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ABSTRACT

INTRODUCTION: Breast cancer (BC) constitutes a major public health problem worldwide. It 
remains a major scientific, clinical and societal challenge, generally in Africa and particularly in 
Rwanda. The purpose of this study was to determine clinical and histopathological predictors of 
BC molecular subtypes in Rwandan women.
METHODS: A retrospective cohort study including patients with histological confirmation of 
BC. Using R statistical software, a regression model for multinomial responses was developed. 
Univariate and multivariate logistic regression analyses were used to identify independent BC 
molecular subtypes predictors. A two-sided p<0.05 indicated a statistically significant difference.
RESULTS: Forty seven percent of cases presented with advanced stages (Stage III and IV). 
Postmenopausal BC (p=0.0142), absence of infertility (p=0.018) predicted Luminal A subtype with 
a predictive accuracy of 0.65. Age (p=0.003), postmenopausal BC (p=0.005), absence of axillar 
lymph nodes (p= 0.008) and poorly differentiated tumor (p=0.012) were predictors for Luminal 
B subtype with a predictive accuracy of 0.86. Age (p=0.045), BMI (p=0.005), rapid progression 
(p=0.032), tumor size T2-T3 (p<0.001) were predictors of HER2-Enriched subtype with a predictive 
accuracy of 0.70. Age below 40 (p=0.005), painless mass (p=0.030), nodal involvement (p=0.008), 
Nottingham grade 3 (p<0.001) predicted Triple Negative tumors with a predictive accuracy of 
0.71.
CONCLUSION: Clinical and histopathological tumor characteristics can be used to predict 
BC molecular subtypes with acceptable accuracy. Further studies are needed to explore the 
possibility of developing a scoring system for clinical decision-making, especially in settings where 
immunohistochemistry testing is limited.
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INTRODUCTION

Breast cancer (BC) constitutes a major public 
health problem worldwide. It remains a major 
scientific, clinical and societal challenge generally 
in Africa and particularly in Rwanda.
BC molecular sub-typing aims to tailoring 
treatments to individual tumour characteristics 
in order to improve outcomes [1-4]. In the last 
decade, molecular sub-typing became the gold 
standard and cornerstone of modern breast 
cancer management. In fact, breast cancer being a 
heterogeneous disease with both intra-tumour and 
inter-tumour heterogeneity, it was not adequate 
to treat and/or follow all breast cancer patients the 
same way. Hence, molecular sub-typing permitted 
to overcome the breast cancer heterogeneity 
challenge and allowed individualized therapies 
based on each patient’s tumour characteristics for 
better outcomes [1,2,5,6].
The advance in microarrays and 
immunohistochemistry (IHC) techniques has led to 
a new paradigm in breast cancer carcinogenesis and 
the understanding of breast cancer heterogeneity 
[7,8,9]. In that line, growing evidences are showing 
that breast cancer is composed of multiple subtypes 
that occur at different rates, in different groups, 
with different response to treatments and have a 
varied long-term survival rates [8,10-16]. For this 
reason, treatment planning and prognostication 
in breast cancer have become more demanding 
over the last decade. Indeed, different breast 
cancer subtypes may be associated with different 
risk factors and may have different preventive and 
early detection strategies. Consequently, tailoring 
screening, early detection and treatments to 
intrinsic molecular characteristics is crucial in 
order to improve breast cancer outcomes. 
So far, IHC allowed identifying at least 5 main breast 
cancer molecular subtypes differing completely 
in progression and outcomes. These are Luminal 
A, Luminal B, HER2-Enriched, Triple Negative 
and Unclassified [1,6,17-20]. Different authors 
identified luminal-A sub-group of ER positive, 
PR positive but negative  HER2/Neu tumors 
as being associated with the best outcomes, 
while Triple Negative and HER2/Neu enriched 
tumors are associated with the worst outcomes 
[5,21,22]. Unfortunately, Immunohistochemistry 
(IHC) technology is still expensive and not widely 
accessible for the majority of patients from 
countries with limited resources like Rwanda. 

Hence, patients may receive quite often blind or 
empirical medical treatments, which may be one 
of the main contributors to the poor outcomes 
currently seen in LMICs.
Consequently, it may be important to think about 
alternatives tools which may help to sub-classify 
BC patients into different subgroups to bridge 
the gap created by the non-availability of IHC 
technology in the majority of LMICs. Indeed, the 
majority of centres in Africa can conduct a proper 
clinical exam and have access to standard breast 
cancer histopathology analysis. For that reason, a 
predictive model, taking into consideration breast 
cancer clinical and histopathology characteristics 
may be useful to guide clinicians’ decision making, 
helping them to offer individualized breast 
cancer treatments for improved outcomes. We 
conducted this study to determine clinical and 
histopathological predictors of BC molecular 
subtypes in Rwandan women.

METHODS 

This was a retrospective cohort study including 
patients with histological confirmation of breast 
cancer. A pre-established questionnaire was 
administered for socio-demographic, clinical and 
histopathological characteristics.
Histopathology analysis was done using usual 
hematoxylin and eosin (H&E) stains, highlighting 
the unique micro-architectural and morphological 
aspect of the tumour. Breast cancer histology type, 
differentiation, grade, vascular invasion, lymphatic 
invasion and lymph nodes involvement were 
reported by a consultant pathologist and validated 
by a second pathologist in the same laboratory. 
Immunohistochemistry (IHC) used specific antigens 
identified in Formalin-Fixed, Paraffin-Embedded 
(FFPE) tissues. The method was based on antigen-
antibody interaction (Taylor and Burns, 1974). In 
IHC, antigen-antibody reactions were visualized 
through light microscopy by means of colour 
signal which is produced by labelling or tagging the 
antibody. The morphology of the tissue around the 
specific antigen was clearly visualized by counter 
staining with hematoxylin. Results of stained IHC 
markers were reported semi quantitatively by 
pathologists. 
IHC staining was conducted in 3 steps:

Step 1: Fixation                                                                                                                                             
For this study, core needle biopsies or mastectomy 
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specimens were fixed immediately in 10% 
neutral buffered formalin to avoid problems of 
interpretation which may arise due to under 
fixation due to elution of the stain or over fixation 
which causes masking of antigen sites, and hence 
false negative results.
Step 2: Antigen retrieval
Antigen retrieval heating technique was used to 
restore the tertiary structure.
For that purpose, the FFPE tissues were cut into 
3- to 4-micron thin sections, on glass slide coated 
with Poly L Lysine (PLL).   
Step 3: Antigen-antibody interaction and labeling/
Detection: For this step, the direct methods using 
labeled monospecific antibodies were used. 
Estrogen receptors (ER), progesterone receptors 
(PR) and Human epidermal growth factor receptor 
2 (HER2/Neu) have been analysed and reported as 
positive or negative. However, for HER2/Neu, if the 
IHC result is 3+, the cancer is HER2/Neu positive. 
If the IHC result is 1+, the cancer is HER2/Neu 
negative. However, if the result is 2+ the HER2/Neu 
status is not clear (Equivocal) and needs further 
testing by FISH to clarify the result. Unfortunately, 
FISH technology is not available in the country. For 
the purpose of this study, tumors with equivocal 
HER2/Neu status were considered “unclassified”.
Using different combinations of ER, PR and HER 
2/Neu results, breast cancers were classified into 
luminal A, luminal B, HER2-type, basal-like (triple 
negative) and unclassified molecular subtypes.

Statistical analysis
Statistical software R was utilized. Continuous 
values were compared with the Student’s t-test. 
All continuous variables were verified for normality 
by the Shapiro–Wilk test. Categorical variables 
were compared with Pearson’s Chi-square test 
or Fisher’s exact test. Univariate and multivariate 
logistic regression analyses were considered to 
identify independent predictors of the molecular 
subtypes of breast cancer. A two-sided p<0.05 
was considered to indicate a statistically significant 
difference. Classification performances were 
evaluated based on the receiver operating 
characteristic (ROC) curve and area under the 
curve (AUC) in the validation cohort.
Data were cleaned by removing missing values, 
adjusting levels of some categorical variables and 
selecting key variables. At the end, the data set 
contained 1 response variable and 23 predictors. 
The entire data set was split into two sets: a training 
set and a testing set. Once we have two data sets, 

we used the training set to build and train the 
model. Once the model is ready, we tested it on the 
testing set for accuracy and how well it performs. 
The objective being to have the model performing 
on any data with the highest accuracy.
There are various methods that can be used to split 
the data into training and testing sets. Generally, 
the observations will be assigned to training and 
testing sets randomly so that both sets resemble 
in their properties as much as possible. Split sizes 
can also differ based on scenario: it could be 50:50, 
60:40, or 2/3rd and 1/3rd. While there are many 
empirical studies and papers on the best way to 
split data, 80/20 or 70/30 split are widely used. In 
our case we consider the scenario of 80/20 which 
allows us to have more data in training set.
A combined model was built by performing 
multivariate logistic regression that included all 
predictor variables and molecular subtypes. 
We evaluated association between predictors and 
each of the molecular subtypes and assessed the 
predictive accuracy for the prediction of different 
molecular subtypes using Stepwise logistic 
regression analysis.

Stepwise logistic regression analysis
Stepwise variable selection is a practical alternative 
to examining all possible models that should be 
built from the predictor variables. Beginning with 
the 23 variables, we used the backwards selection 
procedure available in “MASS” package (R software) 
by using the function stepAIC. The variables that 
do not meet the significance level p<0.05 were 
omitted. The final model includes all the variables 
that are statistically significant.
As an alternative model, we fit a logistic model 
with all 23 candidate variables under a manually 
procedure. Those that resulted to be significant 
at this first step were considered in the second 
step. We repeated the process until getting the 
last model with significant variables. In addition, 
one of the criteria of keeping or dropping out the 
variable in the model was its contribution in terms 
of prediction. If removing variable reduces the 
prediction power of the model, in that case we 
kept it otherwise it was removed.

Ethical approval and consent to participate: 
The study was approved by IRB of the College 
of Medicine and Health Sciences, University of 
Rwanda (Approval notice: No110/CMHS/IRB/2019) 
and CHUK and BCCOE review committees. Written 
informed consent was obtained prior to prospective 
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Table 1: Clinical characteristics

Clinical characteristics Category
Menopausal status

P valuePremenopausal
N=170

Postmenopausal
N= 170

Self-reported progression pattern

Slow 13 (7.6%) 32 (18.8%)

<.0001Intermediate 93 (54.7%) 108 (63.5%)

Rapid 64 (37.6%) 30 (17.6%)

Axillary lymph nodes
Yes 124 (72.9%) 118 (69.4%)

0.473
No 46 (27.1%) 52 (30.6%)

Node status

1 (0 node) 42 (25.3%) 49 (29.5%)

0.0732 (1-3 nodes) 102 (61.4%) 107 (64.5%)

3 (>3 nodes) 22 (13.3%) 10 (6.0%)

Breast site
Right 86 (50.6%) 82 (48.5%)

0.703
Left 84 (49.4%) 87 (51.5%)

Tumor size according to TNM

T1 8 (4.7%) 15 (8.8%)

0.306
T2 70 (41.2%) 77 (45.3%)

T3 74 (43.5%) 63 (37.1%)

T4 18 (10.6%) 15 (8.8%)

Distant metastasis
Yes 23 (13.5%) 15 (8.8%)

0.169
No 147 (86.5%) 155 (91.2%)

Clinical stage TNM

Stage 1 5 (2.9%) 16 (9.4%)

0.024
Stage 2 78 (45.9%) 78 (45.9%)

Stage 3 63 (37.1%) 62 (36.5%)

Stage 4 24 (14.1%) 14 (8.2%)

Presence of chronic disease
Yes 17 (10.0%) 38 (22.4%)

0.002
No 153 (90.0%) 132 (77.6%)

data collection

RESULTS

Three hundred and forty participants were 
recruited into the study. The median age was 49 
years (Range 28-89 years). Forty eight percent of 
cases presented advanced stages of the disease 

(stage III and IV) (Table 1). The majority of patients 
had invasive ductal carcinoma (95.8%). Subtypes 
of poor prognosis (HER2 enriched 14.7%, triple 
negative 12.9%, unclassified 32.9%) represented 
60.6% (Table 2).
Interpreting the above results, two things have to 
be considered: the sign and size of the effect of the 
predictor over the response. To do so, the table 
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Table 2: Histological characteristics

Histological characteristics Category
Menopausal status

p
Premenopausal Postmenopausal

Histology type

Invasive ductal 
carcinoma

167 (98.2%) 159 (93.5%)

0.053
Others* 3 (1.8%) 11 (6.5%)

Nottingham histologic grade

Grade 1 11 (6.5%) 28 (16.5%)

0.036Grade 2 76 (44.7%) 68 (40.0%)

Grade 3 83 (48.8%) 74 (43.5%)

Differentiation

Well differentiated 23 (13.5%) 105 (61.8%)

<.0001Poorly differentiated 124 (72.9%) 33 (19.4%)

Undifferentiated 23 (13.5%) 32 (18.8%)

Presence of poor prognostic factors

Comedo necrosis 10 (5.9%) 7 (4.1%)

0.142Lymphatic invasion 9 (5.3%) 3 (1.8%)

None/unknown 151 (88.8%) 160 (94.1%)

*Molecular subtypes

Luminal A 45 (26.5%) 30 (17.6%)

0.062

Lumina B 22 (12.9%) 13 (7.6%)

Her2 Enriched 25 (14.7%) 24 (14.1%)

Triple negative 22 (12.9%) 32 (18.8%)

Unclassified 56 (32.9%) 71 (41.8%)

* Molecular subtypes classification: Luminal A: ER+/ PR+ ; HER2/Neu Negative;  Luminal B: ER+/PR+; HER/Neu Positive; 
HER2 Enriched: ER-/PR - ; HER2/Neu Positive; Triple Negative: ER -/ PR-; HER2/Neu Negative; Unclassified: Any other 
combination.

of results contained a column called “z values”: 
the effect size. When negative, it meant that the 
referenced level of predictor favors the outcome 
of interest. In other words, the probability in favor 
of the outcome of interest decreases with respect 
to the corresponding level of that predictor. When 
positive, meant that the probability in favor of the 
outcome of interest increases with respect to that 
level.
Overall, age, fertility, menopausal status, tumor 
differentiation, lymph nodes involvement and 
Nottingham grade have been retained in the final 
model as predictors of breast cancer molecular 
subtypes in general (Table 3). However, for specific 
molecular subtypes, only postmenopausal breast 

cancer (p=0.0142), and no history of infertility 
(p=0.018) have been retained as Luminal A subtype 
predictors (Table 4) with model accuracy of 0.65 
(Figure 1).

Predictive model for Luminal B retained age 
(p=0.003), postmenopausal cancer (p=0.005), 
absence of axillar lymph nodes (p= 0.008) and 
poorly differentiated tumor (p=0.012) (Table 5) 
with a predictive accuracy of 0.86 (Figure 2).

For HER2-Enriched subtype, age (p=0.045), BMI 
(p=0.005), rapid progression (p=0.032), T2 tumor 
size (p<0.001), T3 tumor size (p=0.008), histology 
types other than invasive ductal carcinoma 
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(p=0.049) have been retained in the final fitting 
model (Table 6) with a predictive accuracy of 0.70 
(Figure 3).

For triple negative tumors, age (p=0.005), painless 
mass (p=0.030), no family history of breast 
cancer (p=0.046), nodal involvement (p=0.008), 
Nottingham grade 3 (p<0.001) have been retained 
in the final model (Table 7) with 0.71 as prediction 
accuracy (Figure 4).

DISCUSSION 

We studied clinical and histopathological predictors 
of breast cancer molecular subtypes in Rwandan 
women. 
340 patients with histologically confirmed breast 
cancer were recruited into the study. The median 
age was 49 years (Range 28-89 years).  Of all cases, 
47.9% presented advanced stages of the disease 
(stage III and IV) and had invasive ductal carcinoma 
(95.8%). Subtypes of poor prognosis (HER2 
enriched 14.7%, triple negative 12.9%, unclassified 
32.9%) represented 60.6%, reflecting the general 
picture of breast cancer as seen in Africa [23,24]. 
Breast cancer molecular sub-typing aims to tailoring 
treatments to individual tumor characteristics 
in order to improve outcomes [1-4]. In the last 
decade, molecular sub-typing became the gold 
standard and corner stone of modern breast 
cancer management. In fact, breast cancer being a 
heterogeneous disease with both intra-tumor and 
inter-tumor heterogeneity as previously seen; it 
was not adequate to treat and/or follow all breast 

cancer patients the same way. Hence, molecular 
sub-typing permits to overcome the breast cancer 
heterogeneity challenge and allows individualizing 
therapies on each patient’s tumor characteristics 
for better outcomes [1,2,5,6].
In the current literature, there is a clear consensus 
that Luminal A tumors represent the vast majority 
of breast cancers. Furthermore, it seems that most 
established breast cancer risk factors reflect those 
of luminal-A subtype. Hence, other molecular 
sub-types may be  not yet totally understood 
with the hypothesis that breast cancer risk factors 
may be differently associated with other intrinsic 
tumor subtypes[1,6,18,19,20]. Indeed, few 
studies investigated predictors of breast cancer 
molecular subtypes. In our study, it was found that 
having breast cancer in postmenopausal period 
(p=0.0142), in otherwise fertile women (p=0.018) 
predicted Luminal A subtype with accuracy of 
0.65.  The Luminal A tumors frequently have 
low histological grade, low degree of nuclear 
pleomorphism, low mitotic activity and include 
special histological types (i.e., tubular, invasive 
cribriform, mucinous and lobular) with good 
prognosis [25]. However, there is no study yet 
which calculated the predictive value of the above 
mentioned characteristics.
Luminal-B tumors comprise 15%-20% of breast 
cancers and have a more aggressive phenotype, 
higher histological grade, proliferative index and 
a worse prognosis. This subtype has a higher 
recurrence rate and lower survival rates after relapse 
compared to luminal-A subtype [26,27]. Regarding 
the histological grade, a significant difference was 

Predictors Likelihood ratio Df P value

Age 17.594 3 <0.001

Menopausal status 6.212 3 0.1017

Tumor differentiation 10.998 6 0.0884

Infertility 8.685 3 0.0337

Lymph nodes 8.144 3 0.0431

Nottingham grade 34.458 6 <0.001

Nodal status 14.459 9 0.1068

Table 3: Predictive model for molecular subtypes in general 
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Predictors OR 95% CI SE Z P value

Intercept 5.244 0.648-46.535 1.072 1.545 0.031

Menopausal status

Premenopausal 1

Postmenopausal 0.402 0.191-0.823 0.371 -2.453 0.0142

Family history of breast cancer

Yes 1

No 2.204 0.764-7.261 0.567 1.394 0.163

Infertility

Yes 1

No 0.162 0.031-0.689 0.769 -2.366 0.018

Disease progression 

Slow 1

Intermediate 0.646 0.189-2.143 0.611 -0.714 0.475

Rapid 0.442 0.105-1.779 0.715 -1.139 0.254

Nottingham grade

Grade I 1

Grade II 1.178 0.289-5.092 0.718 0.228 0.819

Grade III 0.355 0.079-1.651 0.762 -1.358 0.174

Table 4: Predictive model for Luminal A subtype

noted among the molecular subtypes by Manal et 
al. [27]. In fact, Luminal A was associated with the 
lowest proportion of histological grade III. Luminal 
A had also the lowest proportion of tumors with 
diameter larger than 5 cm. These findings are 
consistent with previous studies that have shown 
that Luminal A tumors tend to be slow-growing and 
are associated with a good prognosis [22,28,29]. 
In these studies, Luminal A subtype had a better 
prognosis than Luminal B subtype. Indeed, in 
comparison with Luminal A, Luminal B had a higher 
percentage of tumors with a large diameter (>5.0 
cm), a larger proportion of histological grade III, 
and a higher percentage of vascular emboli and 
lymph node involvement. The above mentioned 
data are consistent with our findings where luminal 
B breast cancer was predicted by age (p=0.003), 
postmenopausal cancer (p=0.005), absence 
of axillar lymph nodes (p= 0.008) and poorly 
differentiated tumor (p=0.012) with a predictive 
accuracy of 0.86. 
It has been recorded in the literature that between 
15-25% of breast cancers possess overexpression of 
HER2 and yield unfavorable clinical outcome [30,31]. 
These tumors display the highest frequency of 

poorly differentiated cancers and metastatic lymph 
nodes. The registered rates of HER2 + subtypes 
are quite higher in Asian and African populations 
[21,27,32]. Such regional and ethnic differences 
in the grades of the tumor are most probably 
related to genetic, biological and environmental 
factors.  Studies so far published correlating the 
stage of breast cancer at the time of diagnosis 
with the clinicopathological characteristics of the 
affected patients demonstrated that 64.4% and 
67.2% exhibiting Luminal A and Luminal B subtypes 
respectively were diagnosed at Stages I and II 
whereas 68% and 62% of those harbouring the 
TN and HER2+ respectively presented at advanced 
stages (III and IV), aligning with our findings which 
shows that age (p=0.045), BMI(p=0.005), rapid 
progression (p=0.032), T2 tumor size (p<0.001), T3 
tumor size (p=0.008), histology types other than 
invasive ductal carcinoma (p=0.049) are predictors 
of HER2-Enriched breast cancer with a predictive 
accuracy of 0.70.
In our study, triple negative tumors represented 
12.9%, a figure below the high prevalence of 
triple negative tumors usually reported in African 
literature [33,34,35]. It is important to note that 
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Predictors OR 95% CI SE Z P value

Intercept 7.959 0.049-1006.41 2.467 0.841 0.400

Age 0.887 0.815-0.956 0.0404 -2.953 0.003

Menopausal status

Premenopausal 1

Postmenopausal 12.629 2.282-81.73 0.904 2.805 0.005

Breast swelling

Yes 1

No 6.656 1.020-139.267 1.155 1.641 0.101

Lymph nodes

Yes 1

No 0.159 0.036-0.573 0.691 -2.657 0.008

Clinical stage

Stage 1 1

Stage 2 1.616 0.186-35.611 1.225 0.392 0.694

Stage 3 0.242 0.022-5.868 1.312 -1.800 0.280

Presence of NCD

Yes 1

No 0.283 0.075-1.105 0.672 -1.875 0.061

Differentiation

Well differentiated 1

Poorly differentiated 5.912 1.581-26.447 0.710 2.501 0.012

Undifferentiated 0.838 0.099-5.064 0.961 -0.184 0.584

Table 5:  Predictive model for Luminal B subtype

the numbers of triple negative tumors reported in 
African literature vary considerably to make them 
questionable. In fact, breast cancers reported 
to be “Triple negative” in Africa range from 20 
to 90%. This variability makes many authors 
doubting the quality of Immunohistochemistry 
(IHC) done in Africa [27,36-40]. Whether the 
various numbers of triple negative tumors seen 
in Africa represent geo-ethnic factors or simply 
technical and procedural Immunohistochemistry 
(IHC) errors has yet to be determined. Certainly, 
when IHC is not done in optimal conditions, it 
may be source of many false negative which 
may increase the number of triple negative 
tumors [27,36-40]. ASor triple negative tumors, 
age (p=0.005), painless mass (p=0.030), no 
family history of breast cancer (p=0.046), nodal 
involvement (p=0.008), Nottingham grade 3 
(p<0.001) have been retained in the final model 
with 0.71 as prediction accuracy.

The majority of authors agree that breast 
cancer is a heterogeneous disease with five 
main intrinsic tumor subtypes so far identified: 
Luminal A (ER+/PR-, ER-/PR +, HER2 -), Luminal 
B (ER+/PR-, Er-/PR+ and HER2+), HER2 Enriched 
( ER-,PR-, HER2+), Triple Negative (ER-,PR-, HER-
) and Unclassified [17,41,42]. These subtypes 
are different in tumor expression, phenotypes 
and outcomes [1,2,3,4] and have revolutionized 
breast cancer management. However, 
Immunohistochemistry (IHC) technology is still 
expensive and not yet neither readily available 
nor accessible for the majority of patients in 
countries with variable resources like Rwanda. 
Hence, patients may receive generally blind or 
empirical medical treatments, which may be 
one of the main contributors to current poor 
outcomes seen in LMICs.

Multinomial regression uses a maximum 
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Figure 1: ROC Curve for Luminal A molecular subtype

Figure 2: ROC curve for luminal B 

likelihood estimation method and multiple 
equations. This implies that it may require a larger 
sample size compared to ordinal or binary logistic 
regression. Furthermore, if a cell has very few cases 
(a small cell), the model may become unstable or it 
might not even run at all. For that reason, we had 

to remove empty or small cells by doing a cross-
tabulation between categorical predictors and the 
outcome variable. 
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Figure 3: ROC curve for Her2 enriched subtype

Figure 4: ROC curve for triple negative subtype

CONCLUSION 

Breast cancer exhibited different clinical and 
histopathological predictors per molecular 
subtypes. Further studies are needed to explore 
the possibility of developing a clinical and 
histopathology-based scoring system which may 
help in clinical decision-making, especially in 
settings with scarce resources where access to 
immunohistochemistry testing is limited. 

Availability of data and materials: The datasets 

during and/or analysed during the current study 
available from the corresponding author on 
reasonable request.
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