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Abstract

Background: Integrating molecular markers with clinical parameters into prognostic mod-
els enhances the prediction of therapy response, recurrence, and mortality. However, 
improved prognostication in breast cancer has not been well established in Sudan. This 
study aims to construct and validate a data-driven prognostic index (PI) to inform chemo-
therapy decisions for breast cancer patients in Sudan.

Methods: A prospective cohort of 257 breast cancer patients treated with neoadjuvant 
chemotherapy at Khartoum Oncology Hospital was followed to identify factors associ-
ated with early relapse (≤18 months). Variables included clinical variables (age, tumour 
stage, lymph node (LN) status and neoadjuvant tumour response), as well as immuno-
histochemical markers (Human Epidermal Growth Factor Receptor 2, Ki-67 and Topoi-
somerase 2A). The PI was constructed using Cox Proportional Hazards regression. Model 
performance was assessed using Kaplan–Meier survival analysis, receiver operating char-
acteristic curve and calibration test. The clinical utility of the model was evaluated using 
the net reclassification improvement (NRI), and performance was compared with the 
Nottingham Prognostic Index (NPI).

Results: Initial LN involvement was the only factor statistically associated with early 
relapse (p = 0.004; HR = 3.79, 95% CI: 1.53–9.37). A seven-factor PI was developed, 
stratifying patients into five distinct risk groups. Kaplan–Meier survival analysis revealed 
a significant difference between the groups (log-rank p < 0.0001). The PI demonstrated 
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good calibration (p > 0.05) and higher predictive accuracy than the NPI, with an area under the curve of 0.81 (95% CI: 0.717–0.895) com-
pared to 0.74 (95% CI: 0.643–0.834) for the NPI. NRI was 0.13.

Conclusion: The developed PI demonstrated strong predictive performance and robust internal validation for predicting early relapse in Suda-
nese breast cancer patients. It offers a promising framework for personalised treatment decisions in resource-limited healthcare settings.

Keywords: breast cancer, early relapse, prognostic index, Cox regression, lymph node, Sudan

Background

Breast cancer is the most common cancer among women worldwide and a leading cause of cancer-related mortality [1, 2]. Its clinical pre-
sentation is highly heterogeneous, with diverse biological and molecular characteristics that result in variable patients, outcomes [3, 4]. 
While advances in screening and treatment have significantly improved survival rates in developed countries, outcomes in many developing 
nations, including Sudan, remain suboptimal [4–8].

Recurrence and metastasis are particularly challenging in high-risk populations, and despite significant advances in understanding the dis-
ease, breast cancer management remains complex, especially at advanced stages [5, 9, 10]. Prognosis – the likelihood of disease recurrence 
or death – is crucial in guiding treatment decisions [3, 11]. The Nottingham Prognostic Index (NPI) remains a widely used validated prognostic 
tool in breast cancer settings that offers robust long-term prognostication. However, its use is increasingly being complemented by molec-
ular-based prognostic models. Despite their growing importance, many of these models lack validation in specific populations, particularly 
young patients age and aggressive disease subtypes [12–14]. Therefore, concerns have been raised regarding the use of some of the recently 
introduced Multigene prognostic genomic assays, especially in premenopausal and BRCA1/2 breast cancer patients [14].

Consequently, many studies validated these new tools in other populations distinct from those of European ancestry. A performance gap was 
observed in many studies involving certain Asian populations [13–17]. Furthermore, although the performance and clinical utility of these 
tools in sub-Saharan Africa have not been elucidated, the same gap is expected to exist because these tools do not fully capture the diverse 
prognostic factors in breast cancer in these populations. Thus, several measures had to be addressed to mitigate the exacerbation of this 
performance gap by developing and validating more reliable population - specific tools [13, 16, 17].

In Sudan, chemotherapy remains the cornerstone of breast cancer treatment. Treatment decisions often rely on generalised models not 
validated for local conditions. Limited resources and a lack of individualised treatment protocols contribute to a high rate of early relapse [2, 
4, 8]. Despite the global progress in understanding breast cancer prognosis, there is a lack of a validated population – specific tool in Sudan, 
particularly in predicting early relapse. Moreover, advanced genomic tools such as Oncotype DX, MammaPrint and Pam50 are inaccessible, 
unaffordable and require further validation. This highlights the need for a cost-effective, locally derived prognostic tool.

This study aims to establish and validate a data-driven prognostic index (PI) and compare its predictive performance with the NPI, to improve 
therapeutic guidance within a resource-limited oncology setting. 

Methods

Study design

The study followed TRIPOD guidelines for prognostic model development and validation, ensuring transparent reporting and reproducibility 
[18].

A prospective cohort study design was employed to ensure high-quality longitudinal data on early relapse in breast cancer patients. This 
hospital-based study was conducted at Khartoum Oncology Hospital (KOH) in Khartoum, Sudan, under the oversight of the institutional 
review board (IRB) subcommittee. To ensure methodological rigour, the committee utilised reference frameworks and provided multidisci-
plinary guidance from oncologists, pharmacologists and biostatisticians. [18–24].
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Study population

Patients with stage I to III breast cancer, who were receiving neoadjuvant chemotherapy courses in the period from 2018 to 2019, were 
assessed for their eligibility to participate in the study. Inclusion criteria comprised patients aged 18 years or older with complete histopatho-
logical data. Patients with inadequate or poor-quality biopsy specimens or substantial missing clinical data were excluded. Eligible patients 
were approached and invited to participate in the study. A total of 257 patients were enrolled in this study. Oral informed consent was 
obtained from all participants before enrolment. The tool was piloted on a small subset of participants to assess clarity, feasibility and internal 
consistency. Minor modifications were made before final implementation. Patients were followed for a median duration of 20 months (3–38 
months).

Study endpoint (outcome)

The primary endpoint (outcome) was relapse-free survival (RFS), the time from diagnosis to the first relapse event, including local recurrence, 
distant metastasis or death from any cause within 18 months.

Variables (selecting independent predictors of early relapse)

After an extensive literature review, core prognostic factors were identified [3, 13, 14, 25–30]. The set of variables used describes patient 
demographics, disease severity, known prognostic markers and treatment response. The final multivariable Cox proportional hazards model 
was not developed using an automated backward stepwise selection process; instead, a theory-driven and clinically informed variable selec-
tion approach was used. Candidate predictors were selected a priori based on established evidence from the literature, biological plausibility 
and their relevance to clinical decision-making in our setting. In addition, we considered:

•	 Clinical significance,
•	 Predictor interpretability,
•	 Data completeness,
•	 Avoidance of multicollinearity,
•	 Established prognostic relevance.

Variables with substantial missing data were excluded, and collinearity between candidate predictors was rigorously assessed before inclu-
sion in the final model. 

The selected predictors were age at diagnosis, lymph node (LN) status, tumour stage, immunohistochemical evaluation of human epidermal 
growth factor receptor 2 (HER2)] Ki-67, Topoisomerase 2A (TOP2A) and residual disease as a NACT response indicator. Certain factors, such 
as age and tumour stage, were initially assessed as both continuous and categorical variables. For consistency and interpretability, categorical 
variables were selected for the final model. Menopausal status was not considered due to its strong correlation with age, which is already 
included as a predictor. The categorical variables were defined using clinically relevant cut-off points, with each factor analysed relative to 
a predefined reference group. The reference groups are as follows: age (with less than 50 years as reference), tumour size (with less than 2 
cm as reference), LN involvement (with negative LN as reference), stage (with stage I as reference), Ki-67 (less than 14% as reference), HER2 
(negative as reference), Top2A ( negative as reference) and complete response as a reference for treatment response. 

Implementation

Patient data were extracted from medical records using a validated data collection form, which included variables such as clinical history, 
tumour characteristics, treatment regimen and follow-up outcomes. The data collection tool was administered to a small subset of partici-
pants to assess clarity, feasibility and internal consistency. Minor modifications were made before final implementation. The PI was con-
structed based on the regression coefficients (β) from the multivariable Cox regression model. A weighted scoring system was generated by 
standardising and scaling the coefficients, followed by rounding to produce an integer-based risk score. Patients were then classified into 
five risk groups based on their PI scores.

https://doi.org/10.3332/ecancer.2026.2161
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Statistical analysis

Statistical analysis was performed using SPSS software version 20.0 (SPSS, Chicago, IL). Descriptive analysis was performed. The primary 
endpoint was 18-month relapse (free survival). All statistical tests used for testing performance, prediction and discrimination abilities for the 
developed PI were carried out. Also, the validity of the index as a binary test was described by calculating the sensitivity, specificity, positive 
predictive value (PPV) and negative predictive value (NPV). The Discriminative ability of the newly developed PI was tested using several 
methods. First, the Kaplan–Meier test and two-sided log-rank test were employed to compare the five risk groups. Then, receiver operating 
characteristic (ROC) curves and area under the ROC curves (AUC) were used to describe the discrimination ability of the PI compared to 
the conventional NPI. Model calibration was carried out to describe how well the estimates of relapse from the model corresponded to the 
observed relapses using the Hosmer–Lemeshow test.

Analysis also included assessment of the reclassification ability of the new PI compared to the NPI. The net reclassification rate was calcu-
lated using the cross-table method and the equation below [31].

Net reclassification improvement (NRI) = P (up| event) −P (down| event) + P (down| non-event) −P (up| non-event)

P: Proportion of cases, up: in higher risk group, down: in lower risk group

Model validation was performed using bootstrapping with 1,000 resamples to assess internal validity and estimate optimism-corrected per-
formance. Calibration was evaluated through the Hosmer–Lemeshow test and calibration plots, while discrimination was assessed using the 
C-index and ROC analysis.

Ethical consideration

The study was conducted in accordance with national research guidelines and the principles of the Declaration of Helsinki. Ethical approval 
was obtained from the IRB of the University of Khartoum and the Ministry of Health, Sudan, on 28 October 2018, under the chairmanship 
of Professor Sheikh Mahgoub. Written informed consent was waived by the IRB due to the observational nature of the study; however, oral 
informed consent was obtained from all participants before enrolment. Patient confidentiality was strictly maintained, and all data were 
anonymised.

Results

Cohort characteristics

The study cohort comprised 257 patients, with a median age of 48 years (range: 24–70 years). As detailed in Table 1, the majority of patients 
were aged less than 50 years (59.1%). Pathological examination revealed a high rate of poorly differentiated disease (72%). LN involvement 
(86.4%), large tumour size (96.5%) and notable presentation of triple negative (TN) subtype. Most patients (82.5%) received.  Anthracycline-
taxane-based regimens were the most frequently used neoadjuvant  regimen. Objective response was achieved in 64.5% of patients. About 
two-thirds of the study cohort experienced an early relapse event during the 2-year follow-up period of disease.

Establishment of the PI text for this sub-section

Results of the Cox Regression Model predicting 18-month relapse based on seven predictive factors, as illustrated in Table 2, revealed that 
of the seven predictors, initial LN involvement was the only statistically significant predictor (p = 0.004), contributing to a 3.9 times increase 
in the risk of relapse (HR = 3.79, 95% (CI:1.53–9.37). The tumour stage demonstrated a high effect size by contributing five times (HR = 
5.18, 95% (CI:0.71–37.77); however, the association was not statistically significant (p = 0.105). Residual disease,  HER2/neu and TOP2A 
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contributed by >1 time despite not being statistically significant (p > 0.05). Ki-67 and age contributed  less than <1 time, and their negative 
B coefficients indicate their reverse impact on this early relapse endpoint.

A weighted scoring system was generated based on  the Wald z-score derived from the Cox regression coefficients, followed by scaling and 
rounding to produce an integer-based risk score. (Table 3). For example, for LN involvement, the wald z-score of 2.883 was multiplied by ten 
and rounded to 29, indicating a higher weight for this factor in predicting early relapse.

Table  1. Demographic, clinical, histopathological, treatment and response characteristics of the study cohort (n = 257).  

Variable Categories n %

Age in years (n = 257)
< 50 years 152 59.1

≤50 years 105 40.9

Histopathological type (n = 257)
IDC 237 92.2

Others 20 7.8

Tumor grade (n = 257)

Grade 1 2 0.8

Grade 2 70 27.2

Grade 3 185 72.0

Tumor differentiation (n = 257)
Poorly differentiated 185 72.0

Well/moderately differentiated 72 28.0

Initial LN involvement (n = 257)
Involved 222 86.4

Not involved 35 13.6

Initial tumor size (n = 257)
< 5 cm 9 3.5

≥ 5 cm 248 96.5

Ki-67 (n = 75)
< 14% 10 13.3

≥ 14% 65 86.7

HER2 (n = 252)
Positive 79 31.3

Negative 173 68.7

Biological type (n = 257)

Luminal A 79 30.7

Luminal B 64 24.9

TN 75 29.2

HER2 enriched 39 15.2

Top 2A expression (n = 130)
Positive 72 55.4

Negative 58 44.6

Chemotherapy treatment (n = 257)
Anthracycline-based 45 17.5

Taxane and Anthracycline-based 212 82.5

Overall good objective response (n = 257)
Responsive 166 64.6

Non-responsive 91 35.6

Relapse /Recurrent disease
6-month relapse (refractory disease) 54 21.0

24-month relapse (first 2 years relapse) 172 66.9

IDC = Invasive Ductal Carcinoma, HER2/neu = human epidermal growth factor receptor2 ,TN=Triple Negative, TOP2A = Topoisomerase II 
alpha

https://doi.org/10.3332/ecancer.2026.2161
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Table 2. The multivariable Cox regression hazard analysis of some demographic, clinical and treatment 
factors associated with early relapse in breast cancer patients (n = 257).

Variables β p-value HR
95% CI (HR))

Lower Upper

Age −0.106 0.530 0.899 0.646 1.252

LN 1.332 0.004 3.788 1.531 9.372

Stage 1.644 0.110 5.178 0.710 37.769

HER2/neu 0.039 0.810 1.040 0.751 1.441

Ki-67 −0.018 0.470 0.982 0.935 1.031

TOP2A 0.016 0.470 1.016 0.973 1.060

Residual disease 0.140 0.670 1.151 0.605 2.190

β = Regression Coefficient, HR hazard ratio, LN Lymph Node involvement, HER2/neu = human 
epidermal growth factor receptor 2, TOP2A = Topoisomerase II alpha, statistical significance was set at  
p < 0.05

Table 3. Weighted risk score of the individual prognostic factors in the newly developed PI.

Predictors β (Coefficient) SE Wald z-score (β/SE) Assigned score

Age −0.106 0.169 −0.627 −6

LN involvement 1.332 0.462 2.883 29

Tumor stage 1.644 1.014 1.621 16

HER2 0.039 0.166 0.234 2

Ki-67 −0.018 0.025 −0.720 −7

TOP2A 0.016 0.022 0.727 7

Residual disease 0.140 0.328 0.427 4

Theoretical range (−13–58)

β = Regression Coefficient, SE = standard error, Wald z-score (β/SE) = weighted coefficient, LN Lymph Node 
involvement,  HER2 = human epidermal growth factor receptor 2, TOP2A = Topoisomerase II alpha

Development of the risk group 

The score was rescaled (divided by two) to enhance the clinical interpretability of risk categories. The categorisation was based on observed 
relapse rates, ensuring that each group had sufficient sample size and predictive accuracy. As shown in Table 4, the incidence of early relapses 
varied significantly across the risk groups, with relapse rates ranging from 0% in the very low-risk group to 84% in the very high-risk group.

Analytical characterisation of the PI

After bootstrapped internal validation, the model maintained high sensitivity (92.4%) and specificity (93.3%), an overall accuracy of 92.7%, 
indicating minimal overfitting and consistent predictive performance. The PI shows high accuracy in correctly identifying both patients who 
will relapse and those who will not. The PPV of 97.0% suggests that when the model predicts relapse, the prediction is highly likely to be 
correct. The NPV of 83.4% indicates that most patients classified as low risk by the model remained free from early relapse (Table 5).

https://doi.org/10.3332/ecancer.2026.2161
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Table 4. Incidence of relapse events among the five risk groups according to the risk score 
calculated by the newly developed PI (n = 257).

Risk category Patients (n) Events (n) Observed relapse %

Very low risk (group 1) 4 0 0.0%

Low risk (group 2) 18 2 11.0%

Moderate risk (group 3) 16 3 19.0%

High risk (group 4) 103 70 68.0%

Very high risk (group 5) 116 97 84.0%

Table 5. Diagnostic performance of the new developed PI. 

Analytical characteristic Value 95% CI

Sensitivity 92.4% 88.7%–95.9%

Specificity 93.3% 77.9%–99.2%

Positive likelihood ratio 13.860 3.600–52.900

Negative likelihood ratio 0.080 0.080–0.130

PPV 97.0% 89.4%–99.2%

NPV 83.4% 76.7%–89.3%

Accuracy 92.7% 88.7%–95.6%

Discriminative ability

The Kaplan–Meier curves (Figure 1) demonstrate significantly different survival distributions across the five risk groups. The log-rank test 
confirmed that these differences were statistically significant (p < 0.05), suggesting that the PI can effectively stratify patients into risk cat-
egories with distinct RFS outcomes.

The ROC analysis (Figure 2) showed that the new PI had a higher discriminatory accuracy compared to the NPI, with an AUC of 0.81 com-
pared to 0.74 for the NPI. An AUC closer to 1.0 indicates better predictive accuracy, and these results suggest that the new PI may provide 
more reliable prognostic information for early relapse in this population.

Calibration

The Hosmer–Lemeshow test (p = 1.00) indicated that the new PI demonstrated good calibration, meaning that the predicted relapse prob-
abilities were closely aligned with the observed relapse events. This suggests that the PI is a reliable tool for predicting early relapses in the 
cohort.

Clinical risk reclassification

The NRI of 0.13 suggests that this new PI improved the predictive ability by 13%. The new PI tends to improve correct patient allocation in 
specific risk categories. The new PI improves the classification of patients compared to the conventional NPI risk classification by correctly 
reclassifying patients into more accurate risk categories based on their relapse risk. If externally validated patients at KOH are protected 
from being over- or undertreated. Its clinical value becomes more meaningful if the costs/benefits of correct/incorrect classifications are 
considered.

https://doi.org/10.3332/ecancer.2026.2161
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Figure 1. Kaplan–Meier curves of time to progression (TTP) in months of breast cancer patients at KOH stratified by risk groups. Kaplan–Meier analysis 
illustrating significantly different TTP probabilities across the five identified risk groups.

Discussion

In this study, we successfully developed and internally validated a locally tailored PI for early relapse in breast cancer, showing superior dis-
crimination to the NPI.

Previously published studies and guidelines guided the development process [11, 13, 19, 20, 22, 23].

Model predictors used in index development were consistent with other factors studied previously in comparable settings [3, 13, 19, 24, 25, 
32–34]. 

While tools such as Oncotype DX and PAM50 have demonstrated significant prognostic value in high-income settings, their development 
cohorts are predominantly based on Western populations with different demographic and biological characteristics.

In contrast, breast cancer in Sudan often presents at a younger age and may exhibit distinct biological behaviour, including higher proliferative 
activity and different recurrence patterns.

Therefore, our locally developed model was designed to provide: context-specific risk stratification, reliance on readily available clinical vari-
ables, improved applicability in resource-limited settings and reduced dependence on costly genomic assays.

https://doi.org/10.3332/ecancer.2026.2161
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Figure 2. ROC curves comparing the predictive performance of the newly developed PI with the NPI. The ROC curve showing a superior discrimination 
with an AUC of 0.81 compared with 0.74 for the NPI.

The PI demonstrated promising analytical characteristics, including high sensitivity and specificity. The NPV of 83.4% indicates that most 
patients classified as low risk by the model remained free from early relapse, supporting the utility of the tool in identifying patients unlikely 
to experience recurrence. Together with the high PPV, this strengthens the model’s value for clinical triage and resource allocation.

Future studies may further refine the model through the use of penalised regression techniques such as the Least Absolute Shrinkage and 
Selection Operator to improve variable selection, minimise overfitting and enhance model stability.

This revision better clarifies our modeling strategy and rationale. In addition, incorporating cost-effective inflammatory biomarkers, such as 
the neutrophil-to-lymphocyte ratio, to further improve predictive performance and external applicability should be considered.

This study was not without limitations. Awareness and consideration of many aspects that might affect the appropriate interpretation of find-
ings help ensure reasonable PI performance. These aspects were related to study design, population heterogeneity, prognostic factors and 
analytical test selection. The weighted risk was derived from the Wald z-score(β/SE) of the multivariable cox model as a simple approach to 
reflect the relative contribution of each predictor. Given the proof-of-concept nature of the study the score should considered exploratory 
and interpreted with caution. The single-institute prospective design was used to improve the quality and decrease the heterogeneity in 
the development cohort. In addition, in spite of the lack of multiple imputation for missing biomarkers may have introduced minor bias, but 
internal bootstrapped validation confirmed stable coefficient estimates, supporting the model’s reliability. Future multicenter validation is 
warranted to ensure external generalisability. The incorporation of machine learning approaches is also expected to enable the integration 
of multiple sources of information and help to identify the hidden patterns of prognostic factors in our local population. Finally, addressing 

https://doi.org/10.3332/ecancer.2026.2161
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the time of study conduction, Sudan has experienced significant disruption due to ongoing conflict, leading to further deterioration and 
fragmentation of the healthcare system. However, these challenges have not been accompanied by meaningful advancements in oncology 
decision-making practices or access to diagnostic and therapeutic resources. As such, the study findings remain relevant and reflective of 
current clinical realities in this setting.

Conclusion

The newly developed PI demonstrates the potential to significantly improve early relapse prediction in breast cancer patients at the KOH. 
This model may facilitate more individualised treatment decisions in high-risk patient and mitigate the risk of treatment-related morbidity in 
low-risk populations. The PI provides a practical framework to support personalised treatment decision in advanced breast cancer disease. 
Improving the model’s performance is expected to pave the way for its clinical utility in the oncology setting in Sudan. Upon successful 
external validation, this PI offers a reliable, evidence-based metric tailored for resource-limited healthcare settings. The role of molecular 
and clinical pharmacists will be pivotal in incorporating genetic and molecular data into clinical practice, contributing to the advancement of 
personalised treatment strategies in the region.
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