Prostate Cancer Risk Prediction: A Clinical
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African men face higher prostate cancer incidence and aggressiveness, yet GMS = Global Mutational Subtype | TMB = Tumour Mutational Burden | PGA = % Genome Alteration | PSA = Prostate-Specific Antigen
u
genomic studies are >90% European-ancestry FOXAT
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The SAPCS cohort (Jaratlerdsiri et al., Nature 2022) is the first large African
" whole-genome sequencing dataset — but no decision-support tool exists for
it yet
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» We built an interactive clinical dashboard with a built-in classifier trained

exclusively on South African patients
—
Driver_counts

Methods Tumour Cellularity (%)
TMB

Feature

% 1. N = 115 labelled patients (123 SA patients; 8 excluded — missing ‘T“m"“r""“tag:’/l“;'sB:rtde"’_
ISU P_G G) (Global Mutational Sﬁbtggg)
PSA |Og10
% 2. Features from whole-genome sequencing: Age, log(PSA), TMB, Cellu- (Prostate-Specific Antigen) | : : , : J
. : . . 0.0 02 0.4 0,6 08 10
larity, Ploidy, PGA_200, Chromothripsis, Driver counts, GMS subtype Discriminative Score (higher = more important)
\ J
% 3. Binary target: High-Risk (ISUP GG 4-5, n=84) vs Low-Risk (ISUP 1- ) )
y e & ( ) ( Confusion Matrix
2-3, n=29)
. . . Confusion Matrix
* 4. Ealr:]dl(;mc\lz/oreSt + SMOTENC (Class imbalance CorreCtlon) / Stratified ISUP GG = International Society of Urologic Pathologists Grade Group
-Fo
X o~
% 5. Threshold optimised on Precision-Recall curve to hit Recall > 85% 2P
59 15 17
o>
Sw
% '::
[
Q
©
S
Age - =30
<
O
=
logl0(PSA) - 0.26 % g -
23
TMB - 0.16 0.40 |_v
, Predicted Low-Risk Predlcted High-Risk
cellularity - 0.01 0.10 0.02 (|SU P GG 1 3) SU GG% 5

Predicted label

ploidy - -0.14 0.06 0.25 -0.04
Model Performance
0.16 0.40 1.00 0.01 0.25

somatic_SNVs -

Precision / Recall / F1 per Class

Germline_SNVs - -0.20 -0.14 -0.01 -0.00 -0.07 Classification Report Performance

High-Risk: ISUP GG 4-5
10 | precision

0.91 1 0.90
- recall 0.86

fl-score 0.82

0.08
0.03 0.03
macro avg 073 0.69 070 08 bl
PGA 200 - -0.01 0.30 0.01 0.31 -0.14 -0.10 | 065
006
Chromothripsis -  0.01 0.35 0.71 -0.02 0.22 0.71 -0.01 0.02 8
(]

Germline_indels - -0.09 -0.05 -0.05 -0.01

0.4
ISUP_GG - 0.22 0.42 0.26 0.07 0.17 0.26 -0.27 -0.25 0.19 0.21 , ]
- weighted avg 077 0.78 077
qIJ 1 m! ] 1 1 ‘;' 1 1 | 1 0 2
—_ > > 7 w o R Q '
< = q
=3 & = = 3 = = K Q g o,
= g = [} wn < 1 = a
=3 2 o o' 1 é S 2
'E;.‘ o = c g o [=] v
3 o o = = £ 0.0
B 5 £ E £ preclision recl.all fl slcore A
<)) = F= - o . "
e o 8 G Low-Risk High-Risk

(ISUP GG 1-3) (ISUP GG 4-5)

Discussion

The Random Forest achieved strong overall performance (weighted F1 = 0.77, precision = 0.77)
Y with a high-risk recall of 86.7%, meeting our primary clinical threshold. SHAP analysis confirmed
that the top predictors — PSA (log), TMB, Age, Driver counts, GMS, Cellularity.

Class imbalance persists despite SMOTE, limiting confidence in minority-class predictions. Binary
*stratification (low vs high ISUP GG) sacrifices the nuance of intermediate grades — a multiclass
approach becomes viable with larger samples.

*Future work priorities are cohort expansion to strengthen minority-class representation, and
integration of per-patient SHAP waterfall charts directly into the dashboard for point-of-care

*The dashboard lets clinicians add new patients and retrain in real time, staying current as more
SA data arrives — unlike static models




