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UNIVERSITY EXAMINATIONS
EXAMINATION FOR JANAURY /APRIL 2025/2026 FOR MASTERS OF SCIENCE IN DATA SCIENCE AND COMPUTATIONAL INTELLIGNECE 
MRDC 9213: CRITICAL ANALYSIS FOR DATA SCIENCE
DATE: 9TH APRIL 2026							TIME: 2 HOURS
GENERAL INSTRUCTIONS:	
Students are NOT permitted to write on the examination paper during examination time.
This is a closed book examination. Text book/Reference books/notes are not permitted. 

SPECIAL INSTRUCTIONS:	 
This examination paper consists Questions in Section A followed by section B.
Answer Question 1 and any Other Two questions.
QUESTIONS in ALL Sections should be answered in answer booklet(s).  
1. PLEASE start the answer to EACH question on a NEW PAGE. 
1. Keep your phone(s) switched off at the front of the examination room.
1. Keep ALL bags and caps at the front of the examination room and DO NOT refer to ANY unauthorized material before or during the course of the examination.
1. ALWAYS show your working.
1. Marks indicated in parenthesis i.e. ( ) will be awarded for clear and logical answers.
1. Write your REGISTRATION No. clearly on the answer booklet(s).
1. For the Questions, write the number of the question on the answer booklet(s) in the order you answered them.  
1. DO NOT use your PHONE as a CALCULATOR.
1. YOU are ONLY ALLOWED to leave the exam room 30minutes to the end of the Exam.
1. DO NOT write on the QUESTION PAPER. Use the back of your BOOKLET for any calculations or rough work.
			
					
SECTION A (COMPULSORY)
QUESTION ONE [30 Marks]
Case Study: AI-Based Loan Approval at Safaricom’s M-Shwari
Safaricom, through its mobile lending platform M-Shwari, uses machine learning models to assess creditworthiness of borrowers based on mobile money transactions, airtime purchases, savings behavior, and repayment history. The system processes thousands of applications daily and automatically approves or rejects loans within seconds.
Recently, civil society organizations raised concerns that customers from rural counties such as Turkana and Marsabit experience significantly higher loan rejection rates compared to urban users in Nairobi and Mombasa. Further investigation revealed that the training data primarily consisted of historical borrowers from urban regions with stable mobile money usage patterns.
Additionally, some rejected applicants complained that they were not given clear reasons for rejection. The model is based on a gradient boosting algorithm optimized for predictive accuracy. While it performs well in minimizing default rates, customer trust is declining due to lack of transparency.
Safaricom’s data science team must now evaluate whether the model is fair, reliable, and suitable for the Kenyan socio-economic context, while balancing profitability and regulatory compliance under the Kenya Data Protection Act (2019).
Questions
a) Identify FOUR potential sources of bias in the model. 			(8 marks)
b) Explain why model performance (accuracy) alone is insufficient in this context.             											(10 marks)
c) Suggest THREE explainability techniques that could improve transparency. (6 marks)
d) Propose THREE improvements to enhance fairness and reliability.	 (6 marks)

QUESTION TWO (20 MARKS)
Case Study: AI Diagnostic Tool in a County Hospital in Kisumu
A county hospital in Kisumu deployed an AI-based diagnostic support system to assist doctors in detecting pneumonia from chest X-rays. The system was trained using a large international dataset combined with limited Kenyan hospital data.
The model achieved 94% accuracy during testing. However, doctors noticed inconsistent predictions for patients with co-morbidities such as tuberculosis and HIV, which are more prevalent locally. Some patients were incorrectly classified as low risk, delaying treatment.
Hospital administrators argue that the high accuracy justifies deployment. However, clinicians demand explainability before fully trusting the tool. They want to know which image features influenced the AI’s diagnosis.
The system uses a deep convolutional neural network, which functions as a “black box.” The hospital must decide whether to prioritize predictive performance or interpretability, especially given medico-legal risks.
Questions
a) Explain the explainability vs performance trade-off in this context. 	(5 marks)
b) Identify TWO risks of deploying a black-box model in healthcare. 	(5 marks)
c) Suggest statistical validation steps appropriate for the Kenyan setting.	 (5 marks)
d) Recommend a balanced approach to implementation.			 (5 marks)


QUESTION THREE (20 MARKS)
Case Study: Huduma Namba and Data Quality Concerns
The Kenyan government introduced Huduma Namba to create a centralized digital identity database integrating health, tax, and social service data.
During registration, reports emerged of missing biometric records, inconsistent spellings of names, and exclusion of marginalized communities such as pastoralists. Data scientists tasked with building predictive systems for service allocation discovered incomplete and duplicated records.
Some counties had higher data entry errors due to limited ICT infrastructure. Policymakers were eager to use the dataset for predictive targeting of social protection programs despite quality concerns.
Questions
a) Identify THREE data quality issues present. 				(5 marks) 
b) Explain the “garbage in, garbage out” principle in this case.		 (5 marks)
c) Recommend preprocessing techniques to improve reliability. 		(5 marks)
d) Discuss ethical implications of using flawed national data.			 (5 marks)



QUESTION 4 (20 MARKS)
Case Study: Predictive Policing Pilot in Nairobi
A Nairobi security startup piloted a predictive policing system analyzing crime reports and geographic data to forecast high-risk zones.
The algorithm identified informal settlements as high-risk areas due to historically higher reported crime rates. Police increased patrols in those neighborhoods. Over time, more arrests were recorded there, reinforcing the model’s predictions.
Community leaders argued that the system created a feedback loop and unfair targeting. Analysts noted that crime reporting rates differ across neighborhoods, meaning data may reflect policing intensity rather than actual crime prevalence.
Questions
a) Explain how feedback loops emerge in predictive systems. 		(5 marks)
b) Identify TWO biases affecting the model. 					(5 marks)
c) Suggest evaluation metrics beyond accuracy. 				(5 marks)
d) Propose ethical safeguards.							 (5 marks)

QUESTION FIVE (20 MARKS)
Case Study: Agricultural Yield Prediction in Western Kenya
A Kenyan agri-tech startup uses machine learning to predict maize yields for smallholder farmers using satellite imagery, weather data, and soil sensors.
The model was trained using data from large commercial farms in Nakuru and Uasin Gishu. When deployed in Busia and Bungoma, predictions were inaccurate due to differences in soil quality and farming practices.
Farmers relied on the forecasts to purchase fertilizer and seeds. Incorrect predictions resulted in financial losses. Investors focus on improving predictive accuracy, while field officers argue that contextual explainability is more important for farmer trust.
Questions
a) Why did the model fail to generalize? 					 (5 marks)
b) [bookmark: _GoBack]Explain the importance of local validation				 (5 marks)
c) Recommend TWO statistical techniques for model evaluation. 		 (5 marks)
d) Suggest how explainability could improve adoption.			 (5 marks)
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