PD. The third 
number denotes the proportion of samples in that node.
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(n = 392) versus primary (n = 61) lesions (Fig. 3A), a finding in line 
with previous studies (14,  20,  21), which underscores the role of 
WGD in tumor development and metastasis (22). In contrast, ge-
nomic heterogeneity was significantly higher in primary samples 
(Fig. 3A), consistent with a founder bottlenecking effect in metastatic 
lesions. Univariate Cox survival analyses of the metastatic subset 
revealed that ploidy, but not heterogeneity, was associated with OS 
[heterogeneity HR = 1.5 (95% CI, 0.55 to 4.0), P = 0.44, ploidy 
HR = 0.76 (95% CI, 0.6 to 0.96), P = 0.02; Fig. 3, C and D]. In con-
trast, in our aPD-1 ICB–treated cohort, high heterogeneity in meta-
static samples was strongly associated with worse PFS and OS [PFS 
Cox HR = 8.0 (95% CI, 1.5 to 42), P = 0.013; OS Cox HR = 19.0 
(95% CI, 4.1 to 84)]. Ploidy displayed a similar estimated effect size 
and borderline statistically significant associations with improved 
PFS [Cox HR = 0.74 (95% CI, 0.54 to 1), P = 0.065] and OS [Cox HR = 
0.76 (95% CI, 0.51 to 1.1), P = 0.181] in this smaller cohort. In 

multivariate analysis, ploidy (but not heterogeneity) once again pre-
dicted OS in the untreated cohort [HR = 0.64 (95% CI, 0.5 to 0.84), 
P = 0.001; Fig. 3E], whereas in the aPD-1 ICB–treated cohort, het-
erogeneity strongly stratified PFS and OS, while ploidy lost its pre-
dictive strength [heterogeneity HR = 13.87 (95% CI, 2.7 to 71.3), P = 
0.002; ploidy HR = 0.87 (95% CI, 0.56 to 1.4), P = 0.55; Fig. 3, F and 
G]. Collectively, our analysis demonstrates the strong predictive role 
of genomic heterogeneity on patient outcomes under aPD-1 ICB 
therapy, while ploidy is also prognostic in non-ICB–treated scenarios.

Genomic heterogeneity is higher in noncutaneous 
melanoma subtypes and is driven by non-ultraviolet 
mutational processes
In our investigation, we examined the differences in genomic het-
erogeneity and ploidy among the different types of metastatic mela-
noma, including the following subtypes: cutaneous (n = 90), acral 

Fig. 2. WGD and its timing are associated with response to ICB. (A) Ploidy distribution of whole-genome doubled and non–whole-genome-doubled tumors. Higher 
ploidy is driven by WGD events. (B) Proportion of patients with WGD event in the patients with PD versus nPD patients (Fisher’s exact P = 0.011). (C) Graphical representa-
tion on how to compute the SNV multiplicity ratio and estimate the time of WGD event. (D) Ratio of multiplicity 2:1 SNV mutations and heterogeneity scatterplot for WGD 
tumors. Orange dots represent patients with PD as best response (PD), and blue represents nPD. A high 2:1 SNV multiplicity ratio indicates few SNV mutations after ge-
nome doubling, consistent with a recent WGD event.
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(n =  9), occult and other (n =  14), mucosal (n =  9), and ocular/
uveal (n = 2). Our analysis revealed that acral melanoma exhibits 
the highest incidence of WGD, at 55%, followed by mucosal at 44% 
and cutaneous at 40%. These trends are consistent with recent 
whole-genome sequencing studies (23). Notably, our data indicate 
that noncutaneous melanoma subtypes show significantly higher 
heterogeneity compared to cutaneous melanomas. Specifically, the 

median heterogeneity is 0.27 for acral melanoma (P = 0.021), 0.43 
for patients with ocular/uveal melanoma (P = 0.025), although this 
is based on a small sample size, and 0.3 for the mucosal group 
(P < 0.001), in contrast to a median heterogeneity of 0.15 in cutane-
ous melanoma (fig. S9). However, associations between heterogene-
ity and ploidy with response were evident even when confining the 
analysis to cutaneous melanoma (heterogeneity P =  0.013; ploidy 
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P < 0.001; fig. S9D). Mutational signature analysis demonstrated a 
positive correlation of genomic heterogeneity with a double-strand 
break–related mutational signature (COSMIC Signature 3) (24), 
and negative correlation with the proportion of mutations inferred 
to be due to the ultraviolet (UV) mutational signature (COSMIC 
Signature 7; fig. S10) (24), suggesting that genomic heterogeneity in 
cutaneous melanomas is driven by non–UV-associated mutational 
processes after the appearance of the initial melanoma clone driven 
primarily by UV-induced mutations.

Heterogeneity and ploidy can better identify patients with 
PD compared to previously nominated signatures 
and biomarkers
TMB and an IFN-γ signature have been associated with response to 
aPD-1 ICB in large pancancer cohorts (10), although performance 
in the melanoma subgroup was worse than the pancancer cohort 
(AUC of 0.60, 0.64, and 0.66 for TMB, IFN-γ signature, and the 
combination, respectively). In our cohort of patients with metastatic 
melanoma, we explored the stratification of responders (CR+PR) 
versus PD in terms of TMB and IFN-γ. In the studies of the indi-
vidual cohorts in our combined discovery cohort, the association of 
TMB with response to therapy was mixed (14,  25). A predictive 
model using TMB and IFN-γ signature in the subset of our discov-
ery cohort with bulk RNA sequencing (RNA-seq; n = 108; fig. S11) 
had moderate performance (AUC = 0.67) but was worse both in 
terms of AUC and Bayesian Information Criteria (BIC) in compari-
son with a model with genomic heterogeneity and ploidy (figs. S12 
and S13). Notably, one of the highest TMB tumors (>50 mutations 
per MB) was a nonresponder but had high heterogeneity and low 
ploidy (fig. S12) and was correctly classified by our model. While 
TMB, estimated as total number of nonsynonymous mutations, is 
independent of heterogeneity and ploidy (fig. S14), its inclusion in 
the model with heterogeneity and ploidy did not substantially en-
hance performance (AUC increase of 0.0063). Among a subgroup of 
patients for whom the RNA-seq data were available, TMB and IFN-γ 
were not correlated with ploidy and heterogeneity, IFN-γ does not 
improve model performance, while TMB led to a marginal AUC 
improvement in the subset with RNA-seq data (AUC increase of 
0.0163; figs. S12, S13, S15 and S16).

Unbiased feature selection reveals a signature of tertiary 
lymphoid structures as a potential additional model feature
To further examine other more recently nominated features, we 
evaluated recently described transcriptomic signatures and models, 
different metrics of genomic instability, and a thorough examination 
of the correlations between all the features evaluated (full list in 
table S3; figs. S12 to S14). We also tested recent tumor states signa-
tures (fig. S17A) (26, 27). The analysis led to the identification of a 
significant association between the melanocytic state signature and 
PD to single-agent aPD-1 (P = 0.031) in both bulk RNA-seq and the 
tumor-specific transcriptome after deconvolution (Materials and 
Methods and fig. S17C). A multivariate model including ploidy and 
heterogeneity together with the melanocytic state showed that these 
three features are independent from each other (fig. S17B). The me-
lanocytic state does not correlate with ploidy, heterogeneity, or tu-
mor purity or with various immune signatures (fig. S14), suggesting 
that this association is distinct from tumor immunogenicity.

To evaluate the robustness of these features, we conducted an un-
biased forward selection procedure using 10-fold cross-validation, 

selecting in each fold the model with the lowest BIC and evaluating 
the frequency of the features across the folds. This evaluation was per-
formed for both subsets with paired WES and RNA-seq (n = 108 with 
10-fold cross-validation) and the entire discovery cohort (n = 124). 
Specifically, we assessed the best-performing models and their fea-
tures using 10-fold cross-validation with forward feature selection 
based on BIC. While ploidy, heterogeneity, and TMB were, as expected, 
frequently selected features (selected in 10 of 10, 6 of 10, and 7 of 
10 of the folds, respectively; the melanocytic state signature was se-
lected only in 2 of 10; fig. S13C), a recent signature of tertiary lym-
phoid structures (TLSs) (28) was selected in 9 of 10 folds. The TLS 
signature was not associated with intrinsic resistance in univariate 
analyses. Furthermore, it had relatively low correlation with other im-
mune signatures (fig. S15), suggesting a distinct immunological state. 
Overall, our analyses suggest additional features that may comprise 
part of a combination biomarker along with heterogeneity and ploidy.

Optimizing the predictive model identifies patients with 
intrinsic resistance with high specificity
A barrier to using biomarker-driven strategies clinically is biomarker 
specificity. We developed a model to predict patients with intrinsic 
resistance to aPD-1 ICB with high specificity (i.e., strong precision or 
PPV) at a cost of reduced sensitivity (i.e., accurately pinpointing all 
patients with intrinsic resistance). This approach reflects a clinical 
interest in discerning patients highly likely to exhibit intrinsic resis-
tance to single-agent aPD-1 ICB, who might be particularly suited 
for combination immunotherapies. In alignment with this objective, 
we developed a modified version of the decision tree model (MDT; 
Materials and Methods) with increased weights for patients without 
intrinsic resistance to aPD-1 ICB (Fig. 4A and fig. S8B). Applying 
this model, 21 patients (comprising 17% of the cohort) were pre-
dicted to be PD, with a PPV of 90% (19 of 21 correctly predicted), a 
specificity of 97% (66 of 68 patients correctly identified as nPD), and 
a sensitivity of 33% (19 of 56 patients with PD). A modified cross-
validation by training on two cohorts and using the third as a valida-
tion showed median PPV, specificity, and sensitivity of 0.75, 0.85, 
and 0.5 (fig. S18). The models stratified OS and PFS, with those pre-
dicted as PD having notably worse OS [MDT HR = 3.0 (95% CI, 1.6 
to 5.5), P = 0.00023] and PFS [decision tree HR = 3.0 (95% CI, 1.7 to 
5.2), P < 0.0001; Fig. 4B, fig. S8C].

Patients predicted as intrinsically resistant to aPD-1 ICB 
have similar clinical features to the overall cohort
Certain clinical characteristics such as high tumor burden, site-
specific metastases (e.g., brain and liver) indicative of more severe 
disease, and subtypes such as uveal melanoma are linked with un-
favorable outcomes and have clinical indications for combination 
ICB treatment (29–31). To assess whether our model’s predictions 
of intrinsic resistance to aPD-1 ICB are independently informative 
with these adverse clinical features, we examined factors including 
M stage, lactate dehydrogenase (LDH) baseline levels, the presence 
of brain metastases, primary melanoma subtype, the presence of 
liver metastases, Eastern Cooperative Oncology Group (ECOG) 
performance status, the presence of lung metastases, and age (fig. 
S19). Notably, our analysis did not uncover any statistically signifi-
cant differences in clinical characteristics between patients predict-
ed to be PD and others within the cohort (Fig. 4C). In addition, of 
the 21 patients predicted as PD only, 8 had known clinical features 
(2 with brain metastases, 2 with uveal melanoma, and 4 with 
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mucosal melanoma) that would strongly argue for the selection of 
combination ICB (Fig. 4D and table S1). We did not detect signifi-
cant variations in heterogeneity and ploidy in relation to M stage, 
LDH level, or between patients with and without brain metastases 
(figs. S20 and S21). In sum, our model predicts patients to have 
intrinsic resistance independently of clinical features that might 
already drive use of combination aPD-1 ICB.

Genomic heterogeneity and ploidy add independent 
information to a clinical nomogram
Last, we evaluated a recently developed clinical nomogram (32) that 
predicts response to ICB based on clinical features. Unfortunately, 
our cohort did not have all the required clinical features for the 
model (i.e., neutrophil-to-lymphocyte ratio, liver metastasis pres-
ence, ECOG, and lung metastasis presence). However, five patients 
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that were correctly predicted by our model to have intrinsic resis-
tance had at least a score of intermediate or good response risk by 
the nomogram based on available clinical data (fig. S22), emphasiz-
ing the additional predictive value of this genomic data.

Independent cohorts validated the model
Last, to validate this model in an external cohort, we collected and 
tested our model against a small independent cohort of 16 addition-
al patients who were ipilimumab naïve and treated with aPD-1/
aPD-L1 (table S4) (33). Within this group, we observed 4 patients 
with CR/PR, 1 patient with SD, 1 patient with a mixed response 
(MR), and 10 patients with PD as best objective response (BOR). 
Despite the small sample size, the combination of high heterogene-
ity and low ploidy effectively pinpointed intrinsically resistant pa-
tients (Fig. 5, A to C). Furthermore, our modified model maintained 
its precision, accurately predicting all patients identified by our op-
timized approach as intrinsically resistant (n = 5, PPV = 100% and 
specificity = 100%). We further applied our model to an indepen-
dent cohort of combination aPD-1/aCTLA-4 ICB–treated patients 
(n = 13; table S5). Because of the unavailability of RECIST annota-
tion for this group, we classified intrinsic resistance (PD) as patients 
who showed progression with a PFS of less than 6 months, contrast-
ing them with those with a PFS exceeding 6 months (nPD). In this 
cohort of combination aPD-1/aCTLA-4–treated patients, heteroge-
neity still exhibited a trend toward being elevated in PD patients 
versus nPD (P = 0.052; Fig. 5D), ploidy showed no substantial dif-
ference. Three of seven (43%) patients predicted to be intrinsically 
resistant to single-agent PD-1 ICB by our model turned out to be 
nPD when treated with the combination aPD-1/aCTLA-4 ICB. This 
observation suggests that some patients identified by this model 
might derive differential benefits from combination ICB as opposed 
to single-agent ICB (Fig. 5E).

Genomic heterogeneity and ploidy can be estimated from 
clinical assays
Intratumoral heterogeneity and ploidy are estimated here using 
WES of matched tumor and normal tissue and associated analytics, 
which are not standardized or routinely available clinically. Targeted 
next-generation sequencing (TNGS) panels are NGS assays that se-
quence only a subset of common cancer genes and are used clini-
cally to determine eligibility and efficacy for targeted therapies. The 
number of genes and genomic area covered by TNGS panels varies 
widely, from a few dozen genes to several hundred, with a coverage 
of at most 1 to 3 Mb, in comparison to WES where ~20,000 genes 
and ~30 Mb are covered, and it is unclear whether genomic hetero-
geneity and ploidy can be accurately estimated from this reduced 
coverage or whether such estimates will be predictive of ICB re-
sponse. To test the potential of TNGS to estimate heterogeneity, we 
created pseudo-targeted panels by down-sampling WES analysis, 
taking only the genes included in three TNGS panels: OncoPanel 
(447 genes), a targeted NGS used at one institution, Foundation 
Medicine (324 genes), and Essen University Hospital target panel 
(611 genes). Our analysis showed a very strong correlation between 
heterogeneity estimates from WES and the pseudo-targeted gene 
panel, especially when filtering out the samples with less than three 
mutations detected from TNGS (corr ≥ 0.71, P < 0.001 for all the 
panels; fig. S23). However, a subset of tumors (n  =  44) were ob-
served with TNGS heterogeneity of 0 but high WES heterogeneity 
(from 0.02 to 0.4). Tumors with TNGS heterogeneity of 0 had lower 

TMB (fig. S23D), suggesting that subclonal mutations in genes not 
included in TNGS panels are nonetheless informative.

To further evaluate the potential estimation of ploidy and heteroge-
neity from TNGS, we determined naïve estimates of genomic hetero-
geneity and ploidy using a recently published cohort of ICB-treated 
patients with MSK-IMPACT targeted panel sequencing, including 22 
patients with metastatic melanoma that were ipilimumab naïve and 
treated with aPD-1. The MSK-IMPACT TNGS uses both the tumor 
and the matched normal sample, enabling improved copy number 
estimation. Tumor purity and ploidy were estimated using FACETS 
(Materials and Methods), and CCF for variants was inferred and used 
to define subclonal and clonal mutations and, therefore, genomic het-
erogeneity. Even in this case, 9 of 22 samples had heterogeneity equal to 
zero, with a clear difference in the heterogeneity distribution compared 
to our WES discovery cohort (fig. S24A). The distribution of ploidy 
instead was concordant with that of our discovery cohort, and there is 
a trend of higher ploidy in nPD samples (P = 0.21; fig. S24B), support-
ing the utilization of paired tumor-normal TNGS to estimate ploidy.

DISCUSSION
In this study, we identified and validated low ploidy and high genomic 
heterogeneity as two robust independent biomarkers of intrinsic resis-
tance to aPD-1 as first-line ICB in patients with metastatic melanoma 
across multiple independent cohorts. Comparing with an untreated 
metastatic melanoma cohort, we found that genomic heterogeneity is 
predictive of survival in aPD-1–treated populations, while ploidy is 
prognostic, associated with OS differences even in untreated patients. 
In addition, we observed that rare melanoma subtypes [which have 
worse outcomes to immunotherapy (34)] have higher genomic het-
erogeneity, suggesting that this may underpin some of the differences 
in outcomes. Benchmarking against nominated biomarkers such as 
TMB and IFN-γ, we find that genomic heterogeneity and ploidy per-
form better in predicting response and intrinsic resistance. Toward 
clinical translation, we developed an optimized model with genomic 
heterogeneity and ploidy to identify with high specificity and PPV pa-
tients with intrinsic resistance to single-agent aPD-1 ICB. The major-
ity of patients thus identified had no other adverse clinical feature that 
would have already predisposed toward combination ICB, and a re-
cent clinical nomogram would have identified these patients as good 
or intermediate response risks. Furthermore, the timing of the WGD 
event, as the principal driver of ploidy disparities, may influence pre-
dictions of response and survival to aPD-1 ICB.

Intratumoral genomic heterogeneity has been associated with 
highly mutagenic disease with a higher likelihood of preexisting or 
rapidly evolving resistant clones and associated with worse clinical 
outcomes in a range of clinical contexts (14, 35–38). In vivo studies 
of intratumoral heterogeneity using mixes of UVB-irradiated sub-
clones have demonstrated increased tumor growth in heteroge-
neous compared to homogenous tumors in immune-competent 
versus immunodeficient mice (39). However, it has variable associa-
tion with response to ICB in different histologies and clinical con-
texts, and its utility as a biomarker has not previously been well 
demonstrated. The role of ploidy is much more complex. Large-
scale differences in ploidy are driven by WGD events, which are 
common in cancer [30% of solid tumors in one estimate (20)]. The 
hypothesized benefit of WGD to tumors is the ability to tolerate 
copy number alterations (aneuploidy) across the genome to find 
more favorable genomic states (22) and mitigate the accumulation 
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Fig. 5. Association of heterogeneity, ploidy, and predicted PD-1 ICB intrinsic resistance with ICB response in independent validation cohorts. (A) Circos plots of 
copy number alterations in progressors (PD as best response, left) and responders (CR/PR as best response, right) in a PD-1 ICB–treated validation cohort (33). (B) Hetero-
geneity and ploidy compared in progressors versus responders in the validation PD-1 ICB cohort (MWW P = 0.008 and P = 0.23 for heterogeneity and ploidy, respectively) 
(33). (C) Decision boundaries for the modified decision tree model using the samples from the validation anti–PD-1 ICB cohort (33). (D) Heterogeneity and ploidy com-
pared in responders (PFS > 6 months) versus progressors (PFS ≤ 6 months) in a combination PD-1/CTLA-4 ICB cohort (MWW P = 0.1 and P = 1 for heterogeneity and 
ploidy, respectively). (E) Decision boundaries for the modified decision tree model using the samples from the combination PD-1/CTLA-4 ICB cohort showing response in 
three of seven patients predicted to be intrinsically resistant to PD-1 ICB.
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of deleterious somatic alterations (40). In this study, we observe 
WGD and increased aneuploidy at later tumor stages (Fig. 4A) and 
longitudinally in other studies in individual patients (41). Further-
more, the pro- or antitumorigenic effects of WGD may be context 
dependent (42–44), where WGD is associated with tumorigenesis 
by increasing aneuploidy (45–47), but may also activate cellular 
stress mechanisms including the p53 and Hippo pathways, as well as 
immune surveillance (45, 48, 49). Prior work has suggested that tu-
mors with WGD may have unique vulnerabilities (50), but the 
mechanisms underlying the observation that WGD tumors are as-
sociated with ICB response (e.g., neoantigen presentation and in-
crease in immunogenicity) are unclear. Our observation that timing 
of WGD, as measured by SNV multiplicity ratio, may be associated 
with outlier resistance to ICB suggests that the increased vulnerabil-
ity to ICB occurs later in WGD tumors. Our results suggest that 
SNV multiplicity should be evaluated together with WGD and an-
euploidy in future studies of biomarkers of therapy response.

We found that genomic heterogeneity positively correlates with 
COSMIC mutational signature 3, which is associated with defective 
homologous recombination-based DNA damage repair, and nega-
tively correlates with the proportion of mutations attributed to UV 
signature (COSMIC Signature 7). This correlation helps explain why 
acral, mucosal, and uveal melanoma samples, which are typically 
non–sun-exposed, exhibit high genomic heterogeneity. This sug-
gests an interesting evolutionary hypothesis: After the UV-induced 
ancestral melanoma clone, subclones driving genomic heterogene-
ity arise from different mutational processes.

Our data suggests that intratumoral genomic heterogeneity is 
specifically predictive of response and survival in an ICB therapy 
setting, while ploidy is also prognostic of worse outcomes (i.e., poor 
biology) even in a nontargeted or immunotherapy-treated setting. 
This suggests that incorporation of genomic markers such as ploidy 
may improve survival stratification and clinical staging and should 
be evaluated further [potentially in conjunction with other machine 
learning approaches (51)].

We observed that in an unbiased feature selection analysis, a re-
cent transcriptomic signature of TLSs (28), but not other immune 
signatures including IFN-γ, added additional predictive value to ge-
nomic heterogeneity and ploidy, suggesting potential independent 
features that could be part of a combined biomarker using different 
data modalities.

We also found that a recently described melanocytic tumor state sig-
nature (26) is associated with intrinsic resistance to aPD-1 ICB in our 
cohort. This observation is unexpected because, independently from 
treatment, multiple studies have described a melanocytic state as less 
aggressive compared to dedifferentiated states such as mesenchymal-
like or neural crest stem-like phenotype (26, 41, 52). In addition, no 
association was identified between the melanocytic state and an exist-
ing immune response (evaluating several immune signatures from the 
bulk RNA-seq). More in-depth study, using single-cell and spatial data, 
will be needed to further dissect this association.

Our approach of devising biomarkers, centered on optimizing 
specificity and precision, translates clinically into higher confidence 
in predictions within a narrower patient subset, potentially enhanc-
ing clinical applicability and acceptance. By design, we are tolerating 
reduced sensitivity (i.e., identification of all intrinsically resistant 
patients) for increased PPV of the predicted resistant patients. Our 
model predicted intrinsic resistance in ~20% of the entire cohort, 
with 90% PPV, and validated in a small independent cohort (five of 

five patients correctly predicted to have intrinsic resistance). We fur-
ther asked whether our model simply replicates known genomic or 
clinical features of poor prognosis disease and response to ICB and 
found that our predictions were independent of known and nomi-
nated features and clinical nomograms, suggesting the independent 
utility of these predictions. Furthermore, application of our model 
in a small cohort of combination aPD-1/aCTLA-4 ICB–treated pa-
tients shows response in a notable subset (three of seven, 43%) of 
patients predicted to have intrinsic resistance to aPD-1 ICB, sug-
gesting that these are indeed patients who would disproportionately 
benefit from combination therapy in the front-line setting. While 
not the primary objective of this study, the importance of optimized 
treatment selection is underscored by mixed results from cost-
effectiveness analyses of nivolumab-ipilimumab combination therapy 
compared with nivolumab monotherapy where biomarkers to guide 
therapy choice would optimize outcomes (53).

There remain several limitations to this study. First, our indepen-
dent validation cohorts were relatively small (in part because of 
careful curation of ICB-naïve tumor samples). Validation in larger 
cohorts is necessary, although our findings have been robust in ev-
ery cohort so far. Second, our assays are based on biopsies of single 
lesions at a single point in time, which multiple studies (54, 55) have 
demonstrated may not be accurate representations of tumor genom-
ic heterogeneity even within the same lesion and differences in bi-
opsy sites may bias our estimates. However, within our limited data, 
we do not observe consistent differences between genomic hetero-
geneity and ploidy between biopsy sites (fig. S25), and our analysis 
suggest robustness of our approach even without explicitly account-
ing for these differences. Third, the specific biological mechanisms 
underpinning the association of intratumoral heterogeneity and 
ploidy with ICB response (and prognosis) are unclear and represent 
important future research directions. Fourth, limiting clinical ac-
tionability, intratumoral heterogeneity and ploidy are estimated 
here using WES of matched tumor and normal tissue and associated 
analytics, which are not standardized or routinely available clini-
cally. Standardized assessments of these genomic metrics (56) re-
main to be developed using clinically validated assays in prospective 
settings, although our preliminary results here suggest that the gene 
panels in three different clinical TNGS may allow for reasonable es-
timates of genomic heterogeneity for a subset of patients with higher 
TMB and that paired tumor-normal TNGS allow estimation of tu-
mor ploidy. In addition, we have found our results to be robust using 
a different automated tool (57) to infer tumor heterogeneity and 
ploidy (fig. S5), suggesting the potential feasibility of this approach.

Together, we have demonstrated genomic heterogeneity and ploidy 
as robust predictors of intrinsic resistance to aPD-1 ICB in metastatic 
melanoma, elucidated the predictive versus prognostic role of these 
factors, conceived an optimized approach to building clinically perti-
nent predictive models, and crafted and validated a predictive model 
that accurately identifies patients with intrinsic resistance to aPD-1 
ICB. This sets the stage for prospective studies to bring these insights 
into clinical practice, constituting a pivotal stride in the advancement 
and application of molecular biomarkers in precision oncology.

MATERIALS AND METHODS
Study design
Patients with metastatic melanoma treated with immune checkpoint 
blockade were identified from published work (14, 33) and completed 

D
ow

nloaded from
 https://w

w
w

.science.org at H
arvard U

niversity on N
ovem

ber 29, 2024



Tarantino et al., Sci. Adv. 10, eadp4670 (2024)     27 November 2024

S c i e n c e  A d v an  c e s  |  R e s e ar  c h  A rt  i c l e

11 of 15

clinical trials (BMS CheckMate-038 and CheckMate-064). We in-
cluded only samples without prior exposure to ipilimumab, with 
WES data of the paired tumor and normal tissue obtained before PD-
1 blockade. Clinicopathological and demographic data were obtained 
from (14), from BMS for the two clinical trials, and for the validation 
cohort from (33). Data are shown in Fig. 1 and in table S1. The BOR 
to aPD-1 ICB was only available for a subgroup of the patients in-
cluded in (33) and was not available for the combination immuno-
therapy–treated (“combo”) cohort. The analysis was performed by 
defining responders as patients achieving CR or PR as BOR; patients 
showing PD as BOR were instead defined as progressors. To under-
stand whether intrinsic resistant patients to aPD-1 could benefit from 
the combo ICB, we also included a previously unpublished internal 
cohort of combo-treated samples from 13 patients. For the combo 
cohort, for which the BOR was not available, we defined patients that 
progressed in the first 6 months of treatment as progressors and com-
pared them versus patients with PFS > 6 months. The definition of OS 
and PFS was from the initiation of ICB and sample collection as de-
scribed in their respective studies.

This retrospective study and associated informed consent proce-
dures were approved by the central Ethics Committee (EC) of the 
University Hospital Essen (12-5152-BO and 11-4715) and of Dana 
Farber Cancer Institute (IRB 05-042). Approval by the local EC was 
obtained by investigators if required by local regulations.

Quality control and variant calling
Samples from the BMS and (33) cohorts were reanalyzed with the 
Broad Institute CGA pipeline (58–68) using the TERRA platform, 
adopting the same quality control filters used for (14). In particular, 
quality control cutoffs were as follows: mean target coverage, >50× 
(tumor) and >30× (normal); cross contamination of sample estima-
tion (ContEst), <5%; tumor purity, ≥10%, and DeTiN ≤ 20% TiN. A 
power filter combining coverage and tumor purity was applied as 
described (e.g., minimum 80% power to detect clonal mutations) in 
(14). Three samples were excluded for low purity and two samples 
for low power.

MuTect2 (58) was used to identify somatic SNVs in targeted ex-
ons, with computational filtering of artifacts introduced by DNA 
oxidation during sequencing or formalin-fixed paraffin embedded 
(FFPE)–based DNA extraction using a filter-based method (61). 
Subsequently, Strelka (60) was used to identify small insertions or 
deletions. Last, Oncotator (68) was used to annotate the identified 
alterations.

Ploidy, purity, and heterogeneity estimation
Absolute was used for the estimation of ploidy and purity and for 
the CCF estimation of individual mutations (65). For each sample, 
the optimal solution (purity and ploidy) was manually selected 
among the local solutions. Heterogeneity was computed as the pro-
portion of the subclonal mutations, with a mutation defined as sub-
clonal if the CCF was lower than 0.8. To support the cutoff of 0.8 for 
CCF, we have performed a sensitivity analysis (fig. S4), demonstrat-
ing that the heterogeneity stratification was maintained even when 
different cutoff values were used.

For TCGA samples, ploidy and heterogeneity were taken from 
(19) [which used FACETS (57) to estimate purity, ploidy, and indi-
vidual mutation CCF]. For the MSK-IMPACT TNGS, the values of 
FACETS for purity, ploidy, and individual mutation CCF were ob-
tained from (6).

SNV multiplicity and the time of WGD
The SNV multiplicity for each SNV, representing the number of 
copies of the SNV per cancer cell, was estimated using tumor purity 
and the estimated copy number state at the SNV site (qhat) from 
ABSOLUTE (65) to estimate the expected variant allele fraction as-
sociated with a multiplicity of 1

Then, SNV multiplicity was estimated using the observed tumor 
variant allele fraction (tumor_f) and the expected variant allele frac-
tion for a multiplicity of 1

We then assigned each SNV to either multiplicity 1 or 2 on the 
basis of a cutoff according to the distribution of the SNVs, selecting 
the lowest point in the histogram between the two modes of multi-
plicity at 1 and 2 in each individual sample (table S1). For each sam-
ple, the ratio of SNV multiplicity 2:1 alterations was used as a metric 
of time since the WGD event; patients with a recent WGD are char-
acterized by high SNV multiplicity 2:1 ratio (17, 18). In the modified 
logistic regression model, the SNV multiplicity, because it is a fea-
ture of only the WGD samples, was included as

where WGD is 0 or 1, 1 for the samples with one or more 
WGD events.

Predictive model generation
To develop an interpretable predictive model, we focused on two 
model types: a logistic regression and a decision tree model. Both the 
models were based on just two features: heterogeneity and ploidy. To 
further refine our model, we performed a feature selection procedure, 
incorporating recently described signatures and models from (69), as 
well as different definitions of ploidy. We conducted an exhaustive 
forward greedy procedure using 10-fold cross-validation, selecting 
the features with the highest average AUC and the lowest BIC. This 
procedure was performed both for the subset with paired WES and 
RNA-seq (n = 108 with 10-fold cross-validation) and for the entire 
cohort. The model was trained to predict PD as the best RECIST re-
sponse versus nPD rather than responder versus progressor to better 
reflect the real-world setting where all outcomes (PD, SD, MR, PR, 
and CR) are possible. We also evaluated the prediction accuracy of a 
logistic regression model including the SNV multiplicity as addition-
al feature. For the standard decision tree model, we used default com-
plexity, method=“class”, and to avoid overfitting, we used the value of 
10 as the minimum number of samples included in the leaf. The 
modified decision tree model to optimize precision was obtained by 
increasing the relative weight of nPD samples versus PD samples in a 
fourfold cross-validation procedure repeated 10 times (using R pack-
age caret v 6.0.93). The choice of relative weight (nPD = 2) for the fi-
nal model was selected for a tradeoff between increased precision or 
PPV (elbow method) and decreased sensitivity (fig. S26). The models 
were implemented in R version 4.2.0 using the packages stats (v 4.2.0) 
and rpart (v 4.1.19); for the confusion matrix and the metrics of the 
models, the R package caret was used. To estimate the cross-validation 

SNV_multiplicity_1_af =
purity

[(

purity× qhat
)

+2
(

1−purity
)] (1)

SNV_multiplicity =
tumor_ f

SNV_multiplicity_1_af
(2)

SNVmultiplicity score=WGD

+WGD× SNV_multiplicity_2_to_1_ratio
(3)
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AUC of the logistic regression model, we used k-fold cross-validation 
using k = 10 (splitting the dataset into k-subsets, training on k − 1 
subsets, and calculating AUC on the holdout subset) and calculated 
the mean cross-validation AUC and standard deviations. Cross-
validation scores were calculated using the cross_val_score function 
from the Python (v3) sklearn (v 1.0.2) package.

TCGA analysis
The TCGA data were obtained from (19). Heterogeneity was calcu-
lated using the same cutoff used for the ABSOLUTE analysis (CCF > 
0.8 defined clonal mutations). Samples were initially divided into 
primary (n = 61) and metastatic (n = 392) samples to compare het-
erogeneity and ploidy; subsequent analyses focused on the meta-
static lesions with OS data (n = 381).

Transcriptomic analysis
The methods used for sample collection, sequencing, and quality 
control have been described in previous work (14). For a subset 
of the samples included in the discovery cohort, bulk RNA-seq 
was available (n = 108). Only transcriptomes from tumors whose 
WES also passed quality control were included. To evaluate the 
role of IFN-γ, we used ssGSEA and signature gene sets: IFN-γ 
and IFN-γ related from (15); for the HALLMARK_INTERFER-
ON_GAMMA_RESPONSE (70), we compared progressors and 
responders in the three cohorts used. The analysis was imple-
mented in R using the package GSVA (v 1.44.0) (71) and msigdbr 
(v7.5.1) (72).

Tumor states were evaluated always using gene set enrichment 
analysis; the tumor states evaluated were obtained from (26, 27). 
Bulk deconvolution was performed with BayesPrism (73), and for 
the tumor compartment, the signatures from Pozniac and Tirosh 
have been evaluated and compared between PD and nPD.

Survival analysis
The survival outcome of patients receiving aPD-1 was evaluated 
with Kaplan-Meier survival analysis. The significance of the differ-
ence in survival outcome between the patients predicted as PD 
[stratified by the P(PD) > 50% for the logistic regression] was as-
sessed using a two-sided log-rank test from the survival R package. 
We performed this test for both OS and PFS. CheckMate-064 was a 
trial of sequential therapy with nivolumab and ipilimumab; there-
fore, patients from this trial (n = 13 with first-line aPD-1 ICB) were 
only used to identify intrinsic resistance (PD at the first restaging 
scan) and were excluded for the survival analysis. For the survival 
analysis, the cohort evaluated is n  =  111 patients with metastatic 
melanoma. The impact of clinical and molecular features on OS and 
PFS was also tested using univariate and multivariate Cox propor-
tional hazards model using R version 4.2.0 and the packages sur-
vival (v 3.3.1) and survminer (v 0.4.9).

Statistics and reproducibility
Statistical analyses were performed using the stats R package for R 
version 4.2.0. Reported P values represent nominal P values. Two 
primary response comparisons were made: (i) responders (defined 
as having CR or PR as the best RECIST response) versus progressors 
(defined as having PD as the best RECIST response) and (ii) pro-
gressors (PD as the best RECIST response) versus nonprogressors 
(nPD as best RECIST response). For the comparison between con-
tinuous clinical and molecular features, the Mann-Whitney test was 

used. For association of binary variables, Fisher’s exact test was used. 
All statistical tests performed were two sided. For pairwise correla-
tions, Spearman correlation was used.

Supplementary Materials
The PDF file includes:
Figs. S1 to S26
Legends for tables S1 to S5

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S5
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