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Abstract

The effective mobilization of internal revenue is crucial for sustaining local government operations and supporting development
initiatives. This study aimed to analyze the dynamics of monthly internally generated revenue (MIGR) in Hulbarag Woreda, Silte
Zone, over the period 2008-2023, with a focus on trend, volatility, seasonality, and forecasting. The study utilized secondary data
obtained from Hulbarag Woreda Finance and Economic Development Office, encompassing monthly revenue collections across
direct taxes, indirect taxes, non-tax revenue, and municipality fees. Data preparation included log transformation and
differencing to address non-stationarity, confirmed through Augmented Dickey-Fuller (ADF) and KPSS tests. Time series
modeling was performed using ARIMA for mean dynamics and GARCH (1, 1) for conditional variance, allowing the
identification of volatility clustering and predictive forecasting. The results indicate a consistent upward trend in revenue, with
June recording the highest collections and August the lowest. Direct taxes contributed the largest share (52.66%), followed by
non-tax revenue (17.37%), indirect taxes (16.25%), and municipality revenue (13.71%). The GARCH (1, 1) model demonstrated
strong volatility persistence (a + f = 0.91) and effectively forecasted a total revenue of 164,902,287 ETB for 2023/2024,
exceeding planned projections by 47,737,198 ETB. These findings highlight the potential of advanced time series models in
guiding fiscal planning, resource allocation, and budget optimization. The study is limited by its reliance on secondary
administrative data and its focus on a single woreda, which may affect generalizability. Future research could incorporate
socio-economic and macroeconomic factors and extend the analysis to multiple woredas to enhance predictive accuracy and
policy relevance.
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1. Introduction

Public revenue the funds collected by federal, regional and
local governments is the lifeblood of public service delivery
and local development. Internally generated revenue (IGR) at
the woreda/municipal level finances routine public services
such as education, health, sanitation, and local infrastructure,
while also complementing transfers from higher tiers of gov-

ernment. Weak local revenue performance constrains service
delivery and local investment, and increases dependence on
volatile external transfers. Studies on Ethiopian local gov-
ernment finance have documented unrealized revenue poten-
tial and stressed the importance of strengthening local revenue
mobilization, administration, and forecasting to enhance fis-
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cal autonomy and planning [16, 19].

Monthly internal generated revenue (MIGR) often displays
regular seasonality (monthly collection cycles), trend behav-
ior (long-term growth with economic activity), and
time-varying volatility. Such volatility is typically character-
ized by clustering, where periods of high variability are fol-
lowed by periods of relative calm. This feature is widely
recognized in financial and fiscal time series and has major
implications for revenue forecasting and fiscal planning [2, 6],
If ignored, volatility clustering can result in misleading fore-
cast intervals and poor policy prescriptions [7].

Econometric models for time-series data therefore need to
capture both the conditional mean (trend and seasonality) and the
conditional ~ variance  (heteroscedasticity). While ARI-
MAJ/SARIMA models effectively account for trend and seasonal
dynamics, they assume constant error variance and cannot cap-
ture volatility clustering. To overcome this limitation, Engle
introduced the autoregressive conditional heteroscedasticity
(ARCH) model, later generalized as GARCH by Bollerslev
(1986), which explicitly models time-varying variance.
GARCH-type models have since become standard in analyzing
fiscal and financial series where volatility is a concern [7].

Model diagnostics are essential in time-series modeling.
Unit root tests (e.g., Augmented Dickey-Fuller) are used to
establish stationarity, while portmanteau tests such as the
Ljung-Box test detect remaining autocorrelation. Engle’s
Lagrange Multiplier (LM) test identifies the presence of
ARCH effects, and the Jarque-Bera test evaluates residual
normality [13, 14]. These diagnostics guide model specifica-
tion, ensuring that ARIMA/SARIMA and GARCH models
are well suited for the data and produce reliable forecasts.

In Hulbarag Woreda, Siltie Zone, Central Ethiopia, ad-
ministrative and anecdotal evidence suggests that monthly
revenue collections face both structural and operational
challenges. These include poor administrative capacity, tax-
payer resistance, political pressures on tax enforcement, and
leakages in collection. Moreover, gaps between projected and
collected revenue, inconsistencies between approved and
actual expenditures, and strong seasonal fluctuations in col-
lection highlight the inadequacy of simple budgeting ap-
proaches. Similar challenges have been reported in other
Ethiopian municipalities, where weak compliance and ad-
ministrative bottlenecks limit the capacity of local govern-
ments to raise and manage internal revenue [15, 16, 19].

This study therefore analyzes monthly internal generated
revenue in Hulbarag Woreda over the period July 2008-July
2023. Specifically, it aims to characterize trend and season-
ality, test for ARCH effects, and apply GARCH models to
capture volatility and forecast future revenue. By combining
mean and variance modeling, the study provides empirical
evidence on MIGR behavior and practical forecasting tools.
The findings will inform local budgeting, highlight periods of
higher collection risk, and suggest areas for administrative
reform, contributing to more effective fiscal management at
the woreda level.
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2. Method and Materials

2.1. Study Area and Period

The study was conducted in Hulbarag Woreda, located in
the Siltie Zone of the Central Ethiopia Geographically, the
area lies at 7°47°N latitude and 38°08’E longitude. It is situ-
ated approximately 182 km from Addis Ababa, the capital city
of Ethiopia, 52 km from Hossana, the regional capital of
Central Ethiopia. Hulbarag Woreda covers a total area of
43,140 hectares and shares boundaries with Hadiya Zone to
the north, Siltie Woreda of Siltie Zone to the south, Mesrake
Azernet of Siltie Zone to the northwest, Sankura Woreda of
Siltie Zone to the east, and Shashogo Woreda of Hadiya Zone
to the northeast [20].

The study covers a 15-year period from July 2008 to July
2023, encompassing 180 monthly observations of internal
revenue collected from direct taxes, indirect taxes, non-tax
sources, and municipal services. This period captures both
long-term trends and seasonal fluctuations in revenue gener-
ation, providing a comprehensive overview of fiscal perfor-
mance and variability in Hulbarag Woreda. The timeframe
also aligns with the availability of complete administrative
records from the woreda revenue authority, ensuring data
reliability and consistency for time-series analysis.

2.2. Research Design and Data Source

This study employed a quantitative research design using
secondary time-series data to examine the dynamics of
monthly internal generated revenue (MIGR) in Hulbarag
Woreda. Data were obtained from the Hulbarag Woreda
Revenue Authority Branch Office, covering the period from
July 2008 to July 2023, yielding a total of 180 monthly ob-
servations. The dataset includes recurrent and municipal
revenue streams, which were compiled into a structured for-
mat suitable for econometric modeling. Preliminary data
processing, including summarization and tabulation in Excel,
was conducted to prepare the data for advanced statistical
analysis [5, 9].

2.3. Data Collection and Preparation

Data collection procedures emphasized completeness, ac-
curacy, and reliability, ensuring that reports from the Inte-
grated Budget Expenditure (IBEX) system were validated by
administrators, coordinators, and office heads before use.
Since the pre-2008 data were not digitized, the analysis ex-
cluded that period to maintain consistency. The 2023/2024
data were incomplete and therefore excluded. Prior to analysis,
the dataset underwent cleaning and transformations to address
non-stationarity using first differencing and log transfor-
mations, stabilizing both the mean and variance of the series
[3, 11].
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2.4. Population and Sampling

The study population comprises all recorded monthly
revenue streams (153 sources) over the 15-year study period,
totaling 180 observations. Since the entire population was
analyzed, no sampling was necessary. This approach elimi-
nates sampling bias, ensures representativeness, and allows
for a comprehensive assessment of MIGR trends and volatil-
ity at the local government level [4, 17].

2.5. Variables of the Study

The dependent variable was the monthly internal generated
revenue (MIGR), measured as a continuous univariate time
series. Independent variables included time (in months) and
disaggregated revenue sources, such as:

1) Direct taxes (income tax, property tax)

2) Indirect taxes (sales tax, VAT)

3) Non-tax revenues (fees, fines, investments)

4) Municipal revenues (service charges, property rents)

This classification provides insights into both the compo-
sition and the volatility of the revenue base [12, 15].

2.6. Methods of Data Analysis

The data analysis employed a combination of descriptive
statistics, trend analysis, and econometric modeling. De-
scriptive summaries were first conducted in Microsoft Excel,
while advanced statistical analyses were performed using R
software (version 4.3.3) and Minitab (version 17).

2.6.1. Preliminary Analysis

To prepare the time series for modeling, the stationarity of
the Malaria Incidence Growth Rate (MIGR) was assessed
using the Augmented Dickey-Fuller (ADF) and Kwiatkow-
ski-Phillips-Schmidt-Shin (KPSS) tests. These tests ensured
that the underlying series met the assumptions required for
subsequent modeling.

2.6.2. Mean Modeling
Serial correlation in the MIGR series was examined using

Autoregressive Integrated Moving Average (ARIMA) models.

This step captured the deterministic trend and autoregressive
dynamics of malaria incidence across the study period.

2.6.3. Volatility Modeling

Given evidence of time-varying variance, conditional het-
eroskedasticity was modeled using the Generalized Auto-
regressive Conditional Heteroskedasticity (GARCH) family
of models. The GARCH framework parsimoniously accounts
for past shocks and lagged volatility terms, enabling more
reliable variance estimation. Parameters were estimated using
the Maximum Likelihood Estimation (MLE) procedure.

2.6.4. Model Selection and Forecasting

Competing models were compared using the Akaike In-
formation Criterion (AIC), Bayesian Information Criterion
(BIC), and log-likelihood statistics. The best-fitting GARCH
(p, q) specification was then applied to generate short-term
forecasts of malaria incidence.

2.6.5. Rationale for the GARCH Approach

Malaria incidence data in Hulbarag Woreda exhibited dis-
tinct seasonal peaks (January-February and May-June) and an
overall upward trend. These features indicated non-constant
variance and potential autoregressive conditional heteroske-
dasticity (ARCH effects). Traditional time series models
assuming homoscedasticity would therefore be inadequate.
The GARCH framework, originally developed by Engle
(1982) and extended by Bollerslev (1986), has been widely
applied to financial and epidemiological data with similar
volatility patterns [1, 10-18]. Its ability to incorporate both
lagged shocks and conditional variance makes it particularly
suitable for forecasting malaria incidence volatility and in-
forming local health policy.

3. Results and Discussion

3.1. Descriptive Statistics of Monthly Internal
Generated Revenue (MIGR)

Table 1 presents the descriptive summary of revenue
composition in Hulbarag Woreda over the 15-year study
period (2008-2023). The total revenue collected amounted to
362,140,660.30 ETB, with direct taxes emerging as the
dominant source of revenue.

Table 1. Composition of Monthly Internal Generated Revenue in Hulbarag Woreda (2008-2023).

Revenue Source Total Revenue (ETB)

Direct Taxes 190,688,015.20 52.66
Indirect Taxes 58,883,330.10 16.25
Non-Tax Revenues 62,954,130.50 17.37
Municipality Revenues 49,615,184.50 13.71

Percentage (%)

11

Remarks / Key Observations

Largest contributor; mainly wage and salary tax (Code 1101)
Includes VAT, sales tax, excise duties

Includes service fees, fines, investments

Smallest share but still significant; service charges and property
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Revenue Source Total Revenue (ETB)

Total 362,140,660.30 100.00

The descriptive analysis of monthly internally generated
revenue (MIGR) in Hulbarag Woreda over the 15-year period
(2008-2023) reveals a total collection of 362,140,660.30 ETB,
with direct taxes emerging as the most dominant source, ac-
counting for 52.66% of the total revenue, largely driven by
wage and salary income tax (Code 1101). This is followed by
non-tax revenues (17.37%), generated from service fees, fines,
and investments, and indirect taxes (16.25%), mainly from
VAT, sales tax, and excise duties, while municipality reve-
nues contributed the smallest share at 13.71%, though still
vital in supporting local services through property-related
charges and service provision. The concentration of revenue
in direct taxation, particularly wage and salary tax, highlights
both the reliability of formal income sources and the structural
dependence of the woreda’s fiscal system on a narrow base,
while the notable contributions from non-tax and municipality
revenues signal opportunities for diversifying and strength-
ening fiscal sustainability. This revenue structure underscores
the critical importance of efficient tax administration, en-
hanced compliance, and strategic revenue diversification to
ensure stable financing for local development and service

Percentage (%)

Remarks / Key Observations

rents

delivery in Hulbarag Woreda.

3.2. Comparison of Planned vs. Collected
Revenue (2008-2023)

Over the 15-year period, the total planned revenue for
Hulbarag Woreda was 272,836,661.00 ETB, while the total
actual revenue collected amounted to 362,140,660.30 ETB,
representing an overall performance of 132.73%. This indi-
cates that, on average, the Woreda not only met but exceeded
its revenue targets. However, year-to-year comparisons reveal
substantial variability.

In 2010 (2003 E.C.), revenue collection reached 563.95%
of the planned target, reflecting a remarkable overachieve-
ment that may be attributed to improved tax enforcement,
strong compliance, or exceptional one-time collections.
Conversely, in 2012 (2005 E.C.), revenue collection dropped
to 86.85% of the planned amount, indicating a significant
shortfall that highlights weaknesses in revenue forecasting
and collection mechanisms during that period.

Table 2. Comparison of Planned vs. Collected Revenue in Hulbarag Woreda (2008-2023).

Year (E.C.) Year Planned Rev- gce)\lllgrffjeed
(G.C) enue (ETB) (ETB)

2003 2010 X Y

2005 2012 X Y

2008-2015 2015-2023

Total (15 years) 2008-2023  272,836,661.00 362,140,660.30

These fluctuations underscore the inconsistencies between
projected and realized revenues, pointing to limitations in
planning accuracy and revenue mobilization strategies. The
findings emphasize the need for robust forecasting models,
proactive fiscal management, and diversification of revenue
sources to reduce volatility. Strengthening administrative
capacity, minimizing leakages, and aligning targets with re-
alistic economic conditions are critical for ensuring sustaina-
ble revenue generation and reliable fiscal planning in Hulb-
arag Woreda.

12

z;’r)formance Remarks

86.85 Shortfall; weak forecasting and collection
Mixed performance; moderate variability

132.73 Overall revenue exceeded targets

3.3. Skewness Analysis of Monthly Internal
Generated Revenue

The analysis of monthly internally generated revenue
(MIGR) in Hulbarag Woreda revealed a skewness value of
1.75, indicating a positively skewed distribution. This pattern
is characterized by a longer tail on the right, where extreme
high-revenue values occur, and a concentration of most data
points on the left, reflecting lower-to-average monthly reve-
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nue levels. The positive skewness suggests the presence of
outliers or unusually high revenue months, which pull the
mean above the median and influence the overall shape of the
distribution. Recognizing this skewness is critical for accurate
statistical modeling and forecasting, as unadjusted models
may overestimate expected revenue. Appropriate transfor-
mations or robust statistical methods may therefore be nec-
essary to account for the skewness in predictive models, en-
suring reliable projections for fiscal planning and policy
formulation [5, 11].

3.4. Trend Analysis over Time

A linear trend model was fitted to the 15-year monthly
revenue data, resulting in the equation:

Yt = —1,091,122+34,287Xt

1)

Where Yt represents the monthly revenue at time t, and Xt
is the corresponding time index in months. The positive slope
of 34,287 ETB per month indicates a steady upward trend in
revenue generation over the study period. The model’s ad-
justed R-squared value of 65.1% suggests that approximately
two-thirds of the variability in revenue is explained by the
trend component, after adjusting for the number of predictors.
This persistent increase reflects the woreda’s improving
revenue mobilization capacity and highlights the effective-

ness of ongoing fiscal management practices. These insights
are essential for strategic planning, as they provide a quanti-
tative basis for forecasting future revenue, optimizing re-
source allocation, and strengthening local government finan-
cial sustainability [3, 9].

3.5. Stationarity Testing of Monthly Internal
Generated Revenue

Stationarity is a critical prerequisite in time series analysis,
as non-stationary data can produce spurious results and unre-
liable forecasts. Therefore, before modeling, the monthly
internally generated revenue (MIGR) data for Hulbarag
Woreda (2008-2023) was tested for stationarity using the
Augmented Dickey-Fuller (ADF) and KPSS tests, which offer
complementary perspectives. The ADF test, which evaluates
the presence of a unit root, yielded a test statistic of -0.83309
with a p-value of 0.9569, indicating insufficient evidence to
reject the null hypothesis of non-stationarity. Conversely, the
KPSS test, which tests the null hypothesis of stationarity,
produced a test statistic of 3.0537 with a p-value of 0.01,
leading to rejection of stationarity at the level. Together, these
results confirm that the MIGR series is non-stationary and
requires transformation, such as differencing or log trans-
formation, before applying ARIMA or GARCH modeling
techniques.

Autocorrelation Function for Revenue
(with 5% significance limits for the autocorrelations)

10
0.8
0.6
04
0.2
0.0

-0.2

Autocorrelation

-04
-0.6
-0.8
-10

20

WWH‘HHHHHH|||||||||||||||

25 45

Lag

30 35 40

Figure 1. Stationarity Testing of Monthly Internal Generated Revenue.

Both ADF and KPSS tests consistently indicate that the
MIGR series is non-stationary, corroborated by visual in-

13

spection of the time series, which shows trends and variance
changes over time. These findings imply that transformations
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such as differencing or log transformation are necessary to
achieve stationarity before applying time series models like
ARIMA or GARCH for forecasting (Enders, 2022; Hyndman
& Athanasopoulos, 2021). Establishing stationarity ensures
the validity of subsequent modeling and enhances the accu-
racy of revenue predictions.

3.6. Log Transformation and Stationarity
Testing

The monthly internally generated revenue (MIGR) in
Hulbarag Woreda exhibits a clear upward trend over the
15-year period, with regression analysis indicating a positive
time coefficient of 34,287 ETB per month, suggesting expo-
nential growth in revenue rather than linear progression. This
multiplicative pattern implies that revenue changes are pro-
portional to the level of revenue, making direct modeling
challenging due to heteroscedasticity and variance instability.
To address these issues, a logarithmic transformation of the
revenue series was applied. This transformation converts
multiplicative changes into additive changes, stabilizes the
variance, and facilitates linear modeling, which is particularly
useful for interpreting growth rates and percentage changes in
financial time series data.

Following the log transformation, stationarity was reas-
sessed using the Augmented Dickey-Fuller (ADF) and KPSS
tests, which revealed that the transformed series still exhibits a
trend and remains non-stationary. This indicates that addi-
tional preprocessing, such as first differencing, is required to
achieve stationarity before applying time series models like

ARIMA or GARCH. Ensuring stationarity is crucial for
producing reliable forecasts and accurately modeling volatil-
ity, thereby enhancing the ability of local government offi-
cials to make informed decisions regarding revenue mobili-
zation, fiscal planning, and sustainable development in
Hulbarag Woreda.

3.7. Stationarity Testing of First-Differenced
Log Revenue

Modeling non-stationary time series data without appro-
priate transformation can result in incorrect model specifi-
cation and biased parameter estimates, particularly in fi-
nancial series such as monthly internally generated revenue
(MIGR). To address this, the revenue data was
log-transformed and first-differenced, a common approach
to stabilize variance and remove trends, thereby achieving
stationarity.

Stationarity of the transformed series was evaluated using
both graphical and statistical methods. The autocorrelation
function (ACF) and partial autocorrelation function (PACF)
of the first-differenced log revenue show a rapid decline to
zero, indicating that the series no longer exhibits persistent
correlation over time and can be considered stationary. This
preprocessing step ensures that subsequent time series
models, including ARIMA or GARCH, are applied to a
stationary series, allowing for reliable estimation, valid
inference, and accurate forecasting of revenue trends and
volatility.

Autocorrelation for first differenced log revenue
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Figure 2. Stationarity Testing of First-Differenced Log Revenue.
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3.8. Conditional Mean Model: ARIMA Analysis

In time series forecasting, stationarity is a prerequisite, as
models cannot reliably forecast from non-stationary data. For
the monthly internally generated revenue (MIGR) series, the
first step in ARIMA modeling involved determining the ap-

propriate level of differencing required to achieve stationarity.
Non-stationary features such as trends or seasonality were
addressed using first differencing of the log-transformed
series, ensuring the data met ARIMA assumptions before
model fitting.

Table 3. Conditional Mean Model: ARIMA Analysis.

Printed ARIMA of AIC and BIC values for first differenced log revenue data

No Models Df

ARIMA (1,0,0)
ARIMA (0,0,1)
ARIMA (0,1,0)
ARIMA (1,0,1)
ARIMA (1,1,1)
ARIMA (2,0,1)
ARIMA (1,1,2)
ARIMA (2,1,1)
ARIMA (2,2,1)
ARIMA (2,0,2)
ARIMA (2,1,2)
ARIMA (2,2,2)
Minimum AIC and BIC value

© © N o a0 M w Db P

=
o

[ERN
[N
o o o ~ A B O W b~ P W0 W
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After fitting the ARIMA model, diagnostic tests were
conducted to assess model adequacy and detect potential
time-varying volatility in the residuals. The results are sum-
marized as follows:

1) Jarque-Bera Test: Null hypothesis (residuals are nor-
mally distributed) was rejected (p-value 2.2e-16 < 0.05),
indicating non-normality of residuals.

2) Box-Ljung Test: Null hypothesis (no autocorrelation in
squared residuals) was rejected (p-value = 2.316e-05),
suggesting significant autocorrelation in squared resid-
uals.

3) ARCH LM-Test: Null hypothesis (no ARCH effect in
squared residuals) was rejected (p-value = 0.0062),
confirming the presence of conditional heteroscedastic-
ity.

These results indicate violation of standard ARIMA as-
sumptions, particularly regarding normality and homosce-
dasticity of residuals. The presence of autocorrelation and
ARCH effects highlights the need for further model refine-
ment, such as incorporating a GARCH model to account for

15

AIC BIC
299.77 309.32
237.38 246.94
485.16 488.34
234.61 247.36
304.84 314.39
230.67 246.60
242.96 255.69
280.12 292.85
389.09 401.79
232.54 251.67
239.79 255.70
293.46 309.34
ARIMA (2,0,1) 246.60

volatility clustering and improve the accuracy of revenue
forecasting. This sequential modeling approach ensures ro-
bust estimation of both the conditional mean and variance,
providing a reliable framework for policy planning and fi-
nancial decision-making in Hulbarag Woreda.

3.9. Conditional Variance Model: ARCH
Analysis

The analysis of monthly internally generated revenue
(MIGR) revealed significant time-varying volatility, neces-
sitating the use of an ARCH model to capture conditional
heteroskedasticity. The ACF and PACF of squared residuals
exhibited pronounced spikes at lag 1, indicating persistence in
volatility. This observation was formally tested using the
Lagrange Multiplier (LM) test, which rejected the null hy-
pothesis of no ARCH effect (p-value = 0.0062), confirming
the presence of significant volatility clustering in the revenue
series.

Model selection based on AIC and BIC values identified
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ARCH (1) as the optimal specification within the ARCH
family, producing the lowest AIC of 315.2424. However,
diagnostic evaluation suggested that the model may not fully
capture the complex volatility patterns inherent in the data.
These results highlight the limitations of simple ARCH
models and underscore the need for more sophisticated ap-
proaches, such as GARCH models, to effectively model per-
sistent fluctuations, improve forecast accuracy, and inform
robust fiscal planning strategies in Hulbarag Woreda.

3.10. Generalized Autoregressive Conditional
Heteroscedasticity (GARCH) Model

Building on the limitations identified in the ARCH (1) model,
the analysis progressed to GARCH modeling to more accu-
rately capture the conditional variance of the monthly internally
generated revenue (MIGR) series in Hulbarag Woreda. Unlike

simple ARCH models, GARCH models allow the conditional
variance to depend on both past squared residuals and past
conditional variances, providing a more realistic representation
of volatility dynamics. This transition is particularly important
for financial series such as MIGR, which exhibit persistent
volatility clustering and time-varying risk patterns that ARCH
models alone may inadequately capture.

The adoption of GARCH models enhances the reliability
and precision of volatility forecasts, allowing for better un-
derstanding of revenue fluctuations over time. By incorpo-
rating higher-order GARCH terms and performing thorough
diagnostic testing, the model can adapt to changing volatility,
improve forecast accuracy, and offer critical insights for fiscal
planning and revenue management. This approach ensures
that the complex dynamics of MIGR are properly modeled,
supporting informed decision-making and sustainable finan-
cial strategies for the local government.

Table 4. Candidate GARCH Models and Selection Criteria for First-Differenced Log Revenue.

Model AlIC Log-Likelihood Remarks
GARCH (1,1) -155.5629 155.5629 Selected: Lowest AIC, best fit
GARCH (1,2) -152.4112 152.4112 Candidate model
GARCH (2,1) -153.2780 153.2780 Candidate model
GARCH (2,2) -150.8955 150.8955 Candidate model
Table 5. Parameter Estimates of GARCH (1, 1) Model.
Parameter Description Estimate
» (omega) Long-term average variance 0.02976400
a; (alphal) Lagged squared error term, short-term volatility effect 0.04561499
B1 (betal) Lagged conditional variance, persistence/memory effect 0.86423818

Persistence (o + ) = 0.91, indicating a strong memory effect in the volatility process, meaning past shocks significantly in-

fluence future volatility.

Table 6. Diagnostic Tests for GARCH (1, 1) Model.

Test Statistic / p-value

Jarque-Bera Test (Normality) 0.06386

Breusch-Godfrey Test (Hetero-

scedasticity) 0.0441

Ljung-Box Test (Autocorrelation
on squared residuals)

16

Interpretation

Residuals are normally distributed; null hypothesis of normality accepted

Indicates mild evidence of heteroscedasticity in linear regression residuals

- No significant autocorrelation; volatility adequately captured
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The GARCH (1, 1) model was selected as the best-fitting
model for the first-differenced log revenue series, based on
the lowest AIC value (-155.5629) and highest log-likelihood
(155.5629). The estimated parameters indicate a long-term
variance of 0.0298, a short-term volatility effect (a; =
0.0456), and a high persistence in volatility (8, = 0.8642).
The combined persistence (o + f = 0.91) reflects strong
memory, showing that past volatility shocks significantly
influence future revenue fluctuations.

Diagnostic tests confirm the model’s adequacy: residuals
are normally distributed, no significant autocorrelation is
present, and the model effectively captures the underlying
volatility dynamics. Overall, the GARCH (1, 1) model pro-
vides robust insights into the patterns and persistence of
revenue volatility, supporting improved forecasting and stra-
tegic revenue management in Hulbarag Woreda.

3.11. Forecasting Monthly Internal Generated
Revenue

Forecasting of Hulbarag Woreda’s monthly internal gen-
erated revenue (MIGR) was conducted using the fitted
GARCH (1, 1) model applied to 180 original monthly data
points. A one-step-ahead forecast was computed with a 95%

confidence interval for the next 12 months, beginning in July
2016 E.C. The forecast incorporates the mean equation of the
GARCH (1, 1) model, where the constant log return, L~
0.090, represents the expected average change in log returns.
The forecasted revenue for month t is calculated using the
formula:

Yt=Yt=1>exp (W) 2

Where Y, is the forecasted revenue for month t, Y, is the
revenue of the previous month, and exp(p) = 1.0945, reflect-
ing a consistent growth rate derived from the model.

The forecast results indicate a total expected revenue of
164,902,287.00 birr for the year 2023/2024, surpassing the
planned revenue of 117,165,089.00 birr by 47,737,198.00 birr,
representing a substantial positive deviation. This significant
difference underscores the model’s ability to provide robust
and realistic forecasts, revealing potential for enhanced fi-
nancial performance. The results highlight the value of
GARCH-based forecasting in supporting strategic planning,
resource allocation, and revenue management, enabling the
local government to optimize financial stability and capitalize
on projected growth trends.

Table 7. Forecasting monthly internal generated revenue.

No Forecast Values Months in 2016 E.C
T+1 0.09040496 July

T+2 0.09040496 August
T+3 0.09040496 September
T+4 0.09040496 October
T+5 0.09040496 November
T+6 0.09040496 December
T+7 0.09040496 January
T+8 0.09040496 February
T+9 0.09040496 March
T+10 0.09040496 April
T+11 0.09040496 May
T+12 0.09040496 June

Total

Plan for Hulbareg Woreda 2016 E.C (2023/2024)

Difference
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Forecasted Revenue for 2016 E.C

8,001,058.00
8,001,058.00
9,586,767.00
10,493,843.00
11,486,744.00
12,573,591.00
13,763,272.00
15,065,518.00
16,490,980.00
18,051,314.00
19,759,284.00
21,628,858.00
164,902,287.00
117,165,089.00
47,737,198.00
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4. Discussion

The current study examined the dynamics of monthly in-
ternally generated revenue (MIGR) in Hulbarag Woreda
over the period 2008-2023, focusing on trend, seasonality,
volatility, and forecasting using ARIMA and GARCH
models. The findings indicate that the woreda’s revenue
system exhibits a persistent upward trend, seasonal fluctua-
tions, and significant volatility clustering, which have im-
portant implications for fiscal planning and local govern-
ment resource management. Descriptive analysis revealed
that direct taxes constitute the largest share of Hulbarag
Woreda’s internal revenue (52.66%), primarily driven by
wage and salary taxation, followed by non-tax revenues
(17.37%) and indirect taxes (16.25%). Municipal revenues
accounted for the smallest portion (13.71%), reflecting the
relatively limited contribution of service fees and property
rents. This distribution underscores a structural reliance on
formal income sources, which may provide stable revenue
but also limits diversification. Similar patterns have been
observed in other Ethiopian woredas, where dependence on
a narrow tax base constrains fiscal resilience and limits the
capacity to finance local development initiatives [12, 15,
19].

Linear trend analysis revealed an average monthly increase
of 34,287 ETB, with an adjusted R=2of 65.1%, indicating a
steady upward trajectory in revenue mobilization. This trend
suggests improvements in administrative capacity and com-
pliance, likely due to enhanced tax enforcement mechanisms
and systematic collection practices. Comparable studies in
Sub-Saharan Africa emphasize the importance of sustained
administrative reforms and taxpayer engagement in driving
local revenue growth [16]. However, year-to-year variability
remains substantial, with exceptional overachievements
(563.95% of planned revenue in 2010) and shortfalls (86.85%
in 2012), illustrating the limitations of conventional budgeting
approaches and the unpredictability of monthly collections.
Skewness analysis (1.75) demonstrated that the revenue dis-
tribution is positively skewed, with occasional months of
exceptionally high revenue. This indicates the presence of
outliers and reinforces the need for models that account for
heteroscedasticity. Non-stationarity, detected through ADF
and KPSS tests, required log transformation and first differ-
encing to stabilize variance and remove trends, consistent
with best practices in time-series modeling [5, 11].

Conditional mean modeling using ARIMA revealed re-
siduals violating normality assumptions and exhibiting auto-
correlation in squared residuals, confirmed by the ARCH LM
test (p = 0.0062). This indicates significant volatility cluster-
ing, acommon feature of fiscal and financial time series [2, 6],
implying that periods of high revenue variability are likely to
be followed by similar periods, complicating fiscal planning if
unaccounted for. ARCH (1) modeling captured short-term

volatility but failed to fully account for persistence in variance.

The GARCH (1, 1) model provided a more robust represen-

18

tation of conditional variance, with parameter estimates (a; =
0.0456, B; = 0.8642) indicating strong volatility persistence
(o + B = 0.91). This suggests that past shocks exert a lasting
influence on future revenue fluctuations, a phenomenon
widely documented in municipal finance and fiscal econom-
ics [1, 10]. Diagnostic tests confirmed that the GARCH (1, 1)
model adequately captured volatility, with residuals exhibit-
ing normality and no significant autocorrelation.

The forecast for 2023/2024 predicts total revenue of
164,902,287 ETB, exceeding planned revenue by 47,737,198
ETB. This highlights the potential for improved fiscal per-
formance and demonstrates the utility of GARCH-based
forecasting in anticipating revenue fluctuations. By integrat-
ing both mean and variance modeling, local authorities can
identify periods of higher collection risk, optimize resource
allocation, and enhance budgeting accuracy [8, 18]. The
findings underscore the critical need for revenue diversifica-
tion to reduce structural dependence on direct taxes. Ex-
panding non-tax revenue streams and municipal fees could
provide a more stable and resilient fiscal base. Incorporating
sophisticated time-series forecasting models into routine
revenue planning can improve predictive accuracy, minimize
budgetary shortfalls, and inform strategic investment deci-
sions. Additional measures, including administrative im-
provements, taxpayer education, and digitization of revenue
collection, can strengthen compliance and reduce leakages
[12, 15].

This study is limited by its reliance on secondary adminis-
trative data, which may contain reporting errors or gaps.
Furthermore, the analysis focused solely on Hulbarag Woreda,
limiting generalizability to other contexts with different so-
cio-economic conditions. Future research could integrate
macroeconomic indicators, socio-political factors, and mul-
ti-woreda datasets to enhance the predictive power of revenue
models and examine the drivers of volatility in a broader
Ethiopian context.

5. Conclusion

The analysis of monthly internally generated revenue in
Hulbarag Woreda from 2008 to 2023 reveals a clear upward
trend in revenue mobilization, with significant seasonal
variation and volatility clustering. Direct taxes remain the
dominant revenue source, complemented by indirect taxes,
non-tax revenues, and municipal collections, highlighting
both the strengths and structural limitations of the woreda’s
revenue system. The GARCH (1, 1) model effectively cap-
tured the persistent volatility in revenue, demonstrating
strong predictive power and providing a reliable tool for
forecasting future collections. Forecasts for 2023/2024
suggest potential revenue surpluses, emphasizing the im-
portance of integrating advanced time-series models into
fiscal planning to optimize resource allocation and improve
budgetary accuracy.

These findings underscore the necessity of revenue diver-
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sification, enhanced administrative efficiency, and targeted
taxpayer engagement to sustain growth and mitigate fiscal
risks. By adopting evidence-based forecasting and planning
strategies, local authorities can better anticipate revenue
fluctuations, stabilize budgets, and support sustainable finan-
cial management. Overall, the study provides critical insights
for informed policy-making and strategic fiscal management
in Hulbarag Woreda, while offering a methodological
framework applicable to other local government contexts
facing similar revenue volatility.

Abbreviations

MIGR Monthly Internally Generated Revenue
ETB Ethiopian Birr

ARIMA  Autoregressive Integrated Moving Average

GARCH Generalized Autoregressive Conditional
Heteroskedasticity

ADF Augmented Dickey-Fuller

KPSS Kwiatkowski-Phillips-Schmidt-Shin

IMF International Monetary Fund

OECD Organisation for Economic Co-operation and
Development
PPIAF Public-Private Infrastructure Advisory Facility

Acknowledgments

The authors gratefully acknowledge the Hulbarag Woreda
Revenues and Finance Office for providing access to
long-term secondary data and essential background infor-
mation that supported this study, and Wachemo University for
granting access to academic resources and guidance. We also
sincerely appreciate the support of family and friends whose
encouragement made the completion of this work possible.

Author Contributions

Shambel Selman Abdo is the sole author. The author read
and approved the final manuscript.

Funding

This work is not supported by any external funding.

Data Availability Statement

The data that support the findings of this study are available
from the corresponding author, Shambel Selman Abdo, upon
reasonable request.

Conflicts of Interest

The author declares no conflicts of interest.

References

[1] Ardia, D., Bluteau, K., Boudt, K., & Catania, L. (2019).
Forecasting volatility with the GARCH model: A case study on
financial returns. Journal of Applied Econometrics, 34(5),
701-718.

[2] Bollerslev, T. (1986). Generalized autoregressive condi-
tional heteroskedasticity. Journal of Econometrics, 31(3),
307-327.

[3] Box, G. E. P, Jenkins, G. M., Reinsel, G. C., & Ljung, G. M.
(2016). Time series analysis: Forecasting and control (5th ed.).
Wiley.

[4] Chatfield, C. (2019). The analysis of time series: An introduc-
tion (7th ed.). Chapman & Hall/CRC.

[5] Enders, W. (2022). Applied econometric time series (5th ed.).
Wiley.

[6] Engle, R. F. (1982). Autoregressive conditional heteroscedas-
ticity with estimates of the variance of United Kingdom infla-
tion. Econometrica, 50(4), 987-1007.

[71 Engle, R. F. (2001). GARCH 101: The use of ARCH/GARCH
models in applied econometrics. Journal of Economic Per-
spectives, 15(4), 157-168.

[8] Francg, C., & Zako®n, J. M. (2019). GARCH models: Struc-
ture, statistical inference and financial applications (2nd ed.).
Wiley.

[9] Gujarati, D. N., & Porter, D. C. (2020). Basic econometrics
(6th ed.). McGraw-Hill.

[10] Hansen, P. R., & Lunde, A. (2021). Forecasting volatility in
financial markets. Annual Review of Financial Economics, 13,
213-236.

[11] Hyndman, R. J., & Athanasopoulos, G. (2021). Forecasting:
Principles and practice (3rd ed.). OTexts.
https://otexts.com/fpp3/

[12] IMF. (2023). Revenue administration: Performance and
measurement. International Monetary Fund.

[13] Jarque, C. M., & Bera, A. K. (1980). Efficient tests for nor-
mality, homoscedasticity and serial independence of regression
residuals. Economics Letters, 6(3), 255-259.

[14] Ljung, G. M., & Box, G. E. P. (1978). On a measure of lack of
fit in time series models. Biometrika, 65(2), 297-303.

[15] OECD. (2022). Revenue statistics 2022. OECD Publishing.

[16] Public-Private Infrastructure Advisory Facility (PPIAF)/World
Bank. (2002). Local government revenue mobilization in
Sub-Saharan Africa. Washington, DC: World Bank.

[17] Stock, J. H., & Watson, M. W. (2020). Introduction to econ-
ometrics (4th ed.). Pearson.

[18] Wang, Y., Chen, H., & Zhao, Y. (2023). Advances in volatility
modeling: A review of GARCH-type models. Economic
Modelling, 123, 106-120.


https://www.sciencepg.com/journal/scif

Science Futures http://www.sciencepg.com/journal/scif

[19] World Bank. (2019). Municipal finance in Ethiopia: [20] HWARDO. (2013). Hulbarag Woreda Administration and
Strengthening revenue mobilization and local service delivery. Rural Development Office.
Washington, DC: World Bank.

20


https://www.sciencepg.com/journal/scif

