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Abstract 
Background: Kenya records about 6,000 new diagnoses each year of breast cancer (BC), a major 

cause of cancer-related deaths in the country. The apoptotic pathway is well studied and proven to 

play a crucial role in cancer onset and progression, but studies have not been extensively done on 

Kenyan women with BC. The study’s objective was to compare the gene expression patterns of 

apoptotic genes in Kenyan women with breast cancer to those of Caucasian women and African 

American women based on demography, subtype, and tumour stage. 

Methods: Transcriptomic data from 46 African Americans, 66 Caucasians retrieved from The 

Cancer Genome Atlas (TCGA), and 60 Kenyan RNA-seq data (45 samples from AIC Kijabe/Aga 

Khan hospitals and 15 Triple-Negative Breast Cancer (TNBC) from Gene Expression Atlas (GEO)) 

were studied. The Kenyan patients were part of a longitudinal BC genomics study in Kenya, and 

the TCGA data were retrospectively selected based on availability of RNA-seq data, documented 

ethnicity, and tumour stage and subtype classification. HISAT2 v2.2.0 aligned Kenyan transcripts 

to the reference genome, and HTSeq-count v2.0.2 determined gene counts. EdgeR v4.2 was used to 

analyse differential gene expression, and Enrichr v3.1 and ClusterProfiler v4.0 were used for 

enrichment analysis. 

Results: The analysis revealed 23 population-specific apoptotic genes differentially expressed 

across the 60 Kenyan samples, with 9 upregulated and 14 downregulated. In comparison, 80 

upregulated and 25 downregulated unique apoptotic genes were identified in the Caucasian dataset, 

while 6 upregulated and 1 downregulated unique apoptotic genes were recorded from the African-

American dataset. Kenyan BC patients (without controlling for subtype or stage) had a unique 

elevation of the anti-apoptotic gene, Insulin-like Growth Factor 1 Receptor (IGF1R).  Kenyan 

women with Luminal A subtype, compared to other subtypes studied and compared to Caucasian 

and African- American women, had a distinct upregulation of Interleukin-1 beta (IL1B). The IL1B 

gene prevents the progression and spread of tumour cells in prostate cancer, with over-exposure of 

tumour cells to IL1B in vitro leading to resistance to a variety of anticancer medicines in mice. On 

the other hand, IGF1R has been associated with poor prognosis in patients with elevated expression 

of the gene in Stage I, in non-small-cell lung cancer. 

Conclusion: These results highlight population-specific molecular differences. IGF1R and IL1B 

are among genes with potential as Kenyan-specific diagnostic targets. 
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Background 
Breast cancer (BC) ranks as the cancer 

that affects most women in Kenya, with 6,700 

new cases and 3,100 BC-related deaths 

recorded in 2024 (1). Kenyan patients often 

exhibit advanced stages and are much younger 

at diagnosis, with 54% of cases diagnosed 

under the age of 50 (2,3). Between the years 

2020 - 2023, 5.1% of all BC diagnoses were 

Stage I, 23.8% Stage II, 31.4% Stage III, and 

37.2% Stage IV (4). Nationwide efforts are 

being made to enhance awareness, screening, 
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and treatment access with the aim of reducing 

this burden (5). 

BC is classified into Luminal A, B, 

HER2+, and Triple-negative BC (TNBC) 

subtypes based on hormone receptor presence 

and HER2 gene expression (6–10). Apoptosis 

ensures cellular balance by eliminating 

precancerous and virus-infected cells, but 

cancer cells have evolved various ways to 

bypass it (11,12).  Apoptosis-related genes 

include caspases, Tumour Necrosis Factor 

(TNF), p53 gene, and B-cell lymphoma 2 (Bcl-

2) (13).  

Downregulation of caspase-9 and 

caspase-3 and changes in p53 have been linked 

with breast cancer (14,15). Other anti-apoptotic 

mechanisms in BC include over-expression of 

growth factor receptors and downregulation of 

death receptors (15,16). 

Targeting apoptosis may be a cancer-

fighting strategy as TRAIL and the STAT3 

(17)signalling pathway have previously been 

studied as a therapeutic target (17–19). 

Chemotherapy activates inhibitors of apoptosis 

proteins (IAP) expression, such as BCL-2 

proteins, which prevent apoptosis through 

blocking cytochrome-c release from the 

mitochondria and increasing the resistance of a 

tumour to therapy (20).  

We present a comparative analysis of 

apoptotic gene expression in Kenyan, African 

American, and Caucasian women with breast 

cancer. We examined differentially expressed 

apoptotic genes shared and unique to each 

population. We also analysed apoptotic gene 

expression patterns across breast cancer 

subtypes and tumour stages. This comparative 

approach aims to identify population-specific 

molecular signatures that may inform targeted 

diagnostic and therapeutic strategies for 

Kenyan BC patients. 

Methodology 
Study design and population 

This Kenyan dataset is part of an 

ongoing longitudinal breast cancer genomics 

study conducted at AIC Kijabe and Aga Khan 

hospitals. Additionally, 15 Triple-Negative 

Breast Cancer (TNBC) samples from Gene 

Expression Atlas (GEO Accession: 

GSM4223947) were included in the Kenyan 

study. Caucasian and African American 

datasets were retrospectively selected from the 

Cancer Genome Atlas data.  

Study participants 
The Kenyan cohort (n=60) represents 

all accessible RNA-seq data from Kenyan 

breast cancer patients during the study period. 

It comprised 45 samples from 23 patients at 

AIC Kijabe and Aga Khan hospitals and 15 

TNBC samples from the GEO database 

(Accession: GSE142258). This sample size is 

larger than other published Kenyan studies 

(e.g., Saleh et al., [9] (n = 20) and provided 

adequate statistical power for differential gene 

expression analysis. The Cancer Genome 

Atlas (TCGA) data included Caucasian (n=66) 

and African American (n=46) patients. Kenyan, 

African American, and Caucasian patients had 

a mean age of 48 years, 56 years, and 55 years, 

respectively. All samples were categorised by 

molecular subtype and Stage I - III (Table 1). 

Inclusion and exclusion criteria 
To minimise selection bias, all patients 

with a histologically confirmed diagnosis of 

breast cancer were eligible for inclusion in the 

longitudinal Kenyan study as long as they 

agreed to give a signed informed consent. Data 

with missing documentation of ethnicity or 

subtype classification of the tumour were 

excluded from the study. 

Data collection of Kenyan samples 
Tumour and adjacent non-tumour 

tissues were collected from each consenting 

patient and immediately frozen in liquid 

nitrogen and stored at -80 o C at the Aga Khan 

University Hospital biorepository. The clinical 

data, that is the histology and 

immunohistochemistry/molecular subtyping, 

were entered into an Excel sheet soon after the 

collection of the samples. The data was 

collected in real time as soon as the results from 

the pathology lab were available.  

Library processing 
Fresh frozen tumour and adjacent 

normal samples from 45 participants were 

shipped on dry ice to the Laboratory of Human 

Carcinogenesis at the National Cancer Institute 

(USA) for total ribonucleic acid (RNA) 
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extraction and sequencing. As a quality control 

measure, samples from 23 participants whose 

biopsies had 50% tumour were selected for 

RNA extraction. The total RNA was isolated 

from frozen breast tumours and normal tissue 

using the TRIzol reagent (Thermo Fisher 

Scientific) with DNase treatment according to 

the manufacturer's instructions (21). The 

integrity of the isolated RNA was evaluated 

with the Agilent TapeStation High Sensitivity 

RNA ScreenTape (Agilent Technologies) 

following the manufacturer's guidelines, 

ensuring only high-quality RNA proceeded to 

sequencing (22). 

RNA sequencing 
Polymerase Chain Reaction (PCR) was 

used for RNA amplification before sequencing. 

The total RNA-seq sequencing was performed 

at the Sequencing Facility, Leidos Biomedical 

Research, Inc., Frederick National Laboratory 

for Cancer Research, USA. The samples were 

pooled and sequenced on NovaSeq S2 

(Illumina) using NEBNext UltraII Directional 

RNA Library Prep and paired-end sequencing 

(23).  

Data analysis 
Kenyan breast cancer samples 

underwent quality control using FastQC 

v0.11.3 and MultiQC v1.13, with a Q30 cut-off 

(24,25). Low-quality bases and adapter 

sequences were removed using Cutadapt v3.1 

(26). High-quality reads were aligned to the 

reference genome (Hg38) using HISAT2 

v2.2.0, and alignment files were processed with 

Samtools v1.3.1 (27,28). Gene-level counts 

were produced using HTSeq-count v2.0.2 (29).  

TCGA data were pre-processed using 

STAR alignment and FPKM normalisation 

(30,31). Gene counts were normalised using 

FPKM and FPKM-UQ (30). Trimmed Mean of 

M-values normalisation was applied to all the 

samples. Differential gene expression analysis 

was conducted using edgeR (32) in R v4.2.0 

(33), with visualisation in ggplot2 v3.3.6 (34). 

We set a threshold for differential expression at 

FDR < 0.05 and fold change ≥1 or ≤ -1 to ensure 

statistical significance while requiring at least a 

2-fold expression change to capture 

biologically meaningful differences. Apoptotic 

genes were identified using GeneCards v5.7 (a 

consensus list of known apoptotic genes in 

Supplementary 1) (35). Shared and uniquely 

expressed apoptotic genes were compared 

between populations, subtypes, and stages for 

the Kenyan, Caucasian, and African American 

BC patients using custom Python scripts and 

Venn diagrams created with ggVennDiagram 

v1.2.2 (36). Gene Ontology (EnrichR v3.1) and 

gene set enrichment analysis (ClusterProfiler 

v4.0) identified key pathways (37,38). Protein–

protein interaction networks of significantly 

expressed genes in each subtype and BC stage 

were generated at medium confidence (score ≥ 

0.4) using the STRING database (39). 

Ethical considerations 
The study was approved by the 

Institutional Scientific Ethics Review 

Committee (ISREC) at The Aga Khan 

University in Nairobi, Kenya (Approval 

number 2018/REC-80 (v9)). 

Table 1 

Clinical and Demographic Characteristics of the Participants Included in the Study 

 Subtypes 

Ethnicity Luminal A Luminal B HER2-enriched TNBC Normal 

Kenya - Mean age =48 yrs. 12 (20%) 4 (6.67%) 3 (5%) 18 (30%) 23 (38.33%) 
African American - Mean =56 yrs. 12 (25.53%) 11 (23.40%) 6 (12.76%) 12 (25.53%) 6 (12.76%) 
Caucasian - Mean = 55 yrs. 12 (20%) 12 (20%) 10 (16.67%) 12 (20%) 20 (33.33%) 
Stages 
 Stage I Stage II Stage III Normal Undefined 
Kenya 6 6 21 19 4 
African American 15 20 5 6 0 
Caucasian 8 24 9 20 5 

* undefined = no staging information was provided in the original clinical data. These samples were excluded 

from stage-specific analyses but were included in overall population comparisons and subtype-specific analyses 

where staging was not required. 
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Results 
Table 1 presents sample distribution by 

population, age, breast cancer subtype, and 

stage. Values are presented as n (%). 

Shared and uniquely expressed 

apoptotic genes among Kenyan 

patients 
The Caucasian BC patients exhibited 

the highest count of differentially expressed 

apoptotic genes (n=133 total), of which 105 

genes were unique, while 28 genes were shared 

with African American and/or Kenyan 

populations. Kenyan breast cancer patients had 

29 total, while African American breast cancer 

patients had 30 total differentially expressed 

apoptotic genes, as seen in Figure 1 A- C in the 

appendix).  The CDK1 gene was the only 

shared upregulated gene between Kenyan and 

African American (Figure 2 A- B). We found a 

total of nine unique upregulated apoptotic 

genes for the Kenyan dataset and fourteen 

unique downregulated apoptotic genes for the 

Kenyan patients (Table 2). 

 

 
Figure 2 

A. shared and unique upregulated genes per population, B. shared and unique downregulated genes, 

Kenyan vs African American women. For a detailed list of specific genes in each region, refer to 

Table 2. 
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Several biological processes were highly 

significantly enriched among Kenyan patients, 

including negative regulation of apoptosis (p-

value= 2.0e-07), tumour necrosis factor-

mediated pathways (p-value= 4.0e-07), and 

negative regulation of programmed cell death 

(p-value= 2.0e-07). The highly significant 

enrichment of these anti-apoptotic pathways 

suggests active suppression of cell death 

mechanisms in Kenyan breast tumours 

(Supplementary 2).  

The cytokine-cytokine receptor 

interaction pathway, p53 signalling pathway, 

which is involved in intrinsic apoptosis, 

necroptosis involving RNF103-CHMP3, 

BIRC3, CHMP3, and IL1B genes, and 

endocytosis pathways were activated for the 

Kenyan patients. Adherens junction involving 

CREBBP and IGF1R genes, proteasome, 

spliceosome, and breast cancer pathway 

involving IGF1R and TNFSF11 were 

suppressed for the same patients 

(Supplementary 3). 

Level of apoptotic gene expression 

based on subtype 
Kenyan patients had 13 genes uniquely 

upregulated among patients with Luminal-A 

(including IGF1R, PPP2R2C, and PRKCZ), 15 

genes among Luminal-B subtype patients 

(including PSMD3, CYCS, and CDK5R1), 11 

genes in HER2-enriched subtype (including 

FASLG, HLA-DQA1, and GNG3), and 38 

genes among patients with TNBC subtype 

(including RNF103-CHMP3, CHMP3, DSG1, 

and TNFRSF6B), (Supplementary 4). 

Moreover, the Luminal A subtype had 15 

unique downregulated genes, the Luminal B 

subtype had 37 downregulated genes, the 

HER2-enriched subtype had 3 downregulated 

genes, and the triple-negative subtype had 68 

downregulated genes, including PPP2R5A, 

YWHAG, MYC, and PRKAR1B. We 

visualised the top enriched pathways colored by 

statistical significance (–log10 FDR). The 

analysis of functional pathways revealed shared 

and unique significantly enriched pathways.  

 

Table 2 

Unique upregulated and downregulated genes by population 

BC 
patients 

Unique upregulated apoptotic genes Unique down-regulated apoptotic genes 

Kenyan (n = 9) 
RNF103-CHMP3, DSG1, CHMP3, TNFRSF6B, 
DSG3, DCC, BIRC3, IL1B, GNB4 

(n = 14) 
IGF1R, PTHLH, MAPT, PSMB8, KRT18, 
HSPA1A, PSMD3, HSPB1, SQSTM1, GNA14, 
PPP2R3B, ADCY1, DAPK3, HLA-A 

Caucasian (n = 80) 
GNG4, CDKN2A, CLSPN, LMNB1, CDC25A, 
BCL2A1, UNC5A, GZMB, TNFRSF18, PSMD3, 
TNFSF4, TNFSF18, PSMB3, BCL2L14, UNC5B, 
CDC25B, CD3D, HMGB2, RIPK2, CDK5R1, CD27, 
TNFRSF4, CD3E, TNFRSF13B, HLA-A, NFKBIE, 
MAPK15, PSME2, IL18, KRT18, HSPB1, LIMK1, 
FASLG, PARP1, BIK, PRDX1, BAK1, CD3G, HLA-
C, HLA-DQA1, TNFSF13B, HLA-DOB, MAGED1, 
IL1A, BCL2L15, TNFSF15, PSMB9, SFN, CYCS, 
PSMB4, HLA-B, IKBKE, BMF, CD70, YWHAZ, 
PSMD11, TNF, HLA-F, PSMA5, PSMD14, GNAS, 
PTRH2, PSMC4, CASP6, MAPKAPK2, SMPD3, 
PIK3R3, IRF1, PPM1G, RELB, PSMB8, CASP3, 
PSMB2, DAPK1, PSME4, PRDX2, SLC25A5, HLA-
DRB1, PTPA, HLA-DQA2 

(n = 25) 
ELANE, TP63, TP53AIP1, FOS, GSN, 
Y_RNA, AIFM2, TNFRSF10D, PPP2R2B, 
CFL2, GAS2, MAPK10, JUN, DSG1, GNG7, 
ARHGAP10, BCL6, GCK, BOK, PPP2R1B, 
IRS1, AXIN2, EGF, VIM, BCL2L2 

African- 
American 

(n = 6) 
DAPK3, STUB1, PSMD4, GNB2, PSMB5, HRAS 

(n = 1) 
ITGA6 
 

Key: Population-specific differentially expressed genes are not shared across populations. Upregulated = higher 

in tumour vs. normal, Downregulated = lower in tumour vs. normal. 
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Programmed cell death, intercellular signal 

transduction, and apoptosis were enriched in 

multiple subtypes, suggesting common 

regulatory responses. Condition-specific 

pathways such as the Wnt signalling pathway 

and pluripotency (Luminal A), miRNA 

regulation and DNA damage response 

(Luminal B), positive regulation of cell death 

(TNBC), and positive regulation of response to 

stimulus (HER2+) revealed distinct biological 

processes activated or suppressed in a subtype-

dependent manner (Figure 3).  

The Kenyan patients with the TNBC 

subtype exhibited a higher number of 

downregulated apoptotic genes across all 

subtypes (Supplementary 4). To explore 

functional associations among significantly 

expressed apoptotic genes in TNBC patients, 

we constructed protein–protein interaction 

(PPI) networks (confidence score threshold ≥ 

0.4). Separate networks were generated for up- 

and down-regulated genes to highlight 

condition and direction-specific interaction 

patterns (Figure 4). The downregulated 

network was notably denser relative to the 

upregulated network, suggesting a higher 

degree of coordinated suppression of immune 

and cell death pathways in TNBC. Both 

networks showed significantly more protein 

interactions than would be expected by chance.  

 

 
Figure 3 

Bubble plot of the top significantly enriched pathways per subtype, based on up- or down-regulated 

gene sets. The size of the bubbles corresponds to the number of genes contributing to the enrichment, 

and the colour indicates the statistical significance, with lighter blue representing higher -

log10(FDR) values. 
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This indicates that these differentially 

expressed proteins are not randomly co-

expressed but rather form biologically 

meaningful, coordinated interaction networks, 

which results in combined functional 

consequences rather than independent effects. 

Up-regulated gene networks were enriched in 

apoptosis modulation and signalling, signal 

transduction, and regulation of cell death. 

Down-regulated networks were involved in 

cytokine signalling in immune systems and 

programmed death (Figure 3). 

Level of apoptotic gene expression 

based on tumour stage 
Comparing the expression levels of 

apoptotic genes between Stage I and Stage II, 

Kenyan patients had 152 total differentially 

expressed apoptotic genes. Among these, 8 

genes were upregulated, while 144 genes were 

significantly underexpressed (Supplementary 

5). In Stage I and Stage III, 200 apoptotic genes 

were significantly expressed. Seven of these 

genes were upregulated (Supplementary 4). 

However, for Stage II patients vs Stage III 

patients, two apoptotic genes were 

downregulated (PRKCZ and GSDMD). Shared 

and unique biological pathways revealed 

regulation of signalling and signal transduction, 

and regulation of cellular processes were 

uniquely enriched in Stage I (Figure 5). 

Discussion 
Due to the limited availability of 

African transcriptomic data, African American 

cohorts have often served as reference 

populations for African ancestry groups 

(40,41). This study addressed this gap by 

analysing Kenyan-specific transcriptomic data. 

The study of BC tumour and control 

tissues from Kenyan BC patients (age, subtype, 

and tumour stage not adjusted) revealed 

differences in apoptotic gene expression. A 

comparison of the up- and down-regulated 

genes between African American BC patients 

and Kenyan patients revealed a single shared 

differentially expressed apoptotic gene. Our 

results showed more similarity in profiles of 

gene expression between African American and 

Caucasian BC patients (42).  

Kenyan patients had a unique 

upregulation of DSG1, DCC, and IL1B; these 

genes have been previously reported to be pro-

apoptotic genes (43). The DCC gene is a 

CASP3 substrate that works by activating the 

apoptotic pathway; it has also been reported to 

suppress apoptosis when the gene product binds 

to the netrin-1 ligand (19). The gene IL1B has 

also been widely studied in prostate cancer and 

found to suppress the proliferation of tumour 

cells; however, tumour cells over-exposed to 

the gene gained resistance to a variety of 

anticancer chemotherapy options in mice (43).  

Our results suggest that the unique 

upregulated pro-apoptotic genes act as a 

protective mechanism against the proliferation 

of cancer cells for these patients. Well-studied 

genes like DSG3, BIRC3, TNFRSF6B, and 

GNB4 were among the upregulated anti-

apoptotic genes uniquely found among Kenyan 

patients (44–47). According to Wang et al. 

(47), the growth and spread of breast cancer 

cells is linked to the overexpression of the gene 

GNB4. The BIRC3 gene is also reported to fast-

track the progression of brain tumours in 

glioma (44). In another study, TNFRSF6B 

overexpression has been reported in patients 

with pancreatic cancer and linked to a poorer 

prognosis among these patients (46).   

Our results suggest the growth of BC 

tumour cells and their resistance to apoptosis 

may be linked to the overexpression of the 

unique anti-apoptotic genes we identified. In 

our study, IGF1R, an inhibitor of the apoptotic 

pathway, was identified as being upregulated 

uniquely among Luminal A Kenyan BC 

patients (48).  

A previous study on breast cancer 

patients in Brazil reported similar over-

expression of IGF1R in their patients with 

Luminal-A and Luminal-B subtypes (49). This 

is further corroborated by Farabaugh et al. (50), 

who observed that the IGF1R was upregulated 

among samples with ER+ subtypes. Previous 

studies on IGF1R treatments have been 

unsuccessful and reported poor prognosis in 

high-expression, non-small-cell lung cancer 

patients (49,51).   
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Figure 4 
Protein–protein interaction networks of upregulated and downregulated genes in TNBC. Nodes represent 
proteins encoded by the uniquely expressed apoptotic genes, while edges represent known and predicted 

interactions. 

 

 
Figure 5 

Bubble plot of the top significantly enriched pathways by stage, based on up- or down-regulated gene sets. 

The size of the bubbles corresponds to the number of genes contributing to the enrichment, and the colour 
indicates the statistical significance, with lighter blue representing higher -log10(FDR) values. 
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The presence of shared pathways across 

subtypes among Kenyan women with BC 

reflects a core response to cancer proliferation, 

while the distinct pathway enrichments underlie 

functional differences specific to the subtype. 

Our study analysed gene expression in Kenyan 

Stage I compared to Stage II BC patients, 

finding a higher proportion of downregulated 

genes in Stage I. This suggests that at early 

stages, there is suppressed pro-apoptotic 

signalling. When comparing Stage II to Stage 

III, both GSDMD (pro-apoptotic) and PRKCZ 

(anti-apoptotic) were downregulated in Stage 

III. Although PRKCZ downregulation would 

typically promote cell death, the simultaneous 

suppression of GSDMD creates a net survival 

advantage for tumour cells. This suggests that 

in advanced-stage tumours, suppression of pro-

apoptosis outweighs any death-promoting 

effects from reduced anti-apoptotic signalling, 

ultimately favouring tumour progression. 

Limitations 
Some of the assumptions we made 

included homogeneity of the study populations 

and that subjects did not have other 

comorbidities or chronic illnesses that would 

affect gene expression. However, we could not 

adjust for additional potential confounders such 

as age, body mass index, comorbidities, 

treatment history, or environmental factors due 

to limited sample size and incomplete clinical 

data availability, particularly for the publicly 

available datasets. We also assumed relative 

homogeneity within each subtype and stage, 

though unmeasured confounding from patient 

characteristics or technical batch effects may 

have influenced results. Future studies with 

larger sample sizes and comprehensive clinical 

annotation would enable multivariable 

adjustment for these confounders. Stage-

subtype interactions could not be examined 

simultaneously due to insufficient sample sizes. 

Our study population size was limited by the 

lack of previous studies among Kenyan 

patients. 

This study was limited to comparing 

three populations. While Asian, Hispanic, and 

other ethnic populations also experience breast 

cancer with potentially unique molecular 

profiles, their inclusion was beyond the scope 

and resources of this comparative analysis. 

Future studies should expand to include these 

populations for a more comprehensive 

understanding of global breast cancer 

heterogeneity. 

Conclusion 
In comparing apoptotic gene 

expression across all three populations, we 

identified distinct molecular signatures. 

Kenyan patients showed unique dysregulation 

of 23 genes (including IL1B and IGF1R), 

African American patients had 7 unique genes 

(including DAPK3 and STUB1), while 

Caucasian patients exhibited the largest set of 

unique genes, 105 genes, including an 

extensive HLA gene family. Despite some 

shared genes like CDK1 between Kenyan and 

African American populations, the 

predominance of population-specific 

dysregulation underscores substantial genetic 

heterogeneity in breast cancer across 

populations and ethnicities.   

These findings have important policy 

implications. We recommend that health 

policymakers invest in genomic research 

infrastructure in Kenya and Africa, develop 

population-specific diagnostic and treatment 

guidelines, and prioritise funding for African-

focused research. This would improve early 

detection, treatment efficacy, and survival 

outcomes for African breast cancer patients. 
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Supplementary data 
Supplementary 1 
Laboratory processing and sequencing of RNA 

The tissue samples were frozen in liquid nitrogen immediately after surgical excision and stored 

at -80 o C at the Aga Khan University Hospital biorepository. Pathological information on the clinical 

sample was abstracted from the medical records and included patient’s age, tumor grade, tumor stage, 

and hormone receptor status, among others (Table 1). Fresh frozen tumor and adjacent normal samples 

from 45 participants were shipped on dry ice to the Laboratory of Human Carcinogenesis at the National 

Cancer Institute (USA) for RNA extraction and sequencing. After examination, samples from 23 

participants that at least 50% tumor were selected for RNA extraction.  

The total ribonucleic acid (RNA) was isolated from frozen breast tumors and normal tissue 

using the TRIzol reagent (Thermo Fisher Scientific) with DNase treatment. The integrity of the isolated 

RNA was evaluated with the Agilent TapeStation High Sensitivity RNA ScreenTape (Agilent 

Technologies). Polymerase Chain Reaction (PCR) was used for RNA amplification before sequencing. 

The total RNAseq sequencing was performed at the Sequencing Facility, Leidos Biomedical Research, 

Inc., Frederick National Laboratory for Cancer Research, USA. The samples were pooled and 

sequenced on NovaSeq S2 using NEBNext UltraII Directional RNA Library Prep and paired-end 

sequencing.  
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Supplementary 2 
Apoptotic genes 

CONSENSUS LIST OF APOPTOTIC GENES 

SLC25A4 SLC25A5 SLC25A6 APAF1 FAS BAD BAK1 BAX 

BID BIK CASP8 CASP9 IGF1R MCL1 MT-RNR2 PMAIP1 

HRK AIFM1 BCL2L10 BCL2L11 BBC3 CYCS DIABLO MOAP1 

LMNA LMNB1 CASP6 PARP1 CASP2 DFFB FASLG CASP3 

DFFA FADD MAP3K1 ARHGDIB DAXX PAK2 CRADD LMNB2 

RIPK1 ACTA1 BIRC3 SPTAN1 AKT2 BIRC2 MAPK8 MAP2K4 

TRAF2 PRKDC RB1 RIPK2 TNFRSF10
B 

CASP4 HSPB1 MAP3K5 

PAK1 PTK2 APP TNFRSF10
A 

PIDD1 TOP1 IGF1 LIMK1 

GSN SREBF1 SATB1 MADD IKBKE CFL2 TNFSF10 MAPK10 

PRF1 CASP1 CHUK IKBKB ACTG1 IKBKG MAPK9 MAP3K14 

BTK SMPD3 TRAF1 UBE2I E2F1 ACTB MAP2K1 MAPKAPK2 

SMPD2 TFDP1 TFDP2 TP53 SFN MAP3K7 MAPKAPK
3 

MAPK1 

GSDME NAIP C1QBP CARD8 UACA PPP3CC PPP3R1 GSDMD 

AVEN DYNLL1 NMT1 PPP1R13B YWHAG YWHAH YWHAZ PRKD1 

TP63 MIR29B2 TP53BP2 APIP TNFRSF10
C 

BIRC5 NFKBIE TNFRSF4 

MIR29B1 PTRH2 TP73 YWHAE TNFRSF10
D 

NFKBIB TNFSF11 BCL2L13 

PEA15 TNFRSF1
B 

YWHAB AIFM2 TNFRSF25 TNFSF15 PPP2CB GNB4 

TNFRSF17 IRAK2 BIRC7 NFKBIA TRAF6 GNB1 GNAS PIK3CG 

TNFRSF12A NGF NGFR TRAF5 TNFSF4 EGFR PPP2CA GNG2 

IRAK1 BCL2L12 NFKB2 TNFSF8 PRKCZ PIK3CD BOK PIK3CA 

TNFSF13B PTHLH ITGB4 ITGA6 RPS6KA2 GSK3B GNG3 GNG8 

BCL2L15 TRAF3 PIK3R3 RPS6KA1 BCL2L14 GNB3 PDP1 PPP3CA 

GSK3A TNFRSF8 GNG11 GNB5 PDPK1 GNB2 PPP3CB GNA13 

ADCY1 HRAS PRKACA GNGT2 MAP2K2 GNA11 GNG13 PPP2R5B 

GRB2 GNG5 GNGT1 PRKAR1A GNG10 PTPA GNA12 PPP2R5C 

PRKAR2B CDK1 PRKACB GNG7 PPP1CA PPP2R5A BIRC8 MAP3K11 

PPM1A PPM1B PPM1G PPM1F PPP2R3A OMA1 TNFRSF21 CHMP2A 

SHC1 PPM1D BECN1 EGF BAG4 PSME4 CHMP6 TICAM2 

PIK3R2 ADCY3 PPP2R2B PPP2R2C CD70 H1-0 IGFBP3 FLOT2 

RPS6KB2 PPP2R2A RPS6KA5 RPS6KA6 STK26 PKP1 PERP PSMC6 

ADCY2 RPS6KA4 CDKN1A CD27 MAP3K3 PSMB4 HLA-DQA1 RPS27A 

PPP2R1B HSPA1A FOS ENDOG PSMB3 PSME3 DBNL PSMD11 

PPP2R3B GCK MAP3K2 LTBR PSMC5 UNC5B APC PRKCQ 

RELA MAP2K3 PSMD14 BCAP31 DCC OPA1 PSMA7 PSMB2 

MAPK7 NOL3 HSP90AB
1 

MAP3K13 DNM1L PRKCD PSMB1 CHMP2B 

MAPK6 HSP90AA
1 

BEX3 MAPK14 CTNNB1 PSMA6 PSMC3 PRDX2 

SIVA1 ELK1 MAP2K5 OCLN PSMC1 PSMC2 MLKL HLA-DPA1 

TNFSF18 ATF2 TMED7-
TICAM2 

TICAM1 PSMD7 PSMD8 IRF2 CD3E 

HIPK2 PSMA8 HMGB2 PSMD9 PSMC4 ARHGAP10 SDCBP HLA-DOA 

TNFRSF18 DSP MAPT PSMD10 ROCK1 PSMD6 PSMF1 HLA-F 

MAPK15 APPL1 HMGB1 TJP1 CD14 TLR4 ELANE SOD2 

H1-1 PSMA5 PSMB10 STK24 CHMP4B IRF1 CHMP3 CDC25B 

DSG3 PSMA4 PSMD5 CDC37 TJP2 BNIP3L TP53AIP1 CD3D 

LY96 H1-5 PSMA3 PSMB9 IL18 NLRC4 CHM TNFRSF11
A 
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PSMB11 KPNB1 PSMB8 PSMD4 CHMP4C ATM BCL2L1 GNG4 

DSG2 PSMA2 PSME2 STAT3 UNC5A NDRG1 VDAC1 PRKACG 

H1-4 PSMB7 UBB UBC RIPK3 HLA-DMB NUMA1 SOS2 

KPNA1 PSMD3 FLOT1 STUB1 IL1B HLA-E CASP8AP
2 

TNFSF14 

FOXO3 PSME1 CASP5 OGT CHMP7 HLA-DMA GZMB DAPK3 

CAPN2 BMX HLA-C HLA-DRB5 CDC25A TNFRSF13
B 

KRT18 ADD1 

CDK5 UBA52 HLA-
DRB4 

CAPNS2 CDK5R1 CD40 HTRA2 DSG1 

CAPN1 STEAP3 HLA-A HLA-B CAST PLEC FAF1 PSMD1 

DYNLL2 PSMD13 BABAM2 PTPN13 GNA15 FNTA PELI1 HLA-DOB 

BCL2 BCL2A1 MAPK3 RELB RPS6KA3 AXIN1 HLA-G PRDX1 

RAF1 TNFRSF1
A 

IL1A MYC BIRC6 SEM1 ACIN1 ZNF420 

BMF AKT1 SEPTIN4 SOS1 PRKAR1B DAPK2 CDC25C TMEM219 

CASP7 TNFRSF6
B 

CDKN2A PIK3CB GNG12 DAPK1 PRELID3A BCL6 

XIAP AKT3 REL PPM1L GNA14 MAP3K8 RABGGTA BCL2L2 

CFLAR TFAP2A TNFSF13 MAPK12 CDH1 PSMD12 CD247 VDAC2 

SUMO1 NFKB1 PIK3R1 PTPN11 H1-2 CREBBP LIPF CASP10 

IRS1 NFX1 RPS6KB1 PPP2R5E MAGED1 TP53INP1 PSMA1 TNF 

GAS2 YWHAQ PRKAR2A TNFSF12 RABGGTB CD3G PSMB6 TRADD 

HLA-DQA2 H1-3 TP53I3 PPP2R1A PDCD6IP CD40LG PSMD2 JUN 

GOLGA2 HLA-DRA PRELID1 PPP3R2 CHMP4A SQSTM1 CLSPN VIM 

HLA-DRB1 CAPNS1 HLA-
DQB1 

AXIN2 TRIAP1 PPTC7 RNF103-
HMP3 

SMPD1 

HLA-DRB3 PSMB5 ACTC1  ERCC6 AIF1L BAG1 BCL10 BAK1P1 

BLK YWHAEP5       
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Supplementary 3 

Unique upregulated and downregulated genes by population 

BC patients Unique upregulated apoptotic genes Unique down regulated apoptotic genes 

Kenyan (n = 9) 
RNF103-CHMP3, DSG1, CHMP3, TNFRSF6B, 
DSG3, DCC, BIRC3, IL1B, GNB4 

(n = 14) 
IGF1R, PTHLH, MAPT, PSMB8, KRT18, 
HSPA1A, PSMD3, HSPB1, SQSTM1, GNA14, 
PPP2R3B, ADCY1, DAPK3, HLA-A 

Caucasian (n = 80) 
GNG4, CDKN2A, CLSPN, LMNB1, CDC25A, 
BCL2A1, UNC5A, GZMB, TNFRSF18, PSMD3, 
TNFSF4, TNFSF18, PSMB3, BCL2L14, 
UNC5B, CDC25B, CD3D, HMGB2, RIPK2, 
CDK5R1, CD27, TNFRSF4, CD3E, 
TNFRSF13B, HLA-A, NFKBIE, MAPK15, 
PSME2, IL18, KRT18, HSPB1, LIMK1, FASLG, 
PARP1, BIK, PRDX1, BAK1, CD3G, HLA-C, 
HLA-DQA1, TNFSF13B, HLA-DOB, MAGED1, 
IL1A, BCL2L15, TNFSF15, PSMB9, SFN, 
CYCS, PSMB4, HLA-B, IKBKE, BMF, CD70, 
YWHAZ, PSMD11, TNF, HLA-F, PSMA5, 
PSMD14, GNAS, PTRH2, PSMC4, CASP6, 
MAPKAPK2, SMPD3, PIK3R3, IRF1, PPM1G, 
RELB, PSMB8, CASP3, PSMB2, DAPK1, 
PSME4, PRDX2, SLC25A5, HLA-DRB1, PTPA, 
HLA-DQA2 

(n = 25) 
ELANE, TP63, TP53AIP1, FOS, GSN, 
Y_RNA, AIFM2, TNFRSF10D, PPP2R2B, 
CFL2, GAS2, MAPK10, JUN, DSG1, GNG7, 
ARHGAP10, BCL6, GCK, BOK, PPP2R1B, 
IRS1, AXIN2, EGF, VIM, BCL2L2 

African- 
American 

(n = 6) 
DAPK3, STUB1, PSMD4, GNB2, PSMB5, 
HRAS 

(n = 1) 
ITGA6 
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Supplementary 4 

Unique upregulated and downregulated genes based on subtypes for the Kenyan population 

Subtypes No. of 
upregulated 
apoptotic 
genes 

No. of 
downregulated 
apoptotic 
genes 

Unique upregulated apoptotic 
genes 

Unique downregulated 
apoptotic genes 

Luminal A 13 15 IGF1R, PPP2R2C, PRKCZ, 
MAPT, GNA14, OCLN, ADCY1, 
PIDD1, PRELID3A, IKBKB, 
PPP2R3B, ACIN1, PRKCD 

CFLAR, ITGA6, PDP1, SDCBP, 
PRKACA, BNIP3L, PELI1, 
RPS6KA3, TLR4, AKT3, 
PPM1L, TNFSF14, SOD2, 
TNFRSF21, PKP1 

Luminal B 15 37 PSMD3, CYCS, CDK5R1, HLA-
F, HLA-A, CD3D, PTRH2, 
LMNB2, HLA-DQB1, SREBF1, 
PSMA6, PSMB2, CDC25B, HLA-
C, MAGED1 

CDH1, H1-5, MAPK15, CLSPN, 
CYCS, H1-3, GNG13, CDK1, 
CDC25A, UNC5A, CDK5R1, 
HLA-F, BIRC5, E2F1, SMPD3, 
LMNB1, TNFSF15, TFAP2A, 
GNB3, CDC25C, DSP, CD3D, 
LIMK1, PTRH2, UNC5B, TP73, 
BIK, LMNB2, HLA-DQB1, 
IKBKE, PSMA6, PSMB2, H1-4, 
CDC25B, PIK3R2, BBC3, 
MAGED1 

HER2+ 11 3 FASLG, HLA-DQA1, GNG3, 
PSMD8, TRAF5, BMF, PIK3CG, 
HLA-B, ACTB, MAPKAPK2, 
TRAF1 

PTPN13, NGF, HLA-DRB5 

TNBC 38 68 RNF103-CHMP3, CHMP3, 
DSG1, TNFRSF6B, DSG3, 
STK26, CDKN2A, CD3G, HRK, 
BCL2A1, ADCY2, BIRC3, GNB4, 
PERP, MAP3K13, PIK3R3, 
DCC, CHMP4C, RPS6KA6, 
FAS, TNFSF4, TNFRSF17, 
STEAP3, REL, PRKDC, 
TNFSF13B, SFN, PKP1, RIPK2, 
IL1B, GNA13, CASP8AP2, 
DIABLO, PPP2R3A, MAPK8, 
IL18, MAP3K2, ZNF420 

PPP2R5A, YWHAG, MYC, 
PRKAR1B, MAP2K1, MLKL, 
CHMP4B, GNA11, PEA15, 
BCL6, ADCY1, MAP3K3, 
CASP4, PSMD8, BCL2L2, 
NMT1, CAPN2, AKT2, TP53I3, 
AIFM1, NOL3, HLA-DOA, TJP2, 
PPP2R5B, TNFRSF12A, 
GNG7, SMPD1, PSMB1, TJP1, 
TNFRSF1A, PSMC5, FLOT2, 
UBC, IGFBP3, MAP3K11, 
SLC25A4, TNFRSF10C, 
PRKCD, CAPNS1, AXIN2, 
DAPK3, PPP2R3B, SPTAN1, 
PSMC3, ADD1, PSMB6, 
CDC37, IRS1, HLA-DRA, 
NFKBIA, CD14, HLA-DRB1, 
RPS6KA2, HLA-DPA1, NGFR, 
HSPA1A, MAPK3, BCAP31, 
SQSTM1, LMNA, GNA14, UBB, 
CHMP2A, PSME1, JUN, MAPT, 
FLOT1, FOS 
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Supplementary 5 

Upregulated and downregulated apoptotic genes based on the stage of BC at time of diagnosis  

BC patients Stages Upregulated Downregulated 

Kenyan stage I vs stage II (n = 8) 
 
DSG1, DSG3, RNF103-
CHMP3, CHMP3, 
TNFRSF6B, EGFR, 
PRKACB, PPM1L 

(n = 144) 
 
DBNL, IRF2, RIPK1, STUB1, DYNLL1, RELA, 
SHC1, ACTB, NFKB1, NMT1, AVEN, PPM1G, 
MAP3K14, TJP2, PSMF1, MADD, PSMD13, 
ACTG1, PDPK1, RPS6KA2, PLEC, HSP90AA1, 
SMPD2, MLKL, GNG11, TP73, ARHGAP10, 
PPP2R5B, SEM1, BEX3, PPP1R13B, LMNA, 
LIMK1, SPTAN1, UBC, RPS6KA4, PSMB5, 
AKT2, TNFRSF4, MAP2K2, PTRH2, BCL2L12, 
PIK3R2, GNB2, AIFM2, GNA11, GSK3A, LTBR, 
PSMD9, TNFRSF1A, PSMB6, PSMB1, CAPN2, 
PTPA, RPS6KB2, PPP2R1A, PRKAR1B, 
CREBBP, TRADD, AIFM1, UBE2I, MAPKAPK3, 
BAX, MAP2K3, PSMC5, ACIN1, MAPK7, 
AXIN1, MAPKAPK2, TJP1, PSMC3, H1-3, 
IKBKB, H1-4, HSP90AB1, MAP3K11, NFKB2, 
CDKN1A, PARP1, ITGB4, ADD1, GNA15, 
TP53I3, CHMP4B, AKT1, PRKAR2B, MAPK3, 
NFKBIA, H1-2, UNC5B, TICAM1, H1-0, HLA-E, 
CAPN1, NOL3, IRS1, JUN, PSME2, SMPD1, 
IKBKG, CDC37, CD14, SLC25A4, FADD, 
IGFBP3, DAPK3, PSMD8, BBC3, TNFRSF13B, 
CAPNS1, BCAP31, IGF1R, UBB, CDH1, 
TNFRSF12A, FLOT2, SREBF1, NAIP, ADCY1, 
DAXX, PSMD3, CHMP2A, UNC5A, HLA-A, 
PRKCD, KRT18, HLA-B, GNA14, HLA-C, HLA-
DRB3, SQSTM1, HLA-DRA, PPP2R2C, HLA-
DOA, HSPB1, PSMB8, RPS6KA1, HLA-DPA1, 
SLC25A6, MAPT, PSMB3, FLOT1, PPP2R3B, 
HSPA1A 
 

Stage I vs stage III (n = 7) 
 
RNF103-CHMP3, DSG1, 
CHMP3, TNFRSF6B, 
EGFR, PPM1L, CFL2 

(n = 193) 
 
TMEM219, MAPK9, GNA12, HIPK2, BMF, 
PTPN13, CASP6, SHC1, TOP1, ARHGAP10, 
IRAK1, RIPK1, CASP8, CASP4, PSMD14, 
SLC25A5, ACTB, TNFRSF1A, C1QBP, GNAS, 
RPS6KA2, HMGB2, TJP2, MAGED1, PTRH2, 
BAD, PDPK1, NFKB1, PAK1, CASP7, 
HSP90AA1, PSMF1, GNG7, RELA, PSMB5, 
DBNL, GNG11, PIK3CD, PSMB1, STUB1, 
MAPK7, IRF2, PSMD4, ACTG1, PPM1G, 
DYNLL1, TRAF2, TFAP2A, NMT1, LMNB1, 
PSMD13, LMNB2, TNFRSF4, AVEN, PPP2CB, 
PPP2R5B, MAPKAPK2, AKT2, LIMK1, CD40, 
BIK, GSDMD, AIFM1, CHMP6, LTBR, MADD, 
TRADD, AIFM2, GNB2, SMPD2, GOLGA2, 
PPP2R1A, BEX3, CD14, MAPK12, UBC, 
NFKBIE, PSMB6, UBE2I, GNA11, GNA15, 
LMNA, MAP3K14, PPP1R13B, TP53I3, 
NFKBIA, APP, CAPN2, PPP1CA, PTPA, MLKL, 
GSK3A, PIDD1, SPTAN1, MAPKAPK3, 
CHMP4C, IKBKE, H1-2, SREBF1, JUN, 
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BC patients Stages Upregulated Downregulated 

UNC5B, OCLN, MAP2K2, PIK3R2, TJP1, 
SMPD1, MAP3K11, PSMD3, TP73, SEM1, 
PRELID3A, RPS6KB2, RPS6KA4, H1-3, 
PARP1, HRAS, HSP90AB1, H1-4, GNG13, 
NUMA1, AKT1, NOL3, FOS, CREBBP, 
SLC25A4, CAPN1, PSMD9, PSMD8, PLEC, 
PSMC3, AXIN1, IGFBP3, PRKCZ, PRKAR2B, 
MAPK3, AXIN2, BAX, RELB, ADCY1, TICAM1, 
ADD1, TNFRSF12A, PTHLH, BCL2L12, IKBKG, 
CDH1, ITGB4, PSMC5, BCAP31, NFKB2, 
CAPNS1, H1-0, FLOT2, PRKAR1B, IKBKB, 
NGFR, FADD, PSME2, CHMP4B, ACIN1, UBB, 
TNFRSF13B, IRS1, HLA-F, DAPK3, CDC37, 
BBC3, HLA-A, NAIP, CHMP2A, PRKCD, DAXX, 
UNC5A, IGF1R, HLA-B, KRT18, PPP2R2C, 
GNA14, HLA-DRB3, HLA-C, HLA-DRA, HSPB1, 
HLA-DOA, SQSTM1, PSMB8, HLA-DPA1, 
PSMB3, RPS6KA1, SLC25A6, MAPT, FLOT1, 
PPP2R3B, HSPA1A 

stage II vs stage III (n = 0) (n = 2) 
 
PRKCZ and GSDMD 

Caucasian stage I vs stage II (n = 3) 
 
EGFR, HRK (unique), 
and TNFSF18 (unique) 

(n = 0) 
 
 

 Stage I vs stage III (n = 0) (n = 0) 

 stage II vs stage III (n = 0) (n = 1) 
 
BCL2A1 (unique) 

 
African-
American 

stage I vs stage II (n = 1) 
 
TNFSF11 (unique) 

(n = 0) 

Stage I vs stage III (n = 0) (n = 0) 

stage II vs stage III (n = 0) (n = 2) 
 
ACTA1, and PRKACB 
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Figure 1.  

A population-based 

volcano plot of the 

differentially expressed 

genes (DEG) in 

tumours vs control 

samples: A. African 

American, B. 

Caucasian, C. Kenyan. 

Red points represent 

significantly 

upregulated genes in 

tumour tissue, blue 

points represent 

significantly 

downregulated genes in 

tumour tissue, and grey 

points represent non-

significantly DEG.  

 


