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ImmuneLENS characterizes systemic 
immune dysregulation in aging and cancer

 

Robert Bentham1,2, Thomas P. Jones    1,2, James R. M. Black    1,2,3, 

Carlos Martinez-Ruiz    1,2, Michelle Dietzen    1,2,3, Maria Litovchenko1,2, 

Kerstin Thol    1,2, Thomas B. K. Watkins4, Chris Bailey3, Oriol Pich    3, 

Zhihui Zhang5, Peter Van Loo    5,6, TRACERx Consortium*, Genomics England 

Consortium*, Charles Swanton    2,3,7 & Nicholas McGranahan    1,2 

Recognition and elimination of pathogens and cancer cells depend on  

the adaptive immune system. Thus, accurate quantification of immune 

subsets is vital for precision medicine. We present immune lymphocyte 

estimation from nucleotide sequencing (ImmuneLENS), which estimates 

T cell and B cell fractions, class switching and clonotype diversity from 

whole-genome sequencing data at depths as low as 5× coverage.  

By applying ImmuneLENS to the 100,000 Genomes Project, we identify 

genes enriched with somatic mutations in T cell-rich tumors, significant 

sex-based differences in circulating T cell fraction and demonstrated that 

the circulating T cell fraction in patients with cancer is significantly lower 

than in healthy individuals. Low circulating B cell fraction was linked to 

increased cancer incidence. Finally, circulating T cell abundance was more 

prognostic of 5-year cancer survival than infiltrating T cells.

Measuring the quantity, quality and location of immune cells is vital to 

understanding their role and function. In cancer research, studies have 

focused on tumor-infiltrating lymphocytes and their roles in cancer 

evolution and immune evasion1–5.

High tumor T cell infiltration is prognostic in cancer6,7 and influ-

ences immunotherapy response8. However, B cell infiltration has 

been linked to both cancer promotion and inhibition9. Classifying 

tumor-infiltrating B cells into different lineages might elucidate their 

role in cancer, but such analysis without direct assays of B cell markers 

with flow cytometry, targeted B cell receptor repertoire sequencing  

or single-cell RNA sequencing (RNA-seq) is challenging.

Although circulating immune cell counts from routine blood 

tests have been associated with response to therapy and prognosis 

in cancer10,11, a systematic exploration of their relative importance 

compared to tumor-infiltrating immune cells and their clinical cor-

relates is lacking.

Here we present immune lymphocyte estimation from nucleotide 

sequencing (ImmuneLENS)—a method to quantify immune content 

from whole-genome sequencing (WGS) data and available at https://

github.com/McGranahanLab/ImmuneLENS. In addition to T cell con-

tent, our method predicts B cell fraction and class switching from the 

IGH locus and provides estimates for both T cell receptor (TCR) and  

B cell receptor (BCR) diversity.

Results
Inferring T cell and B cell fractions from WGS data
WGS enables in-depth characterization of somatic mutations, struc-

tural variants and copy number alterations12. However, whether WGS 

can simultaneously be used for the estimation of lymphocyte infiltra-

tion has not been extensively evaluated.

To this end, we created ImmuneLENS. This tool significantly 

enhances and extends our previous method, T cell ExTRECT6 (see  
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WGS enables accurate measurement of T cell and B cell fraction
We first evaluated the accuracy of T cell fractions predicted by 

ImmuneLENS on TRACERx100 (ref. 13) lung cancer samples that had 

both matched WES and WGS (n = 322) or orthogonal RNA-seq data 

(n = 126).

WES and WGS TCRA T cell fractions showed positive correlations 

in both blood (ρ = 0.70, P = 2.2 × 10−15) and tumor samples (ρ = 0.72, 

P = 7.0 × 10−35; Fig. 1b). Notably, fewer samples exhibited no T cell infil-

trate in WGS than WES (54 WES samples had <10−4 T cell fraction com-

pared to only two of the WGS samples), likely reflecting ImmuneLENS’ 

increased sensitivity (Methods; Supplementary Fig. 3).

αβ T cells have recombined TCRα and TCRβ (encoded by TCRB) 

chains, whereas γδ Τ cells have TCRγ (encoded by TCRG) and TCRδ 

chains (encoded by TCRD). TCRB and TCRG can provide T cell fraction 

Methods and Fig. 1a for an overview), which was designed for whole- 

exome sequencing (WES). We made three improvements to the 

method. First, we introduced a segment-based model, enabling pre-

cise breakpoint fitting based on the locations of individual V and J 

segments. Second, harnessing the predicted V and J segment usage, 

the model estimates both lymphocyte cell fractions and clonotype 

diversity. Finally, we introduced an estimate of B cell fraction and immu-

noglobulin (Ig) class switching from the IGH locus, enabling distinc-

tion between non-class-switched B cells (IgM/IgD) and class-switched  

B cells that produce IgA, IgG or IgE antibodies (Extended Data Fig. 1a 

and Supplementary Fig. 1). The B cell fraction model also incorporates 

an IGH locus germline copy number variant caller (Supplementary 

Fig. 2). Example output of ImmuneLENS is illustrated in Extended 

Data Fig. 1b,c.
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Fig. 1 | Overview of ImmuneLENS and validation. a, Overview of the 

ImmuneLENS method. The figure is created with BioRender.com. b, Scatter plot 

of TCRA T cell fractions calculated from TRACERx WGS versus WES data. The red 

dotted line represents y = x; the blue line shows the line of best fit with a light blue-

shaded 95% confidence interval (CI). c, Scatter plots comparing ImmuneLENS 

fractions from TRACERx100 WGS and TCRA T cell fractions from T cell ExTRECT 

(TRACERx100 WES data) against T cell- and B cell-related Danaher scores from 

matched RNA-seq samples. The blue line represents the line of best fit with a light 

blue-shaded 95% CI. d, Correlation of TCRA T cell fraction, IGH B cell fraction and 

T/B cell ratio with date-matched blood count data (lymphocyte count, neutrophil 

count and NLR values) within the 100KGP cohort. The blue line represents the line 

of best fit with a light blue-shaded 95% CI. P values for Spearman’s ρ were derived 

from a two-tailed t distribution using the correlation coefficient and sample size. 

CNA, copy number alteration; CS, class switching; RDR, read depth ratio.
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estimates independent of TCRA. The T cell fraction estimates of these 

distinct T cell classes were all positively correlated with each other, 

indicating that each independently measures T cell content (ρ > 0.8, 

P < 10−70; Extended Data Fig. 1d). There are two important caveats to 

this result. First, TCRB T cell fraction was systematically smaller than 

TCRA (line of best fit: y = 0.56× + 0.042), likely due to allelic exclusion14. 

Second, TCRG, which is typically expressed only in γδ T cells (1–5% of 

CD3+ T cells15), strongly correlated with TCRA, suggesting αβ T cells 

commonly retain rearranged TCRG loci. Previous reports have shown 

that αβ T cells frequently rearrange their TCRG locus before committing 

to the αβ lineage16. Thus, TCRG appears to measure total T cell fraction 

rather than solely γδ T cells.

We further validated ImmuneLENS using TRACERx100 RNA-seq 

data (n = 126). TCRA, TCRB and TCRG T cell fractions strongly correlated 

with the Danaher T cell signature17, previously shown to reflect T cell 

content18 (TCRA: ρ = 0.83, P = 9.2 × 10−37; TCRB: ρ = 0.8, P = 2.4 × 10−31; 

TCRG: ρ = 0.77, P = 8.7 × 10−28; Fig. 1c). Consistent correlations were 

also observed with RNA-seq signatures from TIMER19, CIBERSORT20, 

xCell20 and scores from ref. 21 (Extended Data Fig. 1e). Likewise, IGH 

B cell fraction strongly correlated with Danaher RNA-seq-based B cell 

score (Fig. 1c; ρ = 0.74, P = 2.8 × 10−25). However, we observed that cor-

relation strength varied by class—IgG (ρ = 0.64, P = 6.6 × 10−17), IgM/IgD 

(ρ = 0.41, P = 5 × 10−7) and IgA (ρ = 0.2, P = 0.021). Thus, conceivably IgA 

B cells may be underrepresented in RNA-seq data or overestimated in 

DNA (Supplementary Figs. 4 and 5). These results aligned with other 

RNA-seq-based B cell signatures (Extended Data Fig. 1e). Samples 

with high WGS-inferred B cell fractions (>median) showed significant 

enrichment of B cell gene expression for all subsets, even IgA (IgG: 

adjusted P = 4.4 × 10−4; IgM/IgD: adjusted P = 1.3 × 10−3; IgA: adjusted 

P = 2.4 × 10−3; Extended Data Fig. 1f).

ImmuneLENS provided accurate T cell measurements at depths 

as low as 5× for TCRA (R = 0.96, P = 5.4 × 10−223), TCRB (R = 0.61, 

P = 6.59 × 10−43) and TCRG (R = 0.72, P = 1.93 × 10−67) as evidenced using 

downsampled data (Extended Data Fig. 2a–d). For B cell quantifica-

tion, >10× was required for accurate germline copy number inference 

(Extended Data Fig. 2e). Similarly, correction for possible tumor 

copy number alterations was only accurate at depths >20× (Extended 

Data Fig. 2f). Consistent results were observed for matched high and 

low-coverage WGS data (Supplementary Fig. 6).

To further validate ImmuneLENS, we applied the tool to 

blood-derived WGS samples with date-matched blood count data 

from 441 participants of the 100,000 Genomes Project (100KGP; Meth-

ods). Circulating T cell fraction correlated positively with lymphocyte 

count (ρ = 0.53, P = 7.6 × 10−18) and negatively with both neutrophil 

count (ρ = −0.49, P = 1.9 × 10−6) and neutrophil-to-lymphocyte ratio 

(NLR) (ρ = −0.82, P = 1.6 × 10−21; Fig. 1d). These data suggest that TCRA 

T cell fraction serves as an NLR proxy. A weak negative correlation with 

albumin concentration was observed (Extended Data Fig. 3a; ρ = −0.25, 

P = 2.1 × 10−6). No significant associations were found with C-reactive 

protein or ferritin (Extended Data Fig. 3a), although weak negative 

correlations existed between white blood cell count and both T cell 

fraction (ρ = −0.18, P = 0.0076) and T/B cell ratio (ρ = −0.17, P = 0.013). 

Similar trends were observed for IGH B cell fraction (Fig. 1d). Nota-

bly, the T/B cell ratio correlated significantly with lymphocyte count 

(ρ = 0.15, P = 0.03) but not with neutrophil count (ρ = 0.13, P = 0.27) or 

NLR (ρ = 0.06, P = 0.612; Fig. 1d). Thus, the T/B cell ratio provides a meas-

ure of lymphocyte count, which is independent of neutrophil levels.

Investigating T cell receptor diversity from WGS data
The ability of ImmuneLENS to fit individual V and J segments allows 

TCR and BCR diversity analysis from WGS data (Extended Data Fig. 4a).

We assessed TCR diversity accuracy from WGS data using three 

methods. First, we compared ImmuneLENS output with matched 

TCR-sequencing (TCR-seq) data in TRACERx. ImmuneLENS’ T cell 

receptor alpha variable (TRAV) segment proportions were significantly 

different between quartiles representing different levels of actual 

segment usage inferred from TCR-seq (Kruskal–Wallis, P = 3.3 × 10−31; 

Extended Data Fig. 4b). ImmuneLENS likely underestimates TCR diver-

sity, illustrated by low TRAV segment usage predictions in Extended 

Data Fig. 4b. Second, we compared Shannon diversity scores from 

WGS-derived V segment usage (ImmuneLENS) with the calculated TCR 

repertoire diversity from RNA-seq data (using MiXCR22). A significant 

correlation was observed between DNA- and RNA-derived TCR diver-

sity scores (Extended Data Fig. 4c; ρ = 0.34, P = 7.4 × 10−7). Third, using 

the Jensen–Shannon divergence, we found significantly more simi-

lar repertoires in samples from the same patient than from different 

patients, for both infiltrating–infiltrating and infiltrating–circulating 

comparisons (Wilcoxon rank-sum P = 9.74 × 10−92 and P = 0.011, respec-

tively; Extended Data Fig. 4d).

These results therefore demonstrate that predicted TRAV seg-

ments enable the assessment of TCR diversity within samples and 

enable TCR repertoire comparisons across samples.

The immune landscape in the 100KGP cohort
Having validated the accuracy of ImmuneLENS, we next applied the 

tool to 90,232 WGS samples from the 100KGP cohort23 (see Fig. 2a and 

Supplementary Data for a full clinical overview). This included 14,501 

cancer samples across 33 distinct histologies (>100 participants each), 

with 13,870 having matched blood samples. In total, 631 cancer sam-

ples, including 538 with hematological cancers, lacked matched blood 

samples. Additionally, blood samples from 30,665 healthy individuals 

sequenced as relatives within the 100KGP rare disease cohort were ana-

lyzed. The remaining 30,565 WGS germline samples from the 100KGP 

rare disease cohort were excluded from our main analysis because 

they originated from either the rare disease probands or non-blood 

samples. We analyzed the following two measures: infiltrating immune 

cell fraction (from tumor WGS samples) and circulating immune cell 

fraction (from the buffy coat of blood WGS samples).

Significant differences in T cell fractions were observed between 

cancer types for both circulating and infiltrating T cells (Kruskal–Wallis, 

P = 5.3 × 10−209 and P = 3.7 × 10−490, respectively). Circulating T cell frac-

tions were highest in patients with childhood cancer (median = 0.19) 

and lowest in patients with glioblastoma (median = 0.051). The low cir-

culating T cell fraction in patients with glioblastoma may reflect steroid 

treatment, which increases circulating neutrophil levels24. Likewise, 

both infiltrating and circulating B cell fractions differed significantly 

across cancer types (Kruskal–Wallis, P = 3.8 × 10−291 and P = 3.3 × 10−42, 

respectively; Fig. 2). We found similar significant differences between 

cancer types for infiltrating T cells when adjusted by age and for the 

T/B cell ratio (Extended Data Fig. 5a). Additionally, consistent results 

in the Pan-Cancer Analysis of Whole Genomes (PCAWG)12 and The 

Cancer Genome Atlas (TCGA) WGS and WES datasets were identified 

(Supplementary Fig. 7).

Tumor samples exhibited higher B cell content compared to blood 

samples (effect size = 0.181, P = 9.6 × 10−199; Extended Data Fig. 6a); 

conversely, T cell content was higher in blood samples than in tumors 

(effect size = 0.522, P < 2.22 × 10−308; Extended Data Fig. 6a). Circulating 

and infiltrating T cell fractions showed no clear correlation (R = 0.03, 

adjusted P = 0.068), except in colorectal adenocarcinoma (R = 0.13, 

adjusted P = 6.9 × 10−7; Extended Data Fig. 6b).

ImmuneLENS revealed differences in B cell class switching between 

infiltrating and circulating B cells across cancer types (Fig. 2a). Elevated 

tumor-infiltrating B cell levels compared to circulating were primarily  

due to an enrichment in class-switched IgA and IgG B cells (IgA: effect 

size = 0.21, P = 6.2 × 10−270; IgG: effect size = 0.046, P = 4.1 × 10−14; 

Extended Data Fig. 6a). IgM/IgD B cells showed a smaller but sig-

nificant difference between circulating and infiltrating fractions  

(IgM/IgD: effect size = 0.023, P = 1.3 × 10−4; Extended Data Fig. 6a). This 

highlights key differences in the function and make-up of circulating 

and tumor-infiltrating B cells, underscoring the specialized roles of  

http://www.nature.com/naturegenetics
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B cell subtypes. For instance, IgM antibodies in the circulatory system 

have an important role in activating the complement system, while in 

mucosal tissue, IgA antibodies are crucial for immune homeostasis. 

Consistent with these findings, we observed a significantly higher T/B  

cell ratio in blood compared to tumor samples (effect size = 0.61,  

P < 2.22 × 10−308; Extended Data Fig. 6a).

IGH B cell fractions, particularly IgG, correlated strongly between 

circulating and infiltrating in the majority of histologies (pan-cancer IGH: 

R = 0.17, adjusted P = 2.7 × 10−86; see full results in Supplementary Data 

and Extended Data Fig. 6b). Additionally, we found that TRAV segment 

usage differed significantly between circulating and infiltrating T cells 

and across cancer types, with TRAV1–2 enriched in mucosal cancers. 

This may reflect mucosal-associated invariant T cells, a subset of T cells 

that recognize bacterial-produced metabolites that exclusively use the 

TRAV1–2 segment25 (Supplementary Data and Supplementary Fig. 8).

Determinants of circulating leukocyte fraction
Given the wide range of circulating immune fractions across both 

healthy participants and patients with cancer, we next sought to inves-

tigate the key determinants of leukocyte fraction.

Analysis of 100KGP participants in 5-year age brackets revealed 

declining T cell and B cell fractions with age in both healthy and cancer 
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Fig. 2 | ImmuneLENS applied to 100KGP. The number of tumor samples per 

cancer histology is given above the plot. The panels represent snake plots for 

circulating and infiltrating TCRA T cell fractions and IGH B cell fractions, with 

each point representing a single blood or tumor sample. Above each IGH B cell 

fraction snake plot is a track, shown as a heatmap, displaying the proportion of 

different Ig B cells for each sample. Histology groups are arranged in ascending 

order based on the median circulating TCRA T cell fraction, and within each 

group, samples are sorted from lowest to highest value in each snake plot. Right, 

snake plots for the circulating T cell and B cell fractions within the 100KGP 

healthy cohort. No significant differences were identified (using ANOVA) in 

the proportions of B cell Ig status among cancer histology groups in either 

circulating or infiltrating samples. Horizontal red lines represent the median 

value per histology group. GI, gastrointestinal.
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cohorts. For B cells, this effect was strongest for the IgM/IgD B cells, 

with the relative proportion of class-switched B cells increasing with age 

(Fig. 3a). Patients with cancer consistently exhibited lower circulating 

T cell and B cell fractions and higher class-switched B cell proportions 

compared to healthy individuals. Notably, on average a 40–45-year-old 

female patient with cancer has similar median circulating T cell frac-

tion levels to a healthy >80-year-old female (0.161 versus 0.157). The 

decreased T/B cell ratio in the blood of patients with cancer suggests 

that this effect extends beyond a relative increase in neutrophils. Thus, 

in both healthy individuals and those with cancer, age is a key determi-

nant of circulating immune fractions, and patients with cancer exhibit 

an inflated ‘immunological age’.

Sex differences in circulating immune fractions were evident in 

both cancer and healthy cohorts. Female patients with cancer showed 

significantly higher T cell fractions than male patients across most 

age groups (adjusted P < 0.001 for all age groups >40 years; Fig. 3a 

and Supplementary Data). In the healthy cohort, significant (adjusted 

P < 0.001) sex differences were primarily observed in older age groups 

(>55 years; Fig. 3a). Likewise, the T/B cell ratio difference between 

sexes was more pronounced in people with cancer, particularly in the 

65–69 (adjusted P = 2.7 × 10−5, effect size = 0.11) and 70–74 age groups 

(adjusted P = 1.1 × 10−4, effect size = 0.10), compared to the healthy 

cohort (significant at adjusted P < 0.001 only in the 60–64 age group, 

adjusted P = 5.2 × 10−4, effect size = 0.11). This suggests neutrophil count 

may contribute to T cell fraction differences in the healthy cohort. For 

the IgM/IgD B cell fraction in the healthy group, a sex-based switch was 

observed from age 55, with male individuals higher initially and female 

individuals after age 55. In the cancer cohort, female patients exhibited 

higher B cell fractions in age groups >55. These trends were generally 

consistent across individual cancer types (Supplementary Fig. 9 and 

Supplementary Data).

To assess whether circulating immune cell levels could predict 

future cancer incidence, we identified 301 participants within the 

100KGP healthy cohort who developed cancer within 3 years fol-

lowing germline blood sequencing. Compared to a set of controls 

propensity-matched for age and sex, those diagnosed with cancer 

within 2 but not 3 years showed significantly lower IgM/IgD (2 years: 

P = 0.006, effect size = 0.14; 3 years: P = 0.08, effect size = 0.07) and 

higher Ig class-switched B cell fractions (2 years: P = 0.02, effect 

size = 0.12; 3 years: P = 0.07, effect size = 0.07; Fig. 3b). This suggests 

circulating immune fraction may serve as a potential cancer marker.

Association of genetic ancestry with lymphocyte fraction
Beyond the effects of age and sex, genetic ancestry may influence 

immune infiltrate26 and leukocyte counts in blood27. While germline var-

iants associated with the immune system may affect cancer outcomes28, 

most relevant GWAS studies use samples from non-cancer patients.

The 100KGP participants were grouped into super-populations 

defined from the 1000 Genomes Project29. Significant differences in 

circulating T cell fractions were observed among genetically inferred 

ancestry groups in both healthy and cancer cohorts, with genetic Afri-

can ancestry showing significantly higher immune fractions (Fig. 3c). 

However, no significant genetic ancestry-based differences were found 

in tumor-infiltrating T cell fractions (Fig. 3d).

We examined 1,635 SNPs known to influence circulating leukocyte 

traits27 to evaluate whether these could explain differences in lym-

phocyte fractions between individuals (Methods and Supplementary 

Data). After accounting for linkage disequilibrium (LD), 15 SNPs were 

significantly associated with circulating T cell fraction in the healthy 

European cohort, but only one SNP in the European cancer cohort 

(Fig. 3e). The Duffy-negative SNP rs2814778, linked to neutropenia30, 

was significant in the African healthy cohort but not in the African can-

cer cohort (Fig. 3e). Only 7 out of 15 significant SNPs in the healthy Euro-

pean cohort were also associated with immune cell levels (unadjusted 

P < 0.05) in the European cancer cohort (Extended Data Fig. 7a,b).  

This suggests that germline SNPs influencing T cell fraction differ 

between healthy and cancer contexts (Supplementary Fig. 10).

Quantifying selection pressure due to immune infiltration
We reasoned that the immune system may act as a potent selection 

pressure during cancer evolution. We, therefore, investigated whether 

mutations in known cancer genes were associated with tumor immune 

infiltrate.

Using a Poisson model31, controlling for the background mutation 

rate, cancer type, sex and tumor purity, we identified seven genes sig-

nificantly associated with infiltrating T cell fraction. Nonsynonymous 

mutations in PIK3CA, MAP3K1, PTEN, CBFB and CDH1 were enriched 

in T cell-depleted tumors, while MUC16, B2M and BAP1 mutations 

were enriched in T cell-replete tumors (Fig. 4a and Supplementary 

Data). Additionally, MUC4 mutations were associated with IgM/IgD 

B cell-depleted tumors, while KMT2C mutations were linked to IgG B 

cell-enriched tumors (Extended Data Fig. 8a and Supplementary Data).

Disease-specific effects were also identified (Fig. 4b). For exam-

ple, TP53 nonsynonymous mutations were associated with increased 

T cell infiltrate in breast invasive carcinoma estrogen receptor-positive 

(BRCA ER+) tumors (estimate = 2.56, adjusted P = 6 × 10−4), while PIK3R1 

nonsynonymous mutations were associated with T cell-enriched glio-

blastomas (estimate = 7.23, adjusted P = 0.003). Previous studies have 

linked TP53 alterations with increased T cell infiltrate in breast cancer32. 

Many disease-specific effects were also detected for B cell subsets. 

MUC4 nonsynonymous mutations were significantly associated with 

reduced IgM/IgD B cells in colon adenocarcinoma (estimate = −3.7, 

adjusted P = 0.007). NOTCH1 nonsynonymous mutations were asso-

ciated with class-switched and IgA B cells in BRCA ER+ tumors (esti-

mate = 10.6, adjusted P = 0.003), and nonsynonymous mutations in 

DGRC8 were associated with enriched IgA B cells in lung adenocarci-

noma (estimate = 18.7, adjusted P = 0.04). MUC4 and KMT2C were both 

found to be significant in uterine corpus endometrial carcinoma, being 

associated with tumors enriched with IgA (MUC4: estimate = 3.58, 

adjusted P = 0.049; KMT2C: estimate = 4.80, adjusted P = 0.01) and 

depleted of IgG (MUC4: estimate = −4.85, adjusted P = 8 × 10−5; KMT2C: 

estimate = −3.82, P = 0.007, adjusted P = 1; Extended Data Fig. 8b and 

Supplementary Data).

These findings reveal diverse interactions between the tumor 

immune microenvironment and cancer cells. Somatic mutations may 

be selected in response to immune presence or promote immunosup-

pression, with effects varying by cancer type, histology and immune 

cell type.

Prognostic value of ImmuneLENS lymphocyte fraction
Infiltrating tumor lymphocytes6,33,34 and circulating immune 

cells10,35–38 have prognostic value in many cancer types. However, a 

direct comparison of both has proven challenging. We therefore used 

ImmuneLENS to compare the prognostic significance of circulating 

and tumor-infiltrating T cell and B cell fractions.

In the pan-cancer cohort, elevated circulating T cell fractions were 

strongly associated with improved overall survival (Fig. 5a; hazard 

ratio (HR) = 0.53, log-rank P = 2.8 × 10−73, split by the median). Infiltrat-

ing tumor T cells showed a significantly weaker association (Fig. 5a; 

HR = 0.86, log-rank P = 3.2 × 10−6; P = 2.68 × 10−25, z test on the log of 

the HR values). Elevated circulating IGH B cells (HR = 0.79, P = 2 × 10−12) 

and IgM/IgD B cells (HR = 0.76, P = 4 × 10−16) were associated with better  

prognosis while infiltrating B cells and class-switched circulating  

B cells were not significant. The circulating T/B cell ratio, which is 

independent of neutrophil levels, was also significantly prognostic 

(Fig. 5a; HR = 0.76, log-rank P = 8.3 × 10−14).

Circulating T cell fraction remained highly significant after adjust-

ing for clinical factors in the pan-cancer cohort (Fig. 5b (HR = 0.76, 

P = 2.6 × 10−46) and Extended Data Fig. 9a) and within five individual 

cancer types after multiple hypothesis correction—head and neck 
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Fig. 3 | Disruption of circulating T cell fraction in patients with cancer. a, Ribbon 

plots of ImmuneLENS-related fractions in 5-year age brackets, split by the healthy 

control and cancer cohorts. The width of bands represents the extent of sexual 

dimorphism between male and female individuals, with significance assessed by 

two-sided Wilcoxon rank-sum tests within each age group and adjusted P values 

with effect size (ES) values shown. b, Boxplots of IgM/IgD and Ig class-switched B 

cell fractions from a subset of the healthy cohort with recorded cancer incidence 

post-WGS sequencing (from hospital episode statistics), compared to an age- 

and sex-matched propensity cohort of the same size. c, Boxplots of blood TCRA 

T cell fraction versus genetically inferred ancestry in the 100KGP healthy and 

cancer cohorts. d, Boxplots for tumor TCRA T cell fraction versus genetically 

inferred ancestry in the 100KGP cancer cohort. e, Volcano plots of known GWAS 

SNP associations with circulating TCRA T cell fraction. Multiple hypothesis 

adjustments were performed using the Benjamini–Hochberg method. Boxplots 

in b–d show the median and lower and upper quartiles, with whiskers extending 

to 1.5× interquartile range. Two-sided Wilcoxon rank-sum tests were used to assess 

the significance between groups in b–d. The P values in e are derived from PLINK 

software, which uses a linear regression model and performs a Wald test for each 

SNP. For the cancer cohort, this was done separately for each histology, and  

P values were combined using a meta-analysis with a common effects model.
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squamous cell carcinoma (HR = 0.70, adjusted P = 4.68 × 10−2), pancre-

atic adenocarcinoma (HR = 0.74, adjusted P = 4.81 × 10−2), colon adeno-

carcinoma (HR = 0.85, adjusted P = 1.12 × 10−2), lung adenocarcinoma 

(HR = 0.80, adjusted P = 5.4 × 10−3) and sarcoma (HR = 0.68, adjusted 

P = 1.57 × 10−4). Conversely, tumor-infiltrating T cell fraction was only 

significant in the pan-cancer cohort (HR = 0.93, adjusted P = 3.99 × 10−3) 

and B cell hematological cancers, where higher infiltration correlated 

with worse prognosis (HR = 1.24, adjusted P = 3.99 × 10−3). We observed 

broadly consistent results using TCGA data (Extended Data Fig. 10a,b). 

Moreover, we observed that the infiltrating T cell fraction was associated 

with significant heterogeneity by cancer type (P = 0.02, Cochran’s Q test).

Circulating T/B cell ratio remained significantly associated with 

survival after controlling for clinical variables (HR = 0.90, adjusted 

P = 3.4 × 10−6), suggesting that both circulating T cells and neutrophils 

contribute to the prognostic value of circulating T cell fraction. A 

Cox proportional hazard (CoxPH) model including circulating T cell 

fraction, T/B cell ratio and their interaction revealed independent 

significance for both factors (TCRA: HR = 0.7, P = 9 × 10−41; T/B ratio: 

HR = 0.91, P = 0.014; interaction term: HR = 1.24, P = 2 × 10−8; Extended 

Data Fig. 9b). When stratifying patients by T/B cell ratio, circulating 

T cell fraction was prognostic in both the low (HR = 0.45, 95% confi-

dence interval (CI): 0.40–0.51; Extended Data Fig. 9c) and high T/B 

cell ratio group (HR = 0.67, 95% CI: 0.60–0.75; Extended Data Fig. 9c), 

but was significantly more prognostic in the low group (P = 2.4 × 10−6,  

z test). When stratifying patients by circulating T cell fraction, higher 

T/B ratio correlated with better outcome in the low T cell group 

(HR = 0.82, P = 2 × 10−4; Extended Data Fig. 9d), while the opposite 

was true for the high T cell group (HR = 1.2, P = 0.0013; Extended Data 

Fig. 9d). Thus, this suggests that in patients with relatively low neu-

trophil levels in their blood, B cells confer an improved prognosis 

compared to T cells.

We next investigated sex-specific prognostic associations of 

circulating T cell fraction (Fig. 5b). In the pan-cancer context, both 

male (HR = 0.73, P = 1.5 × 10−27) and female (HR = 0.79, P = 2.6 × 10−20) 

individuals showed similar associations between high T cell fraction 

and improved prognosis. However, cancer-specific differences were 

evident. For example, higher T cell fraction was associated with a 

significantly better prognosis for females in bladder urothelial carci-

noma (HR = 0.28, adjusted P = 2.53 × 10−3) and lung adenocarcinoma 

(HR = 0.72, adjusted P = 2.53 × 10−3). A random effects meta-analysis 

showed circulating T cell fraction had a uniform prognostic effect 

across cancer types (I2 = 4%, not significant). However, sex-specific 

analysis revealed significant heterogeneity (male: I2 = 46%, P = 0.006; 

female: I2 = 34%, P = 0.03).

Considered together, these findings highlight the clinical impor-

tance of circulating lymphocytes and the interplay between biological 

sex and immune activation in different cancers.

Discussion
We introduce ImmuneLENS, a method for inferring immune cell 

fractions from WGS data. Building upon our previous method T cell 

ExTRECT, ImmuneLENS not only provides more accurate T cell content 

inference but also expands functionality to measure B cell fraction,  

B cell class switching and T cell clonotype diversity.

To evaluate this approach, we applied it to the 100KGP cohort. 

In patients with cancer, circulating T cell and B cell fractions were 

reduced compared to healthy controls, and female individuals  

exhibited higher T cell fractions than male individuals, indicating 

significant sexual dimorphism. Although healthy controls also show 

sexual dimorphism, it appears mainly after age 55. Thus, ImmuneLENS 

quantified the sexual dimorphism in circulating immune cells, which 

is known to occur in both aging39 and cancer40.

In the healthy control cohort, we found significant associations 

between circulating T cell fractions and 15 SNPs at 11 genetic loci. 

This is consistent with recent work discussed in ref. 41, in which T cell 

ExTRECT6 was used on WGS data from 207,000 individuals and 27 loci 

associated with circulating T cell fraction were identified. Our analysis 

also identified an SNP within FOXP1 (rs35592432; P = 7.3 × 10−6) that 

was not reported in ref. 41, with the variant allele associated with an 

enrichment of T cells. We observed that more than half of SNPs (8/15) 

linked to circulating T cell fractions in healthy individuals were not 

linked within the cancer population. This discrepancy highlights the 

need for further research on how germline genetics influence immune 

composition in cancer.
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We found that circulating T cell fractions in patients with cancer 

are more prognostic than tumor-infiltrating T cells. This relation-

ship may reflect systemic inflammation from tumor growth42. The 

asso ciation of the T/B cell ratio with prognosis suggests lymphocyte 

depletion, not just increased neutrophils, contributes to this signal. 

Circulating lymphocyte fractions may indicate ‘immunological age’43, 

reflecting the diminishing ability of the immune system to suppress 

cancer. This hypothesis is supported by the reduction we observed in 

circulating IgM/IgD B cell fractions of healthy participants who later 

developed cancer; however, we found no similar association with 

T cell fractions.

Despite the technological advancement of ImmuneLENS, there 

are limitations. While ImmuneLENS can accurately estimate immune 

cell fractions at ≥5× WGS coverage, additional sequencing coverage 
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Fig. 5 | Prognostic value of ImmuneLENS lymphocyte fractions in 100KGP.  

a, Five-year survival Kaplan–Meier plots for the entire pan-cancer 100KGP 

cohort, stratified into high and low groups based on the median circulating or 

infiltrating TCRA T cell fractions and IGH B cell fractions. b, Results from CoxPH 

models for 13,872 participants within the 100KGP pan-cancer cohort with 

complete clinical annotation. The models account for the effects of age, sex, 

genetically inferred ancestry, pretreatment chemotherapy and cancer stage. 

Left, pan-cancer HRs with 95% CIs. Right, a heatmap of HRs for different cancer 

histologies, including the I2 score from a meta-analysis using a random effects 

model across all histologies. Significance was calculated using Cochran’s  

Q test. Multiple hypothesis adjustments were performed using the Benjamini–

Hochberg method, applied by row. Individual P values were calculated using a 

two-sided Wald test within the Cox model. *P < 0.05, **P < 0.01 and ***P < 0.001.
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is required for B cell germline copy number correction (>10×) and 

somatic copy number adjustment (>20×). Moreover, TCR repertoire 

analysis from WGS data lacks the accuracy to make it comparable to 

TCR-seq, and predicting exact clonotypes remains a challenge. We do 

not envisage this method replacing TCR-seq. Rather, it can provide 

orthogonal insight that was previously lacking in the TCR repertoire in 

samples with solely WGS. ImmuneLENS can accurately estimate B cell 

fractions and deconvolve the separate class-switched fractions. This 

has much potential outside the context of cancer, for instance, within 

autoimmunity research44–46.

In summary, with the growing size of population-level WGS 

datasets, we have provided a tool that can accurately quantify lym-

phocyte fraction without the need for additional data collection. 

We hope ImmuneLENS will enable a deeper exploration of immune 

dysregulation.
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Methods
Statistical information
All statistical tests were performed in R 4.0.2. No statistical methods 

were used to predetermine the sample size. Tests involving correla-

tions were done using stat_cor from the R package ggpubr (v0.6.0) with 

Spearman’s method, except for situations when we directly tested if 

there exists a linear relationship between two variables for which Pear-

son correlation was used. Tests involving comparisons of distributions 

were done using stat_compare_means using wilcox.test using either the 

unpaired option, performing a Wilcoxon rank-sum (Mann–Whitney U) 

test, or a paired Wilcoxon signed-rank test. Effect size values for the 

corresponding Wilcoxon tests were measured using the wilcox_effsize 

function from the rstatix package (v0.7.2). HR values and P values were 

calculated with the survival package (v3.1-12) for both Kaplan–Meier 

curves and the CoxPH model. HR values between different models 

were compared by using a z test on the log of the HR values. For all 

statistical tests, the number of data points included are plotted or 

annotated in the corresponding figure. Plotting and analysis in R also 

made use of the ggplot2 (v3.4.1), dplyr (v1.1.0), tidyr (v1.3.0), gridExtra 

(v2.3), tidyverse (1.3.2), gtable (v0.3.2), scales (v1.2.1), lubridate (v1.9.2), 

survminer (0.4.9), survcomp (1.40.0), RColorBrewer (v1.1.3), GGgally 

(v2.1.2), ggforce (v0.4.1), TCellExTRECT (v1.0.1), MatchIt (v4.5.0) and 

dNdScv (v0.0.1.0) packages. P value adjustments were made using 

either the Holm–Bonferroni method or the false discovery rate (FDR)/

Benjamini–Hochberg method, with the FDR method being used for 

exploratory analysis and those involving many tests.

TRACERx 100
The TRACERx study (Clinicaltrials.gov registration: NCT01888601) 

is sponsored by University College London (UCL/12/0279) and has 

been approved by an independent Research Ethics Committee  

(13/LO/1546). All TRACERx samples used in this sample have been 

previously described13, and obtaining informed consent from each 

patient was a mandatory requirement for participation in the TRACERx 

study. Both WES (aligned to the hg19 sequence) and RNA-seq samples 

were obtained from the TRACERx study for the first 100 patients; the 

method for processing these samples is as previously described13,48. 

For the WES samples, exome capture was performed using a custom 

version of the Agilent Human All Exome V5 kit according to the manu-

facturer’s instructions.

TCR-seq TRACERx100 data used in this analysis have been previ-

ously published49; FASTQ data are deposited at the Sequence Read 

Archive (SRA) under accession code BioProject (PRJNA544699).

TRACERx100 DNA samples were sequenced and aligned to GRCh38 

by Genomics England using the same Illumina sequencing pipeline as 

used in the 100KGP to produce WGS samples to a mean depth of 175× 

(median 223×). WGS coverage values from the TCRA, TCRB, TCRG and 

IGH loci for these samples were then extracted for use for ImmuneLENS 

using SAMtools (v.1.3.1) depth. No other WGS-derived data besides these 

coverage values was used from the TRACERx cohort for this analysis.

100KGP WGS cohort
The 100KGP was ethically approved by the East of England—Cambridge 

South Research Ethics Committee (Research Ethics Committee refer-

ence 14/EE/1112, Integrated Research Application System ID 166046). 

Participants were recruited from 13 National Health Service (NHS) 

Genomic Medicine Centres, and all provided written informed consent.

All WGS samples within the 100KGP cohort were sequenced by 

Illumina and carried out on behalf of Genomics England. The Illumina 

pipeline for all samples used in this analysis performed alignment with 

the Issac aligner to the GRCh38 reference. Full details can be found at 

https://re-docs.genomicsengland.co.uk/genomic_data. Tumor sam-

ples were sequenced to a median depth of 97.5×, while germline blood 

samples were sequenced to a median depth of 32.7× in the pan-cancer 

cohort and 39.7× in the rare disease cohort.

T cells and B cells were calculated for the entire 100KGP cohort 

(lung—data release v8 (28 November 2019), remaining pan-cancer data 

release v12 (06 May 2021) and rare disease v12 (07 May 2021)). In total, 

scores were calculated for 92,905 WGS BAM files.

Of these, 31,675 BAM files were part of the 100KGP cancer cohort, 

representing 16,294 cancer BAM files and 15,381 germline BAM files. 

Some participants had multiple tumor samples collected for WGS; due 

to the lack of annotation of the reason for multiple samples (for exam-

ple, technical resequencing, representative of metastasis, multiple 

region sequenced or occurrence of a second primary tumor at a later 

time point), these were removed from the pan-cancer cohort, leading 

to a final cohort of 14,501 tumor WGS samples. Of the 14,501 tumor 

WGS samples of our cohort, 13,868 have a matched blood WGS sample.

For the rare disease cohort, scores for 61,230 BAMs in total were 

calculated. Limiting to samples taken from blood samples leads to 

59,903 BAMs representing 29,238 samples taken from probands with 

a rare disease and 30,665 relatives of these probands. This cohort of 

30,665 blood samples from relatives was taken as our healthy cohort 

to compare with the 13,868 blood samples from patients with cancer. 

Additionally, from this healthy cohort, propensity-matched cohorts 

for each cancer histology were created using the R package matchit, 

controlling for both age and sex.

T cell and B cell fractions were calculated with the WGS version of 

ImmuneLENS; adjustments for tumor purity were made using estimates 

from Genomics England and local copy number using CANVAS (v.1.3.1) 

calls produced by Genomics England for nearby genes to the V(D)J loci 

(TCRA—OR10G3; TCRB—PRSS58; TCRG—STARD3NL; IGH—TMEM121).

Cancer histology in terms of disease and disease subtype was 

curated by Genomics England and is as described in the cancer_analysis_ 

table available to researchers within the Genomics England research 

environment. To be consistent with other pan-cancer analyses, parti-

cularly TCGA, we used the histology groups designed by Genomics 

England to align as closely as possible to the TCGA (https://re-docs.

genomicsengland.co.uk/cancer_analysis_histology/). We, however, 

kept the Childhood Cancers group from Genomics England’s own anno-

tation of cancer disease type due to the effect of age on our analysis.  

We also split up the breast invasive carcinoma group by hormone 

receptor status where available, and for the hematologically derived 

cancers, we split them up by cell of origin to distinguish B cell- and 

T cell-derived cancers from those from myeloid cells. All cancer types 

with occurrences less than 100 cases in the total cohort were assigned 

to the other cancer type groups, for both ease of analysis and to avoid 

the risk of any personally identifying features.

TCGA pan-cancer data
T cell ExTRECT was applied to the pan-cancer TCGA WES dataset. 

For different TCGA cohorts, different exome capture kits were used, 

and exon quality control was undertaken to ensure consistent results 

across the entire TCGA cohort. In brief, for each capture kit, the median 

GC-corrected read depth ratio was calculated for each exon using  

the exonsTcellExTRECT function across all samples. Exons with  

low coverage (median read depth ratio < −0.5) were filtered from the 

capture kit BED file.

TCGA sample ancestry calls are the consensus of five genetic ances-

try calling approaches described in ref. 50.

1000 Genome cohort
In total, 2,544 samples with matched high- and low-coverage CRAM 

files, along with their indexed CRAI files, were downloaded directly 

from the 1000 Genomes cohort server (ftp://ftp.1000genomes.ebi.

ac.uk) using wget. The median depth of the high-coverage samples 

was 34×, and the median depth for the low-coverage samples was 

1.25×. ImmuneLENS with SAMtools (v.1.3.1) was then used on these 

CRAM files to extract the coverage and then calculate T cell and B cell 

fractions. Processed RNA-seq data from the Geuvadis project for 465 
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lymphoblastoid cell lines from the 1000 Genomes were downloaded 

from https://www.ebi.ac.uk/gxa/experiments/E-GEUV-1/Downloads 

with RNA-seq analysis performed using R packages limma and edgeR.

PCAWG
Our analysis was restricted to the TCGA portion of the PCAWG  

that contained 539 WGS tumor-normal pairs from BAM files that  

had been realigned to hg38 at MD Anderson. Germline normal  

samples had a median depth = 37.3× and tumor samples median 

depth = 51.2×. ImmuneLENS/SAMtools (v.1.3.1) was used to extract 

coverage files for the IGH and TCRA loci, which were then used in the 

calculation of all T cell and B cell fractions using the ImmuneLENS R 

package.

Low-pass TCGA data
In total, 317 low-pass TCGA BAM files with a median depth of 4.95× that 

were from samples with corresponding PCAWG high-coverage WGS 

were downloaded using the TCGA GDC client; coverage values for each 

sample were downloaded from the GDC client API.

scRNA cohort and analysis
Processed scRNA data with associated metadata from a lung cancer 

dataset described in ref. 51 were used. Annotation of B cell subtypes 

was used, and class switching was determined from the expression of 

IGH class switch segments with cells with unclear annotation removed 

from the analysis.

Nested downsampling of WGS files
Nested downsampling was performed on WGS BAM files using  

SAMtools view (v.1.3.1) recursively with the following options:

samtools view -b -h --subsample FRAC - -subsample-seed SEED 

BAM CHR_LOC > OUT_BAM

The depth of the original BAM files was calculated with mosdepth 

(v.0.3.2) and then downsampled to 60×. After each downsampling, 

each output BAM was indexed using Picard (v.2.20.3) BuildBamIndex 

before being downsampled again with SAMtools view to create a set 

of nested downsampled BAMs with depths of 60, 50, 40, 30, 20, 10, 5, 

2, 1, 0.5 and 0.1×. The values for FRAC were calculated to obtain these 

depths based on the depth of the original BAM file as calculated with 

mosdepth. SEED values were changed in each nested down sample to 

avoid using the same seed repeatedly.

The above-given procedure was done to generate downsam-

pled BAMs for all of the TRACERx WGS samples for the TCRA (chr14: 

21621904–22752132), TCRB (chr7: 142299011–142813287), TCRG (chr7: 

38240024–38368055) and IGH (chr14: 105566277–106879844) loci. 

These downsampled BAMs were then used as input for the WGS version 

of ImmuneLENS to calculate the T cell and B cell fractions.

Differential gene expression analysis and gene set enrichment
We performed differential gene expression on TRACERx100 patients 

with RNA-seq data, separating the cohort into high or low groups based 

on either IGH B cell fraction or class-switching B cell fraction scores 

for IGHG1, IGHA1 B cell fraction or nonclass-switched IgM/IgD B cell 

fraction. First, using R 4.0.0, the edgeR package (v.3.32.1) was used for 

the sample-specific trimmed mean of the M values normalization; any 

genes with low expression were then filtered out using the standard 

edgeR filtering method before using the limma–voom method from 

the limma R package (v.3.46.0) to calculate the voom fit and obtain 

P values for the gene-expression differences. The comparison con-

trolled for patient and histology as blocking factors, and P values were 

FDR-corrected for multiple testing. Results were then visualized with 

the R EnhancedVolcano package (v.1.8.0). Gene set enrichment analysis 

was then performed using the fgsea R package, which uses (v.1.24.0) the 

MSigDB C8 genesets of cell type signatures (https://www.gsea-msigdb.

org/gsea/msigdb/human/genesets.jsp?collection=C8). An adaptive 

multi-level split Monte Carlo scheme for P value estimation was used 

and full results are given in Supplementary Data.

Calculation of TCR/BCR diversity metrics
T cell diversity metrics from V or J segment usage were predicted by the 

ImmuneLENS model. For the Shannon diversity, we used the formula:

Shannondiversity = −∑

i

p

i

ln(p

i

),

where p
i

 represents the proportion of an individual V or J segment 

predicted from the model.

To compare between two samples with different predicted seg-

ment usage, we used the Jensen–Shannon divergence metric defined 

as follows:

P = probability distributionof Vor J segment usage in sampleA.

Q = probability distributionof Vor J segment usage in sampleB.

M =

P + Q

2

.

D(P|Q) = ∑

i

P

i

log(

P

i

Q

i

) , where P
i

 and Q
i

 represent the proportion of  

segment i used in sample A or B, respectively.

The Jensen–Shannon divergence ( JSD) is then defined as follows:

JSD(P|Q) =

1

2

D(P|M) +

1

2

D(Q|M ).

MiXCR22 was used to call TCR clonotypes from TRACERx 100 

RNA-seq data directly. From these calls, the Shannon entropy was 

then calculated using the proportions of the TCR clonotypes found 

in each sample.

TRUST4 (ref. 52) was also used to call BCR sequences and therefore 

infer class-switching proportions.

TRAV segment usage analysis
TRAV segment predictions from ImmuneLENS were generated for the 

entire 100KGP cohort. For analysis of differing TRAV segment usage, we 

restricted to samples with >0.05 total TCRA T cell fraction. To test for 

TRAV segment usage changes between different populations, we used 

propensity matching to control for TCRA T cell fraction and to ensure 

that the distribution of T cell fraction was the same between compari-

son populations and hence there would be no bias with higher T cell 

fraction cohorts associated with more diversity due to our increased 

power to detect TRAV segment usage. Once the comparison cohorts 

were created, we defined a TRAV segment as being selected within 

the ImmuneLENS model if it had a fraction >0.001 of T cells predicted 

to use the TRAV segment. For every segment, we then calculated the 

percentage of samples within the cohort that selected that segment 

>0.001 fraction. Differences in segment usage between cohorts were 

then assessed using a χ2 test, and then P values were adjusted for mul-

tiple hypothesis testing.

100KGP genetic ancestry inference
Genetic ancestry inference was provided by Genomics England for 

the entire 100KGP cohort using ethnicities from the 1000 Genomes 

Project phase 3 as truth by first generating principal components and 

then projecting the 100KGP project onto them to identify the broad 

genetic ancestry super-category of each participant. Full details can be 

found at https://re-docs.genomicsengland.co.uk/ancestry_inference/.

100KGP date-matched blood count data
Blood count data were only available for a subset of the rare disease 

cohort within the 100KGP. We selected blood count data that were 
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time-matched for the exact date of genomic sample collection result-

ing in data from 441 participants for which we had date-matched  

blood count and calculated T cell or B cell fractions. From this data, 

we further subsetted for participants with matched albumin count 

(n = 361), lymphocyte count (n = 222), neutrophil count (n = 84) and 

both neutrophil and lymphocyte count data (n = 84).

100KGP treatment data
Treatment data were extracted from 100KGP using the clinical data 

available in the Genomics England research environment from the 

‘cancer_systemic_anti_cancer_therapy’ version 13 table.

dNdScv analysis of selection in protein-coding genes
We used dNdScv31 to measure the expected number of nonsynonymous 

mutations for genes associated with cancer within the cancer gene 

census. We then adapted code from ref. 53, which used a Poisson model 

of observed nonsynonymous mutations using the neutral background 

expectation as calculated within dNdScv as an offset variable influenced 

by age or sex in normal bladder tissue. In our analysis, we also added 

tumor purity, tumor mutation burden and disease type as controlling 

variables. We added either infiltrating TCRA T cell fraction, IGH B cell 

fraction, total class-switched B cell fraction, total non-class-switched  

B cell fraction (IgM/IgD), IgA or IgG B cell fraction into the Poisson model 

and identified genes for which these variables were significant (model: 

observed mutations ~ offset(log(expected mutations)) + age + tumor 

mutation burden + sex + disease type + immune fraction). For the 

pan-cancer analysis, we selected significant genes after adjusting for 

multiple hypothesis testing, for the disease-type-specific models, we 

only tested genes that had ≥10 tumors containing nonsynonymous 

mutations in that disease type and did not include sex in the model for 

cancer types predominant in one sex.

Analysis of known SNPs associated with leukocyte traits using 
PLINK
In total, 1,962 SNPs known to be associated with leukocyte traits (either 

basophil, eosinophil, lymphocyte, monocyte, neutrophil counts or 

white blood count) were downloaded from the data released by ref. 27.  

Of these, only 1,635 SNPs were listed within the VCF files provided 

within the 100KGP above the 0.001 mean allele frequency threshold. 

PLINK was used to test for associations between these SNPs and TCRA 

T cell fraction, IGH B cell fraction, IgM/IgD B cell fraction, IgG B cell 

fraction, IgA B cell fraction or the T/B cell ratio. All T cell and B cell 

fractions were first transformed using the inverse normal transforma-

tion to ensure normality. Association tests were run separately in the 

different genetic ancestry groups (as defined by the 1000 Genomes 

Project). Our analysis focused on participants with genetically inferred 

European ancestry, as this was the largest ancestry group in both the 

healthy and pan-cancer cohorts and those with genetically inferred 

African ancestry, as this group showed the most significant differ-

ence in circulating T cell fraction compared to the European ancestry 

group. For the healthy and pan-cancer cohorts age, sex and the first ten 

genetic ancestry principal components (PCs) were used as covariates. 

PLINK (v1.9) was run separately on each cancer subtype using these 

covariates. PLINK was run with the following steps: (1) LD pruning 

of the tested SNPs using the option –indep-pairwise 500 5 0.5 to test 

500 SNPs at a time, moving the window by five SNPs at each step and 

using an R2 threshold of 0.5 to remove any high LD SNPs. (2) A cutoff 

on genotype frequencies using –geno 0.2 –maf 0.01 to remove any 

SNPs with a missing genotype rate >20% and a minor allele frequency 

>1%. (3) A Hardy–Weinberg filter using –hwe 0.000001 to specify the 

P value threshold. (4) A test for association of the phenotype using 

linear regression and the –linear option, as well as calculation of geno-

type frequencies using –freq. For the pan-cancer analysis, the output 

of each cohort from PLINK was then combined in a common effect 

meta-analysis using the metagen function from the R package meta, 

with the input being the treatment effect and its s.e. from each of the 

separate cancer histology runs of PLINK.

Survival analysis
Survival data were collated on the Genomics England research environ-

ment using available data for date of cancer diagnosis, death records 

from the Office of National Statistics and the latest follow-up times 

from the most recent records in the hospital episode statistics (release 

v16). The data then underwent additional quality control to exclude any 

patients with any conflicting data, such as follow-up times greater than 

10 years resulting from multiple dates of diagnosis values from previ-

ous incidences of cancer. In total, 13,348 participants with both survival 

data and ImmuneLENS fractions in blood and 13,342 participants with 

both survival data and ImmuneLENS fractions in tumor tissue were 

available for analysis.

A meta-analysis using a random effects model was applied to  

the output of the HRs of the disease-specific CoxPH models using the  

R function metagen from the package meta (v.6.5-0). Thus, the I2 values 

were calculated, and their significance was tested using Cochran’s  

Q test.

Figure generation
Biorender.com aided in the generation of Fig. 1a, Extended Data Fig. 4a 

and Supplementary Fig. 3a.

Reporting summary
Further information on research design is available in the Nature 

Portfolio Reporting Summary linked to this article.

Data availability
The RNA-seq and WES data (in each case from the TRACERx study) used 

during this study are a subset of the TRACERx421 dataset and have been 

deposited at the European Genome–Phenome Archive, which is hosted 

by The European Bioinformatics Institute and the Centre for Genomic 

Regulation under the accession codes EGAS00001006517 (RNA-seq) 

and EGAS00001006494 (WES). Access is controlled by the TRACERx 

data access committee to ensure patient privacy and data confiden-

tiality are protected while fostering impactful scientific discoveries. 

Details on how to apply for access are available on the linked pages. 

The data access committee aims to respond to requests within 1 week. 

For TCR-seq data used in this analysis, the FASTQ data are deposited 

at the SRA under accession code BioProject (PRJNA544699). Coverage 

files for the TCRA, TCRB, TCRG and IGH loci were generated from WGS 

TRACERx 100 samples. These coverage files used for the calculation of 

the T cell and B cell fractions are available at Zenodo (https://doi.org/ 

10.5281/zenodo.7785803)54 and were the only data derived from the 

TRACERx WGS analysis used within this paper.

WGS and phenotypic data from the 100KGP can be accessed by 

application to Genomics England following the procedure outlined at  

https://www.genomicsengland.co.uk/join-us for both academic and 

industry users. Genomics England restricts access to 100KGP data 

to bona fide researchers to protect the sensitive genomic data of its 

participants. For academic users, Genomics England aims to review all 

applications within ten working days, and access will be granted within 

two working days after confirmation of affiliation from the researcher’s 

institution and completion of online governance training.

The 1000 Genome Data used are publicly available and can be 

accessed at https://www.internationalgenome.org/data. Calculated 

ImmuneLENS output including class-switching and polyclonal predic-

tions for each LCL cell line included are available on Zenodo (https://

doi.org/10.5281/zenodo.11093976)55.

PCAWG data used in this study were obtained through our col-

laboration with MD Anderson. To gain access to the raw WGS samples 

of the TCGA portion of the PCAWG data used in this study, research-

ers need to apply to the TCGA data access committee via a database 
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of Genotypes and Phenotypes (dbGaP; https://dbgap.ncbi.nlm.nih.

gov/aa/wga.cgi?page=login). Access is controlled due to respect and 

protection of the interests of research participants. The calculated 

ImmuneLENS output for these samples is available on Zenodo (https://

doi.org/10.5281/zenodo.11093961)56.

TCGA pilot project was established by the National Cancer Insti-

tute (NCI) and the National Human Genome Research Institute. The 

data were retrieved through the dbGaP authorization (accession 

phs000178.v9.p8). Information about TCGA and the constituent inves-

tigators and institutions of the TCGA research network can be found 

at http://cancergenome.nih.gov/. To access TCGA WES and low-pass 

WGS data, researchers will need to apply to the TCGA Data Access 

Committee (DAC) via dbGaP (https://dbgap.ncbi.nlm.nih.gov/aa/wga.

cgi?page=login). Access is controlled due to respect and protection of 

the interests of research participants. The calculated T cell ExTRECT 

TCRA T cell fraction scores along with the ImmuneLENS output for 

the low-pass WGS samples used in this study are available at Zenodo 

(https://doi.org/10.5281/zenodo.7794867)57.

Single-cell data used in this analysis are previously described51 

and available at https://cellxgene.cziscience.com/collections/

edb893ee-4066-4128-9aec-5eb2b03f8287.

Code availability
The code used to produce T cell and B cell fraction scores will be  

made available for academic noncommercial research purposes as 

the R package ImmuneLENS, available for download and installation 

at https://github.com/McGranahanLab/ImmuneLENS.

All other code used in the analysis and necessary data to repro-

duce figures is available at Zenodo58 (https://doi.org/10.5281/zenodo. 

14046632). 100KGP data cannot be exported outside the Genomics  

England research environment. All data and code to reproduce the 

100KGP analysis, including T cell and B cell fractions, are available 

within the Genomics England research environment (see https://

re-docs.genomicsengland.co.uk/access/ for information on using the 

research environment) within the folder ‘/re_gecip/shared_allGeCIPs/

rbentham/ImmuneLENS_figure_code/’. Researchers can gain access 

to the Genomics England research environment and associated data 

following application to Genomics England following the procedure 

outlined at https://www.genomicsengland.co.uk/join-us.
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Extended Data Fig. 1 | Validation and description of ImmuneLENS. a, Diagram 

illustrating possible class-switching deletion events following VDJ recombination 

at the IGH locus, resulting in B cells producing different antibodies. b, Example 

ImmuneLENS output showing the TCRA locus for TRACERx sample CRUK0085 

region 3. The log read depth ratio plot corresponds to a predicted T cell fraction 

of 0.14. Alternating colors represent changes in the 14 TRAV segments selected 

by the model, which are also depicted in the bubble plot (right). c, Example 

ImmuneLENS output showing the IGH locus for TRACERx sample CRUK0004 

region 2, with a predicted B cell fraction of 0.25. IGHV segment usage and class-

switching percentages are also displayed (right). d, Scatter plots showing the 

correlation between T cell fraction values calculated by ImmuneLENS from the 

TCRA, TCRB or TCRG loci. The blue line represents the line of best fit, and the 

gray region indicates the 95% confidence interval. e, Heatmap of ImmuneLENS’ 

fractions compared to RNA-seq signatures for different cell types. f, Differential 

gene expression analysis (bottom) of TRACERx RNA-seq samples split into 

high and low groups based on median predicted non-class-switched IgM/IgD 

B cell fractions and class-switched IgA and IgG B cell fractions. Analysis and 

significance were assessed using limma–voom (Methods), accounting for 

multiple hypothesis testing. Red points represent genes within the Travaglini 

lung B cell gene signature59. P values were derived from a GSEA analysis (top) of 

all cell type signature genesets defined by MSigDB, with P-value estimation based 

on an adaptive multi-level split Monte Carlo scheme. The P values for Spearman’s 

ρ in d were derived from a two-tailed t-distribution using the correlation 

coefficient and sample size.

http://www.nature.com/naturegenetics
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Extended Data Fig. 2 | Nested downsampling of TRACERx data. a, Correlation 

of T cell fraction at 60× coverage with samples downsampled to different 

coverage levels using nested downsampling. b, Example ImmuneLENS model 

outputs of the same sample at different downsampled coverage depths.  

c,d. Correlation of TCRB and TCRG T cell fractions at 60× coverage with samples 

downsampled to different coverage levels using nested downsampling. 

e, Correlation of circulating B cell fraction at 30× coverage with samples 

downsampled to different coverage levels using nested downsampling. Top: 

B cell fraction calculated without IGH haplotype correction. Bottom: B cell 

fraction calculated with IGH haplotype correction f, Correlation of infiltrating B 

cell fraction at 30× coverage with samples downsampled to different coverage 

levels using nested downsampling. Top: B cell fraction calculated without IGH 

haplotype correction. Middle: B cell fraction calculated with germline IGH 

haplotype correction. Bottom: B cell fraction calculated with both germline and 

somatic IGH haplotype correction. Throughout, blue lines represent the line of 

best fit, and gray regions indicate the 95% confidence interval. The P values for 

Pearson’s R were derived from a two-tailed t-distribution using the correlation 

coefficient and sample size.
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Extended Data Fig. 3 | Association of ImmuneLENS scores with blood count 

data. a. ImmuneLENS fractions versus date-matched blood count data for 

albumin, C-reactive protein, ferritin, platelets and white blood count. Blue lines 

represent the line of best fit with gray regions representing 95% confidence 

interval. P values for Spearman’s ρ were derived from a two-tailed t-distribution 

using the correlation coefficient and sample size.
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Extended Data Fig. 4 | Validation of TCR diversity metrics. a, Cartoon overview 

of the use of ImmuneLENS to calculate Shannon diversity values from TRAV 

segment usage as well as divergence metrics between two samples using the 

Jensen–Shannon divergence ( JSD) from TRAV segment usage. The figure is 

created with BioRender.com. b, Proportion of TRAV segment usage in samples 

as measured from either TRACERx TCR-seq data (separated into 4 quartiles) or 

predicted by ImmuneLENS. c, Correlation of Shannon entropy measurements as 

measured by either TRAV segments predicted by ImmuneLENS or from MiXCR 

(RNA-seq). d, Jensen–Shannon divergence of samples either from different or 

same TRACERx patients, for tumor–tumor or tumor–blood sample comparisons 

measured by ImmuneLENS or TCR-seq from TRAV segment proportions, with 

significance assessed using a two-sided Wilcoxon rank-sum test. Boxplots in b 

and d show the median, lower and upper quartile and with whiskers extending to 

1.5× the interquartile range above and below the interquartile range. P values for 

Spearman’s ρ were derived from a two-tailed t-distribution using the correlation 

coefficient and sample size.

http://www.nature.com/naturegenetics
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Extended Data Fig. 5 | Pan-cancer overview of IGH and T/B cell ratio. a. Overview snake plot of age-adjusted TCRA T cell fraction and circulating T/B cell ratio, with 

horizontal red line representing the median value per histology and dashed black line at y = 1 for the age-adjusted circulating TCRA T cell fraction to show the median 

value expected for the age distribution of that cohort.

http://www.nature.com/naturegenetics
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Extended Data Fig. 6 | Comparison of circulating and infiltrating fractions.  

a, Boxplots showing different fractions calculated in ImmuneLENS in circulating 

blood and infiltrating tumor samples; pie charts show the percentage of cases 

when infiltrating fractions is higher or lower than circulating with significance 

assessed using a two-sided Wilcoxon rank-sum test. P = 0, represents P values less 

than the limit of double-precision floating numbers in R, 2.22 × 10−308 b, Pearson 

correlation of infiltrating and circulating fractions within the 100KGP cohort. 

Dashed black line represents the Pearson correlation = 0 and separates positive 

and negative correlations. Multiple hypothesis adjustments were performed 

using the Holm–Bonferroni method. Boxplots in a show the median, lower and 

upper quartile and with whiskers extending to 1.5× interquartile range above and 

below the interquartile range. P values for Pearson’s R values were derived from a 

two-tailed t-distribution using the correlation coefficient and sample size.

http://www.nature.com/naturegenetics
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Extended Data Fig. 7 | Additional determinants of ImmuneLENS fractions.  

a,b, Significance of hit SNPs from PLINK analysis for circulating TCRA T cell 

fraction in healthy cohorts identified in European ancestry (a) and African 

ancestry (b) versus their significance in the cancer cohort, with SNPs colored 

by their position within the chromosome to distinguish between multiple 

significant loci. Dashed red line represents p = 0.05 (unadjusted) in the cancer 

cohort. The P values are derived from the PLINK software that uses a linear 

regression model and performs a Wald test for each SNP. For the cancer cohort, 

this was done separately for each histology, and the P values were combined 

using a meta-analysis with a common effects model.

http://www.nature.com/naturegenetics
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Extended Data Fig. 8 | Association of selection with infiltrating B cell 

fraction. a, Volcano plots for the significance of association of IgM/IgD 

and IgG infiltrating B cell fraction for selection of nonsynonymous genes 

from the cancer gene census as measured with Poisson model: observed 

mutations ~ offset(log(expected mutation)) + age + sex + purity + tumor 

mutation burden + disease type + infiltrating B cells, with expected mutations 

calculated by dNdScv, and run on the entire pan-cancer cohort excluding 

hematological and childhood cancers. Dashed black lines are at estimate = 0, 

and the FDR significance threshold of −log10(P) = 4.16. b, Bubble plot showing 

disease-type-specific significance from Poisson model for different infiltrating 

B cell fractions, with genes selected as those that are significant either at the 

pan-cancer level (MUC4 in IgM/IgD and KMT2C in IgG) or within a single disease-

type at an adjusted P < 0.05 with genes only tested if 10 or more patients had 

nonsynonymous mutations within that gene in that cancer type. P values in 

 a and b represent the significance of the term for the TCRA T cell fraction variable 

in the Poisson model and are calculated using a Wald test.

http://www.nature.com/naturegenetics
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | Survival forest plots and circulating T cell fraction and 

T/B cell ratio interaction. a, Output from CoxPH models showing hazard ratio 

with 95% confidence intervals for 5-year survival controlled for age, sex, cancer 

stage and treatment before surgery. Dashed black line represents a hazard ratio 

of 1. b, Results from a CoxPH model for circulating TCRA T cell fraction and T/B 

cell ratio together with their interaction term from the 100KGP pan-cancer 

cohort showing hazard ratio with 95% confidence interval. Dashed black line 

represents a hazard ratio of 1. c,d, Kaplan–Meier curves for 5-year survival for 

100KGP pan-cancer cohort separated into either low- or high-circulating T/B cell 

ratio or circulating TCRA T cell fraction based on the median values. Multiple 

hypothesis adjustments were performed using the Benjamini–Hochberg method 

with individual P values calculated using a two-sided Wald test within the Cox 

model.

http://www.nature.com/naturegenetics
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Extended Data Fig. 10 | Survival analysis in TCGA. a, Five-year survival 

Kaplan–Meier curves for the TCGA data using the median value of TCRA T cell 

fraction as calculated by T cell ExTRECT to assign high and low groups. b. Left: 

hazard ratio associated with pan-cancer TCGA cohort with 95% confidence 

interval. Right: heatmap of hazard ratios for each individual cancer type with 

P values given in brackets. All P values were calculated using a two-sided Wald 

test within the Cox model. *, P < 0.05; **, P < 0.01; ***, P < 0.001. LGG, brain 

lower grade glioma; SARC, sarcoma; LUAD, lung adenocarcinoma; THYM, 

thymoma; BLCA, bladder urothelial carcinoma; CHOL, cholangiocarcinoma; 

STAD, stomach adenocarcinoma; UCS, uterine carcinosarcoma; PAAD, 

pancreatic adenocarcinoma; BRCA, breast invasive carcinoma; PRAD, prostate 

adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; HNSC, head 

and neck squamous cell carcinoma; UVM, uveal melanoma; GBM, glioblastoma 

multiforme; CESC, cervical squamous cell carcinoma and endocervical 

adenocarcinoma; KIRC, kidney renal clear cell carcinoma; UCEC, uterine corpus 

endometrial carcinoma; SKCM, skin cutaneous melanoma; KIRP, kidney renal 

papillary cell carcinoma; LUSC, lung squamous cell carcinoma; ESCA, esophageal 

carcinoma.

http://www.nature.com/naturegenetics
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Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 

in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 

Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 

AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 

Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection No software was used to collect data

Data analysis R version 4.0.2 

samtools (1.3.1) 

PLINK (1.9) 

 

R packages used: 

tidyverse (1.3.2) 

ggplot2 (3.4.1) 

dplyr (1.1.0) 

tidyr (1.3.0) 

ggpubr (0.6.0) 

scales (1.2.1) 

rstatix (0.7.2) 

lubridate (1.9.2) 

survminer (0.4.9) 

survival (3.1-12) 

survcomp (1.40.0) 

RColorBrewer (1.1-3) 

gridExtra (2.3) 

gtable (0.3.2) 
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GGgally (2.1.2) 

ggforce (0.4.1) 

TCellExTRECT (1.0.1) 

MatchIt (4.5.0) 

dndscv (0.0.1.0) 

 

The code to estimate T and B cell fractions, B cell class switching and diversity metrics was produced using the custom made ImmuneLENS R 

package which is available at https://github.com/McGranahanLab/ImmuneLENS.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 

reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 

- Accession codes, unique identifiers, or web links for publicly available datasets 

- A description of any restrictions on data availability 

- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

TRACERx100: 

The RNA sequencing (RNA-seq) and whole exome sequencing (WES) data (in each case from the TRACERx study) used during this study is a subset of the 

TRACERx421 data set and have been deposited at the European Genome–phenome Archive (EGA), which is hosted by The European Bioinformatics Institute (EBI) 

and the Centre for Genomic Regulation (CRG) under the accession codes EGAS00001006517 (RNAseq), EGAS00001006494 (WES); access is controlled by the 

TRACERx data access committee. Details on how to apply for access are available at the linked pages. For TCRseq data used in this analysis the FASTQ data is 

deposited at the Short Read Archive (SRA) under accession code BioProject: PRJNA544699 

 

Coverage files for the TCRA, TCRB, TCRG and IGH loci were generated from WGS TRACERx100 samples. These coverage files used for the calculation of the T and B 

cell fractions is available at zenodo.org (10.5281/zenodo.7785803) and were the only data derived from the TRACERx WGS analysis used within this paper.  

 

100KGP: 

WGS and phenotypic data from the 100,000 Genomes Project can be accessed by application to Genomics England following the procedure outlined at https://

www.genomicsengland.co.uk/about-gecip/joining-research-community/. 

 

1000 Genomes: 

The 1000 Genome Data used is publicly available and can be accessed on https://www.internationalgenome.org/data. Calculated ImmuneLENS output including 

class switching and polyclonal predictions for each LCL cell line included are available on zendodo (10.5281/zenodo.1109397).  

PCAWG: 

PCAWG data used in this study was obtained through our collaboration with the MD Anderson. To gain access to the TCGA portion of the PCAWG data used in this 

study, researchers need to apply to the TCGA data access committee via dbGaP (https://dbgap.ncbi.nlm.nih.gov/aa/wga.cgi?page=login). The calculated 

ImmuneLENS output for these samples is available on zenodo.org (10.5281/zenodo.1109396) 

 

TCGA: 

To access TCGA WES and low pass WGS data, researchers will need to apply to the TCGA Data Access Committee (DAC) via dbGaP (https://dbgap.ncbi.nlm.nih.gov/

aa/wga.cgi?page=login).  

 

The calculated T cell ExTRECT TCRA T cell fraction scores along with the ImmuneLENS output for the low pass WGS samples used in this study is available at 

zenodo.org (10.5281/zenodo.7794867). 

scRNA datasets: 

All data used in this analysis is described in Salcher et al50. available at https://cellxgene.cziscience.com/collections/edb893ee-4066-4128-9aec-5eb2b03f8287. 

 

 

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 

and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender 100KGP pan cancer cohort: Breakdown by phenotypic sex classification at birth as provided in the Genomics England 

Research Environment: Females (8197), Males (6304) 

 

100KGP healthy cohort: Breakdown by phenotypic sex classification at birth as provided in the Genomics England Research 

Environment: Females (17169), Males (13496) 

 

TRACERx: There were 68 male and 32 female non-small cell lung cancer patients in the TRACERx study 

 

PCAWG: The subset of the PCAWG data used for the analysis contains 308 females and 231 males

Reporting on race, ethnicity, or 

other socially relevant 

groupings

Most probable ancestry within the 100KGP is provided in the Genomics England Research Environment based on five broad 

super-populations (see https://re-docs.genomicsengland.co.uk/ancestry_inference/) for African, Admixed American, East 

Asian, European and South Asian. An unassigned ancestry group was also used for participants with admixed ancestry where 

no probability for an individual super-population was above 80%.  
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The breakdown by ancestry within the 100KGP is as follows: 

Healthy cohort: 

African (664), Admixed American (99), East Asian (185), European (23636), South Asian (3542), Unassigned (2265), Unknown 

(274) 

Pan cancer cohort: 

African (447), Admixed American (32), East Asian (114), European (12489), South Asian (515), Unassigned (577), Unknown 

(327)

Population characteristics 100KGP: 

Healthy cohort consists of 30,665 participants originating from the rare disease cohort arm of the 100KGP and representing 

the non-affected relatives.  

Age breakdown (years): < 20 (1445), 20-24 (537), 25-29 (1807), 30-34 (3942), 35-39 (5465), 40-44 (4787), 45-49 (3954), 

50-54 (2745), 55-59 (1798), 60-64 (1295), 65-69 (1010), 70-74 (893), 75-79 (518) ,>80 (469) 

 

Pan cancer cohort consists of 14,501 participants covering  33 main cancer types with samples derived from both tumour 

tissue and  matched germline. 

Age breakdown (years): < 20 (284), 20-24 (75), 25-29 (147), 30-34 (194), 35-39 (285), 40-44 (410), 45-49 (780), 50-54 (1129), 

55-59 (1446), 60-64 (1790), 65-69 (2154), 70-74 (2208), 75-79 (1569),>80 (1399) 

 

 

TRACERx: 

There were 68 male and 32 female non-small cell lung cancer patients in the TRACERx study, with a median age of 68. The 

cohort is predominantly early-stage: Ia(26), Ib(36), IIa(13), IIb(11), IIIa(13), IIIb(1). Seventy-two had no adjuvant treatment 

and 

28 had adjuvant therapy. 

Patients were recruited into TRACERx according to the following eligibility criteria (taken from the study protocol). 

Inclusion criteria: 

-Written Informed consent 

-Patients ≥18 years of age, with early stage I-IIIA disease who are eligible for primary surgery 

-Histopathologically confirmed NSCLC, or a strong suspicion of cancer on lung imaging necessitating surgery (e.g. diagnosis 

determined from frozen section in theatre) 

-Primary surgery in keeping with NICE guidelines planned (see section 9.3) 

 -Agreement to be followed up in a specialist centre 

 -Performance status 0 or 1 

-Suspected tumour at least 15mm in diameter on pre-operative imaging 

Exclusion criteria: 

-Any other current malignancy or malignancy diagnosed or relapsed within the past 5 years (other than non-melanomatous 

skin 

cancer, stage 0 melanoma in situ, and in situ cervical cancer) 

-Psychological condition that would preclude informed consent 

-Treatment with neo-adjuvant therapy for current lung malignancy deemed necessary 

-Adjuvant therapy other than platinum-based chemotherapy and/or radiotherapy 

-Known Human Immunodeficiency Virus (HIV), Hepatitis B Virus (HBV), Hepatitis C Virus (HCV) or syphilis infection. 

-Sufficient tissue, i.e. a minimum of two tumour regions, is unlikely to be obtained for the study based on pre-operative 

imaging 

Patient ineligibility following registration: 

-There is insufficient tissue 

-The patient is unable to comply with protocol requirements 

-There is a change in histology from NSCLC following surgery, or NSCLC is not confirmed during or after surgery. 

-Change in staging to IIIB/IV following surgery 

-The operative criteria are not met (e.g. incomplete resection with macroscopic residual tumours (R2)); see section 9.3 for a 

list 

of accepted surgical procedures. Patients with microscopic residual tumours (R1) are eligible and should remain in the study 

-Adjuvant therapy other than platinum-based chemotherapy and/or radiotherapy is administered.

Recruitment 100KGP: Cases were recruited by referring clinicians through the National Health Service 

 

TRACERx:  

Patients seen with a new diagnosis of lung cancer in lung cancer units across the United Kingdom, according to the eligibility 

criteria above, were recruited. No selection bias has been identified to date. 

All patient tumor regions with RIN scores > 5 were used for RNA-sequencing and analyzed in this study. 

All patients were assigned a study ID that was known to the patient. These were subsequently converted to linked study Ids 

such 

that the patients could not identify themselves in study publications. All human samples, tissue and blood, were linked to the 

study ID and barcoded such that they were anonymised and tracked on a centralised database overseen by the study sponsor 

only. 

Informed consent for entry into the TRACERx study was mandatory and obtained from every patient.  

 

PCAWG:  

Patients were recruited by the participating centres following local protocols. Samples obtained had to meet criteria on 

amount of tumour DNA available, meaning that the cohort is potentially somewhat biased towards larger tumours. 

Otherwise, we anticipate no major recruitment biases. 

Ethics oversight 100KGP: 

The 100,000 Genomes project was approved by East of England–Cambridge Central Research Ethics Committee ref:20/
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EE/0035.  

TRACERx:  

The TRACERx study (Clinicaltrials.gov no: NCT01888601) is sponsored by University College London (UCL/12/0279) and has 

been approved by an independent Research Ethics Committee (13/LO/1546) 

PCAWG: The Ethics oversight for the PCAWG protocol was undertaken by the TCGA Program Office and the Ethics and 

Governance Committee of the ICGC. Each individual ICGC and TCGA project that contributed data to PCAWG had their own 

local 

arrangements for ethics oversight and regulatory alignment.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size No sample size calculations were performed, we analysed existing datasets, namely the TRACERx100 cohort and the 100KGP cohort.  

 

The TRACERx100 data set was chosen as it was an existing cohort containing orthogonal immune data (RNAseq, TCRseq) for which 

ImmuneLENS could be easily validated. The 100KGP dataset was chosen due to being a large WGS cohort without any orthogonal immune 

related data for which insights on regulation of circulating and infiltrating immune cell fractions could be gained.  

 

Additional validation was done on: 

1) 1000 genome cohort, which was chosen due to containing WGS samples originating from B cell derived cell lines to specifically validate our 

B cell fractions.  

2) PCAWG and TCGA cohorts data sets for validation of our pan cancer analysis results from the 100KGP on a separate data set.      

Data exclusions Within the 100KGP pan cancer cohort participants with multiple tumour samples were excluded due to lack of annotation of the reason for 

multiple samples (e.g. technical resequencing, representative of metastasis, multiple region sequenced or occurrence of a second primary 

tumour at a later time point) these were removed from the pan cancer cohort. All germline samples not derived from blood samples were 

also excluded from the analysis due to our focus on circulating immune fraction in this study.

Replication This study was on pre-existing data sets and hence findings were not replicated

Randomization No randomization or permutation analysis was performed in this study, samples were split based on either categorical data or threshold 

values e.g. for the TCRA T cell fraction.

Blinding Blinding was not applicable in this study, all data was from pre-existing data and there was no control and treatment arms involved

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 

system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems

n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods

n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging
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Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration TRACERx100: NCT01888601 

100KGP: N/A

Study protocol TRACERx100: The study protocol is available at NEJM.org linked to Jamal-Hanjani et al NEJM 2017 (PMID: 28445112) 

100KGP: Refer to Genomic England Limited website for information on data collection.

Data collection TRACERx100: Patients seen with a new diagnosis of lung cancer in lung cancer units across the United Kingdom, according to the 

eligibility 

criteria outlined in the study protocol, were recruited. No selection bias has been identified to date. 

All patient tumor regions with RIN scores > 5 were used for RNA-sequencing and analyzed in this study. 

All patients were assigned a study ID that was known to the patient. These were subsequently converted to linked study Ids such 

that the patients could not identify themselves in study publications. All human samples, tissue and blood, were linked to the 

study ID and barcoded such that they were anonymised and tracked on a centralised database overseen by the study sponsor 

only. 

Informed consent for entry into the TRACERx study was mandatory and obtained from every patient 

100KGP: Refer to Genomic England Limited website for information on data collection.

Outcomes TRACERx100: The outcome measures of the TRACERx trial are intratumour heterogeneity, disease-free survival, and overall survival. 

100KGP: N/A
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