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Abstract 

Revenue forecasting is a key component of the fiscal cycle in local governments. It enables 

officials to estimate how much revenue they can expect to raise from various revenue sources 

under their mandate and therefore, what potential they have to meet their annual expenditure 

requirements. Budgets that are drawn up with poorly forecasted revenue figures are prone to 

inevitable shortfalls, and consequently, the inability to honor obligations to ongoing 

development projects, recurrent expenses and service delivery to citizens. Expert judgement is 

commonly used in forecasting revenue due to its simplistic nature. However, this is not always 

a reliable method, nor is it backed by factual evidence that may be used to incorporate various 

other aspects that also influence changes in revenue potential. The objective of this research 

was to develop a machine-learning (ML) model for revenue forecasting at local government 

authorities in Kenya. The study adopted an experimental research design to analyze the change 

in revenue estimates over time. Non-probability sampling was used to review primary data from 

Nairobi City County, and thereafter, one statistical and six different machine-learning models 

were evaluated on the same data set. The statistical model used was SARIMAX, which was 

informed by literature and was used as a baseline to measure the efficacy of an AI approach. 

The ML models comprised of regressors, tree-based algorithms and a recurrent neural network. 

They were trained on 14 different revenue streams spanning over 36 months, validated on 9 

months of collections and tested over a 6-month spread. The statistical model registered a 

forecast accuracy of 53.9% on the total revenue collected, while the highest accuracy score on 

a single revenue stream was attained by the Random Forest model at 79.8% on Land Rates 

collections. The best overall ML model across all revenue streams was found to be the Ridge 

Regressor. These ML results outperformed those of the benchmark model, and showed the 

potential that machine learning has in budgeting, revenue forecasting and decision-making 

processes at the county level.  

Keywords: Machine Learning, Revenue Forecasting, Local Government, Time Series Analysis 
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Definition of Terms 

  

Local Government Authority One of the decentralized, sub-national spheres of 

government distributed across the territory of a country to 

run/regulate political, fiscal and administrative 

government functions or public services on their own 

(United Nations, 2018). 

  

Machine Learning Machine learning is the study of computer algorithms that 

allow computer programs to automatically improve 

through experience (Mitchell, 1997). 

  

Medium-Term Budgetary 

Framework 

Institutional policy instruments that allow the extension of 

the horizon for fiscal policy-making beyond the annual 

budgetary calendar (Sherwood, 2015). 

  

Predictive Analytics The use of data, statistical algorithms and machine 

learning techniques to identify the likelihood of future 

outcomes based on historical data (SAS, 2023). 

  

Public Finance Management The set of laws, rules, systems and processes used by 

sovereign nations and sub-national governments, to 

mobilize revenue, allocate public funds, undertake public 

spending, account for funds and audit results (Lawson, 

2015). 

  

Revenue Forecast A fiscal management tool that presents estimated 

information based on past, current, and projected financial 

conditions (Government Finance Officers Association, 

2023). 
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1. Introduction 

1.1. Background 

Revenue forecasts may be defined as “estimates of what governments will collect from various 

sources, such as income taxes, value-added taxes, corporate taxes, and excises, which together 

determine the funds available to allocate to various public programs” (McCurdy, Galper, & 

Raza, 2019; Fikriya & Hikmawati, 2020). There is a delicate interdependency between national 

and local government in that budgetary shortfalls can directly hinder the counties’ ability to 

deliver essential services to its citizens. If governments spend more than they collect, this may 

lead to borrowing money or raising taxes to finance deficits, which can have long-term negative 

effects on the economy (Jenkins, Kuo, & Shukla, 2000; Onu & Ezeji, 2017). 

The promulgation of the Kenyan constitution in the year 2010, paved way for the establishment 

of devolved government units by creating forty-seven counties modeled after the local 

government authorities previously identified as Districts. This devolution manifests in both 

administrative and fiscal dimensions. From a fiscal sense, decentralization refers to “the 

transfer of financial authority to the sub-national governments by reducing the conditions on 

the intergovernmental fiscal transfer of resources and granting sub-national units greater 

authority to generate their own revenue” (Mwenda, 2010; Centre for Economic Governance, 

2018). 

Counties, by law, therefore have a mandate to generate revenue from local sources in order to 

finance their annual budgetary expenses. This is in addition to funds allocated from central 

government, whose factors are determined by the Commission on Revenue Allocation (CRA) 

and which are disbursed through National Treasury, in order to meet fiscal obligations such as 

recurrent expenditure and development projects at the county level (Commission on Revenue 

Allocation, 2018; Office of the Controller of Budget, 2022).  

According to the Centre for Economic Governance (2018), thirty-four County Governments in 

Kenya have taken steps to automate their revenue collection and management processes in 

order to enhance own source revenue generation and raise funds to deliver essential services to 

citizens. The body also notes that, “97% of these Counties have only been able to utilize the 

Revenue Collection module, and no other processes from the Public Financial Management 

Act (2012)”. These are illustrated in Figure 1.1. 
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Figure 1.1: Revenue collection processes from the Public Financial Management Act (2012) 

(Adapted from Centre for Economic Governance, 2018) 

There are several methods used in performing revenue forecasting, which fall into two broad 

categories of qualitative and quantitative methods. Qualitative (or subjective) methods rely on 

expert judgment and opinions to forecast tax revenues. An example of subjective revenue 

forecasting is through consensus forecasting, whereby information from several forecasts is 

aggregated to arrive at a final revenue estimation (Rubin, Mantell, & Pagano, 1999). 

Quantitative methods, as Chindia, Wainaina, Kibera and Pokhariyal (2014) note, use historical 

data to establish relationships and trends that can be projected into the future. Whereas current 

methods are descriptive in nature, there is an opportunity to use emerging technologies like 

machine learning to predict the best solutions to complex challenges by measuring and 

analyzing the uncertainty that decision makers must deal with (Talluri & Ryzin, 2014; Yang, 

He, & Jiang, 2018). 

 

1.2. Problem Statement 

Revenues at County Governments in Kenya fall into two main categories, those collected 

directly from residents (Own Source Revenues) and those collected at the national level and 

passed on to Counties as inter-governmental transfers (Agile and Harmonized Assistance for 

Devolved Institutions (AHADI), 2020). CRA notes that within these Own Source Revenues; 

ICT plays an important role in the automation of revenue collection and management 

processes, thereby enhancing efficiency and transparency (Commission on Revenue 

Allocation, 2018). Revenue forecasting is one of the key tenets of this automation process, 
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considering that existing systems comprise of transactional databases with records of 

collections done per revenue stream at counties. 

Most Revenue Management Systems (RMS) in use have inadequate forecasting capabilities 

built into them which is disadvantageous to the County governments, who need such insights 

to plan and optimize their resources each fiscal year. Indeed, the IMF has emphasized that in 

order to promote fiscal transparency and prevent ad hoc cuts to public investment and other 

high priority expenditures, it is crucial to have accurate income estimates (International 

Monetary Fund, 2018). Onu and Ezeji (2017) also concur and observe that poor forecasting 

eventually means government projects cost more, run behind schedule or produce fewer 

benefits than expected. Poor budgets also lead to over or under expenditure and missed 

opportunities to spend on other worthwhile projects. Ultimately, proper forecasts inform the 

institution’s medium-term budgetary framework (MTBF), which should extend beyond an 

annual cycle to at least a three-year rolling outlook, depending on the term of an elected 

government. This helps avert a strain on public finances and considerable sustainability risks 

(Sherwood, 2015).  

There are three main approaches to predicting municipal revenue. These are judgmental 

(expert) methods, extrapolative (trend) methods, and deterministic (econometric) methods 

(Hajek & Olej, 2010; Reddick, 2004). However, revenue sources are increasingly getting 

complex, especially since the projected revenue and its input factors may not always be linearly 

correlated (Hajek & Olej, 2010). This research proposed a scientific approach to addressing 

this issue by using machine learning models to perform revenue forecasting, and helping to 

support decision-making processes at the County level. With such a solution, the counties can 

better anticipate the performance of their revenue streams and adjust their budgets to suit their 

cash flow. 

 

1.3. Research Objectives 

1.3.1. General Objective 

The purpose of the research was to integrate a machine-learning model into the revenue 

forecasting process at local government authorities in Kenya. This would help increase the 

accuracy of revenue forecasts at the county government under study, and the results obtained 

would be instrumental to the county’s budgeting cycle. 
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1.3.2. Specific Objectives 

i) To investigate the challenges associated with revenue forecasting 

ii) To evaluate methods, techniques and approaches used in forecasting revenue collection 

iii) To formulate a model to forecast revenue collection using machine learning algorithms 

iv) To validate the proposed model 

 

1.4. Research Questions 

i) What are the challenges associated with revenue forecasting? 

ii) Which methods, techniques and approaches are used to forecast revenue collection? 

iii) How can machine-learning algorithms be used to formulate a model to forecast revenue 

collection? 

iv) How can the model be validated? 

 

1.5. Justification 

In principle, accurate local government revenue forecasting can assist governments and major 

agencies in making informed decisions. (Yang, He, & Jiang, 2018). Business intelligence may 

be used by governments to improve local tax revenue (Fikriya & Hikmawati, 2020). Chung, 

Williams, and Do (2022) also note that an advantage of machine learning algorithms is that 

they boost the effectiveness of existing amenities by precisely anticipating demand or targets. 

This research explored predictive, machine learning approaches to forecast revenue collection. 

This would in turn help local government authorities to better identify growth potential across 

various revenue streams based on analyses of revenue collection trends, and support decision-

making when adjusting revenue targets for each subsequent fiscal period. Indeed, according to 

Batóg and Batóg (2021), feasible revenue and expense projections can give a sense 

of the availability of funds in the institution, analyze financial risk, determine whether or not 

services can be maintained, and pinpoint the major factors that affect the quantity of revenue. 
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1.6. Scope 

Whereas automation of revenue collection is seen as a major contributor to netting higher 

inflows and revenue target compliance at local government authorities, several other 

interventions are needed to have a predictable basis for budgeting (Institute of Public Finance 

- Kenya, 2020). This research aims to extend Revenue Management System automation 

initiatives that have already yielded historical year-on-year collection values, by applying 

machine-learning models to forecast expected revenue growth or decline in those jurisdictions.  

Multiple variables were assessed to determine those that directly influence the model’s results 

and ultimately the decision-making process. 

 

1.7. Limitations 

The PFM Act of 2012 outlines both revenue and expenditure as key pillars of public accounts 

and fiscal prudence. Whereas the two are intimately linked, the study was limited only to the 

revenue collection process, and further still, only to own source revenue (OSR). Other 

monetary sources like equitable share from national government, conditional grants, 

appropriation in aid and facility improvement fund were not considered due to complexities in 

how these revenues are obtained and incongruent records on the revenue management system. 

Sensitivity of information that was not in the public domain also posed a challenge when 

collecting data from the sampled county. This was especially true after widespread resistance 

and chaos was witnessed from the public following the voting in of the Finance Bill 2024/2025 

at national government level. The researcher relied on making formal requests to concerned 

parties while leveraging strategic networks to access historical revenue collection figures, 

while giving proper justification for their use.  
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2. Literature Review 

2.1. Introduction 

Forecasts are useful tools for assessing the viability of an annual budget, the effects of policy 

decisions based on availability of funds, and extrapolating the generation of different revenues 

and their consumption through expenditure (Swanson, 2008). According to Williams & 

Kavanagh (2016), governments use revenue projections in budgeting because identifying 

resource availability and constraints is an element of this planning process. They further 

explain that forecasting helps governments compare their actual vs. budgeted figures during 

any given fiscal period. Forecasting also helps to accurately plan future expenditures, optimize 

the allocation of resources, and consequently guarantee and enhance people's quality of life. 

(Yang, He, & Jiang, 2018; Hajek & Olej, 2010). 

Local governments set targets to encourage revenue collection. A target that is set as a simple 

adjustment of the previous year’s revenue target may not capture the true potential for revenue 

collection; therefore, prediction becomes a necessary tool to reveal this potential (Fikriya & 

Hikmawati, 2020). Swanson (2008) puts forward the idea that baseline forecasts are based on 

recurring revenues and expenditures that are at least five years out. In order to establish a solid 

forecast, one must consider several factors that influence revenue collection at the local 

government level. Table 2.1 shows some of the attributes that may be evaluated. 

Table 2.1: Factors that influence revenue (Adapted from Swanson, 2008) 
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2.1.1. Global Revenue Forecasting Trends 

Surveys by Engstrom, Ho, Sharkey, and Cuéllar (2020) and studies by Chung, Williams, and 

Do (2022) indicate that 45% of 142 federal agencies in the United States of America have 

experience using AI algorithms. This usage cuts across state departments such as Customs and 

Border Protection, Internal Revenue Service, Food and Drug Administration and the Social 

Security Administration. Across continents in Indonesia, research by Fikriya and Hikmawati 

(2020) suggest there is potential for the use of predictive analysis by Local Government to 

improve local tax revenue and minimize tax reduction. However, there is hardly any 

documented use of AI and ML techniques when generating revenue forecasts in Kenya. It is 

still important to appreciate the performance of existing techniques as seen through published 

county budget forecasts, and to compare how closely these figures match the actual revenue 

collected during the period under review.  

2.1.2. Revenue Forecasting Trends in Kenya 

Based on recent reports from Office of the Controller of Budget (2022), the budget performance 

for all 47 counties in the financial year July 2021 to June 2022 shows some disparity between 

forecasted estimates and actual own source revenue collected. The report shows that out of a 

cumulative OSR budget of Kshs.60.42 billion, counties managed to raise Kshs.35.91 billion, 

which represents an average performance of 59.4% against their targets. In the bottom tenth 

percentile, we have the following five counties whose annual performance was well below the 

national average. These are Busia at 30%, Murang’a at 32.9%, Kajiado at 33.1%, Garissa at 

43.7% and Embu at 43.8%.  

A comparison may be made with the upper ninetieth percentile where only four counties 

achieved their set annual target. These are Turkana at 113.5%, Migori County at 110.5%, Lamu 

County at 105.5% and Vihiga at 101.6%. Taking a closer look at some of the best and worst 

performers reveals more trends in actual OSR collections, which ideally should be the basis 

upon which future forecasting is done. We may further take keen note of two counties that are 

from the same region of Western Kenya, as depicted in Table 2.2, and plotted in Figure 2.1 and 

Figure 2.2. 
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Table 2.2: Busia County and Vihiga County revenue performance in FY 2021/22 (Adapted 

from OCOB, 2022) 

Own Source Revenue Annual Budget 

Allocation (in Kshs.) 

Actual Receipts in the 

FY 2021/22 (in Kshs.) 

Actual Receipts as 

Percentage of Annual 

Allocation (%) 

Busia County 976,108,322 292,736,456 30 

Vihiga County 232,658,878 240,890,593 103.5 

 

 

Figure 2.1: Vihiga County OSR performance from FY 13/14 to FY 21/22 (Adapted from 

OCOB, 2022) 

 

Figure 2.2: Busia County OSR performance from FY 13/14 to FY 21/22 (Adapted from 

OCOB, 2022) 
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The report further recommends counties to “review their FY 2022/23 revenue targets, confirm 

that they are realistic and implement strategies to mobilize their own source revenue collection” 

(Office of the Controller of Budget, 2022). Some of the challenges noted by Reddick (2004) 

when forecasting revenue, especially in developing countries, is uncertainty. A conservative 

approach is used to underestimate expected revenue so as to have a greater chance of a surplus. 

He also notes that local government officials often lack the knowledge of revenue forecasting 

techniques like time series, hence the use of qualitative methods. 

 

2.2. Existing Revenue Forecasting Techniques 

Forecasting techniques can be classified under two broad categories. The first of these is the 

qualitative approach, which is subjective and dependent on expert judgement. The second 

approach consists of quantitative techniques, which are objective and rely upon the use of 

statistical methods to process historical data (Reddick, 2004; Onu & Ezeji, 2017). Both 

categories may further be exemplified through different methods used to forecast revenue 

collection potential. 

2.2.1. Qualitative Techniques 

2.2.1.1. Naïve: Judgmental or Expert Forecasting  

This method relies on the advice of someone who has experience with the revenue source. In a 

typical local government setup, these individuals would be those conversant with their systems 

or knowledgeable about supporting evidences (Reddick, 2004). They are able to make 

judgements or guesses about the trends that can be expected from each category. It is an 

appropriate method when there is little relevant data available, things are changing quickly, 

and/or predicted revenues don't follow a steady pattern (CEPAL, 2015). 

2.2.2. Quantitative Techniques 

2.2.2.1. Incremental: Extrapolative, Trend or Time Series Forecasting 

This method uses time series analysis with mathematical formulae to weigh values from a 

historical series to predict future values. A time series forecast is influenced by four 

components; the trend, seasonal, cyclical and random noise component. Trend refers to the 

average direction of change in data over time and may be characterized as linear if it increases 

or decreases at a constant rate over time; or exponential if it increases by a constant percentage 
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over time. Seasonality refers to revenue cycles that change within a year in response to some 

phenomena. Cyclical fluctuations of a time series result from the business cycles of the 

economy. Finally, random noise or shocks refer to unexpected events that may distort trends 

that otherwise exist over the long-term. (CEPAL, 2015). The commonly used types of time 

series forecasting models include the following: 

 

Moving Average model 

This is a common technique used to spot trends in a data set as an average of a subset of 

numbers. It is calculated as a statistical mean of lead (future values) using lag (past values) 

recorded over a given period. According to Johnston, Boyland, Meadows, and Shale (1999), 

two variants of this model include the simple moving average, represented by the equation of 

𝑛 values, made after the knowledge of the observation 𝑦𝑡 as 𝑚, defined as: 

𝑚 = (
1

𝑛
) ∑ 𝑦𝑡−𝑖

𝑛−1

𝑖=0

  

and the exponentially weighted moving averages represented by the equation:   

𝑍𝑖 = 𝜆𝑋𝑖̅ + (1 − 𝜆)𝑍𝑖−1 

where 𝑍0 = 0 and 𝜆 (0 < 𝜆 ≤ 1) is the weighing or smoothing parameter that determines the 

weighting of past data (Mahmoud & Woodall, 2010). 

 

Exponential Smoothing model 

This is a corrected moving average of forecasts that has been revised to account for the 

inaccuracy seen in earlier forecasts (CEPAL, 2015). A simple exponential smoothing may 

generate forecasts using the equation: 

𝑆𝑡 =  𝛼𝑋𝑡 + (1 − 𝛼)𝑆𝑡−1 = 𝑆𝑡−1 + 𝛼(𝑋𝑡 − 𝑆𝑡−1) 

where 𝛼 is the smoothing parameter and takes values between 0 and 1 (CEPAL, 2015). 
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Autoregressive Integrated Moving Average (A.R.I.M.A.) model 

This is a time series model in which future values are determined to be linear functions of 

historical data. It consists of an autoregressive process whereby a random component and a 

linear combination of prior observations make up each observation. (Fattah, Ezzine, Aman, 

Moussami, & Lachhab, 2018). This is represented by the equation: 

𝑌𝑡 =  𝛼1𝑌𝑡−1 + 𝜀𝑡  

The integrated process is where the model is affected by the cumulative effect of an activity 

and can be represented by the equation where the random perturbation 𝜀𝑡 is a white noise. 

𝑌𝑡 = 𝑌𝑡−1 + 𝜀𝑡 

The moving average process is where the current value is a linear combination of the current 

disturbance with one or more previous perturbations, and is represented by the equation: 

𝑌𝑡 = 𝜀𝑡 − 𝜃1𝜀𝑡−1 

where 𝑌𝑡   is a linear function of the preceding values, 𝜀 is a random shock and 𝛼1 is the self-

regression coefficient (Fattah, Ezzine, Aman, Moussami, & Lachhab, 2018). 

However, Reddick (2004) contends that these extrapolative methods only predict fluctuations 

throughout the projection period but fail to pinpoint the factors influencing the forecast, hence 

the need for causal modeling. 

 

2.2.2.2. Causal: Deterministic and Econometric Forecasting 

Causal methods are strategic and look at the long term but they do require more time resources 

and expenses than simpler time series tools. Deterministic techniques consider other variables, 

not just time, to project revenues (Reddick, 2004). Hayes (2022) defines Econometrics as “the 

use of statistical methods to develop theories or test existing hypotheses in economics or 

finance and to forecast future trends from historical data”. Reportedly, it utilizes tools such as 

frequency distributions, probability and probability distributions, statistical inference, 

correlation analysis, simple and multiple regression analysis, simultaneous equations models 

and time series methods. 

A general equation for causal regression may be represented as:  

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝑢 
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where 𝛽0 is the intercept parameter, 𝛽1 the slope parameter, 𝑌 represents the dependent 

variable, 𝑋 is the dependent variable and 𝑢 is the identifier for the slope variation (Mwangi, 

2016; Campbell & Campbell, 2008).  

 

2.3. Revenue Forecasting Using Machine Learning Algorithms 

ML-based forecasting has several advantages over classical methods. Firstly, traditional 

approaches require significant time and effort to manually engineer features and select model 

steps, especially where many individual time series are involved (Salinas, Flunkert, & 

Gasthaus, 2019). Secondly, Exponential Smoothing and ARIMA are shown to work best with 

linear, autoregressive processes and trail behind the performance of ML models like Light 

Gradient Boosting Models and Recurrent Neural Networks in handling non-linear patterns 

from heterogenous data generating processes (Hewamalage, Bergmeir, & Bandara, 2021). 

Thirdly, ML generalization and accuracy is also better, partly as a result of cross-learning 

between series, and specifically as the data set size and complexity increases (Makridakis, 

Spiliotis, & Assimakopoulos, 2022). 

According to Montero-Manso & Hyndman (2020), there are two ways to approach forecasting 

of groups of time series, that is, either by use of global methods or local methods. Global 

methods fit a single function to all time series in the data set. On the other hand, local methods 

assume a univariate series and model a regression function for each type of series. Local models 

are computationally expensive to scale and maintain, and are generally prone to overfitting, 

especially when dealing with a small sample size (Yingjie & Abolghasemi, 2024). However, 

global methods can model a single function over related series, especially if their data is 

generated from a similar process, though this is different from multivariate models that learn 

correlations between series simultaneously (Rabanser, Januschowski, Flunkert, Salinas, & 

Gasthaus, 2020). The inherent nature of municipal data is such that own source revenues share 

similar characteristics like the period of collection (one fiscal year) and extraneous factors like 

the administrative staff involved, citizenry, policies and events (political processes, COVID-

19 etc.), all of which imbue them with similar trends and seasonality. This correlation gravitates 

them towards the application of global methods of time series forecasting. An examination of 

commonly cited ML algorithms used in time series forecasting is further carried out to 

appreciate how they function and achieve their results on regression-based tasks. 



13 

 

2.3.1. Artificial Neural Networks 

Neural computing refers to a pattern recognition methodology for machine learning. A Neural 

Network (NN) can be specified as a logical model, which is designed based on the human brain. 

The human brain contains interconnected nerve cells called neurons. These neurons are the 

basic functional unit of the human (or animal) nervous system (Madhu, et al., 2021) as shown 

in Figure 2.3. 

 

Figure 2.3: A typical neuron with its different parts (Adapted from Madhu, et al., 2021) 

Multiple neurons' messages are taken up by a dendrite. To generate input, the cell body, or 

soma, combines all the incoming signals. A neuron fires when this combination crosses a 

threshold value, and the signal travels down the axon to the neighboring neurons. (Madhu, et 

al., 2021). A synapse is situated at the point of interconnection between neurons and can 

increase or decrease the signal strength between them, causing excitation or inhibition of a 

subsequent neuron. An Artificial Neural Network (ANN) mimics this biological neural 

network and borrows several concepts from it such as a node (cell body/soma), input 

(dendrites), output (axon) and weight (synapse) (Sharda, Delen, & Turban, 2014) as depicted 

in Figure 2.4.  

 

Figure 2.4: Processing information in an Artificial Neuron (Adapted from Sharda, Delen, and 

Turban, 2014) 
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2.3.1.1. Elements of an Artificial Neural Network 

Three layers make up ANNs and these are the input layer, intermediate (hidden) layer and 

output layer. According to Hajek and Olej (2010), a feed forward neural network (where 

information flows in one direction) utilizes layers of interconnected neurons. The output of one 

neuron gets dispersed into the inputs of neurons in the adjoining layer. Consequently, the input 

values only move from input to hidden layers and vice versa. This can be seen in Figure 2.5. 

 

Figure 2.5: General structure of a feed-forward neural network (Adapted from Hajek and 

Olej, 2010) 

A summation function calculates the weighted sums of each processing unit's input 

components. It adds up all the values for a weighted sum 𝑌 by multiplying each input value by 

its weight (Sharda, Delen, & Turban, 2014). This can be represented in a formula for 𝑛 inputs 

in a single neuron as: 

𝑌 =  ∑ 𝑋𝑖

𝑛

𝑖=1

𝑊𝑖 

An activation or transfer function combines the inputs coming into a neuron from other neurons 

and then produces an output based on the transformation function. The relationship between 

the internal activation level and the output can be linear or nonlinear. One common nonlinear 

activation function is the sigmoid transfer function that is S-shaped and ranges from 0 to 1. 

This can be represented in the equation: 

𝑌𝑇 =
1

(1 + 𝑒−𝑌)
 

where 𝑌𝑇 is the transformed (i.e. normalized) value of Y (Sharda, Delen, & Turban, 2014). This 

is further illustrated in Figure 2.6. 
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Figure 2.6: Sigmoid activation function (Adapted from Kaloev and Krastev, 2021) 

 

2.3.2. Support Vector Machines 

Sharda, Delen, and Turban (2014) define a support vector machine as “a supervised learning 

method that produces input-output functions from a set of labeled training data”. These may be 

either classification or regression functions. Madhu, et al. (2021) further state that the aim of 

SVM is to generate a line or a hyperplane that classifies the data and that SVMs are used to 

improve prediction accuracy and lessen the issue of overfitting. Figure 2.7 shows this structure. 

 

Figure 2.7: Support vector machine margin and hyperplane with trained samples classes 

(Adapted from Madhu, et al., 2021) 

A linear classifier (hyperplane may be represented using the equation: 

𝑓(𝑥) = 𝑤𝑇 + 𝑏 

where X represents the input feature vector of the classifier, w indicates the weight vector, 𝑤𝑇 

is the transpose of the weight vector, and b holds for the hyperplane position. Here, the margin 

of the hyperplane is represented by two straight lines and is defined as 𝑚 =
2

‖𝑤‖
  

SVM can find the best compromise between the model complexity and learning ability 

according to the limited sample information, which minimizes the structural risk and gets the 
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best learning and generalization ability with the advantages of global minimum point and fast 

convergence speed. The method can arbitrarily approximate the nonlinear functions, which has 

great advantages in solving small sample forecasting problems (Yang, He, & Jiang, 2018). 

2.3.3. K-Nearest Neighbors (KNN) 

KNN predictions are based on the intuitive assumption that objects close in distance are 

potentially similar. To lend the closest points amongst the k nearest neighbors more say in the 

outcome of the query point, a set of weights are added to each neighbor (Imandoust & 

Bolandraftar, 2013). This KNN method is applicable to both classification and regression types 

of problems. Sharda, Delen, and Turban (2014) postulate that in regression prediction tasks, 

kNN averages the values of its k nearest neighbors and assigns this result to the case being 

predicted. This is illustrated in Figure 2.8. 

 

Figure 2.8: The KNN decision rule for regression (Adapted from Imandoust and 

Bolandraftar, 2013) 

A regression kNN problem may be represented by the equation: 

𝑦 = ∑ 𝑊(𝑋0, 𝑋𝑖)𝑦𝑖

𝑘

𝑖=1

 

where X is the independent variable, Y is the dependent variable and W is a set of weights. 

Imandoust and Bolandraftar (2013) give examples of areas where kNN is a suitable data mining 

technique for performing both classifications and regressions. Notably, they indicate its usage 

in financial modeling for stock market forecasting to project stock prices based on 

organizational performance metrics and economic data. 
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2.3.4. Multiple Linear Regression 

The Multiple Linear Regression method models a many-to-one relationship between several 

independent (input/predictor) variables and one dependent (output/response) variable (Ray, 

2019). The MLR model may be represented by the equation: 

y = β0 + β1x1 + ⋯ + β𝑚x𝑚 + ε  

where 𝑦 is the dependent variable, 𝑥 is an independent variable and β0 is a constant for the 

regression coefficients (Maulud & Abdulazeez, 2020; Li & Ying, 2011). The least squares 

method may further be used to estimate the line of best fit between observations in the data 

(JMP Statistical Discovery, 2023), as shown in Figure 2.9. 

 

Figure 2.9: Estimation of a regression model using predictor variables (Adapted from JMP 

Statistical Discovery, 2023) 

However, Ray (2019) portends that this method is quite intricate, requires technical know-how 

on statistical techniques and the sample size used needs to be large enough for one to achieve 

a high confidence level during analysis. 
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2.4. Comparison between Traditional and Modern Revenue 

Forecasting Techniques 

Amongst traditional forecasting techniques, there is a clear advantage in using the more 

mathematical, quantitative approaches over the more subjective kind of forecasting that 

qualitative techniques offer, since these can be replicated from one scenario to another. Reddick 

(2004) notes that local government officials rely primarily on judgmental forecasting 

techniques especially in smaller jurisdictions with a population of 25,000 people or less. On 

one hand, simple methods require less data, time and expertise from the forecaster. Conversely, 

complex methods can incorporate a large number of forces and lend themselves to systemic 

analysis. 

ARIMA method gives the highest forecasting accuracy amongst quantitative, non-machine-

learning techniques (CEPAL, 2015; Chung, Williams, & Do, 2022; Fattah, Ezzine, Aman, 

Moussami, & Lachhab, 2018). At the same time ARIMA methods are “data hungry, large 

sample methods” and the misspecification of this model could result in erroneous predictions 

because there are so many parameters that need to be accurately evaluated. (CEPAL, 2015). 

They conclude that since the Exponential Smoothing technique estimates a few parameters, it 

has a smaller risk of error despite having lower accuracy than a well-specified ARIMA model. 

Computer-based forecasting is used to gain high speed and great accuracy in performing 

forecasting calculations (Onu & Ezeji, 2017). Some commonly used software-based 

forecasting programs include SIBYL, Stata and IBM SPSS. An advantage of machine learning 

is that it increases the efficiency of existing services by anticipating demand or targets and 

adapts services more accurately, enabling more efficient use of resources (Chung, Williams, & 

Do, 2022). 

As far as machine-learning approaches go, each technique has its own merits and demerits 

based on the type of prediction task, variables considered and level of accuracy expected. In 

their study, Yang, He, and Jiang (2018) found that a combination of the genetic algorithm (GA) 

and support vector machine (SVM) models using principal component analysis could wholly 

incorporate the driving forces of local public finance revenue. Likewise, ANN and SVM 

ensembles with bagging and boosting outperform a single Neural Network or SVM in its 

prediction accuracy and this holds true for regression problems (Hajek & Olej, 2010).  
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On the contrary, ML algorithms are also shown to underperform compared to their simpler, 

traditional time series forecasting methods. According to Chung, Williams, and Do (2022), one 

reason is that Machine Learning methods are susceptible to overfitting because they are 

formulated and trained on the data. Models with low bias in the training data set tend to have 

higher prediction errors with the test data set. Training and testing data therefore need to have 

similar data distributions, which may be achieved through preprocessing techniques.  

However, Shamsuddin, Sallehuddin, and Yusof (2008)  rebound with their observation that an 

ANN model with few input nodes and their smaller corresponding network structure produces 

a better forecast result and reduces the chance of over-fitting. A kNN model withstands noisy 

training data if the training data is large. However, it suffers from computational costs and 

runtime performance sensitivity to irrelevant or redundant features. This may be avoided by 

purposeful feature selection or weighting (Imandoust & Bolandraftar, 2013). 

 

2.5. Research Gap 

While previous research has focused on different ways to forecast revenue at the local 

government level, such as the use of existing computer programs like SIBYL (Onu & Ezeji, 

2017), or prediction of revenue as a single series, either by singling out one stream of 

importance (Fikriya & Hikmawati, 2020) or as an aggregated sum of collections over a given 

period (Yang, He, & Jiang, 2018); there is lack of consensus on the best ML algorithm to use 

for this problem area, and little mention of taking a composite approach in order to learn the 

characteristics of individual types of revenue in one jurisdiction, and predicting each in a 

manner that scales with the variation in sources of revenue as may be seen from county to 

county. 

This study aims to address the gap by applying appropriate machine-learning algorithms to 

supplement qualitative and quantitative techniques presently used in the context of County 

Governments in Kenya. This is done by examining past performance and using it as a predictor 

of future revenue. The results provide a scientific, data-driven approach to mitigate the 

disparity that exists between the target and actual revenue collected, as evidenced by financial 

reports (Office of the Controller of Budget, 2022). 
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2.6. Conceptual Framework 

The proposed model was identified after subjecting several ML methods to the same training 

dataset and running each of them against the test data to determine which one had the highest 

predictive accuracy for revenue forecasting. Data was obtained from Nairobi City County’s 

automated revenue system and other relevant databases that contained the information required 

to train the models. There was a preliminary data cleaning and preprocessing stage to scale 

measurements that may have skewed results, and to reduce noisy datapoints. The input 

variables were then selected and new features engineered as needed for each respective ML 

model. Some holdout was done on the data such that approximately 70% was used when 

training, 20% was used to validate and the remaining 10% was used to test the model. 

Regularization was necessitated by performance outcomes, and achieved by tuning model 

hyperparameters to improve predictive ability, and thereafter, running the train-test-validate 

cycle once more. At the tail end of the process, the results obtained across various ML models 

were compared against actual/target values to see which model performed the best and 

therefore had a good generalization on the revenue dataset. Subsequent monthly forecasts were 

generated as an output, and recommendations made based on this analysis. Figure 2.10 

illustrates the conceptual framework for this approach, as adapted from Madhu, et al. (2021). 



21 

 

Start

County Revenue Dataset

Data Training (70%) Data Validation (20%)

Evaluation Metrics (RMSE, MAE, WAPE, Forecast  Bias)

Compare 

Models

Interpret Results

End

ANN Algorithm SVM Algorithm KNN Algorithm

Fit, Transform, Predict, Backtest, and Tune

MLR Algorithm

Data Preprocessing

Data Testing (10%)

Exploratory Data Analysis

 

Figure 2.10: Conceptual Model for the Development, Training and Evaluation of a Machine 

Learning Revenue Forecasting Model 
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3. Research Methodology 

3.1. Introduction 

This chapter distills the procedures and gaps identified in the literature review, and sets up the 

boundaries for running an experiment to validate prevailing theories. The research 

methodology is further presented in light of the proposed objectives, background study in the 

forecasting domain, and methods used in similar research. Some key sections under 

consideration include the research design, where approaches used in this study are identified; 

system development methodology, where a lifecycle appropriate for the study is identified and 

research quality, where the criteria for measuring the accuracy of ML models is established. 

 

3.2. Research Design 

The research design acts as the blueprint outlining the study's methodology and 

linking between the proposed objectives and observed results (Dennis, Wixom, & Roth, 2012). 

This study was conducted through an experimental design approach. This is both a scientific 

and statistical method wherein the researcher formulates a research question and testable 

hypothesis, defines dependent and independent variables, collects data from a population 

sample and subjects these to the experiment’s conditions, in order to infer causal relationships 

that may exist between variables (Bell, 2009). 

In this study, several ML models were generated to forecast revenue collection for Kenyan 

local government authorities, based on historical data from Nairobi City County. Several 

revenue streams and their influencing factors were analyzed and run through the models to get 

a prediction of subsequent months’ values.  

 

3.3. Population and Sampling 

3.3.1. Population 

The target population for the study comprised of different revenue streams at Nairobi City 

County, with records collected over the past 5 years spanning from FY 2018/2019 to FY 

2022/2023. The model’s data points were sourced from the county’s revenue management 
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system. This county was chosen because of its ease of accessibility, which was advantageous 

when collecting primary data at source. 

3.3.2. Sampling 

The study employed non-probability sampling to select the sample. This technique refers to a 

case where the researcher intentionally chooses items for study “without a basis for estimating 

the probability that each item in the population is included in the sample” (Kothari, 2004). It is 

also referred to as purposive sampling and is mainly used to collect focused information. In 

this study, it was used to analyze own source revenue (OSR) data from NCC, of which there 

are 11 main categories, as shown in Table 3.1 (Nairobi City County Government, 2022). 

Table 3.1: 4th Quarter Revenue and Expenditure Summary for FY 2021/2022 (Adapted from 

Nairobi City County, 2022) 

 

 

The sampling method helped to narrow down factors that contribute to accurate forecasting 

and inform the modeling process. It was preferred for this study because it gave the researcher 

some degree of autonomy to select typical and useful cases only, while saving time and money 

(Oso & Onen, 2009). A key driver for this selection was the fact that the researcher was an 

individual with limited time resource available to him, and this method offered convenience. 

 

3.3.3. Data Collection 

Primary data was used in this research, mainly consisting of revenue data extracted from the 

county’s automated revenue collection and management system. It was expected that the data 
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will contain billed and actual collections per structured revenue stream, penalties and waivers, 

county enforcement metrics, rate payer categories and their compliance levels, collection zones 

and previous year(s) performance percentages against budgeted amounts. However, a limited 

set of attributes were available, which included monthly collections and number of transactions 

per revenue stream. The study excluded collecting data on the County’s expenditure since this 

was beyond the scope of the research. 

Caution was taken to ensure this data meets the criteria of reliability, suitability and adequacy 

(Kothari, 2004). In this case, the data tools of choice were document analysis, which according 

to Oso and Onen (2009) is the thorough assessment of publicly available or privately stored 

records pertaining to the issue under investigation. This approach has the advantage of 

convenience when accessing the data sources, while saving time and expenses. Potential 

selection and coverage biases were mitigated by ensuring that the revenue streams examined 

were aligned with the county’s reporting format at national government level (Office of the 

Controller of Budget, 2022). 

 

3.4. Data Analysis Methods 

Once the data was obtained and collated into an appropriate format, an initial exploratory data 

analysis was performed to determine its shape, measures of central tendency and expose any 

outliers. Missing values were treated using various tools available e.g. Pandas library in Python. 

Feature engineering was employed to extract new values that were deemed appropriate as 

inputs for different ML algorithms. 

The quantitative research data collected underwent inferential analysis after it was processed 

(Oso & Onen, 2009). Multiple Regression Analysis was used in the study, whereby the 

dependent variable (monthly revenue collection) was predicted based on its correlation with 

several independent variables (Kothari, 2004). This was carried out as a multiple independent 

time series analysis. 

 

3.5. System Development Methodology 

System development is typically carried out using an outlined process that guides the activities 

and stages covered during the entire lifecycle. Methodologies vary in length and breadth 
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depending on the business scenario, time available and level of expertise of both users and 

analysts in capturing elements of the field of application. Avison and Fitzgerald (2006) describe 

the following as attributes that are expected in a methodology: 

i) A sequential series of phases/activities stemming from the feasibility study through 

to acceptance and support.  

ii) A costs and benefit analysis of possible solutions and some means to formulate the 

detailed design necessary to develop computer applications. 

iii) A series of software tools to help the system analyst(s) in their work. 

iv) A training scheme so that analysts and other actors new to their roles and 

responsibilities could adopt the newly implemented solution. 

v) An implied philosophy that computer systems are relatively good solutions to 

organizational problems and processing tasks. 

Granted, the choice of a particular system development methodology can be a daunting task. 

There are pros and cons for adopting any to a given type of project implementation. Table 3.2 

describes differences in existing approaches (Dennis, Wixom, & Roth, 2012). 

Table 3.2: Criteria for selecting a methodology (Adapted from Dennis, Wixom, and Roth, 

2012) 

 

The output of this study was not informed by explicitly defined user specifications since it was 

the product of research and hypotheses on models used in forecasting County Government 

revenue. The predictor variables were collected from primary sources of data and used to 

formulate the model within a relatively short project duration. The users who would validate 

the system during its conception and design were few. There was good awareness of the 

implementation schedule, which was outlined by the phases through which the model was 
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developed. These factors therefore lent themselves towards one category of software 

development methodology, that is, Rapid Application Development (RAD). 

 

3.5.1. Rapid Application Development (Prototyping) 

There are two approaches to performing RAD; Prototyping and Throwaway Prototyping. 

Throwaway prototyping has a detailed analysis phase that aims to gather requirements and 

generate ideas for the system concept. The purpose of a design prototype is not to come up 

with a working system. It only contains enough detail to enable users to understand the issues 

under consideration. Compared with system prototyping, it may take longer to deliver the final 

system using this approach. Therefore, it was with these considerations in mind that the 

Prototyping method of system development was adopted. In this method of prototyping, the 

analysis, design, and implementation stages are all completed at the same time in order to 

swiftly provide a condensed version of the proposed solution and present it to the users for 

review and comment (Dennis, Wixom, & Roth, 2012). This flow is shown in Figure 3.1. 

 

Figure 3.1: System Prototyping Methodology (Adapted from Dennis, Wixom, and Roth, 

2012) 

Prototyping can also be used to gather requirements about the system under review. This 

typically cuts in half the time that requirement determination normally takes, with better results 

(Avison & Fitzgerald, 2006). Time was a critical factor for this research since it was not 

possible to go through the entire formal process of system design and implementation, as is 

commonplace in methodologies like the waterfall approach. Creation of a prototype becomes 

a quick and dirty way of coming up with basic functionality that can be tested with users whose 

comments are reintegrated in the next iteration of the system until a final version is arrived at 

(Dennis, Wixom, & Roth, 2012). 
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3.5.2. System Analysis 

Avison and Fitzgerald (2006) describe analysis as “an attempt to understand all aspects of the 

present system, why it developed as it did, and eventually indicate how things might be 

improved by any new system”. In the study, this involved determining features that users 

needed to be implemented in the final system. It was assumed that the county under review had 

already rolled out an automated revenue management system that constantly records actual 

revenue collected per revenue stream. The stored historical data formed the basis for future 

predictions using multiple regression analysis and machine learning algorithms, which could 

then augment existing system functionality. 

 

3.5.3. System Design 

The design phase establishes the hardware, software, and network infrastructure that will be 

used, as well as the user interface, forms, and reports that will be implemented as part of the 

system's functionality. It also identifies the particular modules, databases and files required 

(Dennis, Wixom, & Roth, 2012). It was intended that this section of Prototyping would borrow 

heavily from the analysis performed in the preceding stage, where users described what 

requirements should go into the system. An appropriate data model was constructed that would 

contain the attributes needed for the forecasting process. The formatting was specified and 

sample interfaces designed. No hardware components were envisioned as part of the solution 

other than the base computing platform on which the models would be run (which may have 

been local or cloud-based). 

 

3.6. System Implementation 

3.6.1. Model 

Seven predetermined models were built side by side and trained on approximately 70% of the 

data obtained from the county. The application accepts input either from flat file storage (CSV-

delimited) or from a relational database and processes this data through scripts for further 

analysis and prediction. There was no reliance on APIs to load raw data from existing revenue 

management systems into the system in real-time owing to the need to first process and 

transform the data as per expected input variables (features). 
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3.6.2. Test Bed 

A test bed was set up with about 10% of the dataset reserved for this exercise. It was run locally 

using the trained ML models and variables processed from the county revenue data. This was 

done in a Python-based environment. Prior to this, model validation was performed using about 

20% of the dataset. 

3.6.3. Programming Language 

The coding language of choice was Python. It has robust ML libraries and extensive support 

for third party visualization tools which may be required to present the results of the prediction 

process. It also has in-built statistical tools that give a fair representation of the models’ 

accuracy and performance. A front-end tool was also built to help users interact with the models 

via a web-based GUI. 

 

3.7. Research Quality 

StudySmarter (2023) defines quantitative research quality criterion as evidenced by internal 

and external validity, reliability, and objectivity. These three pillars were adhered to so that 

potential biases were eliminated and the results of the study could be replicated by other 

researchers.  

Statistical evaluation metrics were used to gauge the accuracy of machine learning algorithms 

used in the study and the predicted values’ confidence interval. Back testing with cross-

validation was used to calculate an average error metric, and hence the summary score for the 

regression method. Amongst all these ML models, hyperparameter tuning was done to improve 

the predictive power of each algorithm before their results could be compared (Raschka, 2018). 

 

3.8. Risk-Benefit Analysis 

This research was deemed to be of low risk since no human or animal biological trials were 

involved. Rather, data from computerized systems was collected, evaluated and run through 

machine learning models. The outcome of this research could be beneficial to the local 

government administration in Nairobi, who may gain new insights on potential quantities of 

revenue that could be unlocked in the city. These methods may be replicated across Kenya by 
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other county governments to enhance their forecasting capabilities and thereby assist them to 

meet targets and be more self-sufficient. Table 3.3 shows the current 3-year OSR forecasts at 

NCC from FY 2023/24 to FY 2025/26 (Nairobi City County Government, 2023). 

Table 3.3: Fiscal Framework for FY 2023/2024 & Medium Term (Adapted from Nairobi City 

County, 2023) 

 

 

3.9. Dissemination and Utilization of Results 

The results of this research will primarily be accessible via Strathmore University’s research 

and publications DSpace portal, where it may be retrieved by institutional members or the 

general public if they have sufficient rights granted to them. The results will also be shared 

with Nairobi City County for their analysis and consideration in future studies and/or decision-

making processes. 

 

3.10. Ethical Considerations 

The research utilized as much data from public record as possible; mapping input variables 

from government reports on annual revenue collected at the county level. Where selected 

revenue streams’ data was found to be poorly documented or input variables insufficient for 

modeling, ethical approval was requested to collect primary data from the relevant county 

finance departments for use in this study. Confidentiality was maintained where data provided 

was deemed sensitive to ongoing county development initiatives, or where disclosure may have 

borne consequence to the County’s obligations to its citizens and/or exposed personally 

identifiable information. 

  



30 

 

4. System Analysis and Design 

4.1. Introduction 

System analysis and design is a methodical process for developing high-quality information 

systems. Analysis aims to develop a logical model of a new system while design purposes to 

construct a physical model that satisfies all of the system's needs (Tilley & Rosenblatt, 2016). 

This section contains details about the proposed model’s design and overall architecture. It 

describes the requirements that the system should address, the various components considered 

when designing the model and how each interacts to achieve the desired objectives. The 

standard representation used is the Unified Modeling Language (UML v2.5.1). The items that 

achieve this design representation include a use case diagram, class diagram, activity diagram, 

sequence diagram, entity-relationship diagram, data flow diagram and wireframes. 

 

4.2. Requirements Analysis 

Requirements gathering and analysis involves the elicitation of needs for a system from 

stakeholders by observing their organization’s business processes, identifying gaps for which 

a software-based solution may be suitable, documenting features of the solution, also known 

as requirements, while weeding out anomalies, inconsistencies and incompleteness (Mall, 

2018). This requirements analysis highlights the features that should be addressed in the 

application in line with the research objectives. These features are covered in two categories: 

functional and non-functional requirements. 

4.2.1. Functional Requirements  

Functional requirements describe processes the system has to perform or information it needs 

to contain (Dennis, Wixom, & Roth, 2012). The following are the functional requirements of 

the proposed solution: 

i) The system should have well validated input formats for data used in running 

forecasts. 

ii) The system should present the user with the available ML model parameters to use 

when analyzing the data input. 

iii) The system should present the projected revenue figures for the subsequent fiscal 

periods. 
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4.2.2. Non-Functional Requirements  

Non-functional requirements describe behavioral properties that the system must have (Dennis, 

Wixom, & Roth, 2012). The following are the non-functional requirements of the proposed 

solution: 

4.2.2.1. Performance 

Depending on the type of machine learning model being run, there can be great demand placed 

on the CPU of the operating environment. The application should have a reasonable response 

time when run on a 64-bit multi-core processor. Normalization and standardization may also 

be used to scale features and help reduce training time through fewer iterations and faster 

convergence.  

4.2.2.2. Accuracy 

The application should check uniformity across the input data depending on the type of model 

used. Where units of measurement vary, preprocessing by scaling should be done on numeric 

fields so that they fall between 0 and 1, and encoding for categorical variables to give them 

numeric representations. This will ensure that consistent results are obtained whenever 

predictions are made from any given dataset. 

4.2.2.3. Usability 

The application should be user friendly, validate inputs given via CSV or XSLX and it should 

present its results in a consistent format. The models tested should be well documented. 

 

4.3. System Architecture 

The system comprises of a web application that has three layers, i.e. a front-end user interface 

(UI), some middleware with the application logic and the back-end framework. The user 

interacts with the system through a web browser where they input their own source revenue 

stream data for which a prediction is required. This may either be done via a form on the UI or 

by uploading a file that has the required fields specified in a template. The WSGI-based (Web 

Server Gateway Interface) Python application then ingests the data, generates features and 

passes them onto a machine learning model for inference. The prediction results obtained are 

then stored in a database and visualized in form of a graphical forecast depending on the 

projected period needed. This workflow is depicted in Figure 4.1. 
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Figure 4.1: System Architecture 

 

4.4. System Design 

The design describes how the application will achieve its requirements in more detail. It 

captures who the system users are, what inputs will be submitted to the system, how the 

different system components will interact with each other and how the data is manipulated 

during execution to deliver the desired output. The respective design representations are 

demonstrated in the following sub-sections. 

4.4.1. Use Case Diagram 

The use case diagram represents the main actors of the system and the functions they are able 

to execute through features inherent in the application. The system reacts to a request made by 

a principal actor that is related to a goal (George & Valacich, 2016). The two actors identified 

are the system user and administrator. The system use case diagram is shown in Figure 4.2.  
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Figure 4.2: Use Case Diagram 

 

Detailed use case descriptions of system functions are further provided in Tables 4.1 to 4.7. 

Table 4.1: User Login Use Case Description 

Use Case Title: User Login 

Primary Actor: County Revenue Officer 

Level: Subfunction 

Stakeholders: User 

Precondition: User accesses the revenue forecasting application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: User’s credentials are authenticated and they are redirected to the 

home screen 

Trigger: User accesses the revenue forecasting application URL 

Main Success Scenario:  

1. User fills in their username and password on the login form 

2. System verifies the details provided 

Extensions:  
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1a. Login page is not available 

1a1. User quits application 

2a. Credentials provided are invalid 

2a1. User quits application 

2a2. User resets their password 

 

Table 4.2: Administrator Login Use Case Description 

Use Case Title: Administrator Login 

Primary Actor: Administrator 

Level: Subfunction 

Stakeholders: Administrator 

Precondition: Administrator accesses the revenue forecasting application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: Administrator’s credentials are authenticated and they are redirected 

to the home screen 

Trigger: Administrator accesses the revenue forecasting application URL 

Main Success Scenario:  

1. Administrator fills in their username and password on the login form 

2. System verifies the details provided 

Extensions:  

1a. Login page is not available 

1a1. Administrator quits application 

2a. Credentials provided are invalid 

2a1. Administrator quits application 

2a2. Administrator resets their password 

 

Table 4.3: Data Input Use Case Description 

Use Case Title: Enter Revenue Stream Data 

Primary Actor: County Revenue Officer 

Level: User Goal 

Stakeholders: Revenue Officer 



35 

 

Precondition: User successfully logs in to the revenue forecasting application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: Data points are captured and stored in the database 

Trigger: User accesses the web application home page 

Main Success Scenario:  

1. User uploads the revenue data set as csv/xlsx format or manually inputs the data via 

a form on the application interface 

2. System validates the data provided 

3. System stores the data and generated features in their respective tables on the 

database 

Extensions:  

1a. File format used is not supported 

1a1. System prompts user to provide acceptable file formats 

2a. Data provided contains invalid variable types 

2a1. System prompts user to enter correct values 

3a. System is unable to store the data in the database 

3a1. Transaction rolled back. User tries again. 

3a2. Transaction rolled back. User quits application. 

 

Table 4.4: Run Forecast Use Case Description 

Use Case Title: Run Forecast 

Primary Actor: County Revenue Officer 

Level: Summary 

Stakeholders: Revenue Officer 

Precondition: User submits a revenue stream’s data points on the application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: An inference is made against trained models and a prediction result is 

returned 

Trigger: User submits their revenue stream data attributes 

Main Success Scenario:  

1. System loads the test data features 

2. System loads the specified ML model 
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3. System runs a test of these features against the chosen algorithm 

4. System scores and returns the model results 

5. Predicted values and model results are stored in the database 

Extensions:  

1a. System is unable to read the data in the database 

1a1. User gets an error message. Transaction rolled back. User tries again. 

1a2. User gets an error message. Transaction rolled back. User quits application. 

2a. System is unable to load the specified ML model 

2a1. User gets an error message. Transaction rolled back. User tries again. 

2a2. User gets an error message. Transaction rolled back. User quits application.  

3a. System is unable to run a test of these features against the chosen algorithm 

2a1. User gets an error message. Transaction rolled back. User tries again. 

2a2. User gets an error message. Transaction rolled back. User quits application.  

4a. System is unable to score and return the model results 

2a1. User gets an error message. Transaction rolled back. User tries again. 

2a2. User gets an error message. Transaction rolled back. User quits application. 

5a. System is unable to store the prediction results in the database 

3a1. Transaction rolled back. User tries again. 

3a2. Transaction rolled back. User quits application. 

 

Table 4.5: View Predictions Use Case Description 

Use Case Title: View Predictions 

Primary Actor: County Revenue Officer 

Level: User Goal 

Stakeholders: Revenue Officer, County Executive 

Precondition: User runs a forecast with an unseen sample of data 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: Application displays the model results and predicted forecast values 

Trigger: User runs a forecast on submitted revenue data 

Main Success Scenario:  

1. System loads both tabular and graphic visualizations of the predicted results 

2. System loads the model results and its measures of predictive accuracy 



37 

 

Extensions:  

1a. System is unable to load the revenue predictions on the UI 

1a1. User gets an error message. Transaction rolled back. User tries again. 

1a2. User gets an error message. Transaction rolled back. User quits application. 

2a. System is unable to load the ML model results 

2a1. User gets an error message. Transaction rolled back. User tries again. 

2a2. User gets an error message. Transaction rolled back. User quits application.  

 

Table 4.6: Update Model Use Case Description 

Use Case Title: Update Model 

Primary Actor: Administrator 

Level: Summary 

Stakeholders: Administrator 

Precondition: Administrator successfully logs in to the revenue forecasting application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: Trained models are updated on the application 

Trigger: Administrator accesses the web application home page 

Main Success Scenario:  

1. Administrator navigates to the admin page 

2. Administrator redeploys the retrained models 

Extensions:  

1a. Admin page is not available 

1a1. Administrator quits application 

2a. System is unable to redeploy the retrained models 

2a1. Administrator gets an error message. Transaction rolled back. Administrator 

tries again. 

2a2. Administrator gets an error message. Transaction rolled back. Administrator 

quits application. 
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Table 4.7: Manage Stored Model Results Use Case Description 

Use Case Title: Manage Stored Model Results 

Primary Actor: Administrator 

Level: User Goal 

Stakeholders: Administrator 

Precondition: Administrator successfully logs in to the revenue forecasting application 

Minimal Guarantee: Rollback of any incomplete transaction 

Success Guarantees: Model results are read or deleted from the database as desired 

Trigger: Administrator accesses the web application home page 

Main Success Scenario:  

1. Administrator navigates to the admin page 

2. Administrator reads model results generated in the past 

3. Administrator deletes historical results 

Extensions:  

1a. Admin page is not available 

1a1. Administrator quits application 

2a. System is unable to load previous model results from the database 

2a1. Administrator gets an error message. Transaction rolled back. Administrator 

tries again. 

2a2. Administrator gets an error message. Transaction rolled back. Administrator 

quits application.  

3a. System is unable to delete previous model results stored on the database 

2a1. Administrator gets an error message. Transaction rolled back. Administrator 

tries again. 

2a2. Administrator gets an error message. Transaction rolled back. Administrator 

quits application. 
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4.4.2. Class Diagram 

A class diagram shows the object classes and relationships involved in a use case (Tilley & 

Rosenblatt, 2016). It describes the member attributes under consideration when designing the 

system. Classes represent the main concepts at play within the predictive model, highlight the 

level of inheritance and show relationships and multiplicity between objects. These are 

captured in Figure 4.3. 

 

Figure 4.3: Class Diagram 

 

4.4.3. Activity Diagram 

An activity diagram shows the conditional logic for the sequence of system activities needed 

to accomplish a business process (George & Valacich, 2016). An activity is a state represented 

by a node with a singular action flowing into and one or more transitions emanating from it 

(Mall, 2018). Figure 4.4 depicts the main execution path through the web application. 
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Figure 4.4: Activity Diagram 
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4.4.4. Sequence Diagram 

A sequence diagram depicts the way messages are passed, received and acted upon by the 

different modules. They can demonstrate how a use case's events or activities map to the 

operations of object classes in the class diagram. (Lu & Kim, 2011). Four main entities are 

identified in the application and interactions between them over time are shown in Figure 4.5. 

 

Figure 4.5: Sequence Diagram 

 

4.4.5. Entity Relationship Diagram 

An Entity Relationship Diagram (ERD) models the logical structure of a database by showing 

the associations that exist among tables and their attributes (Delhi University, 2023). Likewise, 

an Entity-Relationship Model is a comprehensive, logical representation of the entities, 

associations, as well as data elements for an institution or department (George & Valacich, 

2016). Figure 4.6 illustrates an ERD for the prototype revenue forecasting application with five 

main tables that will exist in the database and different relationships that will be created 

between them via foreign keys. The goal is to develop a normalized table structure that captures 
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data attributes at an atomic level, while enforcing functional dependency between these 

attributes and their respective identifiers. 

 

Figure 4.6: Entity Relationship Diagram 

 

4.4.6. Data Flow Diagram 

According to George and Valacich (2016), a Data Flow Diagram (DFD) is an illustration of 

the exchange of data between external entities, and internal processes and repositories found 

in a system. It provides an hierarchical, abstracted view of the system and can be used to explain 

the overall system design to others (Aleryani, 2016) without showing the sequence of 

execution, control flow or actual algorithms used (Mall, 2018).  

The revenue forecasting application comprises of two external entities i.e. the Revenue Officer 

and System Administrator. It has five main processes, one model database as the data store and 

numerous data flows linking these components. The processes capture the high-level system 

functions which include: input of test data, generation of features to be passed onto the trained 

models, the prediction of forecasts and their visualization, and finally procedures for updating 

the inference models and managing the stored model results. Figure 4.7 depicts the DFD for 

the built system. 



43 

 

 

Figure 4.7: Data Flow Diagram 

 

4.4.7. Wireframes 

Wireframes are mockup sketches of how forms and screens will look like in the developed 

system. They help others get a better sense of the visual interface design, flow and navigation 

through the application. According to Bruton (2022), they also help stakeholders to agree on 

concepts before the interface is built out with code, while keeping users at the center of focus. 

4.4.7.1. Landing Site Wireframe 

Figure 4.8 shows the landing site for the web application which users first see when they enter 

the URL in their browsers. 
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Figure 4.8: Landing Site Wireframe 

4.4.7.2. Login Page Wireframe 

Users are requested to log into the system in order to access its functionality. Figure 4.9 shows 

how they are authenticated through a third-party identity service, Sign in with Google. A 

Google account shall be required, whereby the user’s email address will be their username and 

their password will be used to complete the sign-in process. 

 

Figure 4.9: Login Page Wireframe 
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4.4.7.3. Home Page Wireframe 

The wireframe in Figure 4.10 demonstrates the home page seen after successful log in. It 

contains links for navigation and narrated steps which may be followed when attempting to 

generate a revenue forecast. 

 

Figure 4.10: Home Page Wireframe 

 

4.4.7.4. Data Entry Wireframe 

Figure 4.11 displays a form that enables test data input. To ensure the correct entry of attributes, 

a user first selects the revenue stream and forecasted period for which they wish to make a 

prediction. Thereafter, they may choose to either type in the filtered values manually or upload 

a spreadsheet containing these fields in case the data points are too many. Once done, they may 

click on the “Run Forecast” button. 
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Figure 4.11: Data Entry Wireframe 

4.4.7.5. Data Visualization Wireframe 

This wireframe contains the visual presentation of prediction results after test data has been 

fitted and scored against the model. Some sample graphs and tables are shown in Figure 4.12 

 

Figure 4.12: Data Visualization Wireframe  
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5. System Implementation and Testing 

5.1. Introduction 

The model building process was framed as a Time Series Analysis (TSA) problem whereby a 

regularly spaced and time ordered historical data set is prepared and used for training machine 

learning algorithms, that could then predict values over a given forecasting horizon. A 

comparison was done between statistical and machine learning models to see how they 

performed on the same data set. 

 

5.2. Model Components 

The models that were analyzed were built using forecaster objects from the skforecast library 

(Rodrigo & Ortiz, 2024). These offered a standardized means of encapsulating the features 

needed to do time series forecasting by passing parameters in a way that can be replicated 

across different types of algorithms. Figure 5.1 shows the forecaster object components and its 

methods. 

 

Figure 5.1: A Block Diagram of the Forecasting Model Components and its Methods 
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5.2.1. Forecaster Components 

A forecaster object has different parts used to set the context for which predictions were made. 

These are attributes found in and derived from the data set itself. 

5.2.1.1. Regressor 

This is the type of model passed to the forecaster object, fitted to the training data and used to 

make predictions. The model selection was guided by literature on the topic of study and no 

assumptions were made as to which would fare best when generating forecasts. Each model 

was subjected to a similar process of evaluation and compared by their individual performance. 

5.2.1.2. Series / Endogenous Variables 

These are the dependent variables for which a prediction is made. In this case, they were several 

types of revenue streams making up the total county revenue. They had to be predicted 

individually (local models) but approached as a whole (global model). The data set contained 

thirteen named revenue types and one arbitrary class called “Other Income”. This instance 

helped aggregate collections that were incomplete across the five-year period under 

consideration. Accordingly, the domain was framed as an independent multi-series forecast 

since each revenue type had its own unique characteristics and were affected by similar forces. 

5.2.1.3. Exogenous Variables 

These are predictors common to all series and known at the point of forecasting. The shared 

variables were derived from the date component of the time series, whose frequency was 

monthly. Date parts and their respective cyclical features were engineered to help capture 

seasonality within each series. 

5.2.1.4. Lags 

These are past values of the target series which are useful in predicting future values. Since the 

collections are captured with monthly frequency, a lag represents the collection recorded at a 

point, one or more months in the past. They are also indicative of seasonality in the data. 

5.2.1.5. Windows 

These are predictors calculated from existing revenue collections by applying a statistic (e.g. 

mean, median or standard deviation) over past data. Specifically, a rolling window was 
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generated for each model using a window size that could accommodate the maximum lag while 

retaining the highest predictive power. 

5.2.1.6. Transformers 

These are preprocessing steps used to normalize either the target or predictor variables so that 

they can conform to a standard scale and reduce the effect of outliers on predicted values. The 

target values were scaled using a custom logarithmic function to prevent negative predictions, 

while the exogenous variables were scaled using an instance of RobustScaler that relies on the 

median and the interquartile range. 

 

5.3. Model Implementation 

A recursive strategy for multiple independent time series was used to implement the different 

machine learning models. The recursive approach means that a single model is trained to 

predict one step ahead, then this model is used to predict as many steps into the forecasting 

horizon as required. The multiple independent time series are the unique revenue streams that 

make up the County’s revenue collected during the period under study. These are treated as 

individual series with their own patterns. However, they still share common properties that 

transcend any one stream, and can be learned by the model. The model therefore has the 

advantage of being a composite entity that can generate multiple predictions without the series 

acting as predictors between themselves, as in the case of multivariate forecasting. 

 

5.3.1. Exploratory Data Analysis 

The purpose of this step was to get an understanding of the data set obtained from Nairobi City 

County during data collection. It involved analyzing the rows and columns and discovering 

their data types, frequency distribution and descriptive statistics. In summary, there were eight 

hundred and forty (840) rows and six (6) columns, from which one column contained a monthly 

date-stamp for a time-indexed analysis. The target column for prediction was the actual 

monthly collections recorded per revenue stream. Summary statistics such as the measures of 

central tendency, generated from the dataset, are shown in Table 5.1. The binned quarterly 

collections over the period under study are displayed in a histogram in Figure 5.2. 
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Table 5.1: Summary Statistics for the Dependent Variable 

 

 

Figure 5.2: Total NCCG Revenue by Fiscal Quarter 

Furthermore, the monthly collections were broken down into fourteen categories representing 

the main sources of revenue. This is not to say that there are no other sources of revenue at 

Nairobi City County, but these account for approximately 80% of collections and can give a 

fairly good estimate of future income. These categories are shown in Figure 5.3. 

 

Figure 5.3: Individual OSR Stream Collections Over Time 
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5.3.2. Data Preprocessing 

The data was checked for null values and outliers which could impact the models built. The 

records spanned from July 2018 to June 2023, which represented five fiscal years. However, 

there was missing data after September 2022, perhaps due to a recording error. Null values at 

the tail end of the data set were dropped and those within the time series were imputed via 

linear interpolation. Two methods were then used to detect outliers. Initially, this was done by 

use of a box plot, which is able to visualize data points that fall outside the inter-quartile range 

centered on the median of the distribution. The graph is shown in Figure 5.4. 

 

Figure 5.4: Outliers Depicted by a Box and Whisker Plot 

 

Secondly, a time series comprises of properties like seasonality, trend and residual noise. These 

properties are embedded in the data and were extracted via a Seasonal-Trend decomposition 

using LOESS (Locally Estimated Scatterplot Smoothing). This technique was able to isolate 

the respective properties and plot them individually for further analysis. The residual plot was 

able to identify which data points were likely to be outliers. A sample plot of one of the revenue 

streams is present in Figure 5.5. 
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Figure 5.5: STL Decomposition of a Single Revenue Stream (Plan Inspection and Approvals) 

to Extract Its Seasonality, Trend and Residual Noise 

 

The outliers were highlighted amongst residual values as those data points which lay beyond 

the upper and lower limits of the inter-quartile range. Each revenue type had its own dynamics 

and further proved that patterns in the data were unique to each stream. The next step was to 

identify the periodicity and stationarity of the data. This was done by generating 

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots for each 

revenue type against lagged versions of themselves. Samples are represented in Figure 5.6 and 

Figure 5.7. 
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Figure 5.6: ACF Plot for Single Business Permits 

 

Figure 5.7: PACF Plot for Single Business Permits 

 

These plots showed a general seasonality of twelve months in the data, with shorter lags of five 

months or less, being more statistically significant. 

5.3.3. Feature Engineering 

In this step, additional features were added to the data set to enrich its predictors. These 

comprised of date-time features and their cyclical equivalents. They were generated through a 

pipeline and transformers, and the numerical outputs were listed as exogenous variables for use 

in the regression models. 

5.3.4. Forecasting 

The data was sorted by its date-time index, then split into train, validation and test data sets in 

a ratio of 36 months (70.6%), 9 months (17.6%) and 6 months (11.8%) respectively. This split 

was done prior to training to avoid the risk of data leakage, whereby values that lie ahead of 

the forecast point are seen by the model, which could give great performance scores yet have 

poor generalization on unseen data (Lones, 2024). The exogenous variables from feature 

engineering were based on the index, which is predictable and common to all revenue streams. 

Lags and windows on the other hand were used retrospectively. 
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Feature selection was also done via Recursive Feature Elimination with Cross-Validation 

(RFECV) and Sequential Feature Selector (SFS). These techniques were able to perform 

dimensionality reduction on the lags, windows and exogenous features, thereby simplifying 

the model inputs. The advantage of this is that models are more robust and avoid overfitting 

the training data (Galli, 2022). Seven different models were implemented in total, which 

constituted one statistical model, and six machine learning models. 

5.3.4.1. SARIMAX 

SARIMAX (Seasonal Autoregressive Integrated Moving Average with Exogenous Regressors) 

is a statistical model which was used to generate baseline predictions that could be compared 

with other ML-based models. It is important to note that the model could not be trained on all 

independent revenue streams simultaneously, and therefore the problem space was simplified 

by performing predictions on the total NCC revenue as a single series. It could however accept 

exogenous variables, which were used by the other models. The best parameters found were in 

the order of (12, 1, 1); meaning an autoregressive component of 12 which follows a yearly 

seasonality for past values, a differencing component of 1 for stationarity, and a moving 

average component of 1 as a linear relationship with residual terms. The seasonal order was 

(0,0,0,0) meaning no order was used for seasonal components. 

5.3.4.2. Ridge Regression 

Ridge regression is a linear model that employs L2 regularization and addresses 

multicollinearity in data. It reduces the model coefficients through multiplication by a penalty 

term, and this is controlled through the alpha parameter. In this experiment, the alpha value 

was reduced from 1 to 0.304, meaning the penalty was reduced and therefore the magnitude of 

coefficients increased. This parameter was captured in the model’s forecaster object. 

5.3.4.3. LightGBM     

Light GBM is a tree-based regressor that minimizes a loss function through a series of decision 

trees that each reduce an error from the previous tree at the leaf level. Several parameters were 

specified for this algorithm and later tuned to return the best predictions. Boosting was done 

via the Gradient Boosting Decision Tree (GBDT) method, with a learning rate of 0.1. 

5.3.4.4. Random Forest 

Random Forest is another tree-based regressor made up of an ensemble of multiple decision 

trees that randomly split the data into subsets until they arrive at the best estimate that 
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minimizes the objective function, and then apply bootstrap aggregation (bagging) to average 

out the results. In this particular application, the branching criterion used was the absolute error. 

5.3.4.5. K-Nearest Neighbor 

K-NN Regression is a distance-based regressor that uses the target’s proximity to the training 

data in order to determine its prediction by averaging their values. While modeling this 

algorithm, the optimum number of neighbors was found to be five, and the distance metric used 

was the Euclidean distance, or Minkowski value of p=2.  

5.3.4.6. Support Vector Regression 

Support Vector Machine Regression is a non-linear estimator that maps input features to output 

values while minimizing the prediction error. It does so by using a parameter epsilon to 

determine the hyperplane margin’s width, and kernel functions to transform data into a higher-

dimensional space. In this study, a polynomial kernel of degree 2 was found to best 

hyperparameter to use on the model. 

5.3.4.7. Recurrent Neural Network 

Recurrent Neural Networks are ANNs better suited for time series data by keeping a history of 

previous elements in a sequence as a hidden state, to influence the current output. In this 

experiment, the Keras Functional API was used under the hood to allow for multiple inputs 

and outputs, as necessitated by the multiple time series in the data set. Two dense and two 

recurrent layers with Long Short-Term Memory (LSTM) were specified, and a Rectified Linear 

Unit (ReLU) as the activation function. Fifty epochs were run with early stopping if there was 

no further decrease on the validation loss after some steps. A comparison of both trends is 

displayed in Figure 5.8. 

 

Figure 5.8: Monitoring the Training and Validation Loss of the RNN Forecaster to Prevent 

Overfitting 
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5.4. Model Validation 

Backtesting with cross-validation over the validation data set was performed after initial model 

training. This was done to measure the performance of the trained models on historical data. 

The models were refitted on the data set after each fold, whereas the training set size expanded 

by a fixed number of steps at each step. Figure 5.9 shows an output of this process over the 

training and validation sets. 

 

Figure 5.9: Cross-validation with an Expanding Window Size and Refitting at Every Step 

Individual plots were made after this process to show how each model fared when predicting 

on the validation data set. This helped to visualize how closely the regressors estimated the 

actual revenue collected over that period. Error metrics were also collected to quantify the 

individual model backtesting performance. Figure 5.10 shows individual model performance. 

 

Figure 5.10: Model Backtesting Performance on the Mortuary Fees Revenue Stream 

Hyperparameter tuning was carried out using the Bayesian Search method for the machine 

learning models and Grid Search for the statistical model. The objective function was to 
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minimize the Mean Absolute Scaled Error metric, while identifying and refitting the forecasters 

with the best lags and model hyperparameters found, for every level or series of revenue stream 

in the data set. The only exception was the RNN model, whereby a suitable Keras compatible 

tuner that could accept the forecaster object’s structure and Keras functional API type of 

combination was not found. 

 

5.5. Model Testing 

Probabilistic forecasting was done whereby testing results were obtained for each model using 

prediction intervals of 95%. This took into account the upper and lower 2.5% percentiles to 

give a range within which the predicted values were likely to fall. This was useful when 

superimposed against the actual values in the test data to see overlaps, and the certainty with 

which a regression line was chosen. These forecasts were then plotted for all models and all 

revenue streams. Due to the singular choice of target for SARIMAX, its plot represented the 

entire revenue as a series and not any particular stream. Figures 5.11, 5.12 & 5.13 depict 

predictions and likelihoods from different models plotted against the test data set. 

 

Figure 5.11: A Line Plot of SARIMAX Predicted Values Compared to the Full Data Set 

 

Figure 5.12: A Focused View of the SARIMAX Prediction Interval on the Test Data 
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Figure 5.13: Support Vector Regression (SVR) Prediction Interval on Land Rates Test Data 

 

Five error metrics were collected per model at this stage, that is the Mean Absolute Scaled 

Error (MASE), Weighted Absolute Percentage Error (WAPE), Forecast Bias, R2 Score and 

Accuracy. MASE and WAPE were preferred since these are scale independent, less sensitive 

to outliers and easier to interpret given the scale of predictions (typically in the millions) and 

their residuals, which vary from one revenue stream to another. The Forecast Bias helps to 

gauge whether the model is over or under forecasting its predicted values relative to the actual 

figures. The R2 score meanwhile shows how much of the variation in the target values is 

accounted for by the predictors. The model accuracy is defined as 1-WAPE and expressed as 

a percentage. Metrics collected from the machine learning models were aggregated by 

averaging across all revenue streams to get a general idea of their performance. Scores from 

the statistical model were also gathered for comparison and benchmarking of results. The 

average values of metrics scored across all models are captured in Table 5.2. 

 

Table 5.2: Aggregated Error Metrics from Model Testing 
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5.6. Web Application 

After model development was complete, a web application was created to allow users to 

interact with it and run forecasts based on available data. The three functional requirements 

specified in section 4.2.1 were implemented in the app as core features and laid out in a clean 

and simple user interface. 

5.6.1. Back-end Environment 

The environment that was used to develop and test both the models and web application 

comprised of the technologies shown in Table 5.3. 

Table 5.3: Hardware and Software Environment Specifications 

Hardware Software 

Intel Core i7-8650U CPU Windows 11 Pro (x64) 

16 GB DDR3 RAM PostgreSQL 16rc1  

Intel UHD Graphics 620 Python 3.9.7 

1TB SSD NVMe Disk Flask 2.2.5 

 Skforecast 0.14.0 

 Plotly 5.24.1 

 Vizro 0.1.38 

 

5.6.2. Front-end Interface 

The user interacts with the application via their web browser. A set of pages are available to 

help them achieve respective tasks. 

5.6.2.1. Login Page 

Users are required to log into the application in order to access its functionality. This is done 

via the login link on the menu. In case the user has no account previously set up, they can create 

a new one by using the registration page. These login details are stored in a database table and 

sensitive information like passwords are hashed to maintain privacy and security. An example 

of this login page is shown in Figure 5.14. 
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Figure 5.14: Login Page 

 

5.6.2.2. Profile Page 

Once the user logs in, they are presented with their profile details which includes their assigned 

role, username, email and relevant date stamps. This is displayed in Figure 5.15. 

 

Figure 5.15: User Profile Page 

 

5.6.2.3. Home Page 

Figure 5.16 illustrates the main home page. This is the starting point when testing out the 

application. It gives a brief summary of what the app aims to do, so that the user is guided on 

what the menu items mean and what they can expect to do after visiting those pages. 
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Figure 5.16: Home Page 

 

5.6.2.4. Analyze Page 

The analyze page shown in Figure 5.17 contains an interactive dashboard through which users 

can sift through the entire dataset and visualize analyses by filtering on columns and ranges. 

 

Figure 5.17: Revenue Analysis Dashboard 
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5.6.2.5. Predict Page 

The predict page in Figure 5.18 enables users to select parameters that will be needed to serve 

predictions. These include the revenue stream, forecast point and horizon, and its probability. 

 

Figure 5.18: Prediction Input Page 

 

5.6.2.6. Results Page 

After the forecast is run, the generated results are passed to another page for visualization and 

inspection. These are captured on a static table and interactive graph as shown in Figure 5.19. 

 

Figure 5.19: Forecast Results Page  
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6. Discussion 

6.1. Introduction 

The aim of this study was to develop a machine-learning model for revenue forecasting at local 

government authorities in Kenya, with a keen interest in Nairobi City County as a pilot site. 

This was done to offer a scientific approach towards the generation of forecasts using historical 

data, so that their accuracy could be increased, estimates could be factual and realistic, and the 

county’s budgeting process could be enhanced. The challenge was tackled through extensive 

research into methods used in this domain and armed with this knowledge, data was collected 

from the county for use in building the proposed model. The study was able to explore various 

ML based techniques and examine their performance levels, and therefore their suitability for 

this purpose. This section delves into the results obtained from this process and identifies 

candidate models for adoption by county governments. 

 

6.2. Expected and Unexpected Results 

The research was able to evaluate different models and contrast this with findings published in 

literature. According to CEPAL (2015) and Chung, et al., (2022), ARIMA method gives the 

highest forecasting accuracy amongst non-machine-learning techniques. This was found to be 

factual in this study, despite only one variant, SARIMAX, being used for statistical forecasting. 

A like for like comparison could not be done between it and other machine learning models, 

which had the superior ability to accept multiple inputs and churn out multiple predictions to 

cover individual revenue streams. However, the ML model results in this research showed their 

potential for application in this area. 

Hajek and Olej (2010) suggest that ANN and SVM ensembles with bagging and boosting 

outperform either a single Neural Network or SVM in its prediction accuracy, and that this 

holds true for regression problems. A feed-forward neural network was used as a base learner 

and predictions pooled with those of SVM to get a consensus on the collective prediction. In 

this particular research, RNN and SVR were used to generate separate predictions without 

further use in an ensemble. There was however a model whose nature it was to treat a series of 

decision trees as an ensemble, and that is the Random Forest model. This yielded one of the 

better MASE scores of the models evaluated at 0.8365, however the drawback to this ensemble 
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technique was that it was quite slow. They concluded that SVM and FFNN model non-linear 

relationships well and are appropriate for use with municipal revenue in the Czech Republic. 

Similarly, Yang, et al., (2018) posit that using principal component analysis on a genetic 

algorithm SVM performs better with a MAPE of 6.01% over a neural network error of 19.39% 

for public fiscal revenue prediction in Harbin City, China. In this study with NCC data, results 

were contradictory with RNN outperforming SVR when predicting on the test data set with 

WAPE scores of 1.88 vs 2.09 respectively. Fikriya & Hikmawati (2020) corroborate the use of 

SVM in their study of Tax revenue in South Lampung, Indonesia. They relied on a polynomial 

kernel and were able to predict hotel revenue tax at about 85% of the actual collection for the 

first half of the year 2019. In comparison, the highest forecast accuracy for NCC data was 

obtained with land rates at 79.8% whereas SVR performed better than the rest only with 

mortuary fees at 54.1% accuracy. 

 

6.3. Interpretation and Implication of the Results 

The first research objective was to investigate the challenges associated with revenue 

forecasting. These factors are highlighted in section 2.1 as uncertainty in the socio-political 

environment within which revenue is collected, purposeful underestimation in order to meet 

set targets, and a lack of expertise in quantitative methods by government officials. The 

consequences of these challenges are the existence of unrealistic budgets, which often result in 

perennial shortfalls that impact expenditure on development programs and service delivery to 

citizens. It also leads to over-reliance on external funding like donor grants and equitable share 

from national government, as opposed to local authorities maximizing efforts in gathering own 

source revenue. One of the respondents interviewed at Nairobi County cited the unavailability 

of data especially for unstructured revenues as a key hindrance to the generation of OSR 

forecasts by line departments. 

The second research objective was to evaluate methods, techniques and approaches used in 

forecasting revenue collection. This was further elaborated in section 2.2, with the key 

differences being whether the methods were qualitative or quantitative in nature. Machine 

learning techniques were discussed in section 2.3 and an assessment of pros and cons to each 

approach carried out in section 2.4. No assumptions were made on the suitability of any one 

method, rather an appreciation for their relevance was made with an openness to experiment. 
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The third research objective was to formulate a model to forecast revenue collection using 

machine learning algorithms. Section 2.5 gives an overview of how this process would be 

achieved. The actual models assessed were seven in total, and these are captured in section 

5.3.4 with descriptions of their general architecture and specific choice of parameters as 

pertains to this revenue forecasting problem. 

The final objective was to validate the proposed model. To this end, the developed models were 

used to make predictions against a test data set and error metrics gathered to evaluate their 

performance. A trade-off was to be made between model accuracy, speed and interpretability. 

To ensure a fair appraisal, an average metric was calculated to represent performance across 

all revenue types. When the average MASE value is greater than one (1), it indicates that the 

algorithm is performing poorly compared to a naïve forecast (which is simply equated to the 

previous time step in the time series). SARIMAX, Ridge and Random Forest models were 

found to outperform such a forecast. However, other models scored a MASE above one, and 

therefore trail behind when compared to predicting a lag of one timestep in the past. This result 

is shown in Figure 6.1. 

 

Figure 6.1: MASE Results from Model Prediction on Test Data 

 

A lower WAPE value indicates a more accurate model. During evaluation, SARIMAX returned 

the best WAPE accuracy score of 0.4602. Higher WAPE scores above one (1) implied a greater 

deviation of forecasted values from actual values i.e. a higher error rate. This could be attributed 

to Parking Fees and Plan Inspection and Approvals scores which greatly skewed all model 

averages. The sub-par scores in these two streams could indicate that there might be other 

external drivers which should be factored in when creating predictor variables, so that the 

models may learn complex patterns about such phenomena. The scores are shown in Figure 

6.2. 
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Figure 6.2: WAPE Results from Model Prediction on Test Data 

 

When the average forecast bias is negative, the respective model consistently over-forecasts 

for that revenue type. The inverse is that when the average forecast bias is positive, that model 

consistently under-forecasts for that revenue type. Most of the Machine Learning models 

seemed, at least on average, to over-forecast the actual values in the test data set. SARIMAX 

is the only model that under-forecasted the singular target (total revenue), though not by much 

at a score of 0.3268. The best performer from the group of machine learning models was the 

Ridge Regressor, which managed to over-forecast with a score of -0.4215. The different biases 

are displayed in Figure 6.3. 

 

Figure 6.3: Forecast Bias Results from Model Prediction on Test Data 

The R-squared value typically ranges from 0 to 1. The negative values returned across all 

models imply that the fitted models are either non-linear, don't align with trend in the data, or 

don't generalize well on data other than that used to train them. SARIMAX returned the best 

score of -0.421 with RNN coming close at -0.6838. Given the two streams mentioned earlier, 

the SVR model was particularly impacted when predicting Plan Inspection and Approvals. It 

may require further hyperparameter tuning to get the best regression line that fits a majority of 

data points. The R2 metric for each model is shown in Figure 6.4. 
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Figure 6.4: R-Squared Results from Model Prediction on Test Data 

As far as model prediction accuracy goes, there were mixed results across the board. A 

benchmark of 53.9% was set by the statistical model on the test data set, though this was 

achieved on account of the sum of all revenue streams as a single series. The drill-down in 

figure 6.5 shows individual revenue stream performance, and the models that achieved the best 

scores in each series. It is important to note that machine learning models beat this benchmark 

in six out of fourteen streams, with Random Forest featuring in five series and getting the 

highest overall score of 79.8% with the Land Rates revenue stream; while Ridge was a close 

second with a leading score in four series and the second highest individual score of 74.3% 

accuracy, as seen with the Other Income revenue stream. Just as it was picked up by other 

metrics, two series grossly underperformed, that is parking fees and plan inspection and 

approvals, both with negative scores that are emblematic of overfitting in previous training and 

validation stages, or the presence of outliers that still need to be addressed. These individual 

revenue stream accuracies are present in Figure 6.5. 

 

Figure 6.5: Forecast Accuracy of the Best Performing Models in Each Revenue Stream 
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The final metric observed from the models was their execution time at different stages of 

implementation. The average was 2.4s for validation, 38.5s for hyperparameter tuning and 

32.8s for testing. The fastest performers were Ridge during validation at 0.3s, KNN during 

tuning at 3.3s and SARIMAX during testing at 0.1s. The least computationally intensive model 

was SVR with a total runtime of 4.7s for all three stages, while the most intensive model was 

Random Forest which peaked at 276.5s. This variation may be down to the inner workings of 

the RF algorithm, which is an ensemble of decision trees, and therefore each step adds more 

complexity to the computation. It should also be noted that these tests were run on a CPU-

based platform and there could be some performance gains to be made with the use of GPUs. 

Figure 6.6 shows the speed of each model relative to one another. 

 

Figure 6.6: Model Runtimes at Each Stage of Implementation 

 

6.4. Summary 

The outcomes of this experiment show that machine learning algorithms can produce forecasts 

that are comparable to benchmark methods, and in some cases, outperform them at individual 

series prediction. Caution must be taken in interpreting this result, since data quality plays a 

key role here, as does the sample size. Longer series could help obtain a clearer distribution 

from the real world, as non-stationarities can affect how models generalize beyond the training 

set (Hewamalage, Ackermann, & Bergmeir, 2023). The emphasis for local government 

officials is to consistently capture data on revenue collections, and with minimal transcription 

errors, which in turn gives better historical context within which to predict the future. Gaps or 

inaccuracies amongst revenue streams will eventually yield sub-optimal results. There must 

also be periodic training in a production environment as new data is recorded, to help the 

models learn from changing dynamics at the county. This can include the introduction of model 
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parameters that help explain natural phenomena affecting revenue collection, should they be 

found to have high feature importance, yet are not highly correlated with the target variable. 

 

6.4.1. Contribution to Research 

All aspects considered, statistical models still offer good forecasting performance as measured 

in this experiment. Their limitation is in modeling more nuanced scenarios like the one 

observed with NCC data, whereby multiple revenue streams have their own individual 

characteristics. This is where machine learning algorithms offer up their strengths in modeling 

composite series and learning each independently, which could result in better performance at 

a local level.  

The study’s results showed that Ridge Regression was the best-ranked ML model that 

displayed decent results across all metrics. It was the most consistent and could complement 

SARIMAX in revenue estimation. Its use could greatly enhance the budgeting process at 

Kenyan counties, whereby factual targets may be set by revenue officers based on historical 

collections, and OSR performance shortfalls (with their negative impacts) could be mitigated. 

 

6.4.2. Challenges Faced 

Firstly, the quantity of data was a challenge since the data set size was considerably small, 

especially after dropping some missing values. Machine learning algorithms require many 

samples to train on and it would be advantageous to have more historical records to use. 

Secondly, the quality of data could also be better by incorporating different types of predictors 

to help models learn more patterns at a macro level, and to gain a broader view of drivers for 

revenue collection. Lastly, hyperparameter tuning for the Recurrent Neural Network model 

was a challenge due to incompatibility with the library framework used. Doing so may have 

boosted its prediction accuracy. 
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7. Conclusion and Recommendations 

7.1. Conclusion 

The general objective of the study was to develop a machine-learning model for revenue 

forecasting at local government authorities in Kenya. This was done with a view to increase 

the accuracy of revenue forecasts and provide a scientific basis for the county budgeting 

process. A study of reports published by the OCOB showed that on average, County 

Governments in Kenya achieve less than two thirds of their OSR targets (Office of the 

Controller of Budget, 2022). This can be attributed to arduous enforcement on the ground, low 

compliance by citizens, inadequate forecasting capabilities of the revenue management 

systems in use, poor data quality on revenue streams i.e. accuracy, integrity and completeness, 

as well as skill gaps within revenue departments. Evidently, this has far-reaching implications 

beyond revenue underperformance, such as over-expenditure, debt, impeded service delivery 

and reduced capacity for decision making. 

This research explored both statistical and machine-learning models used in the econometrics 

domain and evaluated their performance on real-world data sets. The results showed that 

indeed, ML can be used to forecast LGA revenue, with relatively good accuracy, and that this 

can be done for both individual revenue streams, as well as aggregated for total county OSR. 

Fundamentally, the issue with the current LGA forecasts is that they are too ambitious. This 

tendency was reflected by the ML models tested and contradicted by the statistical model. 

However, the degree to which the ML models over-forecasted was more reserved than the 

reported figures, with the best performing model, Ridge Regression, exceeding actual values 

by a cumulative total of 38.9% for the six months predicted in the test data set, by estimating 

revenue collections of 2.15B vs the actual 1.548B Kenya Shillings. In essence, this would have 

represented a relative performance of 72% against the ML-forecasted revenue for Nairobi City 

County. For context, NCC’s reported performance for the year 2022, where the test data lies, 

was 47.1% against their annual OSR target (Office of the Controller of Budget, 2022). 

This study therefore showed the potential of using machine learning models as a tool for 

revenue forecasting in Kenyan County Governments, where with the right predictors and good 

quality data, forecasts that closely align with past performance may be derived and used in the 

budgetary process. Such models should not be taken as direct replacements for approaches 

currently in use, but they may instead be used to guide expectations on what is feasible. They 

may also be updated as new information is gathered and reused in a production environment.   
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7.2. Recommendations 

It is this study’s recommendation that modern forecasting capabilities be integrated with 

County Revenue Management Systems to augment their existing functionality. A collaborative 

effort between department officers and decision makers at the county can be made to identify 

further pain points and gaps in the forecasting process, and map out areas where this solution 

can fit in and add value. Corrective courses of action can also be defined such that these policies 

may be invoked in case forecasts lie within a predicted range. Examples of such measures are 

increasing enforcement officers on the ground, closing non-compliant businesses, imposing 

fines on offenders, incentivizing rate payers through waivers, simplifying the license/permit 

application procedure etc.  This will enhance data-driven decision making and targeted 

resource mobilization. Furthermore, a domain-specific foundation model for all counties in 

Kenya may be developed using a broader data set, as seen with efforts from open source 

initiatives like Lag-Llama (Rasul, et al., 2024), such that any county may use it to forecast their 

Own Source Revenue. 

 

7.3. Future Work 

Certain limitations were faced in this research and they could be considered for further 

investigation and improvement in the area of study: 

i. Differencing can be applied to ensure that the series are stationary. This requires a larger 

data set since some information may be lost in the process. 

ii. Weighted window functions can be used to make predictor features more sensitive to 

recent changes.  

iii. Correcting the forecast bias of the models would increase prediction accuracy. 

Likewise, using a tracking signal for models deployed to production can issue warnings 

if the forecast bias crosses a set threshold, and avoid wild estimates. 

iv. Obtaining a larger data set size and of better quality, for example by having different 

kinds of exogenous variables, so as to train models on more samples. Behavioral 

predictors can help adapt models to external signals like civic education campaigns, 

waivers, socio-political events etc. 

v. An increase in the data’s frequency may offer insights into shorter forecast horizons 

e.g. weekly or daily revenue collection.  
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