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Abstract 
Cancers evolve obeying Darwinian laws and therefore the evolutionary paradigm lays the ground 
for predictive oncology. However, the predictive power of evolutionary metrics in cancer has been 
seldom tested. There is a need for quantitative measurements in controlled clinical trials with long 
term follow-up information. This is particularly true in locally-advanced prostate cancer, which can 
recur more than a decade after diagnosis. Here we mapped genomic intra-tumour heterogeneity in 
642 tumour samples from 114 patients who took part in the prostate radiotherapy trials at The 
Royal Marsden Hospital, for which full clinical information and 12y median follow-up was available. 
We concomitantly assessed phenotypic (morphological) heterogeneity using deep learning in 
1,923 histological sections from 250 IMRT patients (fully overlapping with the genetic set). We 
found that evolvability, measured as genetic divergence as well as morphological diversity, was a 
strong independent predictor of recurrence (respectively HR=72.06, 95% CI 2.97-1748.5, p=0.009 
and HR=6.2, 95% CI 1.86-20.72, p=0.003). Combined, these two measurements together also 
identified a group of patients with half the median time to recurrence compared to the rest of the 
cohort (5.6 vs 11.5 years). We also found a small subset of MYC/FGFR1 amplified cases (4.4%) 
with particularly poor prognosis. The overall burden of chromosomal alterations correlated with 
higher Gleason score. We identified associations between 24 chromosomal arm copy number 
changes and Gleason score (e.g. -22q, +5p, +8q, +16p, +7p), and show that loss of chromosome 
6p (encompassing the HLA locus) was correlated with markedly reduced immune cell infiltration. 
This study shows that combining genomics with AI-aided histopathology in clinical trials leads to 
the identification of novel clinical biomarkers.  



Introduction 
A significant proportion of localised and locally-advanced prostate cancers can be cured with 
radiotherapy, usually in combination with Androgen Deprivation Therapy (ADT), or radical 
prostatectomy. Nevertheless, a substantial group of patients will recur. Distinguishing potentially 
lethal cancers that need additional treatment from those that only need localised treatment is 
currently a clinical challenge. Patient risk stratification is a significant unmet clinical need in 
prostate cancer and novel predictive and prognostic biomarkers are needed. Predicting relapse is 
difficult, and current clinical standards for risk stratification, such as Gleason score, International 
Society of Urological Pathology (ISUP) risk group classification1,2, PSA levels, clinical risk classifier 
algorithms3,4 or even genomic signatures5,6, are inadequate to determine the preferred treatment 
for individual patients. Moreover, the extensive heterogeneity of prostate cancer, both between7 
and within patients8–10, makes genomic data hard to interpret in a clinically meaningful way. Clonal 
evolution is the fundamental paradigm used to make sense of tumour biology11 and therefore 
evolutionary metrics are hypothesised to be powerful predictors of future tumour progression, as 
demonstrated in the progression of Barrett’s oesophagus to oesophageal cancer12,13. However, 
there is a general lack of studies measuring spatial intra-tumour genetic and phenotypic 
heterogeneity in clinically annotated patient cohorts with long-term follow-up information that would 
enable the predictive power of new evolutionary biomarkers to be tested. 
 
In prostate cancer, seminal studies have evaluated genomic measurements14–16, sometimes in 
combination with microenvironmental17 and proteomic measurements10, as prognostic biomarkers. 
However, those studies were limited to single samples per patient, focused on early disease, and 
most were not performed within a clinical trial setting. While many biomarkers work reasonably well 
for very early disease, for locally-advanced cancers prognostication is particularly challenging. 
Moreover, previous investigations mostly considered patients that underwent radical 
prostatectomy14,18, representing only one clinical subgroup of low to intermediate risk patients. 
Importantly, treatment decisions need to be made using diagnostic biopsies rather than post-
operative tissue as was the case in previous studies. Here, we link spatial genetic variation, 
measured by next-generation sequencing, with morphological variation, measured with Artificial 
Intelligence aided computational histopathology, to assess the power of applying evolutionary 
measures to predict long-term recurrence in locally-advanced prostate cancer. 
 

Results 
 

Study design 
The IMRT clinical trial (NCT00946543) recruited 486 patients who received neodjuvant/adjuvant 
ADT and intensity-modulated radiotherapy to the prostate and pelvic lymph nodes as per the trial 
guidelines19 (Supplementary Table 1), which represent contemporary standard of care20–22. Full 
clinical outcome data is already available with median 12 years follow-up (Supplementary Table 2). 
Enrolled patients were considered high and very high risk according to National Comprehensive 
Cancer Network (NCCN) guidelines, with a recurrence rate of 40%. 6-12 multi-region, spatially 
separated needle FFPE (Formalin Fixed Paraffin Embedded) biopsies were available per patient 
(Figure 1A). Independent of the original clinical assessment, the pathology was also reviewed on a 
core-by-core basis by a single specialist uropathologist (C.C). 
 

From the IMRT clinical cohort, we selected patients with ³3 biopsies containing cancer tissue 
(n=111 patients, Figure 1B). To assess the extent of spatial tumour variation, we also selected 3 
patients from a sub-group of the DELINEATE clinical trial (ISRCTN04483921) where 48-needle 
biopsies were available per patient23,24. Biopsies had been prospectively collected and reviewed by 
a specialist uropathologist (C.C) and informed written consent was given by all patients. Full 
clinical and median 12.5y follow-up information was available (Figure 1C). We performed low-pass 
whole genome sequencing (WGS) in 642 tumour samples (median per patient=5). The whole set 
of somatic copy number calls is available in Supplementary Table 3. We also performed deep 
targeted sequencing (TS) of a prostate cancer gene panel (Supplementary Table 4) with Unique 



Molecular Identifiers in 588 tumour samples (median per patient=5, median coverage after UMI 
compression: 141X). The whole set of somatic calls for single nucleotide variants (SNVs) and 
small deletions and insertions (InDels) is available in Supplementary Table 5. For 100 patients, we 
had available fresh frozen buffy coat from the UK Genetic Prostate Cancer Study (UKGPCS-
NCT01737242) trial and performed whole-genome sequencing with median coverage of 36X 
(Figure 1D). We also performed computational histopathology analysis with deep learning (DL) on 
1,923 sections from 250 patients (Figure 1E). The set of histopathology samples analysed contains 
all the IMRT patients and tumour areas included in the genetic profiling set. The resulting dataset 
provided matched intra-tumour genetic and morphological heterogeneity, both in terms of Gleason 
grade and cellular composition, for a large set of patients in the IMRT trial (Figure 1F, 
Supplementary Table 6). 
 
As part of the study, those involved in sample preparation and data analysis were blinded until the 
completion of data analysis. As a result, the selection of samples for sequencing and imaging, and 
selection of genomic and histological features for analysis were finalised prior to unblinding. 
Review pathology, including Gleason grade, was also undertaken blinded to the original pathology 
and clinical data. 
 

 

Figure 1. Study design. (A). Within IMRT clinical trial (CRC1766) 6-12 ultrasound-guided diagnostic 
needle biopsies were taken per patient for routine diagnosis and embedded in paraffin. (B) Patient 
decision tree for imaging cohort (N=250 patients, 1,923 biopsies) and sequencing cohort (N=111 
patients, 578 biopsies). DELINEATE trial cohort not included. (C) Kaplan-Meier curve for time to 
recurrence in the general cohort (N=250 patients). (D) Experimental workflow for FFPE biopsies and 
matched germline (buffy coat/normal FFPE tissue). (E) Computational histopathology analysis with 
deep learning both for Gleason segmentation and single-cell classification on H&E sections. (F) 
Example of patient IM2005 where computational Gleason segmentation and copy number alteration 
genomic data were compared. 



 

The landscape of spatial genetic variation in locally-advanced disease 
We found mutations in a putative prostate cancer driver gene in at least one sample in 61/107 
patients, with many mutations detected being subclonal (79.4% of mutations in patients with 3+ 
biopsies, Figure 2A). Indeed, dN/dS analysis indicated that subclonal truncating mutations were 
under significant positive selection (dN/dS=2.06, CI=1.01–4.19, Figure 2B). The commonest clonal 
mutations were found in TP53 (n=6) and SPOP (n=5) and these genes were also the only genes 
found to be under significant positive selection across all substitution types (TP53, q=2.42x10-5, 
SPOP, q=7.46x10-4, Supplementary Figure 1 and S2). CDKN1B and TP53 were under positive 
selection when considering only truncating mutations (CDKN1B, dN/dS=35.4, CI=1.8–266, TP53, 
dN/dS=33.3, CI=8.3–123, Supplementary Figure 2). When analysed together with copy number 
profiles, split between clonal, shared (intermediate phylogenetic tree branches) and unique (tip 
branches) copy number alterations (CNAs, Figure 2C-E, Supplementary Figure 3), the genomic 
patterns confirm extensive multifocality with polyclonal origin of prostate cancer, as previously 
reported25. Recurrent focal amplifications were found in MDM2 (n=4), MYCN (n=4), FGFR1 (n=3) 
and MYC (n=3). Of note, MDM2 and MYCN were amplified together in 3 patients. CNA 
phylogenetic trees were reconstructed for the entire cohort (Figure 2F and S4, see Material and 
Methods). We then calculated multiple heterogeneity and genomic instability metrics, including 
mean Proportion Genome Altered (mPGA, Figure 2G), patterns of lossness of small copy number 
fragments (Figure 2H), heterogeneity measurement with spearman correlation (1 – Spearman’s 
rho) between the log2 ratios of the samples within a patient (Figure 2I), as well as the total number 
of clonal (Figure 2J) and subclonal (Figure 2K) CNA phylogenetic events and their proportions 
(Figure 2L). These metrics were computed prior to unblinding of outcome data. TP53 mutations 
were associated with higher burden of chromosomal alterations (0.069 greater PGA in TP53 
mutant samples, p=0.0007 linear mixed effects model, Figure 2M), furthermore clonal DNA 
damage gene mutations were also associated with higher mean PGA (Supplementary Figure 5).  
 



 

Figure 2. Genetic intra-tumour heterogeneity landscape of locally-advanced prostate 
cancer. (A) Heatmap representing the mutational landscape of the cohort including number of low-
pass WGS samples with detected CNAs, ISUP grade group (reviewing pathologist for IMRT 
patients, original pathologist for DELINEATE, where patients were not reviewed), T-stage and 
recurrence/death status. Mutations are coloured and shaded by their type (SNV/InDel) and 
clonality status (clonal/subclonal). (B) dNdS analysing of all mutations using dNdScv for missense 
and truncating mutations shows subclonal truncating mutations to be under positive selection. 
Clonal and subclonal mutations taken only from patients with 3+ TS samples. (C-E) CNA 
landscape of prostate cancer defined by phylogenetic status per case. Gains (red) and losses 
(blue) are represented relative to ploidy of samples. (F) An example of MEDICC2 inferred CNA 
phylogeny in IM2005 with manually annotated driver SNVs. (G-L) Genomic metrics of genomic 
instability and heterogeneity were calculated prior to outcome unblinding. (M) TP53 mutant 
samples presented with significantly higher PGA (linear mixed effects model). 

 

Spatial genetic divergence predicts time to recurrence  
At the onset of this study, we hypothesised that evolutionary patterns across multiple tumour 
samples, such as intra-tumour heterogeneity, would predict clinical outcome. We found that the 
number of CNA events in the phylogenetic tree predicted shorter time to recurrence in univariate 
analysis when split using the median value (p=0.027 log-rank test, median time to recurrence 7.2 
and 11.5 years, Figure 3A). Additionally, the upper tertile of the Spearman’s 1-rho heterogeneity 
index also predicted a shorter time to recurrence (p=0.017 log-rank test, median time to recurrence 
7.1 and 11.5 years, Figure 3B, see Material and Methods). The upper tertile threshold captured the 
long tail of high Spearman values in the cohort (Supplementary Figure 6). We also found a small 
subgroup of patients (n=5) with focal amplifications in either MYC or FGFR1 that showed 
particularly poor prognosis for time to metastasis, specifically (p=0.006 log-rank test, median time 



to metastasis 6.7 for MYC or FGFR1 amplified versus 16.8 years for no amplification, Figure 3C). 
Multivariate analysis for time to recurrence confirmed that Spearman’s rho heterogeneity measure 
was a powerful independent prognostic factor, with HR=72 (95% CI 2.97–1749, p=0.009), 
providing additional prognostic power to N(nodal)-stage greater than N0 at diagnosis, which 
showed HR=3.58 (95% CI 1.85–6.9, p<0.001) and PSA>20ng/ml, with HR=2.19 (95% CI 1.23–3.9, 
p=0.008) – see Figure 3D and Supplementary Table 7. Only chromosomal instability measured by 
multiregional phylogenetic events was prognostic in our cohort, genomic burden either expressed 
by number of mutations in driver genes (Supplementary Figure 7), or PGA (mean or max), which 
has been previously reported as associated with survival17, was not prognostic in our cohort 
(Supplementary Figure 8 and S9). Patients with subclonal driver mutations did not have 
significantly worse time to recurrence (Supplementary Figure 10). 
 

 
Figure 3. Spatial genetic diversity and phylogenetic events predict recurrence. (A-B) Total 
phylogenetic tree events and Spearman’s rho predict earlier time to recurrence. (C) Amplification in 
MYC and/or FGFR1 (co-amplified in 1 patient) predicts earlier time to metastasis. (D) Cox 
proportional Hazard (CPH) model of time to recurrence using clinical co-variates and number of 
low-pass WGS samples with CNAs. Three metrics significant in a univariate CPH model (p<0.1) 
are also included in the model (natural log of lossness, total phylogenetic events split by median 
value and Spearman’s rho). 

 

Spatial morphological heterogeneity measured with Deep Learning predicts time to 

recurrence 
Using our automated Gleason classifier (see Material and Methods and Figures S11-S13), we 
called gland-level Gleason grade in 1,923 sections from 250 IMRT trial patients. Heterogeneous 



Gleason grade was widespread, with regions dominated by Gleason patterns 3, 4, and 5 all being 
observed within the cohort (Figure 4A). Concomitantly, we used our cell classifier (see Material 
and Methods and Figures S14 and S15) to determine if each cell in each biopsy was an epithelial, 
stromal or immune cell. Leveraging our ability to automatically assign Gleason grade to all the 
regions of each biopsy, a task that would be extremely difficult to do manually in such a large 
cohort, we also assessed heterogeneity of tissue morphology in terms of variation in Gleason 
pattern within a biopsy. We measured spatial heterogeneity of Gleason pattern with the Morisita 
Index26 (see Figures S16 and S17 for details). Low ‘Gleason Morisita’ score (defined as <0.30, the 
median value in the Imaging cohort, n=250) identified biopsies with segregated Gleason patterns 
(Figure 4B) whereas high scores highlighted biopsies with high intermixing of different Gleason 
grades in the same patch (Figure 4C). We found that Gleason Morisita was indeed significantly 
prognostic (Figure 4D, p=0.0028) and results were robust to multivariate analysis with Cox 
regression (Figure 4E, p=0.008). Gleason Morisita index had a HR=6.2 (95% CI 1.85–20.72), 
versus HR=1.95 (95% CI 1.31–2.91) for the best conventional marker for this patient cohort, which 
is PSA>20 at diagnosis. Gleason Morisita was also significant in the multivariate analysis when 
considering time to metastasis as endpoint (Supplementary Figure 18, HR=4.59, 95% CI 1.05–
19.9, p=0.042). 
 
We then compared our Gleason classifier with two sets of pathologist Gleason scores that were 
available for the IMRT trials: a patient-level Gleason score performed by the original pathologists at 
the various referring centres at the time of original diagnosis between 2000-2013 and a core-by-
core re-scoring by a single specialist uropathologist (C.C) undertaken in 2017-18 using the 
updated 2014 ISUP criteria27,28. This was an opportunity to analyse the degree of inter-observer 
variability of human assessment and change in diagnostic practice over time. To compare 
pathologists and our deep learning classifier, all assessments were first converted to a grade 
group (1-5), using the 2014 ISUP criteria28. The IMRT trial focuses on locally-advanced prostate 
cancers with generally high Gleason score. These may not be adequately stratified by Gleason 
grade or ISUP grade grouping29 which in general have been derived from surgically treated cohorts 
with less advanced cancers1. We confirmed that neither the original scoring of the pathologist, nor 
re-scoring by a single expert demonstrated a statistically significant trend in ISUP grade groups 
(Figure 4F). However, automatic Gleason scoring with deep learning showed significant 
differences in time to recurrence between the different ISUP grade groups (Figure 4F). The results 
were indeed robust to multivariate analysis with Cox regression. While both indicated a pattern of 
increasing risk for higher grade groups, the reviewing pathologist’s grades did not stratify 
significantly for recurrence (Supplementary Figure 19A), whereas the DL classifier did 
(Supplementary Figure 19B). We observed that the degree of disagreement between the reporting 
and reviewing pathologists was comparable to the disagreement between the DL classifier and 
both original and reviewing pathologists (Figure 4G). The mean difference in grade groups 
between the reporting and reviewing pathologists was 0.84, compared to 1.1 between the reporting 
pathologists and classifier, or 0.92 between the reviewing pathologist and classifier. Disagreement 
between original and review pathologists may, in part, be influenced by changes in grading 
protocol. While the reviewing pathologist’s assessments were made using the 2014 ISUP criteria28, 
the original pathologist’s assessments all occurred prior to the 2014 revision, with a subset also 
predating the 2005 revision30. The most common source of disagreement between human and 
computational assessment was from patients assessed as grade group 5 by the pathologist and 
group 4 by the classifier. Comparing the review pathologist with the DL classifier it was apparent 
that results were concordant in 75 cases, upgraded in DL in 62 cases but downgraded in the 113 
cases. This means that many of the highest-grade cancers were sub-divided into lower or higher 
risk strata. 



 
Figure 4. Morphological spatial heterogeneity with Deep Learning based Gleason grading. 
(A) Example output from automated Gleason classifier, with primary and secondary pattern 
assessment. (B, C) Examples of Gleason Morisita assessment. Cells identified as epithelial cells 
by the cell classifier are subdivided into Gleason grades using the region’s automated Gleason 
segmentation. Regions with high segregation of patterns (B) will be assigned a low Gleason 
Morisita value, whereas regions with high mixing between Gleason grades (C) will be assigned a 
high Gleason Morisita value. (D) Patients with greater within section heterogeneity of Gleason 
pattern, as assessed by Gleason Morisita, are associated with a shorter time to recurrence. (E) 
Cox proportional Hazard (CPH) model of time to recurrence using clinical co-variates and Gleason 
Morisita. (F) ISUP grade group as a predictor of time to recurrence. A comparison is shown for the 
grade groups assessed by the original reporting pathologist, the reviewing pathologist for the trial, 
and the automated classifier. Grade groups are calculated from the assessed primary and 
secondary patterns, according to the 2014 ISUP criteria. Only the automated Gleason assessment 
was able to stratify the patients by risk of recurrence. (G) Confusion matrices showing the pairwise 
agreement of the ISUP grade groups reported by the original reporting pathologist, the reviewing 
pathologist for the trial, and the automated classifier. 



 

Impact of genomic alterations on cellular morphology 
In cancer, and generally in biology, the genotype-phenotype map that connects DNA information 
inside the cell with its behaviour and morphology is largely missing. We aimed at exploiting this 
multi-modal data to identify associations between variation of genomic features and diversity of 
phenotypic (morphological) patterns in terms of ISUP grade group. Here, using our deep learning 
approach, we were able to measure Gleason scores by mean grade as a function of area that we 
term “continuous Gleason” (see Methods), which would be impossible to achieve without DL image 
analysis. We found that continuous Gleason significantly correlates with mean PGA (Figure 5A, 
p=0.000024, linear model) as well as total phylogenetic events (p=0.0004, Supplementary Figure 
20). We found twenty-four chromosome arm level CNAs to be associated with a change in 
continuous Gleason (Figure 5B), of which twenty-two changes correlated with an increase, 
indicating a range of specific CNAs may be associated with tumour dedifferentiation. Gains and 
losses of chromosome arms displaying a significant association with increased Gleason showed 
an overrepresentation of oncogenes and tumour suppressors31, respectively (Supplementary 
Figure 21). Higher continuous Gleason was also associated with TP53 mutations (Figure 5C, 
p=5x10-7, linear mixed effects model) further supporting the link to chromosomal instability and 
reduced wild-type activity of TP53. Significant correlation was also found between mean PGA and 
mean Gleason Morisita in patients (Figure 5D, p=0.029, linear model, see Material and Methods) 
indicating chromosomal instability is also associated with increased Gleason mixing as well as 
dedifferentiation. Spearman’s rho metric of genetic heterogeneity did not correlate with Gleason 
Morisita, suggesting genetic and morphological diversity capture distinct biology (Figure 5E, 
p=0.75, linear model). 
 
Using our deep learning cell type classifier, trained on epithelial, stromal and immune cell, we 
found significant infiltration of inflammatory cells (which can include lymphocytes, macrophages, 
neutrophils, and plasma cells) in a proportion of IMRT cases (Supplementary Table 8), suggesting 
that at least a subgroup of locally-advanced prostate cancer is not completely immune cold as 
reported for early prostate cancer32. Indeed, we found an association between higher PGA and 
reduced immune infiltration, as measured by the Tumour-Immune cell Morisita index 
(Supplementary Figure 22). Notably, the only chromosomal arm that was associated with reduced 
immune infiltration was chromosome 6p, containing the HLA locus (Figure 5F, p=0.00017, linear 
mixed effects model, p-adjusted=0.011, Benjamini & Hochberg method, Supplementary Figure 23). 
These results suggest that chromosomal instability and HLA loss-of-heterozygosity are associated 
with immune evasion in prostate cancer, as previously reported in lung cancer33, ovarian cancer34 
and melanoma35 amongst others. 
 
Combining the previously used upper tertile of the highest genetic heterogeneity index 
(Spearman’s Rho) and upper half highest morphological heterogeneity (Gleason Morisita) we were 
able to identify a subgroup (17/106 (16%)) of patients with much poorer prognosis (Figure 5G, 
p=0.00021, log-rank test). Next, we sought to combine these metrics into a single measurement 
that we termed the “Joint Diversity”, calculated as the geometric mean of the Spearman’s rho and 
Gleason Morisita measurements, allowing us to identify the most genetically and morphologically 
diverse patients. Joint Diversity was robust to multivariate analysis (Figure 5H and Supplementary 
Table 9), with a HR=22.36 (95% CI 1.3–378, p=0.031).  
 



 

Figure 5. Combining genetic and morphological measurements. (A) Mean PGA is associated 
with higher continuous Gleason. (B) Twenty-four chromosome arm changes are associated with a 
change in continuous Gleason (gains displayed in red, losses in blue, p-values adjusted using 
Benjamini & Hochberg method). (C) TP53 mutation is associated with higher continuous Gleason. 
(D-E) Mean PGA but not Spearman’s rho is associated with increased mixing of Gleason grades. 
(F) Chromosome 6p loss is uniquely associated with a reduction in Tumour-Immune Morisita 
(changes coloured and p-values adjusted as in B). (G) The most genetically and morphologically 
heterogeneous tumours are associated with shorter time to recurrence. (H) The Joint Diversity 
metric shows significant association with greater risk of recurrence in a CPH model with clinical 
covariates. 

 

Discussion 
The lack of powerful prognostic markers in prostate cancer leads to suboptimal treatment 
stratification. There is a need to identify the patients that will benefit from early adjuvant use of the 
new generation of life-prolonging treatments, as defined in studies in castration resistant metastatic 
prostate cancer. The benefit of abiraterone acetate in prolonging both metastasis-free survival and 
overall survival has recently been reported for high-risk non-metastatic prostate cancer36. 



Conversely, while chemotherapy with adjuvant docetaxel used with ADT may not improve overall 
survival for localised high-risk prostate cancer patients37, it is possible that biomarkers might 
identify high-risk sub-groups for whom this treatment does produce improved outcomes. It would 
also be of value to define sub-populations of patients who could avoid the detriments of long-term 
systemic treatments but maintain good outcomes. So far, the best prognostic biomarkers in 
prostate cancers are based on morphological alterations, defined by Gleason grading, or PSA 
levels. However, there is ongoing debate about the appropriateness of combining the various 
combinations of Gleason scores to make grade groups 4 and 5 and whether or not these 
stratifications capture all the potential richness from pathological assessment29. Part of the 
uncertainty may be due to the relatively small proportion of patients with high grade cancers 
included in reported studies. 

Cancer is a complex disease governed by evolutionary rules11,38. Evolution is about ‘change over 
time’, emphasising the need to understand the dynamic behaviour of tumours. However, following 
tumour evolution longitudinally in humans remains impractical, and time series data are 
confounded by treatment effects. Moreover, intra-tumour heterogeneity (ITH) fuels cancer 
evolution by generating late-emerging subclones that drive progression11. Therefore, evolvability is 
a central feature of a cancer that contains information on its future adaptation. Seminal multi-region 
studies have radically changed the way we understand human cancers from an evolutionary 
perspective39,40, but multi-sampling remains laborious, expensive and difficult to apply within a 
clinical trial. Moreover, most of these studies are still small, involve a few samples per patient, and, 
with the exception of the TRACERx trials in lung41 and renal cancer42, have not yet been linked to 
clinical trial information, especially in prostate cancer. We leveraged the ultrasound-guided multi-
region biopsy strategy that is standard of care for the diagnosis of prostate cancer to collect data 
that are amenable to evolutionary studies. The combination of genetics and morphological 
analysis, together with long-term follow-up information, revealed new prognostic markers as well 
as a possible genetic basis of morphological cell transformation. 

We identified associations between the genetics of cancer cells, in terms of their chromosomal 
aberrations, and their aberrant morphology measured by Gleason score. This is an important step 
in unveiling the consequences of somatic DNA alterations in prostate cancer. It should be 
highlighted that for the genomic analysis we used only widely available FFPE diagnostic biopsies, 
and that the generation of copy number alterations from those biopsies using low coverage whole-
genome sequencing is significantly less expensive than deep whole-genome sequencing, and 
hence potentially applicable to routine clinical practice. Furthermore, our deep learning classifiers 
operate on H&E stained sections, which are inexpensive and standard in routine clinical practice. 
Thus, our classifiers could be extended to other prostate cancer cohorts once the sections have 
been scanned and digitalised. We also directly compared the machine classification with multiple 
assessments from expert pathologists. On central review ISUP grade groups 2 and 3 had more 
favourable outcomes than ISUP grade groups 4 and 5, but groups 4 and 5 were not clearly 
distinguished. There appeared to be little relationship with outcome with the initial local 
pathological assessment; this may in part reflect a change in pathological assessment over time1 
as well as potential benefit from specialist uropathology review. 

One notable area of disagreement between the machine classification and human assessment is 
in the assignment of grade group 5. For both sets of human assessment group 5 was the most 
common grade. In contrast, group 4 was the most common in the machine assessment, with the 
majority of these patients being assessed as group 5 by both pathologists. This is, in part, a 
consequence of the method by which a patient level ISUP grade group is computed from the 
patient’s individual slide grade groups in the case of the automated classifier (Supplementary 
Methods). For a patient to be classified as group 5 by the automated classifier, all individual 
sample grade groups must also be group 5, which is likely to differ from the determination made by 
pathologists. Given that the machine grade grouping produced a better stratification of patient 
recurrence, it could be inferred that, while the pathologist’s grading of these patients as group 5 
may well have been correct according to current ISUP criteria, the grade group criteria itself may 
be insufficient to fully determine the risk of recurrence for patients in high-risk groups. Group 5 may 



benefit from being divided into two categories, allowing the very highest risk patients to be more 
clearly identified. 

The extensive genomic characterisation performed in this cohort has also allowed us to further 
investigate the role of chromosomal instability, subclonal selection and genotype-phenotype 
interactions in a clinical annotated cohort of patients. We were able to observe the correlation 
between TP53 mutation and aneuploidy across our patients and samples, highlighting the 
important role TP53 plays in reducing chromosomal instability. Interestingly, we did not observe 
PGA, a measure of per sample aneuploidy, to be prognostic of time to recurrence. However, 
number of phylogenetic CNA events was prognostic, indicating that phylogenetically informed 
measures of chromosomal instability may be more useful clinically. Despite evidence for subclonal 
selection in truncating mutations, we did not observe any subclonal gene mutations to be 
prognostic, further supporting previous observations that subclonal CNAs may be more important 
for determining outcome than subclonal mutations41.  

Directly comparing image analysis with genetic profiles allowed us to investigate the relationship 
between tumour genetics, glandular morphology, and cellular configuration. In our study, increased 
aneuploidy was linked to both higher Gleason grades and greater local heterogeneity of Gleason 
pattern. This indicates that progressive alterations of chromosomes may drive dedifferentiation or 
is at least linked to later stage cancer in which tissue structure is strongly perturbed. The 
association of a plethora of chromosome arm changes with increased Gleason grade suggests a 
set of chromosomal alterations that are primarily associated with progression and may be 
positively selected. Interestingly, two chromosome arm losses (-19q and -20q) were associated 
with reduced Gleason grade, suggesting there may be chromosomal alterations that block 
dedifferentiation. Chromosomal instability was also associated with reduced Tumour-Immune 
Morisita, suggesting a role for genome-wide aneuploidy in immune evasion. However, 
chromosome arm analysis suggests that only chromosome 6p loss is specifically related to 
immune evasion in prostate cancer. To our knowledge, we are the first to report a correlation 
between loss of chromosome 6p and directly observed immune evasion in prostate cancer, 
building on findings in other cancer types33–35,43,44. Prostate cancer has recently shown to be one of 
the few cancer types with an increased frequency of immune evasion alterations in metastatic 
tumours45, indicating that immune evasion may be a key feature of tumour aggressiveness. 

Interestingly, we observed no correlation between genetic (as measured using Spearman) and 
morphological heterogeneity indicating that both metrics may be indicative of separate routes of 
increasing evolvability. One may note that the Spearman metric measures heterogeneity between 
samples, whereas Gleason Morisita measures morphological heterogeneity within samples. Given 
that we observed that it was specifically patients with both high genetic and high morphological 
heterogeneity that had significantly worse time to recurrence, it may indicate that diversity must be 
present both locally and globally across the tumour for risk of recurrence to increase. 

We appreciate that despite the statistical significance, the confidence intervals of our proposed 
evolutionary metrics are not small. This is due to the number of events and size of the trial, as well 
as the range of continuous variables. The stratification of patients with locally-advanced prostate 
cancers that we have derived here will need to be validated in larger cohorts of patients and in due 
course compared and integrated with the increasingly sophisticated clinical and genomic 
classifiers.  
 

 

Material and Methods 

Clinical cohort  
IMRT trial recruited 486 high-risk patients with locally-advanced prostate cancer from 2000-2010 
who received hormone deprivation and radiotherapy to the prostate and lymph nodes. Eligible 



clinical characteristics of these patients were previously described19. For each patient, 6-12 18mm 
multi-region US guided needle biopsies were taken from the primary site, which were then formalin 
fixed and paraffin embedded for histopathological analysis. 
After a median follow-up of 12.5 years, recurrence rate is 40%. Clinical data was compiled for each 
patient, which included treatment and survival data, TNM staging, Gleason Grading, PSA levels, 
number and location of the core biopsies, and additional comorbidities. All individuals involved in 
sample preparation and data analysis were blinded to clinical data until the completion of data 
analysis. 
250 patients had accessible FFPE blocks, for a total of 1923 biopsies, from which H&E sections 
were taken and used for image analysis. Eligible criteria for the sequencing cohort included patients 
with >3 tumour biopsies and at least 60% cancer purity assessed by the original pathologist. In total, 
111 patients fulfilled those features, for a total of 578 biopsies. 
As a comparable cohort, we included 3 patients from DELINEATE (NCT00946543), an ongoing 
single prospective phase 2 trial of intermediate- or high-risk prostate adenocarcinoma opened in 
201123. It is assessing toxicity and feasibility of a radiotherapy boost to tumour nodules within the 
prostate at the time of primary radiotherapy. Like the IMRT trial, image-guided biopsies were also 
taken, however, up to 48 needle-biopsies were obtained in a sub-set of this cohort, collecting a total 
of 65 tumour biopsies from the 3 selected patients for this study.  
As germline, 100 buffy coats were collected from the UK Genetic Prostate Cancer Study (UKGPCS-
NCT01737242) for those patients were available. For patients with unavailable buffy coats, normal 
FFPE needle biopsies were considered (n=7) while for other 7 patients, any of them were accessible. 

Sample preparation  
Original pathologist reports containing Gleason score, biopsy location and tumour purity description 
were received together with the available blocks from 250 patients. As pathologist discrepancies are 
common in Gleason scoring at different hospitals, a new haematoxylin and eosin staining was 
performed on the first 4um section of each block and all slides were re-scored by a central specialist 
uropathologist at The Institute of Cancer Research/ Royal Marsden Hospital. Initial tumour purity 
estimates were considered for block selection, as at least 60% of tumour percentage was considered 
for this study. To define biopsy location, they were renamed accordingly by R (right), L (left), M 
(middle) or A (apex) followed by the number of the biopsy on the original report. 
Between 15-20x 10µm sections were taken from the FFPE needle biopsies according to their width 
and collected in a tube. For those with enough material, 2x 5 µm sections were taken in the middle 
of the block and stored for future characterisation.  
  
Following Quick-DNA FFPE Miniprep (Zymo Research, D3067), DNA was extracted and quantified 
by Qubit™ 3.0 fluorometer (Invitrogen, Q33216). Extracted DNA was then incubated at 20°C for 15 
minutes with the NEBNext FFPE DNA Repair Mix (New England Biolabs, M6630L) to correct all 
possible changes due to the formalin fixation process. Subsequently, a clean-up was performed 
using 2.5X of SPRI beads (Beckman Coulter, B23318) and after two washes with 80% ethanol, 
repaired DNA was eluted and re-quantified.  
  
Whole genome (WG) libraries were generated from at least 30ng following low input NEBNext Ultra 
II DNA library Prep Kit for Illumina (New England Biolabs, E7645) and using NEBNext Multiplex 
Oligos for Illumina (Unique Dual Index UMI Adaptors DNA set 1) (New England Biolabs, E7395L), 
which contains 96 unique dual index adaptors and a unique molecular identifier (UMI) sequence to 

enable the identification and removal of PCR errors or duplicates from amplified libraries.  A brief 
enzymatic fragmentation step of 3 minutes was performed and based on the initial yield, 
between 6 to 9 PCR cycles were used for library enrichment. Elution was done in 38ul of TE 
buffer (Invitrogen, 12090015) and quality control was checked by High Sensitivity D1000 
ScreenTape (Agilent, 5067-5584) on the 4200 TapeStation System (Agilent, G2991BA) and Qubit™ 
3.0 fluorometer (Invitrogen, Q33216).  

  

After WG library preparation, around 190ng were used for panel capture following the manufacturer’s 
instructions. The custom panel was designed considering currently described mutated genes in >2% 



of primary prostate tumours up to date, including 27 coding regions of the most prevalent genes and 
promoter non-coding regions of FOXA1 and NEAT1, where mutations were also identified 
(Supplementary Table 4). Panel development was done by Twist Bioscience for a final total target 
region of 375,569 bp which was directly covered by 3,396 probes. 8 indexed libraries were pooled 
in a plex and dried out for hybridisation capture during 16h. Then hybridised targets were bound to 
streptavidin beads and post-capture amplification was done for 15 cycles. As for WG library 
preparation, enriched  plexes were checked by High Sensitivity D1000 ScreenTape (Agilent, 5067-
5584) on the 4200 TapeStation System (Agilent, G2991BA) and Qubit™ 3.0 fluorometer (Invitrogen, 
Q33216). 
  
 To filter out germline variants, patient-matched buffy coat DNAs collected from UKGPCS trial were 
used. 100ng of the buffy coat DNA were directly used for WG library preparation using NEBNext 
Ultra II FS DNA library Prep Kit for Illumina (New England Biolabs, E6177). Initially, enzymatic 
digestion was incubated for 20 min and after adaptor ligation, samples were identified using 
NEBNext Multiplex Oligos for Illumina (96 Unique Dual Index Primer Pairs Set 1) (New England 

Biolabs, E6440L). 4 PCR cycles were used for library enrichment. 
  

Sequencing 
Sequencing was performed at three different levels: low-pass WG, target or WG sequencing 
according to the samples. Independently of the purpose, after pool quantification by Qubit and 
correct fragment size distribution by TapeStation, 2.5nM of the product was sent for sequencing to 
the NovaSeq 6000 System (Illumina). Read length and depth was variable as required by library 
composition. Sequencing was performed by the Institute of Cancer Research Tumour Profiling Unit 
(TPU). 
  
Firstly, 1ng of up to 96 indexed WG libraries were pooled for low-pass WG sequencing. To reach 
the estimated coverage of at least 0.1X for copy number profiling, 50 paired end reads were 
performed in a S2 flow cell. 
  
 Secondly, 12 enriched plexes (96 post-capture enriched libraries) were pooled together in equimolar 
amounts and sequenced at a median coverage after UMI compression of at least 100X, following 
100 paired end reads in a S2 flow cell. 

 

  
Lastly, with respect to the buffy coat libraries, WG sequencing was performed in 150PE in NovaS2 
in pools of 10 samples, for a minimum coverage of 30X. For those patients where buffy coats could 
not be taken, normal prostate tissue FFPE needle biopsies enriched libraries were sequenced 
following the same protocol as described above. 

 

Bioinformatics analysis 
Buffy coat WGS analysis 
 
FASTQ files were trimmed for adaptor content using skewer46 with a minimum length allowed after 
trimming of 35 bp, keeping only reads with a minimum mean quality of 10 and removing highly 
degenerative reads (-l 35 -Q 10 -n). Trimmed reads were aligned to hg38 (GRCh38) using bwa 
mem47. Sam files were sorted, compressed to bam files and duplicates were marked using Picard 
tools (https://broadinstitute.github.io/picard/). In the instance that multiple FASTQ files were 
available for a sample, FASTQ files were initially processed separately but merged prior to marking 
duplicates using samtools48. Bam files were then indexed also using samtools. 
 
Low-pass WGS analysis 
 



FASTQ files were processed identically to the buffy coat WGS FASTQs to the point of generating 
merged BAM files aligned to the human genome. Bam files were then processed using 
QDNAseq49 to convert read counts in 500kb bins across the chromosomes of hg38 into log2 ratio 
data. The 500kb bins for hg38 were generated according to QDNAseq instructions using the GEM 
library50 and normal bam files from the 1000 genomes project (1000genomes.ebi.ac.uk, phase 3). 
Data normalisation was performed in accordance with the QDNAseq workflow, including sex 
chromosomes. Bins were required to have a minimum mappability of 65 and 95% non-N bases. 
The smoothOutlierBins function step was removed as it artificially depressed highly amplified bins. 
The sqrt option was used for the segmentBins function. Log2 ratios in bins and segments were 
normalised by subtracting the median log2 ratio value of all bins. 
 
To call absolute copy number we used the ASCAT51 approach however, as we only had log2 ratio 
values available due to the low coverage of the data, we sought to leverage multiple sampling to 
search for ploidy solutions. We firstly calculated median value of the Euclidean distances from zero 
for all bins in each sample. If the maximum observed value was greater than 0.003 for the set of 
samples across a patient, we searched a ploidy range of 3.5 to 4.5, otherwise we searched a 
range of 1.5 to 2.5. We used a minimum purity of 0.1 for all samples. We recorded the per sample 
fit for each ploidy value using autosomes only. We then recorded the pairwise Euclidean distances 
of the integer copy number values of each sample divided by the ploidy, filtering for bins with a log2 
ratio greater than 1 to avoid distances being exaggerated by amplifications. To determine the 
ploidy of the patient we compared the mean pairwise Euclidean distances of ploidy normalised 
copy number values of each sample pair to the mean per sample fit for each ploidy value after 
linearly scaling each measure to the maximum and minimum values, (i.e., minimum equals 0, 
maximum equal 1). Ploidy solutions were then ranked according to their Euclidean distance from 
both values being zero. This was performed to ensure the chosen ploidy value produces a good fit 
both within samples and across samples. Using the chosen purity and ploidy per sample we then 
calculated the X and Y copy number considering the normal copy number of 1 for both 
chromosomes in male genomes. For samples in which no fit was produced for the patient ploidy, a 
default purity of 40% was chosen. A selection of bins was blacklisted from the ploidy search as 
they were seen to be recurrently aberrant. Proportion of the genome altered (PGA) was measured 
by calculating the fraction of bins not at the rounded baseline ploidy (this was expected to be half 
at sex chromosomes). 
 
Copy number alteration phylogenetics 
 
MEDICC252 was used to generate phylogenetic trees based on CNA status. Bins were converted 
to genomic regions with equal CN status across all samples using the run length encoder function 
in R (rle) and an artificial diploid root was generated. MEDICC2 was run using the --total-copy-
numbers option to account for the lack of allele specific CN data. Only samples with PGA ≥ 0.01 
were included in the trees. 
 
Focal amplification detection 
 
We utilised multisample piecewise constant fitting segmentation to increase our sensitivity for 
detecting focal events. This was performed using multipcf in the copynumber package53, for 
patients with a single sample pcf was used. A penalty (gamma) of 15 was used for both functions. 
Segments with a z-score greater than 3, occupying more than 3 but less than 20 bins (~10Mb) 
were considered focally amplified. Genes present in the segments were calculated using bioMart54 
and cross referenced with a set of prostate-cancer related oncogenes. 
 
Genomic metric calculations from low-pass WGS 
 
Mean PGA (mPGA) was calculated as the average PGA of all samples in a patient, not including 
samples with a PGA <0.01. Max PGA was calculated as the maximum PGA observed in a patient. 
The Spearman metrics is calculated as the mean pairwise Spearman’s rho of the log2 ratio values 
in the bins of all samples excluding those with a PGA <0.01. The value was then subtracted from 1 



to convert it from a measurement of homogeneity to heterogeneity to support interpretation. 
Lossness was calculated as the fraction of segments less than the rounded ploidy of the sample 
that did not overlap with the most distant telomeric or centromeric bin of each chromosome arm. 
Total events were calculated as the total number of CNA events present in the MEDICC2 
phylogenetic tree produced for each patient. Number of subclonal events was the number of CNA 
events present in each tree after the most recent common ancestor (i.e., excluding clonal events). 
Subclonality was calculated as the fraction of subclonal events as a proportion of total events. 
 
Unique molecular identifier processing 
 
FASTQ files from the same library were merged by concatenating the files. Unique molecular 
indexes (UMIs) were processed using the fgbio pipeline (http://fulcrumgenomics.github.io/fgbio/). 
Briefly, FASTQ files are converted to unaligned BAM files and Illumina adaptors are marked and 
the BAM file is then converted back to a single FASTQ using Picard tools. An initial alignment is 
performed using bwa mem as previously but with a minimum seed length of 50 (-k) and a 
maximum of one maximal exact matches (-c). The SAM file output of the alignment is then merged 
with the unaligned bam file using Picard tools. Reads are then grouped by their UMI using fgbio 
and the adjacency method (-s) with a minimum UMI length of 9. The output is then sorted and 
consensus reads are called using callMolecularConsensusReads with the option of a minimum 
base quality of 30 (--min-input-base-quality) in fgbio. Consensus reads are then filtered 
(FilterConsensusReads) with a minimum number of reads required to support a base of 2 (--min-
reads), a maximum read error rate of 0.05 (--max-read-error-rate), a minimum base quality to 
generate a non-N read of 30 (--min-base-quality), a maximum allowed fraction of no calls of 0.1 (--
max-no-call-fraction) and the option of reverse per base tags on reverse strand reads (--reverse-
per-base-tags), then sorted using Picard tools. Consensus reads are subsequently converted to 
FASTQ files and aligned using bwa mem as previous and sorted using Picard tools. The pre- and 
post-alignment bam files are then merged, and duplicates are marked using Picard tools. The file 
is indexed using samtools.  
 
Strand split artefact read filtering 
 
Formalin-fixed, paraffin embedded (FFPE) samples are affected by strand-split artifact reads 
(SSARs) caused by single-stranded overhangs in fragments55. We filtered BAM files for reads 
demonstrating these characteristics by realigning the UMI consensus reads using bwa mem with a 
minimum seed length of 10 (-k) not outputting alignments with a score lower than 10 (-T). Reads 
with secondary alignments on the complementary strands within a window of 500bp are flagged as 
SSARs reads and removed from the consensus UMI bam file using Picard tools. Duplicates are 
marked again with Picard tools and the BAM file is indexed with samtools.  
 
Quality control 
 
Targeted panel sequencing samples with a mean target coverage less than 10X as calculated by 
the CollectHsMetrics option in Picard tools were considered failed. Read error rate was assessed 
before and after compression using ErrorRateByReadPosition in the fgbio library. Failed low-pass 
WGS samples were determined by manual inspection of the log2 ratio profiles. For all data, 
mismatching samples were identified using the CheckFingerprint option in the Genome Analysis 
Toolkit (GATK)56 using references generated by HaplotypeCaller a dbSNP57 146 reference. FFPE 
damage was assessed using mapDamage58 and FASTQ and BAM qualities were assessed using 
FASTQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and Qualimap259. 
 
Somatic mutation calling 
 
We initially called somatic mutations per sample using mutect260 in GATK with the matched buffy 
coat WGS from the patient or a normal tissue targeted panel sequencing sample as a normal 
reference. Mutation calling was limited to the coordinates of the genes on the panel. The output 
was filtered using FilterMutectCalls and mutations were only kept if the coverage in both the 



tumour and normal was greater than 10 reads and the variant was present in three or more reads 
in the tumour. The variant must have the genotype ‘0/0’ in the normal but must not in the tumour. 
Mutations with the flag ‘artifact_in_normal’ were kept but variants called in each tumour sample 
were removed if their VAF was less than ten times greater than in the normal sample. 
 
Resulting VCF files were then merged using vcf-merge61 and used as input for playpus62 run in 
genotyping mode (--getVariantsFromBAMs=0). The following criteria was used for an initial round 
of filtering for high quality mutations: (i) mutations with the poor mapping quality (MQ) and strand 
bias (strandBias) flags were removed; (ii) mutations were required to have a genotype quality of at 
least 60 in one sample; (iii) a minimum of 10 reads at the site was required in all samples; (iv) the 
germline sample was required to have a genotype of ‘0/0’ and at least one tumour sample could 
not have a genotype of ‘0/0’; (v) a minimum of 3 reads covering the variant in at least one of the 
tumour samples per patient was required; (vi) the highest VAF in the tumour samples had to be 10 
times greater than the VAF in the normal. Variants were annotated using VEP63.  
 
Additionally, to flag high quality single nucleotide variants we separately called mutations using 
deepSNV64,65 as performed previously66. Normal tissue targeted sequencing bam files post-UMI 
processing and SSARs filtering were used as the normal reference panel (n=11). A minimum depth 
of 30 was used as well as a minimum base quality of 25 and no minimum mapping quality for 
loading bam files to generate counts.  
 
Only single nucleotide variants that were also detected by deepSNV, had a minimum quality score 
(QUAL) according to platypus of 10, at least one mutation with a variant allele frequency greater 
than 0.05 and a mappability greater than 0.6 (as calculated by the GEM library to generate 
QDNAseq bins and bigWigAverageOverBed67) were used for analysis. Additionally, due to the 
presence of unexpected recurrent mutations previously unreported in prostate cancer produced by 
SSARs, base positions were required to be observed to be mutated in no more than 3 patients in 
the cohort, in line with known hotspots in the SPOP gene. Small insertions and deletions (InDels) 
were not required to be detected by deepSNV. However other filters were made stricter, the 
position must be uniquely mappable, we only allowed the detection of an InDel in a single position 
in the cohort as no recurrence was expected and the minimum quality score (QUAL) was raised to 
100. Mutations with multiple alternatives were also removed. Mutations were considered subclonal 
if the VAF was not greater than 0.05 in all samples. Subclonality assessment of mutations in 
patients with fewer than 3 tumour samples with targeted panel data was only presented in the 
Figure 2A heatmap. 
 
dNdS analysis 
 
dNdS analysis was performed using dNdScv68. Sample B11 in DNT0041 was excluded from the 
analysis as it contained an abundance of synonymous mutations. All patients with available data 
were included in the “All” category whereas only patients with a minimum of 3 tumour samples with 
targeted panel data were included when assessing “Clonal” and “Subclonal” mutations. dNdS was 
considered significantly greater than 1 (neutral) when the lower bound of the 95% confidence 
interval was greater than 1 and vice versa. 
 
Comparison to computational histopathology (see below) 
 
Continuous Gleason was calculated as the mean Gleason grade weighted by the raw number of 
pixels for each classification (Gleason 3, 4 or 5). Chromosome arms were considered gained or 
lost if their median copy number was greater than or less than the baseline copy number 
respectively. A mixed effect linear model was then produced for each chromosome arm for gains 
and losses separately with neutral as the reference using both continuous Gleason and Tumour-
Immune Morisita as dependent variables in separate analyses, only if there were more than 10 
observations of the loss or gain. The p value was recorded for the gradient (m) and were adjusted 
using the Benjamini-Hochberg method for each dependent variable separately. The TSG-OG 
scores for each chromosome arm were derived from Davoli et al69. 



 
Outcome analysis 
 
Outcome analysis was only performed on patients from the IMRT trial to ensure clinical 
homogeneity. Additionally, only patients with 3 or more low coverage WGS samples with a PGA ≥ 
0.01 were used to ensure all metrics would be available to test. Additionally, when considering 
mutation data patients with fewer than 3 tumour samples with targeted panel data were also 
excluded. The R package survival was used to perform the survival analysis. To determine the 
genomic metrics to be used in the multivariate Cox Proportional Hazards model, candidate metrics 
were tested in univariate model first. The natural log of mean PGA, max PGA, lossness, total event 
and number of subclonal events was used for these metrics when testing the continuous variables 
and the exponent was used for subclonality. Univariate analysis was also performed using median 
splits of the continuous variables but an upper tertile split for Spearman. DNA damage mutations 
were tested by their clonality status using “wild-type” as reference. Metrics with p < 0.1 were 
included in the multivariate, in the event both a continuous variable and a threshold split were 
significant the continuous variable was included. These metrics were then included in a 
multivariate model alongside clinical covariates (PSA > 20 ng/ml, ISUP grade group, T3+ and N1+) 
as well as number of samples with PGA ≥ 0.01. The package survminer was used to generate 
Forest plots. Joint diversity metric is calculated as the square root of the Spearman metric 
multiplied by the Gleason Morisita, per patient. 
 
Statistical analysis 
 
All statistical analysis related to the genomics was performed in R. The lmerTest package was 
used to perform mixed effects linear modelling. ComplexHeatmaps70 was used to produce the 
heatmaps. 

Computational histopathology 
Digital Whole Slide Images (WSIs) of diagnostic H&E slides were acquired using the Zeiss 
AxioScan.Z1 slide scanner. Slides were scanned at a resolution of 0.11 µm/pixel. For compatibility 
with the deep learning models, images were subsequently rescaled to 0.22 µm/pixel, or an 
equivalent of a 40x magnification. 

 
We trained a deep learning classifier to segment the glandular regions of a tissue section 
according to their Gleason pattern. The U-Net style classifier71 (Supplementary Figure 11) was 
trained upon image patches generated from hand-drawn gland regions, each labelled as either 
normal, PIN, Gleason 3, Gleason 4, or Gleason 5. From 42 WSIs within the IMRT trial cohort, a 
total of 3168 gland regions were annotated, representing an equivalent of 65.47mm2 of tissue. 34 
WSIs were used to train the model, and 8 were withheld for validation. For input into the classifier, 
annotated regions are converted into image patches with associated segmentation masks 
(Supplementary Figure 12). 
 
The classifier uses a multi-resolution representation of the tissue to segment the glands. As such, 
each input image patch is composed of a pair of 500x500 pixel images, representing a region of 
the tissue at 0.44 µm/pixel and 0.88 µm/pixel, or an equivalent 20x and 10x magnification, 
respectively (Supplementary Figure 13). These images are subsequently resized to 224x224 
pixels, to match the desired input size of the model. The classifier’s output is a set of probability 
maps, representing the segmentation of the 0.44 µm/pixel image. There are 6 output maps in total, 
corresponding to the 5 gland types and a 6th for no gland detected (Supplementary Figure 13). Due 
to the softmax final layer, these maps will sum to 1 for every pixel. The final segmentation is 
produced by assigning to each pixel the label with the largest probability. For the final analysis, the 
normal and PIN labels were merged under a single “benign” label. 
 
We also trained an SCCNN-style DenseNet classifier72,73 to detect all cell nuclei within the tissue 
section, and label them with their associated type. In the classifier’s raw output, cells are 



partitioned into 5 categories: epithelial, stromal, acute immune, chronic immune and unknown. 
However, for the final analysis chronic and acute immune cells are merged under a single 
“immune” label. The classifier was trained upon image patches generated from 40,634 hand 
annotated cells, from 56 WSIs. 49 WSIs were used directly for training and 7 were withheld for 
validation. The majority of the training dataset was taken from PROMIS, an external cohort of 
prostate cancer specimens. However, an additional set of 9,682 annotations from the IMRT trial 
cohort were added to the dataset to improve classification accuracy. These were intended to 
address cohort-level visual differences due to differences in section preparation, tissue staining, 
and model of slide scanner used to acquire the images. 
 
In conjunction with the output of the Gleason classifier, epithelial cells are further classified into 
normal, PIN, Gleason 3, Gleason 4, and Gleason 5 epithelial cells (Supplementary Figure 17). 
From these reclassified cells, the Gleason Morisita index for a slide is computed. Specifically, 
Gleason Morsita index is defined as the Morisita index26 between epithelial cells belonging to the 
primary and the secondary Gleason patterns of the section, as assessed by the automated 
classifier. Sections where the primary and secondary patterns are assessed to be the same (for 
instance, 4+4), the Gleason Morisita index is considered to be 0. At the patient level, the Gleason 
Morisita index is computed as the median value across all slides from the patient that were 
determined to be cancer by the automated classifier. 
 
For more details, please refer to the “Computational Histopathology Analysis” supplementary note. 
 

Supplementary Table Legends 
 
Supplementary Table 1. The IMRT clinical trial (CCR1766) 
 
Supplementary Table 2. Clinical information and follow-up. 
 
Supplementary Table 3. Somatic copy number alterations from low-pass whole-genome 
sequencing. 
 
Supplementary Table 4. Targeted gene panel. 
 
Supplementary Table 5. Mutations and deletions from targeted sequencing. 
 
Supplementary Table 6. Imaging and sequencing cohorts. 
 
Supplementary Table 7: Statistics associated with Cox Proportional Hazard model 
presented in Figure 3D. 
 
Supplementary Table 8: Percentage of immune cells per sample in imaging cohort, as 
assessed by automated cell classifier. 
 
Supplementary Table 9: Statistics associated with Cox Proportional Hazard model 
presented in Figure 5H. 
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