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More and more high frequency time series (instead of quarterly/monthly) are being encountered and have resulted to longer and complex time series data. In modeling such data, more parameters are expected hence the need to use approaches which can capture the inherent structure of the data accurately. Existing models such as ARIMA and ANN have been applied to model mostly monthly and annual time series data with no focus on how the time series data frequency affects both their modeling and predictive performance and remedies established. This study sought to establish the modeling and forecasting performance of the two methodologies in the presence of high-frequency data and justify the need for Mixture models to model and predict such data. The study also applied the methods studied to modeling and forecasting the currency exchange rates for the East African countries. Additionally, the study endeavored to enrich the existing literature on mixture modeling approaches and their effectiveness in forecasting high-frequency time series data. The Ljung Box test was used to test for the lack of fit in the ARIMA, ANN, and Mixture models while RMSE and MAPE were used to compare the prediction performance of the models. The results established that ARIMA approach became weaker in accurately modeling and forecasting time series data whose frequency was greater than 48 while ANN was able to precisely handle time series data whose frequency was up to 336. Further, the study results showed that the mixture ARIMA- ANN model provided the best forecast accuracy compared to ARIMA and ANN models for high-frequency data and produced better fitting models even for hourly time series data, a phenomenon that could not be achieved by the single models. When applied to currency exchange  rates,  the  study  established  𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁 (1,1,0)(5: 1: 2)250,  𝐴𝑅𝐼𝑀𝐴 −
𝐴𝑁𝑁(0,1,1)(5: 1: 2)250,	𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁 (0,1,0)(5: 1: 2)250	and	𝐴𝑅𝐼𝑀𝐴 −
𝐴𝑁𝑁 (1,1,0)(5: 1: 2)250 respectively for the KSH/RWF, KSH/TSHS, KSH/USHS and KSH/BIF currency exchange rates. The models had lower MAPE and RMSE values compared to the corresponding ARIMA and ANN models.
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[bookmark: _bookmark8]CHAPTER ONE
 INTRODUCTION
1.1.	Background of the Study

[bookmark: _GoBack]Time collection forecasting in which beyond observations of the equal variable are accumulated and analyzed to built a version defining the underlying dating that is then applied to predict future values is an crucial place of time collection evaluation. As found by means of Zhang (2003), the autoregressive incorporated transferring common (ARIMA) model is the most widely used time collection model attributable to its statistical residences as well as its ease of implementation within the box–Jenkins method. The technique however suffers from the problem of the pre- assumed linear shape of the model that is not continually satisfactory.
Zhang et al. (2001), studied the utility of synthetic neural networks (ANN) in time series prediction. The method gives a primary gain of being bendy in nonlinear modeling. They further asserted that ANN, does not require the specification of a particular model form, but as an alternative, the version is adaptively shaped based at the capabilities supplied from the data.
Punyapornwithaya et al. (2021), carried out the Seasonal Autoregressive integrated moving average Seasonal-errors trend and Seasonality ( SARIMA-ETS) aggregate technique to version and forecast milk production facts. They set up that the SARIMA-ETS aggregate model had the very best forecasting performances in comparison with the other fashions, SARIMA and ETS. In selling the need for combination methodologies, Amjad (2023), as compared ARIMA, ANN, and combination models the use of the monthly gold expenses from Nov-1989 to Dec-2019. The imply rectangular blunders (MSE), mean Absolute error (MAE), and mean Absolute percent blunders (MAPE) had been carried out to determine the forecasting performance of the models. The study established that the utility of aggregate models advanced the forecasting overall performance over the ARIMA and ANN fashions. however, one of the barriers of the research by using Punyapornwithaya et al. (2021) and Amjad (2023) turned into that the facts used were monthly observations and no endeavors have been

made to evaluate whether the performance of the fashions will be affected by the time series information frequency.
Tommaso and Diego (2023) discovered that high frequency time series facts found show complex seasonal patterns that result from the mixture of annual, monthly, weekly, and day by day periodicities and assert that any statistical evaluation of such information have to cope with the said inherent complexity of the seasonal styles. high-frequency time series facts also are concern to outliers, for this reason the need for inferential strong strategies to address the outliers. furthermore, as determined by Zhang (2003), it's miles frequently tough in exercise to determine whether or not a time series underneath examine is generated from a linear or non-linear underlying process, for this reason underscoring the need to apply aggregate methodologies.
forex fees making use of the conventional models to problems of East African economies often showed boundaries of their potential to degree rapid adjustments over change charges. First investigations of mixture fashions inside this nearby framework indicated superb outcomes, whereby the accuracy was proven to outperform ARIMA or ANN models. The records from East African countries inside the beyond showed that combination models, properly adjusted to neighborhood financial patterns of this area had been more effective than traditional ones and cut forecasting errors by big numbers. The improvement of forex price forecasting in East African countries in addition highlighted the significance of the use of adaptive fashions such as combination ARIMA and ANN to address various financial situations, excessive-frequency facts.
In reaction to such challenges bobbing up from the usage of excessive-frequency information in forecasting, ARIMA and ANN fashions were incorporated into this landscape. Early work at the combination fashions tried to take gain of strengths which are fundamental with respects linear modeling skills of ARIMA and non-linear sample popularity capacities characteristic ANN. those historical analyses proven that in phrases of accuracy, the aggregate models have proven a better forecasting performance while as compared to single complicated ARIMA-ANN model in particular
for capturing surprising modifications and statistics patterns such as chaotic dynamics present in high frequency time collection facts. It was proven by way of applying these aggregate fashions to hourly or each day change rate records that the mean Absolute percentage mistakes and Root mean rectangular dropped considerably. historic research into aggregate fashions has proven that they can improve forecast accuracy as statistics frequency increases, marking the arrival of a brand new era in forex fee prediction.
The intention of this study turned into consequently to fill fundamental gaps in the frame of knowledge on forecasting foreign exchange prices. It first tackles the dearth of thorough research on how excessive-frequency records impacts ARIMA and ANN fashions, methodically assessing how well they carry out at extraordinary time series frequencies. 2d, the studies explores the uncharted subject of aggregate models, particularly the marriage of ANN and ARIMA, providing insights into how they may improve excessive-frequency forex charge forecasting accuracy. moreover, the observe aims to shut the information gap concerning the usage of forecasting fashions in East African countries through providing a customized method to deal with the complex economic dynamics of the place.
1.2 Statement of the Problem

The accurate analysis and prediction of time series data have great theoretical and sensible importance. however, the emergency of time series records discovered at higher frequencies than month-to-month display complex seasonal patterns that end result from the mixture of annual, monthly, weekly, and daily periodicities poses a challenge in identifying appropriate techniques so that it will accommodate the complex inherent structure in such statistics in preference to emphasizing on models that promote the principle of parsimony on the expense of complex fashions. This requires the want to research, the modeling and prediction performance of present fashions with the purpose of establishing their suitability for diverse time series data frequencies. primarily based, in this premise, the take a look at sought to examine the linear and non-linear modeling and forecasting overall performance ARIMA and ANN fashions respectively. these fashions behaviour in modeling time
collection records under varying time collection records frequencies can be investigated in order to establish an application framework inside numerous time collection information frequencies. The look at similarly endeavored to advise a mixture technique that entails the use ARIMA to model the linear element and ANN for the non-linear element so to improve the forecasting performance of the version for high-frequency time collection facts. The capacity advantages of mixture models, especially the combination of ARIMA and ANN, inside the context of high-frequency time series facts, have now not been very well investigated subsequently the want to fill one of these gap. The studies endeavors to fill these gaps via systematically comparing the performance of both individual fashions and aggregate strategies across various time collection frequencies. furthermore, the take a look at responds to the absence of tailored forecasting models for East African countries, improving the know-how of forecasting dynamics in rising markets. Emphasizing practical implications, the studies contributes to bridging the divide among theoretical modeling procedures and their real- world packages for stakeholders, policymakers, and financial practitioners.
1.3 Objectives of the Study
1.3.1 General Objective


to investigate ARIMA and ANN's modeling and forecasting overall performance within the presence of excessive-frequency information and follow the strategies to forecast the forex costs for the East African countries.
This study might be guided by using the overall goal and three precise objectives as said under.

1.3.2 Specific Objectives
The specific objectives of the Study are:
i. To investigate the effect of time series data frequency on the modeling and forecasting performance of ARIMA and ANN models.
ii. To investigate the effect of time series data frequency on the modeling and forecasting performance of ARIMA-ANN mixture model
   iii. To apply the models to the currency exchange rates for the East African Countries.

1.4 Assumptions of the Study

The look at makes the idea that truthful excessive-frequency information in a uniform format might be provided through the central bank of Kenya. additionally, it assumes that the economic and external factors that influence forex fees remain stable over the route of the observe. a good way to isolate the consequences of time series frequency and modeling strategies, it's miles assumed that the political and monetary environments of the East African countries will remain stable. The look at also makes the assumption that important bank rules will stay normally unchanged at some stage in the research period. For the cause of acting problematic analyses of ARIMA and ANN models across numerous time series frequencies, a sufficient technological infrastructure is also assumed. collectively, those presumptions guarantee the validity and dependability of research findings in currency trading charge forecasting and shape the premise of the have a look at's technique.
1.5.	Justification of the study

The study is justified as it presents certain insights on the overall performance of the time series modeling techniques: ARIMA and ANN in the presence of excessive-frequency statistics which goes beyond the utility of the methods in modeling diverse time collection records furnished in maximum literature. additionally, the examine establishes the performance of the combination methods proposed by means of Zhang (2003) beneath varying time collection statistics frequencies. further, the observe proposes the combination method involving ARIMA for modeling the linear element and ANN for modeling the non-linear part as the maximum appropriate for excessive-frequency time series data. these would stimulate similarly studies in this area of information, specially exploring methods that may effectively version very excessive-frequency records together with hourly, minute-by way of-minute statistics e.t.c.

1.6.	significance of the study

This observe holds paramount importance for coverage intervention in East African nations through addressing vital gaps in currency trading rate forecasting methodologies. The studies affords governments with vital gear for knowledgeable selection-making in economic policies, contributing to financial balance. with the aid of that specialize in excessive-frequency information and evaluating aggregate models, the examine gives a ahead-searching approach to forecasting, empowering policymakers to proactively respond to evolving monetary situations. The research's emphasis on realistic implications ensures that its findings can be translated into actionable techniques, guiding governments in crafting policies aligned with broader economic goals. In essence, this record no longer most effective enriches educational know-how however additionally serves as a treasured useful resource for governments in East Africa, permitting them to navigate currency dynamics successfully and foster sustainable financial growth through proof-primarily based policy interventions.
1.7.	Limitations of the study
it's far crucial to apprehend the inherent barriers of the examine. First, because the file relies upon on statistics from the principal bank of Kenya, any mistakes or omissions should have an effect at the findings. The presumption of political and monetary stability could also be referred to as into query by using unanticipated tendencies or swings. consistent primary financial institution regulations are also assumed within the examine; however, changes made for the duration of the research segment may additionally affect the consequences. furthermore, variables now not taken under consideration in this have a look at may additionally have an impact on how effective modeling techniques are. ultimately, even though the examine makes use of state-of-the-art models, forecasting is inherently unsure, and predictions may additionally show to be erroneous because of unforeseen instances.


1.8 Operational Definitions of Terms

Mixture model: In this research context is an integrated forecasting approach that combines Autoregressive Integrated Moving Average (ARIMA) and Artificial Neural Network (ANN) models to enhance currency exchange rate forecasting accuracy.
ARIMA: Is a time series forecasting model used to capture and predict temporal patterns in currency exchange rates by combining autoregressive and moving average components with differencing.
ANN: An artificial intelligence model, is applied in currency exchange rate forecasting to capture complex, nonlinear relationships in the data.
Exchange Rates: Represent the relative value of currencies, and in this study, the focus is on forecasting the movement of exchange rates for East African Countries.
Currency: In the context of this research, pertains to the monetary units of East African Countries whose exchange rates are being modeled and forecasted.
Modeling: Involves constructing mathematical frameworks, including ARIMA and ANN, to represent and analyze patterns in currency exchange rate data.
Forecasting: Is the process of predicting future currency exchange rates based on historical data and patterns, utilizing advanced modeling techniques.
Performance: In this study, refers to the correctness and consistency of ARIMA and ANN models, individually and in combination, predicting currency exchange rates across various time series frequencies.






CHAPTER TWO

[bookmark: _bookmark21]LITERATURE REVIEW
2.1 Introduction
A essential evaluation of the literature reveals gaps within the observe of aggregate modeling techniques and finest time series frequencies within the discipline of forex charge forecasting. despite the fact that conventional models consisting of synthetic Neural Networks (ANN) and Autoregressive included shifting Averages (ARIMA) had been studied, little is known approximately how they may be included right into a aggregate version for excessive-frequency facts. by means of inspecting the effects of time series frequency on ARIMA and ANN models, comparing the overall performance of aggregate models, and evaluating currency trading price forecasting in East African international locations, this literature review seeks to shut those gaps. the integration of these investigations will offer a robust foundation for the advised have a look at.
2.2 Time Series Modeling and Forecasting

As observed via Liu et. al.(2016), a time collection 𝑦𝑡 is a succession of observations at discrete instances t. The modeling and forecasting of time collection statistics is a pertinent location of studies and includes the collection and evaluation of beyond observations of the same variable to constructed a model that describes the causal relationship (Zhang, 2003). Such models are regularly used in prediction whilst scanty statistics is available on the number one statistics-generating mechanism hence imparting approach for forecasting future observations based totally on the historic data (Liu et. al.,2016).

Khandelwal (2015), identified the ARIMA model as the maximum popular linear time collection version due to its ease of implementation in the box-Jenkins framework. As asserted through field and Jenkins (1968), the system carries a three-step repetitive technique of model

identification, parameter estimation, and diagnostic checking. Zhang (2003) asserted that regardless of ARIMA fashions being pretty bendy, the pre-assumed linear form of the version is a main problem to its application. Time collection fashions consisting of ANN are being used to conquer the restrictive linearity assumption of the RIMA fashions and accommodate the non- linear patterns inherent within the information.

Zhang (2003) advanced the ARIMA-ANN aggregate modeling approach and confirmed that singly, ARIMA, and ANN have been not capable of dealing with all types of time series information. He determined that the mixture method combines the blessings of every issue model and is suitable for its use in each linear and non-linear time collection modeling. therefore, exceptional research have compared the performance of ARIMA, ANN, and the combination ARIMA-ANN models (Siamba et al., 2023, Wang et al., 2013, Sanjeev and Nitin, 2022), and maximum of them have set up the prevalence of the aggregate fashions. this is due to the issue encountered in figuring out the producing manner  of the time collection below examine (Zhang, 2003). Sanjeev and Nitin (2022) applied the mixture technique to the prediction of sugarcane manufacturing and set up that the combination ARIMA-ANN model had lower of RMSE and MAPE values, and consequently had better performance than ARIMA models. On their side, Siamba et al. (2023) applied ARIMA, and aggregate ARIMA fashions to expect and forecast TB incidences amongst youngsters in Homa Bay and Turkana Counties in Kenya. They hooked up that the mixture version furnished better forecasts as compared to the ARIMA model.
2.3 Analysis of Mixture Models in High-Frequency Time Series Forecasting

the present literature on brucellosis forecasting famous a sizeable understanding hole in leveraging advanced mixture fashions for correct predictions, mainly inside the context of developing countries. even as preceding studies have explored traditional time series evaluation and neural community models, there may be a lack of studies integrating these procedures. This study addresses this gap via using Seasonal-fashion Decomposition the use of Loess (STL) for seasonal evaluation and ultimately introducing and comparing ARIMA, and ARIMA-ANN with the ANN models applied via returned Propagation (BP) and Elman Recurrent (ER) Neural Networks (NN). The research spanned a crucial length from 2007 to 2017, that specialize in human brucellosis in Shanxi Province. ARIMA-ERNN model changed into discovered to be more efficient in comparison to each ARIMA and ARIMA-BPNN in phrases of fitting and prediction overall performance. The examine furnished a singular and powerful technique to brucellosis forecasting literature.
The literature on time collection forecasting highlights a crucial need for correct prediction in diverse domain names, prompting the exploration of different methodologies, along with linear and nonlinear fashions and their combos. while current studies propose for the efficacy of mixture fashions, barriers in sure assumptions restrict their performance. This look at addresses this hole by way of offering a singular ARIMA- ANN aggregate approach designed to work within a more standard framework. The studies emphasizes the importance of strategies for records decomposition and the combination of linear and nonlinear models throughout the hybridization manner. The experimental consequences underscore the significance of these considerations, leading to the incorporation of the Empirical Mode Decomposition (EMD) technique to decorate predictability. The findings reveal that the mixture technique with EMD surpasses traditional mixture techniques and man or woman fashions in forecasting accuracy, offering a treasured contribution to the sector of time collection forecasting.
2.four	Modeling and Forecasting forex prices
Abounoori and Zabol (2020), discovered that a extensive impact at the components of change price regulations emerges from exchange price forecasting. This in flip influences the goods marketplace; consequently, there is a need for firms and individuals to predict the dynamics of change costs.

AHMAD, et al. (2023) carried out ARIMA and GARCH in modeling Nigeria’s Naira – US greenback month-to-month exchange costs based totally at the month-to-month average authentic change charge (Naira/USD). Their look at observed out that the ARIMA (0, 2,2) and GARCH (1,1) models were the premiere fashions for the information.
Tran (2016) carried out ARIMA to month-to-month VND/USD exchange quotes and hooked up a model for the exchange fees of the Vietnam Dong vs. america greenback. ARIMA (2,7,34) model turned into identified as the better-fitting model. The examine additionally concluded that ARIMA modeling was suitable for forecasting forex rates.
Qimian Zhu (2023) applied month-to-month information to increase an ARIMA(p,d,q)version for the USD/Euro trade rates. He hooked up an ARIMA(0,1,1) model for the records which turned into in comparison to a model recognized by way of Dunis and Huang, who diagnosed the ARMA (4, 4) version for the USD/Euro change rate. On their part, AsadUllah et al. (2022) tested the accuracy of mixed fashions with the person fashions in phrases of forecasting Euro towards US dollar. They in comparison the forecasting overall performance of ARIMA, Naïve, exponential smoothing (ES) version, and nonlinear autoregressive distributive lags (NARDL) fashions and set up that NARDL achieved higher than all of the different fashions. they also considered a mixture of various fashions and confirmed that the mixture NARDL-Naïve version had a higher forecasting overall performance in comparison to the standalone models. This underscores the importance of considering combination fashions in modeling time series information.
Kamruzzaman and Ruhul hired the artificial Neural Networks based on 3 getting to know algorithms: widespread Backpropagation (SBP), Scaled Conjugate Gradient (SCG) and Backpropagation with Bayesian Regularization (BPR) to predict six exclusive currencies in opposition to the Australian dollar. The time collection data frequency become weekly and determined out that the

SCG neural network model completed very near prediction because it had the bottom NMSE and MAE metrics.
the existing literature in phase 2.4 underscores the crucial significance of appropriately modeling and forecasting time series in rising economies, particularly regarding currency fees, because it seems to have been omitted for decades with lots recognition on evolved economies. This affords a extraordinary hole for comprehensive studies to cope with the change fee dynamics in developing countries. The ARIMA models were largely hired in modelling the currency exchange charges even as later years’ research have extended the use of ANN. The behavior of the modeling strategies under excessive-frequency time series records has scantly been installed. This look at contributes to filling this hole through employing ARIMA and ANN models to estimate and forecast trade charge dynamics it the EAC nations’ forex prices the use of day by day information. The observe deploys the mixture ARIMA-ANN modeling strategy to those excessive-frequency forex quotes information and establishes whether its use outperforms using the standalone strategies.
2.5	Conclusions and knowledge hole
despite the fact that each the theoretical and empirical findings insinuate that combining ARIMA and ANN methods is an effective manner to improve time collection records forecasting, there may be little or no concrete consciousness on the performance of the techniques under distinct time series statistics frequencies. due to the emergency of increasingly high-frequency time series which result to longer and complex time collection records, it's far of paramount significance to expand an knowledge of the way the modeling methods are laid low with the records frequency. This examine proposes the comparison of ANN and ARIMA model forecasts below differing facts frequencies and then establishes the modeling and prediction accomplishments of the combination model beneath the ones distinct facts frequencies.
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[bookmark: _bookmark27]CHAPTER THREE 
RESEARCH METHODOLOGY
3.1.	introduction
Time collection forecasting is a discipline without delay evolving and with giant promise for destiny development. one of the most commonly used tactics for updating prediction accuracy is a mixture brand newmonthly techniques. This method exploits the fundamental features of various fashions or strategies monthly construct a forecasting framework this is each stronger and extra accurate. cutting-edge research has been completed in this particular area and a plethora cutting-edge combinations had been proposed as in keeping with the above literature. This look at will make the most the overall performance trendy the mixture version within the presence cutting-edge high-frequency records, analyze, model and forecast the destiny values cutting-edge foreign exchange costs for East African nations.
3.2 Data Collection and Processing
In organising the modeling and forecasting performance monthmonthly the strategies studied in various time series data frequencies, the Hourly energy intake dataset month-to-month at KAGGLE (https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption) turned into used. The information
carries hourly records collected over a duration latest 10 years and includes 121272 hourly records entries. The facts had been converted inmonth-to-month annual, quarterly, monthly, daily, and twice-daily records with frequencies 1, 4, 12, 48, 336 and 672.
to demonstrate the time series steps required monthly model the aggregate ARIMA-ANN models for forecasting currency exchange charges in East African nations, daily currency trading fee facts become obtained from the principal financial institution month-to-month Kenya (CBK) and protected KSH/RWF, KSH/TSHS, KSH/USHS, and KSH/BIF foreign exchange fees. The dataset contained 1750 entries state-of-the-art time collection facts facmonthmonthly overlaying the duration, January 2017 monthly 2023 December. The statistics transformed right into a time series format, and differencing become applied month-to-month make the facts stationarity.
3.3 ARIMA Modeling Procedure

The augmented Dicky Fuller take a look at become implemented for the hypothesis take a look at month-to-month stationarity. The p-cost extra than 5% will provide the stationarity ultra-modern information. Dickey-Fuller take a look at assumes a AR(1) type time collection model and it's far represented mathematically as,
𝑌𝑡 = 𝛼𝑦𝑡−1 + 𝜀𝑡	(1)
in which 𝑌𝑡 is the variable cutting-edge interest, t is the time index, 𝛼 is a coefficient, and 𝜀𝑡 is the error time period. A unit root is present if 𝛼 = 1 . in addition, the time collection statistics might be decomposed month-to-month take a look at the trends monthmonthly the facts throughout time. The Ljung-container statistic take a look at might be carried out month-to-monthmonthmonthly for the presence latest aumonthlycorrelations, with the equal asympmonthlytic distribution, understanding with better small sample houses.
3.4 Effect of time series frequency data on modeling and forecasting the performance of ARIMA and ANN models
The purpose modern-day the primary goal, month-to-month be monthly determine understanding time collection frequency data influences modeling and forecasting performance currency trading rates and might be completed via an in depth analysis the use of each ARIMA fashions month-to-month ANN fashions. First, we are able monthmonthly get excessive-frequency time series dataset trendy forex charges from East African international locations. The analysis will entail varying the information inmonthly one of a kind frequency stages- each day, weekly and month-monthmonthly extensions to see expertise properly time series affect modeling overall performance. inside the case trendy ARIMA, month-to-monthmonthly estimate separate models at every degree frequency by choosing the precise type and order for differencing month-to-month make certain stationarity. by way of systematically comparing the modeling and forecasting overall performance state-of-the-art ARIMA and ANN fashions throughout extraordinary time series frequencies, we are able monthmonthly intention monthly discover insights inmonth-to-month the effect trendy temporal granularity on
predictive accuracy. the use of the mathematical equations illustrated within the second and 1/3 goals, and applying different information frequencies, month-to-month be month-to-month arrive at the best accurate forecasting model with an appropriate frequency modern the information that we will practice month-to-month acquire our intention contemporary the take a look at.
3.5 Analyzing Mixture ARIMA-ANN Models for Forecasting High-Frequency Time Series Data
Neither ARIMA nor ANN will commonly be appropriate for modeling all cutting-edge time collection information. this is due monthmonthly nearly all actual-global time collection incorporates both linear and non-linear correlation systems some of the observations. monthly Zhang (2003), the mixture method brand newmodern ARIMA month-to-month version the linear element and ANN for the non-linear facmonthmonthly. The version takes the shape;
𝑦𝑡 = 𝐿𝑡 + 𝑁𝑡	(2)
𝑦𝑡 is the commentary at period t.
𝐿𝑡, 𝑁𝑡 are linear and non-linear components respectively.

3.5.1 [bookmark: _bookmark34]Autoregressive Integrated Moving Average (ARIMA(p,d,q))

within the ARIMA (p,d,q) model, the non-terrible integers p, d, and q refer to the order trendy the aumonth-to-monthregressive, incorporated, and moving average parts month-to-monthday's the version respectively. The ARIMA model could be prominent by means of the aumonth-to-monthregressive (AR) issuemonthly, which estimates linear correlation with prior observations; an included (I) element that captures differencing and produces stationarity; and a shifting average (MA) thing. The ARIMA version parameters are diagnosed based monthmonthly at the evaluation brand newmonthly ACF and p.c. plots. The received ARIMA model parameters allow for the evaluation ultra-modern the linear temporal traits modern day the facts (Nyamao, 2014).
The ARIMA version might be represented as follows;
𝑦𝑡 = ∅1𝑦𝑡−1 + ∅2𝑦𝑡−2 + ⋯ + ∅𝑝𝑦𝑡−𝑝 + ε𝑡 − 𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2 − ⋯ − 𝜃𝑞𝜀𝑡−𝑞	(three)
𝑦𝑡 = ∅1𝑦𝑡−1 + ∅2𝑦𝑡−2 + ⋯ + ∅𝑝𝑦𝑡−𝑝 + ε𝑡 is the AR component
𝑦𝑡 = 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞 is the MA component where;
𝑦𝑡 is the determined time series (alternate charge for a detailed u . s . a .) at time t
∅𝑖 are the coefficients for the aumonth-to-monthregression element
𝜀𝑡 is the mistake term at time t.
𝜃𝑖 are the shifting common coefficients
P and q are the aumonth-to-monthregressive and moving common orders respectively.
month-to-month Liu et al (2016), if the differencing order is 0, we've got an ARMA (p, q) which assumes that the time collection is stationary. therefore, non-stationarity in t𝑦𝑡 is better managed using the ARIMA modeling strategy.
If the time series information contains non-seasonal and seasonal components, a changed ARIMA model that consists of the seasonal additives and is denoted as 𝐴𝑅𝐼𝑀𝐴 (𝑝, 𝑑, 𝑞) (𝑃, 𝐷, 𝑄) 𝑆 in which P is the order brand newmonthly the seasonal AR component, D is the seasonal differencing operamonthlyr, Q is the order trendy the seasonal MA component and S is the length cutting-edge repeating seasonal sample is desired for the modeling (Nyamao,2013).
If 𝐵𝑌𝑡 = 𝑌𝑡−1, without differencing, an 𝐴𝑅𝐼𝑀𝐴 (𝑝, 𝑑, 𝑞) (𝑃, 𝐷, 𝑄) 𝑆 model can be written as:
𝜙(𝐵)Φ(𝐵𝑆)𝑌𝑡 = 𝜃(𝐵)Θ(𝐵𝑆)𝜀𝑡, 𝑡 = zero, ∓1, ∓2, …	(four)
If the information is not desk bound at both non-seasonal and seasonal degrees, then the SARIMA model might be written as:
𝜙(𝐵)(1 − B)𝑑Φ(𝐵𝑆)(1 − 𝐵𝑆)𝐷𝑌𝑡 = 𝜃(𝐵)Θ(𝐵𝑆)𝜀𝑡	(5) wherein
𝜙(𝐵) = 1 – 𝜙1 𝐵 – 𝜙2 𝐵2 – … . – 𝜙𝑝 𝐵𝑝 is the AR polynomial function month-to-month order p
𝜃(𝐵) = 1 + 𝜃1 𝐵 + 𝜃2 𝐵2 – … . + 𝜃𝑞 𝐵𝑞 is the MA polynomial monthmonthly order q
Φ(𝐵) = 1 − Φ1 𝐵𝑆 − Φ2 𝐵2𝑆 – … . − Φ𝑃 𝐵𝑃𝑆 and
Θ(𝐵) = 1 + Θ1 𝐵𝑆 + Θ2 𝐵2𝑆 + … . + Θ𝑄 𝐵𝑄𝑆
are polynomial features modern order P and Q that fulfill the stationarity and invertibility situations respectively that assist seize the seasonality within the facts.
3.5.2 Artificial Neural Network
in the phase monthmonthly modeling artificial Neural network (ANN), we are trying monthmonthly monthly understand non-linear styles and dependencies in excessive frequency time collection records received from valuable bank trendy Kenya’s each day alternate rates. the usage of neural network structure can be enormously easy since it is composed most effective latest an enter layer, a hidden layer with the activation function ReLU and an output one containing linear devices. The neural network is made month-to-month effectively gather complex relationships between input features, like month-to-month trade fees and relevant economic signs from the goal variable like SRR. The version is skilled month-to-month monthly records with the weights and biases adjusted via backpropagation the usage of suggest squared mistakes loss characteristic. The educated neural community can capture distinctly tricky, non-linear styles inside the statistics because it enhances linear modeling method trendy ARIMA version used within mixture ARIMA– ANN forecasting method. Hyperparameters month-to-monthrymonthly-tuning and version validation on a trying out set improve ANN performance which in its turn improves the forecasting outcomes.
we can consider a simple feedforward neural network with one hidden layer.
ℎ𝑗 = 𝜎(∑𝑛
𝑤𝑗𝑖𝑥𝑖 + 𝑏𝑖)
(6)
𝑦𝑘 = 𝜎 ∑𝑚
𝑣𝑘𝑗ℎ𝑗 + 𝑐𝑘
(7)
in which;
𝑥𝑖 is the enter function
𝑏𝑗 is the prejudice modern day the hidden layer
𝑤𝑖𝑗 is the weight among enter and hidden layer
ℎ𝑗 is the output monthmonthly the hidden later after applying the activation characteristic 𝜎
𝑣𝑘𝑗 is the burden between the hidden and output layers
𝑐𝑘 is the unfairness trendy the output layer
𝑦𝑘 is the final output after making use of the activation feature
3.5.3 The Mathematics behind Artificial Neural Networks
The activation function (𝜎) converts the input signals expressed as a weighted sum neurons inmonthly the output sign which in turn serves as an input sign month-to-month the next layer.
Remarks 1:
𝜎 need monthmonthly be a differentiable feature for that reason assisting the use a backpropagation mechanism monthly reduce the error and update the weights for that reason which is the key aim for ANN method. understandingbut, the exchange in weights need monthmonthly be set up such that blunders is minimal. A schematic representation modern day the ANN method is proven in parent three.1representation of the ANN procedure is shown in Figure 3.1



[image: ]

[bookmark: _bookmark37]Figure 3.1: Schematic Representation of ANN


3.5.4 [bookmark: _bookmark38]Mixture ARIMA-ANN Model

Sanjeev and Bhardwaj (2022) located that Neither ARIMA nor ANN models are generally appropriate for all types statemodern time series information for the reason that majority state-of-the-art such data consists of both linear and nonlinear parts, hence the need for modeling strategies which can model simultaneously both the linear and nonlinear components. The examine month-to-month the aggregate technique devised with the aid of Zhang (2003) that applies ARIMA and ANN and assessed its overall performance beneath diverse time series records frequencies. The ARIMA model handles linear temporal dependencies in desk bound time series facts, while the ANN model is good at recognizing non-linear styles and long-time period memory consequences. The combination ARIMA-ANN technique is summarized in the algorithm underneath:
	Algorithm 1: Mixture ARIMA-ANN Methodology

	Let 𝒚𝒕, 𝑳𝒕, and 𝑵𝒕 be measurements, linear and nonlinear constituents respectively at period t.
1. Apply ARIMA to fit the linear component of the data, generate the necessary forecasts for period t and obtain the residuals 𝒆𝒕 = 𝒚𝒕 − 𝑳𝒕. According to Zhang (2003), the dataset for 𝒆𝒕 will only contain the nonlinear component
2. Model the dataset for 𝒆𝒕 using ANN, and obtain the corresponding forecasts
3. Combine the forecasts from ARIMA and ANN models for a given period t.
𝒀̂𝑯𝒚𝒃𝒓𝒊𝒅,𝒕 = 𝜶𝒀̂𝑨𝑹𝑰𝑴𝑨,𝒕 + (𝟏 − 𝜶)𝒀̂𝑨𝑵𝑵,𝒕
Where;
𝒀̂𝑯𝒚𝒃𝒓𝒊𝒅,𝒕 is the Mixture model forecast at period t.
𝒀̂𝑨𝑹𝑰𝑴𝑨,𝒕 is the ARIMA model forecast at period t.
𝒀̂𝑨𝑵𝑵,𝒕 is the ANN model forecast at period t.
𝝈 is the weight that determines the contribution of the ARIMA model within the interval
𝟎 ≤ 𝝈 ≤ 𝟏



Remark 2:

The aggregate approach combines the month-to-month attributes modern parametric and non-parametric analysis month-to-monthmonthmonthly common accuracy.
Remark 2:
The combination model for modeling and predicting currency exchange quotes involves a scientific process combining the strengths present day the ARIMA and ANN fashions. within the ARIMA prediction step, we fit the ARIMA version month-to-month the desk bound statistics and utilized it month-to-month generate one-step in advance forecasts, denoted as 𝑌̂𝐴𝑅𝐼𝑀𝐴,𝑡. simultaneously, the ANN forecasting step includes the training monthmonthly the ANN version with monthly functions, leading month-to-month predictions for the subsequent time factor, denoted as𝑌̂𝐴𝑁𝑁,𝑡. The fruits of those forecasts is performed thru mixture version forecasting, where a weighted average modern the ARIMA and ANN predictions is computed. The combination forecast 𝑌̂𝐻𝑦𝑏𝑟𝑖𝑑,𝑡 expressed as in equation 7 above, introducing a weight parameter 𝜎 that regulates the have an effect on present day the ARIMA version within the final combination forecast. This stepwise method bureaucracy a crucial thing trendy our research technique, providing a comprehensive approach month-to-month modeling and forecasting forex costs in East African countries.
3.5.5.Diagnostic Test for Lack of Fit in the Time Series Models
The Ljung box take a look at turned into used in the study monthmonthly the dearth ultra-modern match inside the ARIMA, ANN, and mixture ARIMA-ANN time series fashions. The check brand newmonthly the aumonthlycorrelations modern day the residuals in computing the check statistic (𝑄∗). The version will be inferred now not month-to-month exhibit a full-size lack of fit if the aumonth-to-monthcorrelations are small. The Q* test statistic for the Ljung-container check is given as:
𝑚	𝑟̂2
𝑄∗ = 𝑛(𝑛 + 2) ∑	 𝑘
𝑛−𝑘
(eight)
wherein 𝑟̂𝑘 is the expected aumonth-to-monthcorrelation state-of-the-art the series at lag ok and m is the variety monthmonthly lags being examined. The hypotheses examined were
𝐻0: 𝑇ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑒𝑥ℎ𝑖𝑏𝑖𝑡 𝑙𝑎𝑐𝑘 𝑜𝑓 𝑓𝑖𝑡.
𝐻1: 𝑇ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑒𝑥ℎ𝑖𝑏𝑖𝑡𝑠 𝑙𝑎𝑐𝑘 𝑜𝑓 𝑓𝑖𝑡.
field et al. (2015) determined that the null hypothesis that the version does not show off lack of fit is rejected if
𝑄∗ > 𝜒2	(9)
wherein 𝜒2	is the chi-rectangular distribution table price; h are the stages latest freedom; and 𝛼 is the significance degree
3.5.6.Forecast Accuracy of the Time Series Models
suggest Absolute percent mistakes (MAPE) and Root imply Squared error (RMSE) metrics were used monthly determine the forecasting performance monthmonthly the fashions. MAPE is described as:
𝑀𝐴𝑃𝐸 = 1 ∑𝑛
𝑛
|𝑦𝑖−𝑦̂𝑖|
𝑦𝑖
× one hundred	(10)
while RMSE is defined as:
𝑅𝑀𝑆𝐸 = ∑𝑛
||𝑦𝑖−𝑦̂𝑖||2
𝑛
× one hundred	(11)
MAPE is a scale-loose blunders metric that considers the absolute cost and measures as a percentage, the average absolute difference between discovered and predicted values. each MAPE and RMSE values shouldmonthly be minimal for right prediction performance.
























[bookmark: _bookmark41]CHAPTER FOUR
RESULTS AND INTERPRETATION
4.1 Introduction

This chapter offers the findings contemporary the study which encompass; the modeling and forecasting performance latest the character models ARIMA and ANN beneath various time collection facts frequencies; the modeling and forecasting performance month-to-monthday's the aggregate ARIMA-ANN version beneath numerous time collection records frequencies and consequences month-to-monthday's the application contemporary the methods monthly the EAC forex rates.
4.2.Effect of Time Series Data Frequency on the Modeling and Forecasting Performance of ARIMA and ANN Models.
To reap the examine goal, the time collection facts underneath unique frequencies had been simulated after which ARIMA and ANN fashions have been suit and forecast values acquired. The characteristic nnetar() which selectively chooses the maximum appropriate model for the facts primarily based on forecast effects turned into used month-to-month become aware of the suitable ANN fashions for the numerous frequencies even as vehicle. ARIMA() feature changed into used month-to-month discover the perfect ARIMA version.
4.2.1.Effect of the Time Series Data Frequency on the ARIMA and ANN Model Goodness-of -fit
Residual evaluation became conducted as a diagnostic devicemonthly month-to-month checkmonthly for no loss of fit inside the ARIMA and ANN fashions for the various time collection records frequencies. container et al. (2015) nation that a visible take a look at state-of-the-art the residuals shouldmonthly be the first step and the hypotheses tested were
𝐻zero: 𝐷𝑎𝑡𝑎 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑠ℎ𝑜𝑤 𝑙𝑎𝑐𝑘 𝑜𝑓 𝑓𝑖𝑡 vs. 𝐻1: 𝐷𝑎𝑡𝑎 𝑑𝑜𝑒𝑠 𝑠ℎ𝑜𝑤 𝑙𝑎𝑐𝑘 𝑜𝑓 𝑓𝑖𝑡
And 𝐻0 turned into rejected if the p-fee is > 0.05. The results for the best ARIMA and ANN models selected, the Ljung check statistic, and corresponding p-values are proven in desk four.1 below.

[bookmark: _bookmark46]Table 4.1: Ljung Box Test Statistics for ARIMA and ANN Models for Various Frequencies

	

F
	ARIMA Modeling
	ANN Modeling

	
	Best Model
	Ljung test statistics
	P-value
	Best Model
	Ljung test statistics
	P-value

	1
	ARIMA (3,1,0)
	12.069
	0.0072
	NNAR (2,2)
	12.431
	0.0060

	4
	ARIMA (1,1,0)
	9.1394
	0.2428
	NNAR  (2,1,2)
[4]
	4.820
	0.7766

	12
	ARIMA(0,1,0) (1,1,1)[12]
	17.284
	0.7475
	NNAR  (2,1,2)
[12]
	69.804
	2.3e-06

	48
	ARIMA(1,1,1) (0,0,2)[48]
	1162.2
	<2.2e-16
	NNAR (25,1,14) [48]
	66.967
	0.9894

	336
	ARIMA(0,1,2) (0,1,0)[336]
	3136.2
	<2.2e-16
	NNAR (33,1,18) [336]
	1484.9
	<2.2e-16

	672
	ARIMA(1,1,1)(
0,1,0)[672]
	18173
	<2.2e-16
	NNAR (33,1,18) [336]
	4825.6
	<2.2e-16



From table 4.1, the ARIMA model turned into installed month-to-month be a better in shape than the ANN version for annual time series records (0.0072>0.0060). For the ARIMA fashions, better fitting fashions were received when the frequencies had been quarterly (Q=nine.1394, p=zero.2428>zero.05), and monthly (Q=17.284, p=0.7475>zero.05. For the same frequencies, NNAR (2,1,2) [4] provided a higher match than the ARIMA model with a more p-fee month-to-month 0.7766. understandingbut, by means of growing the frequency to 12 which represents monthly information observations, ARIMA modeling outperforms, ANN in imparting a higher fitting version. while the time series data frequency changed into extended month-to-month weekly (𝑓 = 48), the p-cost for ANN changed into zero.9894 even as that month-to-monthday's the ARIMA version become less than 2.2e- 16 for this reason ANN furnished a higher becoming version than ARIMA.
For time collection records observations wherein 𝑓 ≥ 48, ARIMA month-to-month produce better-fitting fashions since the p-values for the Ljung box records remained zero whilst for the time collection data observations wherein 𝑓 ≥ 336, ANN didn'tmonthly produce an awesome-fitting version. The effects
know-how that ANN turned into on common better than ARIMA in modeling high-frequency time collection statistics. that is in addition illustrated [image: ] in Figure 4.1 below:
[bookmark: _bookmark47]Figure 4.1: Ljung Box Q Statistic P-value for Various TS Data Frequencies


Figure 4.1 understandings that the ARIMA modeling provides higher fitting fashions for decrease-frequency time collection data measured month-monthmonthly, quarterly, or yearly whilst ANN affords higher fitting time collection fashions for higher frequencies together with weekly and those in the lower neighborhood trendy 336 representing daily.
similarly, residual evaluation plots are provided in figure 4.2. Figures 4.2a and b sknowknowledge that the mean brand newmonthly the residuals for the quarterly records (frequency =four) are month-to-monthnear zero and there are no big correlations in the residuals’ collection for both ARIMA and ANN fashions for the reason that all the aumonth-to-monthcorrelations lie in the hooked up limits. As shown by way of the plot present day the residuals, their variance stays the identical over the time period, therefore the residual variance may be stated month-to-month be consistent. comparable inferences can be made from the hismonth-to-monthgram cutting-edge the residuals which propose normality ultra-modern the residuals. consequently, forecasts from these techniques for lower time series frequencies will likely be pretty excellent.
[image: ][image: ]
Figure a: ARIMA (1,1,0) [4]	Figure b: NNAR (2,1,2) [4]
[image: ]
Figure c: ARIMA(1,1,1) (0,0,2) [48]	Figure d: NNAR (25,1,14) [48]
[bookmark: _bookmark48]Figure 4.2: Sample Residual Analysis Plots for ARIMA and ANN Models

For time series data collected twice daily, the plots in Figures 4.3 a and b show that both ARIMA and AN N models fail to provide good fits since most autocorrelations in the ACF
plots lie outside the confidence limits. It is therefore inferred that both modeling strategies are not good for modeling very high frequency time series data (𝑓 = 336)
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Figure a: ARIMA (1,1,1)(0,1,0)[672]	Figure b: ANN (11,1,18)[672]
[bookmark: _bookmark49]Figure4.3: Residual Analysis Plots for ARIMA and ANN Models for twice Daily Data


[bookmark: _bookmark50]4.2.2.Effect of Time Series Data Frequency on the Forecasting Performance of ARIMA and ANN
Table 4.2 shows the MAPE, and RMSE values for the ARIMA and ANN models under the various time series frequencies.






[bookmark: _bookmark51]Table 4. 2: Forecast Performance of ARIMA and ANN Models for Various Time Series Frequencies

	Frequenc y
	ARIMA Modeling
	ANN Modeling

	
	Best
Model
	MAP E
	RMSE
	Best Model
	MAPE
	RMSE

	1
	ARIMA(3
	0.79
	139.76
	NNAR(2,2)
	0.280
	63.201

	
	,1,0)
	6
	
	
	
	

	4
	ARIMA
	2.24
	451.55
	NNAR(2,1,2)[4]
	1.87
	373.93

	
	(1,1,0)
	6
	
	
	
	

	12
	ARIMA(0
	1.35
	430.37
	NNAR(2,1,2)[12]
	1.952
	472.13

	
	,1,0)(1,1,1
	5
	
	
	
	

	
	)[12]
	
	
	
	
	

	48
	ARIMA(1
	2.07
	556.34
	NNAR(25,1,14)[48]
	0.578
	170.48

	
	,1,1)(0,0,2
	7
	
	
	
	

	
	)[48]
	
	
	
	
	

	336
	ARIMA(0
	1.44
	400.69
	NNAR(33,1,18)[336]
	0.9370
	225.90

	
	,1,2)(0,1,0
	9
	
	
	
	

	
	)[336]
	
	
	
	
	

	672
	ARIMA(1
	1.74
	475.61
	NNAR	(33,1,18)
	0.9948
	236.12

	
	,1,1)(0,1,0
	0
	
	[336]
	
	

	
	)[672]
	
	
	
	
	



Results in Table 4.2 show that the ANN model fits the data well as compared to the ARIMA modeling strategy as evidenced by the lower RMSE values across all the time series data frequencies  except  for  monthly  time  series  data  for  which  𝑅𝑀𝑆𝐸𝐴𝑁𝑁(472.13) &gt;
𝑅𝑀𝑆𝐸𝐴𝑅𝐼𝑀𝐴(430.37) signifying that for monthly data, ARIMA modeling would provide a better fit as compared to the ANN model. The results corroborate the Lyung box test reslt in which the p-value for the ARIMA model was greater than 0.05 while that of the ANN model was far mush less than 0.005.
Further, the study shows that the ANN model gave more accurate predictions than the ARIMA model for all the time series data frequencies except monthly time series data. For the time series data frequencies of 1(annual), 4(Quarterly), 12(Monthly), 48 (weekly), 336 (daily), and 672 (Twice daily), ANN yielded MAPE values of 0.280%, 1.87%, 1.952%, 0.578%, 0.9370%
and 0.9948% while ARIMA yielded MAPE values of 0.796%, 2.246%, 1.355%, 2.077%, 1.449% and 1.740% for the respective frequencies. On average, ANN Models across the various frequencies have the lower MAPE values, hence the modeling technique can forecast future values more accurately than the ARIMA model. However, when time series data frequency  in  monthly,  ARIMA  modeling  provides  more  accurate  forecasts  since
𝑀𝐴𝑃𝐸𝐴𝑁𝑁(1.952) &gt; 𝑀𝐴𝑃𝐸𝐴𝑅𝐼𝑀𝐴(1.355). The forecasting performances for annual, quarterly, weekly, and daily are considered side by side in Figure 4.4. The figures show that whereas the ARIMA model forecast values exhibit an approximately linear trend, those of the ANN model capture well the non-linear trend in the data. This is more pronounced as the time series data frequency increases. The results show that, with high-frequency time series data, the ARIMA modeling strategy does not capture well the non-linear pattern in the data
[image: ]	[image: ]
Figure a: Forecasts From ARIMA(3,1,0)	Figure b: Forecasts From ANN(2,2)

Figure c: Forecasts From ARIMA(1,1,0)[4]	Figure d: Forecasts From ANN(2,1,2)[4]
[image: ]
Figure e: Forecasts From ARIMA(1,1,1)(0,0,2)[48]	Figure f: Forecasts From ANN(25,1,14)[48]

Figure g: Forecasts From ARIMA(0,1,2)(0,1,0[336]	Figure h: Forecasts From ANN(33,1,18)[336]
[bookmark: _bookmark52]Figure 4.4: Forecast Plots for ARIMA and ANN Models for some TS Data frequencies

[bookmark: _bookmark53]4.3.To investigate the performance of the ARIMA-ANN mixture model in Fitting and forecasting high-frequency time series data.
The ANN modeling strategy based on the Neural Network Autoregressive structure (NNAR) was used to model the residuals from the 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝐹 model. The ARIMA- ANN models for the various frequencies are given in Table 4.3 below:
[bookmark: _bookmark54]Table 4.3: ARIMA-ANN Modeling for Various Time Series Data Frequencies

	
	ARIMA-ANN Modeling

	
Freque ncy
	Model
	Goodness-of-fit Indicators
	Forecasting Performance Indicators

	
	
	Ljung test statistics
	P-value
	RMSE
	MAPE

	1
	ARIMA-ANN(3,1,0)(2:0:2)
	3.601
	0.3079
	58.478
	1.3314

	4
	ARIMA-ANN(1,1,0)(2:1:2)
	9.067
	0.3367
	329.27
	0.904

	12
	ARIMA- ANN(0,1,0)(1,1,1)(2:1:2)
	16.458
	0.8708
	352.66
	0.8712

	48
	ARIMA-ANN(1,1,1) (0,0,2)(2:1:5)
	301.95
	0.1630
	380.61
	0.5835

	336
	ARIMA-ANN(0,1,2)
(0,1,0(2:1:5)
	475.7
	0.0967
	445.77
	0.7891

	672
	ARIMA-ANN(1,1,1)
(0,1,0(2:1:5)
	20814
	<2.2e- 16
	418.86
	2.144



When the time series data frequency was annual (F=1), the mixture model yielded a Ljung- Box test value of 3.601 (p-value=0.3079) hence the ARIMA-ANN(3,1,0)(2:1:2) model was a good fit. This was also true for mixture models for the quarterly, monthly, weekly, and daily time series data whose corresponding p-values for the Q* statistics were 0.3367, 0.8708, 0.1630, and 0.0967 respectively, and were all greater than 0.05. The RMSE values increased with an increase in time series data frequency. This can be attributed to an increase in the number of hidden layers hence as observed by Triebe et al. (2019), a single hidden layer is sufficient in Neural Network modelling. The MAPE value declined from 1.331% when frequency=1 to 0.5835 when the frequency was 48 (weekly data) after which the values increased to 2.144 for
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the frequency of 672 (Twice daily). The results show that an optimum forecasting mixture model will be obtained when the time series data is weekly. However, for daily data, the mixture model still produces a better forecasting model compared to ARIMA and ANN modeling strategies with a lower MAPE value of 0.7891 compared to 1.449 and 0.9370 for ARIMA and ANN respectively.









[image: ][image: ].
Fig.a: ARIMA-ANN(3,1,0)(2:2)	Fig.b: ARIMA-ANN(1,1,0)(2:1:2) [4]
[image: ][image: ]
Fig.c: ARIMA-ANN(0,1,0)(1,1,1)(2:1:2)[12]	Fig.d: ARIMA-ANN(0,1,0)(1,1,1)(2:1:2)[48]
[image: ][image: ]
Fig.e: ARIMA-ANN(0,1,2) (0,1,0(2:1:5)[336]	Fig.f: ARIMA-ANN(0,1,2) (0,1,0(2:1:5)[672]
[bookmark: _bookmark55]Figure 4.5:: Residual Plots for ARIMA-ANN mixture Models for various TS Data frequencies
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4.4 [bookmark: _bookmark56]Application to modeling and forecasting the currency exchange rate data for East African countries
4.4.1 [bookmark: _bookmark57]Data Description

The data used was collected from the Central Bank of Kenya website, and each of the forex trading days was from 1st January 2017 to 31st December 2023. The data contains 1750 records of the currency exchange rates between the Kenya Shilling and the Tanzanian Shilling, Uganda Shilling, Rwanda Francs, and Burundi Francs.
4.4.2 [bookmark: _bookmark58]Summary Statistics

The analysis of the currency exchange rate data for East African countries reveals several important insights. The summary statistics are shown in Table 4.4.
[bookmark: _bookmark59]Table 4.4: Descriptive Statistics

	
	KES / RWF
	KES / TSHS
	KES / USHS
	KES / BIF

	Mean
	8.696767
	20.97076
	33.37707
	17.66443

	Median
	8.777100
	21.54320
	34.53945
	17.68915

	Maximum
	9.467400
	61.93310
	38.61960
	20.62730

	Minimum
	0.121600
	0.045900
	0.028500
	0.060300

	Std. Dev.
	0.462502
	2.085097
	3.464182
	0.955076

	Skewness
	-3.869363
	3.052612
	-1.449287
	-3.163397

	Kurtosis
	68.90642
	92.78354
	7.908600
	69.06479

	
	
	
	
	

	Jarque-Bera
	321091.8
	590505.3
	2369.507
	321167.6

	Probability
	0.000000
	0.000000
	0.000000
	0.000000

	
	
	
	
	

	Sum
	15219.34
	36698.82
	58409.86
	30912.75

	Sum Sq. Dev.
	374.1251
	7604.003
	20988.97
	1595.384

	Observation s
	1750
	1750
	1750
	1750



The summary statistics table provides key descriptive statistics for the currency exchange rates between Kenyan Shilling (KES) and other East African countries’ currencies. Each column represents a different currency pair, while the rows display statistics such as the mean exchange rate, median exchange rate, standard deviation of exchange rates, minimum exchange rate observed, and maximum exchange rate observed. For instance, looking at the first row for KES/BIF (Burundian Franc), the mean exchange rate is approximately 17.66, with a median

rate also around 17.69 indicating a symmetric distribution. The standard deviation is 0.955, suggesting close spread of the KSH/BIF rates around the mean. However, the skewness value of -3.1633 does indicate that the KSH/BIF data are negatively skewed. This was true for the KSH/RWF and KSH/USHS exchange rates. The KSH/TSHS exchange rates exhibited a positive skewness and had a 20.97076 with other values deviating from the mean to the extend of 2.085097
4.4.3 [bookmark: _bookmark60]Currency Exchange Rates over Time per Country

The plot in Figure 4.6 illustrates the exchange rates over time for East African countries from January 2017 to December 2023. The plot reveals fluctuations and trends in exchange rates ac ross the observation period. While some currencies exhibit relatively stable rates, others displ ay more volatile patterns, indicating potential economic or geopolitical influences. The overal l trend suggests fluctuations in exchange rates over time, with periods of both increase and de crease observed. This visualization underscores the importance of monitoring exchange rate m ovements and highlights the need for robust forecasting models to anticipate and mitigate pote ntial risks associated with currency fluctuations.
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[bookmark: _bookmark61]Figure 4.6: Time Series Plots for the Currency Exchange Rates

4.4.4 [bookmark: _bookmark62]Test for Stationarity
Stationarity tests were conducted using the Augmented Dickey-Fuller tests for serial autocorrelation  with  the  hypothesis  stated  as  𝐻0 ∶ 𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑢𝑛𝑖𝑡 𝑟𝑜𝑜𝑡 𝑣𝑠 𝐻1 ∶
𝑇𝑖𝑚𝑒 𝑠𝑒𝑟𝑖𝑒𝑠 𝑖𝑠 𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦. The results of the ADF test are shown in Table 4.5

[bookmark: _bookmark63]Table 4.5: ADF test for stationarity

	Data Series
	At Level
	At 1st Difference

	
	ADF	test
Statistic
	p-value
	ADF	test
Statistic
	p-value

	KES / RWF
	-1.70096
	0.7508
	-23.91471
	.00000

	KES / TSHS
	-2.974037
	0.1399
	-19.76881
	.00000

	KES / USHS
	-1.663701
	0.7669
	-22.70796
	.00000

	KES / BIF
	-4.443267
	0.0019
	-27.95786
	.00000




From the output in Table 4.5, it is established that before differencing data for KSH/RWF, KSH/TSHS, and KSH/USHS were established to be non-stationary since the p-values were greater than 5%. The KSH/BIF data had a p-value of 0.0019<5% hence we rejected H0 that the KSH/BIF data had unit roots and concluded that without differencing, the KSH/BIF data were stationary. After differencing once, the KSH/RWF, KSH/TSHS, and KSH/USHS exchange rates data had p-values of zero and hence were established to be stationary.
4.4.5 [bookmark: _bookmark64]Linear Trend on the Model’s Currency Exchange Rates

The plot in Figure 4.7 below displays the exchange rate trends for KSH/RWF, KSH/TSHS, KSH/USHS, and KSH/BIF over Some selected Months of 2024, along with fitted linear regression trend lines. Each subplot represents a specific currency pair, allowing for a comparison of their respective trends. The dashed lines represent the linear regression trend lines fitted to the exchange rate data for each currency pair. By examining the slopes of these trend lines, we can infer the direction and magnitude of the trends. Additionally, the plots enable the identification of any deviations from the overall trend, providing insights into the

volatility or stability of exchange rate movements for each currency pair over the observed time period.
[image: ]
[bookmark: _bookmark65]Figure 4.7: Exchange Rates Trends with Linear Regression

Overall, Figure 4.7 shows some upward trends for all the EAC currency exchange rates against the KSH. This shows that the Kenyan shilling has experienced continued gain against the Rwandan, Burundian, Ugandan and Tanzanian currencies in the course of the year 2024. This also signifies that Kenya has a stronger financial market compared to the other EC member states.
4.4.6 [bookmark: _bookmark66]ARIMA, ANN, and Mixture ARIMA-ANN Models for The Currency Exchange Rates
4.4.6.1 [bookmark: _bookmark67]Modeling Performance of ARIMA, ANN, and Mixture ARIMA-ANN Models Using the Currency Exchange Rates Data
The auto. arima and nnetar() functions in R automatically select the best ARIMA and ANN models for the given time series data. The Ljung Box statistics together with the corresponding p-values are shown in Table 4.6.

[bookmark: _bookmark68]Table 4.6: Comparison of the Modeling Performance of ARIMA, ANN, and Mixture Method

	Currency
	ARIMA Model
	ANN Model
	ARIMA-ANN mixture Model

	
	Model
	Q* Statistic & p- value
	Model
	Q* Statistic & p-value
	Model
	Q* Statistic & p- value

	KES / RWF
	ARIMA (1,1,0)
	212.79
(0.0079)
	NNAR (10,1,6)
	277.71
(0.8182)
	ARIMA-ANN (1,1,0)(5:1:2)
	271.95
(0.8748)

	KES / TSHS
	ARIMA (0,1,1)
	14.384
(0.0001)
	NNAR (1,1,2)
	242.79
(0.9933)
	ARIMA-ANN (0,1,1)(5:1:2)
	4.5326
(1.000)

	KES / USHS
	ARIMA (0,1,0)
	370.46
(0.0034)
	NNAR (1,1,2)
	3180.3
(<2.2E-16)
	ARIMA-ANN (0,1,0)(5:1:2)
	320.1
(0.2033)

	KES / BIF
	ARIMA (1,1,0)
	212.79
(0.0619)
	NNAR (11,1,6)
	276.15
(0.8349)
	ARIMA-ANN (1,1,0)(5:1:2)
	283.31
(0.7476)




To measure the modeling performance of the ARIMA, ANN and ARIMA-ANN models, the Ljung Box test statistic was used. The results in Table 6 show that the best-fitting model for the KSH/KRF exchange rates was the mixture 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(5: 1: 2)250 with the p- value for the Ljung Box statistic 0.8748 being greater than that of ANN(0.8182) and ARIMA (0.0079). The results show that the ANN approach also provided a good fit since its p-value was greater than 5%. At the frequency of 250, the ARIMA model did not produce models that fit well with the four currency exchange rates. The goodness-of-fit of the 𝐴𝑅𝐼𝑀𝐴 −
𝐴𝑁𝑁(1,1,0)(5: 1: 2)250 model for KSH/KRF is further illustrated in Figure 4.8 and the ACF plot shows that the majority of the autocorrelations are within the confidence limits signifying that the model is a good fit for the data while the histogram plot shows that residuals were independently distributed.

[image: ]
[bookmark: _bookmark69]Figure 4.8: Residual plot for the 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(5: 1: 2)250
model for KSH/KRF


On the KSH/TSHS exchange rates, the study results in Table 4.6 show that the best-fitting model for the KSH/TSHS exchange rates was the mixture 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,1)(5: 1: 2)250 with the p-value for the Ljung Box statistic being 1.000>0.05. The p-value for the ANN model was 0.9993>0.05 while that of ARIMA was 0.0001<0.05. The results show that the ANN approach also provided a good fit since its p-value was greater than 5%. The goodness of fit of the 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,1)(5: 1: 2)250 model for KSH/KSHS is further illustrated in Figure
4.9 and the ACF plot shows that all the autocorrelations lie within the confidence limits hence the model is a good fit for the data. The normal plot however indicates that the residuals are skewed to the right.

[image: ]
[bookmark: _bookmark70]Figure 4.9: Residual plot for the 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,1)(5: 1: 2)250
model for KSH/TSHS

On the KSH/USHS exchange rates, the study results in Table 4.6 show that the best-fitting  model  for  the  KSH/TSHS  exchange  rates  was  the  mixture
𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,0)(5: 1: 2)250 with the p-value for the Ljung Box statistic being 0.2033>0.05. The p-value for the ANN model was <2.2e-16 which is less than 0.05 while that of ARIMA was 0.0034<0.05. The results show that the ANN approach provided the worst fit since its p-value was the lowest. The goodness of fit of the 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,0)(5: 1: 2)250 model for KSH/USHS is further illustrated in Figure 4.10 and the ACF plot shows that almost all the autocorrelations lie within the confidence limits hence the model is a good fit for the data.

[image: ]
[bookmark: _bookmark71]Figure 4.10: Residual plot for the 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,0)(5: 1: 2)250
model for KSH/USHS

On the KSH/BIF exchange rates, the study results in Table 4.6 show that both the mixture 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(5: 1: 2)250 and ANN (11,1,6) provided good fits as evidenced by the respective p-values for the Ljung Box test statistic of 0.8349 and 0.7476 which were all greater than 5%. However, based on the magnitude of the p-values, the ANN model had better-fitting capability than the mixture model. The goodness-of-fit of the𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(5: 1: 2)250 and ANN (11,1,6) models for KSH/BIF exchange rates are further illustrated in Figures 4.11 a and b and the ACF plots show that almost all the autocorrelations lie within the confidence limits hence the models are a good fit for the data.

[image: ][image: ]
𝑎. 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,0)(5: 1: 2)250	𝑏. 𝐴𝑁𝑁(11,1,6)250
[bookmark: _bookmark72]Figure 4.11: Residual Plots for the 𝑨𝑹𝑰𝑴𝑨 − 𝑨𝑵𝑵(𝟎, 𝟏, 𝟎)(𝟓: 𝟏: 𝟐)𝟐𝟓𝟎 and
𝑨𝑵𝑵(𝟏𝟏, 𝟏, 𝟔)𝟐𝟓𝟎 models
4.4.6.2 [bookmark: _bookmark73]Forecasting Performance of ARIMA, ANN, and Mixture ARIMA-ANN Models Using the Currency Exchange Rates Data
[bookmark: _bookmark74]To measure the forecasting performance of the ARIMA, ANN, and ARIMA-ANN models, Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error were used and the results are shown in Table 4.7.
4.7: Forecasting Performance of ARIMA, ANN, and Mixture ARIMA-ANN Models

	Currency
	ARIMA Model
	ANN Model
	ARIMA-ANN

Mixture Model

	
	Model
	MAPE/
RMSE
	Model
	MAPE/ RMSE
	Model
	MAPE/ RMSE

	KES	/
RWF
	ARIMA
(1,1,0)
	18.42
0.5218
	NNAR
(2,1,2)
	0.2803
0.0423
	ARIMA-ANN
(1,1,0)(5:1:2)
	0.2709
0.0178

	KES	/
TSHS
	ARIMA
(0,1,1)
	32.1576
1.1811
	NNAR
(1,1,2)
	0.5815
1.2652
	ARIMA-ANN
(0,1,1)(5:1:2)
	0.5262
0.1047

	KES	/
USHS
	ARIMA
(0,1,0)
	81.756
1.2803
	NNAR
(1,1,2)
	0.4488
0.0197
	ARIMA-ANN
(0,1,0)(5:1:2)
	0.4552
0.1162

	KES	/
BIF
	ARIMA
(1,1,0)
	18.420
0.5218
	NNAR
(2,1,2)
	0.1460
0.0460
	ARIMA-ANN
(1,1,0)(5:1:2)
	0.1397
0.0308
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The findings sknowknowledge that, RMSE values month-to-month zero.5218, zero.0423, and 0.0178 respectively have been obtained for ARIMA, ANN and the mixture ARIMA-ANN models respectively. This represents a decrease month-to-monthday's 96.fifty nine% monthmonthly the RMSE for the mixture version in comparison monthly the ARIMA and a lower present day 57.91% for the mixture version in comparison monthly the ANN model. The predictive accuracy month-to-monthday's the models compared the use of the MAPE values information that the aggregate ARIMA- ANN version had the botmonthmonthly MAPE price present day 0.2709 in comparison monthly values brand newmonthly 18.forty two, and zero.2803 for the ARIMA and ANN models. In this case, the selected model for the ARIMA part is ARIMA (1,1,zero) with a float term even as that latest the ANN component was NNAR(5,1,2). general,
𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(five: 1: 2)250 𝑤as installed month-to-month be a higher model for forecasting the KSH/RWF foreign exchange rates.
On KSH/TSHS alternate quotes, the examine end result information that the aggregate ARIMA-ANN model had the least RMSE present day 0.1047 as compared to one.1811 and 1.2652 for ARIMA and ANN respectively. The aggregate ARIMA-ANN model had month-to-month MAPE price modern day 0.5262 as compared month-to-month values month-to-monthday's 32.1576, and 0.5815 for the ARIMA and ANN models and was consequently month-to-month consideration month-to-month have the highest prediction accuracy for the KSH/TSHS currency trading statistics. the chosen model for the ARIMA component is ARIMA (zero,1,1) with a glide term at the same time as the ANN element was NNAR (five,1,2) therefore an 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(zero,1,1)(5: 1: 2)250 combination model 𝑤as installed monthly be a higher version for forecasting the KSH/TSHS currency exchange prices.
On KSH/USHS trade rates, the have a look at outcomes expertise that the ANN version had the least MAPE and RMSE month-to-month 0.4488 and 0.0197 making the nice prediction model. The combination ARIMA-ANN version additionally had lower MAPE and RMSE values compared month-to-month the ARIMA model. The ANN model selected using nnetar() characteristic turned into NNAR(1:1:2) and become a better model for
forecasting the KSH/USHS currency exchange rates as it outperformed the combination ARIMA- ANN model.
On KSH/BIF alternate charges, the take a look at end result know-how that the combination ARIMA-ANN version had the least RMSE ultra-modern 0.0308 compared monthly zero.5218 and 0.0460 for ARIMA and ANN respectively. The mixture ARIMA-ANN model had the botmonthmonthly MAPE value trendy zero.1397 compared monthly values modern 18.420 and 0.1460 for the ARIMA and ANN fashions thus turned into taken inmonthmonthly monthly have the best predictive accuracy. the chosen version for the ARIMA part is ARIMA (1,1,0) with a go with the flow term at the same time as the ANN component became NNAR (5,1,2). normal, 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(5: 1: 2)250 𝑤as installed monthly be a better version for forecasting the KSH/BIF currency trading costs.
Forecast Plots for the aggregate version for 250 days beforehand had been additionally established and are shown in discern 4.12. The outcomes know-how a forecasted slowly declining fashion for the KSH/RWF, KSH/TSHS, and KSH/USHS exchange prices even as a gradual growing trend is forecast for the KSH/BIF exchange prices. This understandings that over the forecast period, the other EAC nations’ currencies are anticipated month-to-month slowly with the aid of gradually gain over the Kenyan Shilling. similarly, the outcomes understanding that the authentic series for all of the currencies lie within the forecast confidence interval therefore emphasizing the accuracy trendy the aggregate ARIMA-ANN modeling method in forecasting excessive-frequency time series facts. common, the forecast consequences information that the Kenyan Shilling will nevertheless be more potent in opposition monthmonthly the opposite EAC nations’ currencies, know-how will expertise unfastened marginally over the forecast time period going inmonth-to-month 2025. for that reason it nonetheless remains a major funding hub with the knowledge modern-day this chance and adjustments on the invesmonth-to-monthr's part.
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Figure 4.12: Forecast Plots for the Mixture Model for the EAC Currency Exchange Rates
4.4 Discussion of the Results
The investigation inmonthly the effect state-of-the-art excessive-frequency statistics at the modeling and prediction performance cutting-edge ARIMA and ANN fashions found out compelling insights. day by day statistics emerged because the preferred choice ultra-modern its potential month-to-month seize brief-time period fluctuations and tendencies effectively, main monthly extra accurate forecasts compared monthly weekly and month-to-month-monthmonthly statistics. The analysis sknowledgecased that better frequency facts provides more granular data, allowing models monthly capture each linear and nonlinear relationships extra comprehensively. Weekly facts also confirmed moderately appropriate overall performance, even as month-to-month statistics yielded much less accurate forecasts, probable modern day the aggregation contemporary data over longer time durations, which would possibly obscure vital brief-term styles. those findings underscore the crucial importance latest an appropriate time collection frequency while modeling and forecasting financial records, particularly within the context brand newmonthly foreign exchange costs in which taking pictures short-term dynamics is vital.
The application modern-day aggregate ARIMA and ANN fashions in predicting high-frequency sequential records, mainly daily exchange quotes in East African countries, proved month-to-month be tremendously effective. The combination approach leveraged the complementary strengths trendy both fashions, resulting in advanced forecasting accuracy and reliability. The plots depicting trade charge traits with linear regression strains sknowledgecased knowledge the combination models captured the complicated dynamics month-to-monthday's change fee fluctuations, supplying correct forecasts even in unstable marketplace situations. those findings spotlight the relevance and applicability present day aggregate modeling techniques in economic forecasting, imparting precious insights for policymakers, traders, and agencies operating in the place. by way of making use of suitable modeling techniques and data frequencies, stakeholders can make knowledgeable selections and navigate the intricacies cutting-edge currency exchange price movements more successfully.
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[bookmark: _bookmark75][bookmark: _bookmark76]CHAPTER FIVE
[bookmark: _bookmark77]SUMMARY, CONCLUSIONS AND RECOMMENDATIONS
5.1 [bookmark: _bookmark78]Summary of Findings
5.1.1 Modeling and Forecasting Performance of ARIMA and ANN under High-Frequency Time Series Data
the first goal cutting-edge the take a look at sought month-to-monthmonthly the modeling and forecasting overall performance modern day ARIMA and ANN fashions for time series information underneath various time collection information frequencies. at the modeling accomplishment cutting-edge the models, the have a look at hooked up that the ARIMA modeling strategy supplied higher becoming fashions while the frequencies were quarterly, and month-to-month beyond which the goodness trendy match monthmonthly the resultant ARIMA models reduced notably. For the equal frequencies, ANN modeling approach provided a better fit than the ARIMA version. while the time series statistics frequency changed into improved month-to-month at the least weekly (𝑓 ≥ forty eight), the ANN strategy provided good-fitting models compared monthly ARIMA. expertise, the ANN method month-to-month provide better-fitting fashions whilst 𝑓 ≥ 336. The outcomes additionally suggest that each ARIMA and ANN could not accurately version daily and hourly facts. at the forecasting performance modern day ARIMA and ANN, the look at established that the ANN version gave more correct predictions than the ARIMA model for all of the time collection information frequencies besides month-monthmonthly time series information. For the time collection data frequencies of 1(annual), 4(Quarterly), 12(month-monthmonthly), 48 (weekly), 336 (every day), and 672 (twice day by day), ANN yielded MAPE values monthmonthly 0.280%, 1.87%, 1.952%, zero.578%, zero.9370% and zero.9948% whilst ARIMA yielded MAPE values ultra-modern 0.796%, 2.246%, 1.355%, 2.077%, 1.449% and 1.740% for the respective frequencies. On common, ANN Modeling approach furnished better forecasts compared month-to-month ARIMA model. understandingbut, while time collection information frequency is month-to-month, ARIMA modeling gives extra correct forecasts considering 𝑀𝐴𝑃𝐸𝐴𝑁𝑁(1.952) > 𝑀𝐴𝑃𝐸𝐴𝑅𝐼𝑀𝐴(1.355).
5.1.2.Modeling and Forecasting Performance of the ARIMA-ANN mixture Model under High-Frequency Time Series Data
in this regard, the observe sought monthmonthly the modeling and prediction overall performance trendy the aggregate ARIMA-ANN model under various time collection facts frequencies. on the mixture ARIMA-ANN’s modeling performance, the observe installed that for the frequencies modern day f=1 (yearly) monthly 336 (daily), the combination model yielded a Ljung-field check p-value extra than five% which meant that the ARIMA-ANN method provided a good match for day by day time series facts in comparison month-to-month ANN and ARIMA which both month-to-month offer proper-becoming fashions at that frequency.at the prediction accomplishment contemporary ARIMA-ANN combination model, the results know-how that an choicest appropriate forecasting mixture version could be acquired when the time series statistics is weekly. know-how, for each day records, the aggregate model nevertheless produced a higher forecasting model in comparison month-to-month ARIMA and ANN modeling strategies with a lower MAPE fee cutting-edge 0.7891 compared month-to-month1.449 and zero.9370 for ARIMA and ANN respectively.
5.1.3.Application to Modeling and Forecasting EAC Currency Exchange Rates
The third objective latest the have a look at sought month-to-month the combination ARIMA-ANN modeling method monthly version and forecast forex fees for the EAC international locations. each day currency trading prices for the KSH/RWF, KSH/TSHS, KSH/USHS and KSH/BIF were acquired from the CBK website covering the length January 2017 monthly December 2023 with 1750 facts entries. For the KSH/KRF trade prices, the aggregate 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(five: 1: 2)250 version was located monthly be a good match with the p-fee for the Ljung container statistic 0.8748 being more than that contemporary ANN(zero.8182) and ARIMA (0.0079). For the KSH/TSHS exchange prices, the mixture 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(0,1,1)(five: 1: 2)250  with the p-value for the Ljung field statistic being 1.000>zero.05 became a better fitting model in comparison month-to-month the ANN version (p-cost=0.9993) and ARIMA (p-fee=zero.0001<0.05). For the KSH/TSHS change fees, the aggregate 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(zero,1,zero)(five: 1: 2)250 with the p-value for the Ljung field statistic being zero.2033>0.05 became located month-to-month be an excellent-becoming model. The p-values for the ANN model (p<2.2e-16) and ARIMA (zero.0034) had been both much less than five% consequently supplying a negative suit. For the KSH/BIF change fee, both 𝐴𝑅𝐼𝑀𝐴 − 𝐴𝑁𝑁(1,1,0)(five: 1: 2)250 and ANN (eleven,1,6) supplied true suits as evidenced via their respective p-values for the Ljung box check statistic ultra-modern zero.8349 and zero.7476 respectively and they have been both more than five%. information, month-to-month at the importance present day the p-values, the ANN model become better-fitting than the mixture model.on the forecasting performance trendy the fashions, the mixture ARIMA-ANN version had RMSE values brand newmonthly zero.2709, zero.5262, 0.4552, and 0.1397 for the KSH/RWF, KSH/TSHS, KSH/USHS, and KSH/BIF currency trading quotes respectively which had been all lower than the MAPE values for ANN and ARIMA models subsequently supplied better forecasts. also, the RMSE values had been decrease for the aggregate version than for the ANN and ARIMA models.
5.2.Conclusions
This take a look at finds, month-to-month at the results described in section five.1, that the  aggregate version ARIMA- ANN model appreciably improves the ANN and ARIMA fashions’ modeling and forecasting accuracy, both in quick-time period and long-time period. The have a look at concludes that the combination version can be utilized in location trendy its constituent fashions in forecasting time series statistics modern-day all frequencies.moreover, the aggregate ARIMA-ANN models have confirmed noteworthy ability in improving prediction accurateness, particularly in taking pictures the complex dynamics month-to-monthday's high- frequency time collection facts. by way of combining the strengths brand newmonthly each parametric and non-parametrictactics, those combination fashions offer a robust answer for addressing the demanding situations month-to-month forecasting currency trading quotes in dynamic monetary environments.
5.3.Recommendations
[bookmark: _bookmark81]5.3.1.Recommendations for Practice
moving ahead, the insights won from this have a look at can tell policymakers, economic practitioners, and researchers in East African countries in adopting extra effective forecasting methodologies. by means of leveraging the findings month-to-month broaden month-to-monthmizedmonthly modeling strategies tailored month-to-month the vicinity's monetary dynamics, stakeholders could make more knowledgeable decisions and mitigate risks month-to-monthmonthly foreign exchange charge fluctuations. moreover, the research underscores the significance monthmonthly ongoing advancements in forecasting methodologies, specially inside the technology modern day high-frequency information, monthly decorate financial stability and foster sustainable boom within the vicinity. usual, this study contributes month-to-month advancing the sphere cutting-edge currency trading price forecasting and affords a valuable framework for destiny studies and decision-making in East African economies
5.3.1 Recommendations for Further Research
            advertising month-to-monthday's excessive-Frequency facts series: Governments and monetary institutions in East African international locations month-to-month prioritize the collection and dissemination ultra-modern excessive-frequency records related monthmonthly currency exchange prices. This includes enhancing information infrastructure and investing in technologies that facilitate actual-time information seize and analysis. through improving the availability and accessibility modern day high-frequency records, policymakers can better apprehend and respond month-to-month forex marketplace dynamics in a well timed way.
•	capacity building in superior Modelling techniques: schooling packages and workshops month-to-monthmonthly be organized monthly construct the ability month-to-month policymakers, economists, and analysts in advanced modeling techniques consisting of ARIMA, ANN, and combination fashions. this could allow stakeholders monthly leverage sophisticated forecasting methodologies month-to-monthmonthmonthly the accuracy brand newmonthly foreign exchange fee predictions. additionally, collaboration with educational establishments and studies businesses can facilitate information alternate and foster innovation in forecasting practices.
•	improvement trendy tailor-made policy Interventions: Policymakers have monthmonthly develop tailor-made coverage interventions based on insights derived from superior forecasting fashions. via incorporating forecasts generated by means of aggregate ARIMA-ANN models inmonthly selection- making strategies, policymakers can layout greater effective economic policies, foreign exchange interventions, and change strategies. these tailored interventions can assist mitigate risks month-to-monthmonthly currency volatility and support macroeconomic stability within the place.
•	Enhancement cutting-edge move-Border Cooperation: East African nations month-to-month fortify go-border cooperation and records-sharing mechanisms month-to-month address local foreign exchange charge dynamics efficaciously. Collaborative efforts among imperative banks, regulamonthlyry government, and economic institutions can facilitate the alignment latest regulations and regulamonth-to-monthry frameworks, promote economic balance, and enhance marketplace transparency. furthermore, regional projects aimed at harmonizing data standards and enhancing data interoperability can facilitate extra correct and complete currency exchange price forecasting.
•	investment in research and development: Governments and stakeholders month-to-month allocate sources brand new studies and improvement initiatives aimed at advancing currency trading price forecasting methodologies. This includes supporting academic studies, industry collaborations, and innovation hubs targeted on developing slicing- area forecasting models and technologies. via fostering a culture latest innovation and information exchange, East African countries can live at the forefront monthmonthly forex marketplace evaluation and forecasting, riding monetary increase and resilience within the location.
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[bookmark: _bookmark85]Appendix A: R Script for the ARIMA, ANN and the Mixture ARIMA-ANN Models f or the KSH/RWF, KSH/TSHS, KSH/USHS, and KSH/BIF currency Exchanges Rates library(ARIMAANN)
library(ggthemes) library(forecast) library(tidyverse) library(tseries) library(lubridate) library(timetk) library(readxl) library(tidyquant)
library(forecast)	# forecasting pkg

library(sweep)	# Broom tidiers for forecast pkg
library(broom) library(tibble) library(stringr) library(highcharter) library(knitr) library(fpp2
library(stats) library(lmtest) library(TSANN) library(forecastHybrid) theme_set(theme_bw()) library(readxl)
eastKRW <- read_excel("C:/Users/ADMIN/Desktop/eastKRW.xlsx") eastKTS <- read_excel("C:/Users/ADMIN/Desktop/eastKTS.xlsx") eastKUS <- read_excel("C:/Users/ADMIN/Desktop/eastKUS.xlsx") eastKBF<- read_excel("C:/Users/ADMIN/Desktop/eastKBF.xlsx") rdata1<-(eastKBF)
rdata2<-(eastKTS) rdata3<-(eastKUS) rdata4<-(eastKBF)
rdata11<-ts(rdata1,start=2017,end=2023, frequency=250) rdata21<-ts(rdata2,start=2017,end=2023, frequency=250)


rdata31<-ts(rdata3,start=2017,end=2023, frequency=250) rdata41<-ts(rdata4,start=2017,end=2023, frequency=250) anntrain1=rdata11[1:1400]
anntest1=rdata11[1401:1750]
## Fitting the ANN Models for the KSH/RWF, KSH/TSHS, KSH/USHS, and KSH/BIF currency Exchanges Rates
setseed(111)## ANN Model for KSH/RWF data fit1 <- nnetar(rdata11, lambda="auto") summary(fit1)
sweep::sw_glance(fit1)
fcast <- forecast(fit1, PI=TRUE, h=250) autoplot(fcast)
accuracy(fcast) checkresiduals(fcast)
setseed(112)## ANN Model for KSH/TSHS data fit2 <- nnetar(rdata21, lambda="auto") summary(fit2)
sweep::sw_glance(fit2)
fcast2 <- forecast(fit2, PI=TRUE, h=250) autoplot(fcast2)
accuracy(fcast2) checkresiduals(fcast2)

setseed(115)## ANN Model for KSH/USHS data fit3 <- nnetar(rdata31, lambda="auto") summary(fit3)
sweep::sw_glance(fit3)
fcast3 <- forecast(fit3, PI=TRUE, h=250) autoplot(fcast3)
accuracy(fcast3) checkresiduals(fcast3)
setseed(114)## ANN Model for KSH/BIF data fit4 <- nnetar(rdata41, lambda="auto") summary(fit4)
sweep::sw_glance(fit4)
fcast4 <- forecast(fit4, PI=TRUE, h=250)

autoplot(fcast4)
accuracy(fcast4) checkresiduals(fcast4)
##Fitting the ARIMA and the Mixture ARIMA-ANN Models for the KSH/RWF, KSH/
TSHS, KSH/USHS, and KSH/BIF currency Exchanges Rates
Setseed(211)## ARIMA and the Mixture ARIMA-ANN Models for the KSH/RWF
model1<-auto.arima(rdata11) summary(model1) checkresiduals(model1) fc.c1 <- forecast(model1) autoplot(fc.c1)
arimaresiduals=model1$residuals

arimaresiduals
anntrain=arimaresiduals[1:1400] anntest=arimaresiduals[1401:1750] annmodel=nnetar(arimaresiduals,size=2,p=5,repeats=30) summary(annmodel)
print(annmodel) sweep::sw_glance(annmodel) checkresiduals(annmodel) fc.c11 <- forecast(annmodel) autoplot(fc.c11) accuracy(fc.c11)

Setseed(212)## ARIMA and the Mixture ARIMA-ANN Models for the KSH/TSHS
model2<-auto.arima(rdata21) summary(model2) checkresiduals(mmodel2) fc.c2 <- forecast( model2) autoplot(fc.c2)
arimaresiduals2=model2$residuals arimaresiduals2
annmodel2=nnetar(arimaresiduals2,size=2,p=5,repeats=30)
summary(annmodel2) print(annmodel2)


sweep::sw_glance(annmodel2) checkresiduals(annmodel2) fc.c21 <- forecast(annmodel2) autoplot(fc.c21) accuracy(fc.c21)

Setseed(213)## ARIMA and the Mixture ARIMA-ANN Models for the KSH/USHS
model3<-auto.arima(rdata31) summary(model3) checkresiduals(model3) fc.c3 <- forecast(model3) autoplot(fc.c3)
arimaresiduals3=model3$residuals arimaresiduals3
annmodel3=nnetar(arimaresiduals3,size=2,p=5,repeats=30)
summary(annmodel3) print(annmodel3) sweep::sw_glance(annmodel3)
checkresiduals(annmodel3) fc.c31 <- forecast(annmodel3) autoplot(fc.c31)

Setseed(214)## ARIMA and the Mixture ARIMA-ANN Models for the KSH/BIF
model4<-auto.arima(rdata41) summary(model4) checkresiduals(model4) fc.c4 <- forecast(model4) autoplot(fc.c4)
arimaresiduals4=model4$residuals arimaresiduals4
annmodel4=nnetar(arimaresiduals4,size=2,p=5,repeats=20)
summary(annmodel4) print(annmodel4) sweep::sw_glance(annmodel4)
checkresiduals(annmodel4)

fc.c41 <- forecast(annmodel4) autoplot(fc.c41) accuracy(fc.c41)
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