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Abstract. This study focuses on forecasting the Information Technology (IT) job market
in East Africa (specifically Kenya, Uganda, and Tanzania) using machine learning (ML)
models. The research utilizes a dataset of 1,048,576 job postings collected from online
platforms, including LinkedIn and Indeed. A comparative analysis of forecasting models
Autoregressive Integrated Moving Average (ARIMA), Seasonal ARIMA (SARIMA), Long
Short-Term Memory (LSTM), and Holt's linear trend was conducted to predict employment
trends, seasonality, and residual patterns. The models were evaluated using Mean Absolute
Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). The
LSTM model demonstrated superior performance with an MAE of 2.75, MSE of 15.90,
and RMSE of 3.99. The RMSE value of 3.99 indicates that the model's predictions are, on
average, within approximately 4 job postings of the actual values. The findings confirm the
applicability of ML models for reliable labor market forecasting in the region, providing
valuable insights for stakeholders in education, policy, and industry to align strategies with
market demands.
Keywords: IT Industry, workforce strategy, job market analysis; technology demand fore-
casting; technological innovation demand forecasting; machine learning; Artificial Neural
Network.
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npumepe Kennn, Yraunel u TaH3aHUN) ¢ MPUMEHEHHEM MOJENIe MAIITHHOTO OOYYEHUSI.

B ocHoBe ananm3a nexuT HabOp JaHHBIX, comepkamtii 1 048 576 3ammcel 0 BaKaHCHSX,

coOpaHHBIX ¢ oHIaiH-TuIaTGopm, Brirodas LinkedIn u Indeed. [TpoBeneHo cpaBHuTEIBHOS

HCCIIeIOBaHNE MPOTHO3HBIX MOJIENIEN aBTOPErPECCUOHHON MHTErPUPOBAHHON CKOJIb3AIIEH

cpenneii (ARIMA), cezornoir ARIMA (SARIMA), cetn ¢ T0iToi KpaTKOCPOIHOMN ITamMsi-

Thi0 (LSTM) 1 nuneiiHOTrO TpeHaa XoiTa ¢ LeNblo MPOrHO3UPOBAaHUS AUHAMHUKH 3aHATO-

CTH, CE30HHBIX KOJI€OaHUH 1 OCTATOUHBIX MaTTepHOB. J{J1s1 onieHku 3pdekTUBHOCTH Moze-

JIel MCIONIE30BaJICh METPHUKHU cpemHel adcomoTHow ommoOku (MAE), cpennei kBaapa-

tnaHoi ommOku (MSE) u cpennexBanparuyeckoit ommbku (RMSE). Hannyumme pe3syis-

TaThl nokasana moaens LSTM, nponemoncTpupoBasias 3HaueHust MAE 2.75, MSE 15.90

u RMSE 3.99. 3nauenne RMSE, paBHoe 3.99, cBUAETEIHCTBYET O TOM, YTO PACXOKICHUS

MEXIY IPOTHO3UPYEMbBIMH U (DaKTHUECKUMU 3HAYECHUSIMH B CPETHEM COCTABIISIIOT IIPUOIIH-

3uTeNbHO 4 BakaHcuu. [lomydeHHbIe pe3ynbTaThl HOATBEPKIAIOT IPUMEHUMOCTD METOJIOB

MAIIMHHOTO 00yUYeHHMS TSI JOCTOBEPHOTO IPOrHO3UPOBAHMS PETHOHAIBHOTO PhIHKA TPYyAa

U IIPEIOCTABIIIOT CTEHKXoIAepaM B chepe 00pa3oBaHus, TOCYIaPCTBEHHOTO yIIPABICHUS

1 Ou3Heca HeHHYI0 HH(OPMALIUIO TS COTIACOBAHUS CTPATETHH C PHIHOYHBIMH TCHCHIIU-

SIMU.

KuroueBsle ciioBa: UT-ompacias, cmpamezus pabouell Cubl, aHaiu3 pelHka mpyoa,; npo-

2HO3UPOBAHUE CHPOCA HA MEXHONIO2UU U MEXHON02UYECKUe UHHOBAYUU, MAWUHHOEe 00YYe-

HUe; UCKYCCMBEHHASI HEUPOHHAS CeMb.
Jast nutupoanusi: Hoynru P., biekanos U. C. [Iporuozuposanue peinka I'T-Bakancuii B Boctounoit
Adpuke: mogxox ¢ ucnonb3oBanueM ML // Bectauk Ilepmckoro yauBepcutera. Maremarnka. Mexa-
Huka. Madopmaruka. 2026. Ne 1(72). C. 92-99. DOI: 10.17072/1993-0550-2026-1-92-99.
https://elibrary.ru/bexxas.

Cmamws nocmynuiaa 6 peoaxyuio 09.04.2025; 00obpena nocie peyensuposanusi 17.11.2025; npunsma
K nyonukayuu 10.03.2026.

Introduction

The Information Technology (IT) sector represents a critical component of economic de-
velopment in East Africa, characterized by rapid growth and changing skill requirements. Ac-
curate forecasting of labor market dynamics within this sector has become essential for organ-
izational strategy, educational planning, and policy formulation. While traditional forecasting
techniques offer valuable insights, they often struggle to capture the complex, non-linear pat-
terns that define contemporary job market data in emerging economies [1].

In time series forecasting, future values are estimated by the assessment of prior data,
which has a timestamp. This approach is important in many fields because it helps ensure ac-
curate decision-making and provide accurate forecasts. It involves using data gathered in the
past to build models that will determine how an organization is going to chart its course in the
future. Forecasting differs from other forms of analysis because producers cannot predict future
events at the time of analysis. Instead, the process relies on assumptions that are derived from
thorough research. Planning is enhanced by the use of statistical and modeling techniques to
analyze data and make forecasts [1]. The uncertainty is inherent because of other factors, and
larger datasets lead to greater accuracy. However, forecasts do offer an indication of the likeli-
hood of specific occurrences [2].

This study focuses on an approach based on deep learning neural networks, intended to
replace statistical methods such as the Auto-Regressive Integrated Moving Average (ARIMA)
used in time series forecasting. The ARIMA model is recognized for its linearity and high ac-
curacy in predicting results across various domains [3]. The model, an analytical instrument
introduced by Box and Jenkins, is used more frequently in forecasting. However, there is a
problem of decreased efficiency, especially when working with noisy data, this reducing the
model's stability and accuracy [3]. The following three parameters need to be defined before-
hand: the autonomy term (p), the distinction term (d), and the mean advance term (q), where:
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(p) stands for the number of previous values used in the formula, known as a lag order; (d) is
the degree of difference used to transform the series to stationary; (q) reflects the size of the
moving average smoothing or the order of the moving median [4].

A common approach to identifying the level of difficulty of a particular task is through
the use of the forecasting horizon. While single-step forecasting is already quite difficult, multi-
step forecasting presents even more difficulties such as the accumulation of errors, reduced
precision, and enhanced variability [5]. In addition, it has its concept limitations on uncertainty
and there may be consequences of unpredictability. While appropriate for some data, temporal
series prediction is not appropriate across the board [5]. Since there is no consensus on the best
forecasting methods, data teams and strategists need to be aware of the limitations and features
of their computerized models. [5]. Data cleaning and timestamping are critical for accurate
forecasting since they help one to determine the changes and trends in prior data. In addition to
being able to parse fluctuations and discern trends from cyclical patterns, analysts need to detect
outliers and fluctuations due to random events. It is believed that accurate predictions will shed
light on the direction that these changes are likely to take in the future; looking at the progres-
sion of the time series analysis, it is possible to see a gradual evolution in people's perception
of the world [5].

Machine learning presents a compelling alternative for time series forecasting, demon-
strating a superior capacity to identify intricate, non-linear relationships that often challenge
conventional statistical models. Among these advanced techniques, Long Short-Term Memory
(LSTM) networks have gained prominence for sequence prediction due to their designed ability
to capture and learn from long-range temporal dependencies. Machine learning algorithms are
a source of several functions [6] such as sampling, classification, regression, and replication.

Research Problem and Methodological Gaps

The East African IT job market presents unique forecasting challenges due to its dynamic
nature and limited research coverage. Previous studies in labor market analysis exhibit several
methodological limitations that our research addresses. Existing works often rely on single data
sources, such as particular online job portals or Google Trends queries, which provide frag-
mented market perspectives and introduce source-specific bias [3, 8]. Many analyses remain
predominantly retrospective, utilizing historical datasets that may not capture real-time market
shifts driven by rapid technological adoption in the region. A significant research gap exists in
a transparent rigorous comparison between modern machine learning approaches and estab-
lished statistical benchmarks. While previous studies have applied advanced algorithms like
Long Short-Term Memory (LSTM) networks, they often lack systematic evaluation against ro-
bust methods such as ARIMA and SARIMA for multi-step IT job forecasting [7, 9]. Further-
more, there is limited research focusing specifically on the East African context, where labor
market dynamics differ substantially from developed economies. This study aims to address
these gaps by developing a comprehensive forecasting framework that simultaneously ensures
data comprehensiveness through multisource aggregation, enables transparent model compari-
son across different algorithmic families, and provides specific insights into the East African IT
labor market.

Research Novelty and Contribution
The primary objective of this research is to develop and validate a robust forecasting
framework for the IT job market in East Africa through comparative analysis of statistical and
machine learning models. The specific objectives include:
— acquisition and pre-processing of a large-scale, multi-source dataset of IT job postings
from platforms including HeadHunter, LinkedIn, and regional job boards across Kenya,
Uganda, and Tanzania;
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— mplementation of diverse forecasting approaches, including statistical methods
(ARIMA, Seasonal ARIMA, Holt's linear trend) and deep learning models (LSTM);

— arigorous comparative analysis using established error metrics (MAE, MSE, RMSE,
MAPE, NRMSE) to objectively identify optimal forecasting approaches;

— extraction and analysis of the interpretable components trend, seasonality, and residuals
within the East African IT job market dynamics.

The scientific novelty of this research lies in its integrated methodological approach that
addresses multiple prior limitations simultaneously. The practical significance includes provid-
ing educational institutions with insights for curriculum development, enabling organizations
to optimize talent acquisition strategies, and supporting policymakers in designing effective
workforce development programs for the region's growing digital economy.

Methods and Materials

Data collection and geographical scope

This study utilizes a comprehensive dataset of 1,048,576 IT job postings collected from
multiple online platforms between January 2020 and December 2023. Primary data sources
include Indeed, LinkedIn, and regional job portals across East Africa, with specific focus on
Kenya, Uganda, and Tanzania (East Africa). The dataset encompasses detailed job parameters
including position titles, required skills, company information, location data, salary ranges, and
posting dates. Data preprocessing followed the Pareto principle (80/20 rule) for feature selec-
tion and resource allocation [7]. The preprocessing pipeline included data cleaning, handling
missing values, outlier management, timestamp normalization, and feature engineering to cap-
ture temporal patterns and regional characteristics specific to East African labor markets.

Forecasting methods

a. Long Short-Term Memory

In the Train-Test Split phase, data is divided based on the sequence and rolling cross-
validation. Model selection is the process of choosing the most suitable model when solving a
particular problem. In model evaluation, different metrics, such as RMSE and MAE, are used
to check the model's effectiveness. Where results contain confidence intervals. Model Deploy-
ment puts the generated model into practice in making real-time predictions, while monitoring
and updating the model if necessary.

The modeling involved various algorithms such as LSTM, ARIMA, SARIMA, and Holt-
Winter Multiplicative. This technique is based on the Autoregressive Integrated Moving Aver-
age (ARIMA), SARIMA, and the Exponential Smoothing models, which are very popular in
analysis [7]. Since ARIMA models are particularly designed to capture temporal dependencies
in data, they are suited to capture time-varying information such as job openings in a field like
information technology. On the other hand, the complexity of Information Technology Business
requires an enhanced approach based on improved methodology. The integration of a machine
learning algorithm with the ARIMA model could act as a potent feature since the technology
has the potential to learn from patterns. Neural networks endow the model with the ability to
learn from experience and see patterns that are not discernable to a statistical model [5, 7].

b. ARIMA and SARIMA

These are two of the most commonly used models. One significant advantage of SARIMA
is the ability to take seasonality into account in the received data. While SARIMA extends the
basic ARIMA elements of the structure by adding seasonality and forming a decomposition of
seasonally differenced values along with an autoregressive and moving average component,
ARIMA essentially features only a simple form of the difference structure, as well as auto-
regressive and moving average components geared more towards non-seasonal data [9], [10].
This allows ARIMA to process co-variance better for the cases where seasonality changes over
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time, making SARIMA invaluable for historical data that massively change during the year, for
example, monthly retail sales or financial indicators for the quarters [8].

¢. The Holt-Winter Multiplicative

This method is one of the most popular forecasting techniques that is used in cases where
trend and seasonality factors come into play categorized in two variants: additive and multipli-
cative variations. This forecasting method often goes by the name of the Holt-Winter technique
and is a prevalent technique under the umbrella of exponential smoothing techniques. The rea-
son for its popularity, however, lies in its simplicity, minimal space requirements, and the fact
that its lender can be fully automated. However, in the Holt-Winter Multiplicative method, sea-
sonality is handled as a relative factor or percentage rather than an absolute value, allowing
seasonality to scale proportionally with the trend. Referring to LSTM as a type of RNN, the
author notes that LSTM networks are "designed to overcome the difficulties of conventional
RNNs with capturing long-term time dependencies" [11]. LSTMs use memory cells to store
data for extended durations and control gates for data entry and output within the memory cells
[12]. This architecture puts LSTMs in charge of processing repetitive tasks where temporal
context is helpful [13]. For this reason, LSTMs are fitting for complex sequence prediction
problems since these models and storage. Long Short-Term Memory (LSTM) is a popular arti-
ficial neural network technique that is being used a lot [11].

Results and Experiments

Experiment description

The model was trained using four different models, as shown in Table 1, with a dataset of
1,048,576 job records and was evaluated using different metrics including MAE, RMSE,
NRMSE, MAE, and MAPE. Understanding patterns, regularity, and fluctuations in data is a
crucial factor for making efficient decisions. The primary goal of forecasting when it comes to
IT demand for jobs is to accurately predict the future market trends in employment based on
previous information. By developing robust models that capture the essence of routine and cy-
clical activities, this research endeavors to provide reliable forecasts that inform consumers
about strategic planning and informed decision-making. Accurate employment forecasting re-
mains critical for ensuring that curricula, human capital development plans, and organizational
hiring strategies in the IT field align with the required supply, thus minimizing imbalances in
the job market.

The primary purpose of this research is to enhance the capability of the computing indus-
try to improve both the responsiveness and the latency of forecasting functions within organi-
zations. A key objective is to develop a system with the ability to approximate future values
based on past data.

This involved the development of predictive models that capture the underlying charac-
teristics of the data itself, thus producing accurate forecasts that are useful for decision-making.
The construction of the predictive model involved the use of ARIMA, SARIMA, LSTM, and
Holt-Winter Multiplicative methods. The dataset contains 1,048,576 jobs, and every job is pre-
sented through more than 15 fields. The proposed method was tested against three metrics,
including MAE, MSE, and RMSE.

Experiment results

The evaluation of the forecasting models has revealed distinct performance differences,
quantified by standard error metrics. The results can be interpreted as follows: a lower value
for all metrics (MAE, MSE, RMSE, MAPE, NRMSE) indicates a more accurate forecast; MAE
(Mean Absolute Error) represents the average magnitude of the errors, in the same units as the
original data, for instance, the volume of job postings; MSE (Mean Squared Error) and RMSE
(Root Mean Squared Error) penalize larger errors more severely. RMSE is also in the same
units as the data, which makes it more interpretable than MSE.
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MAPE (Mean Absolute Percentage Error) expresses the error as a percentage of the actual
values, providing a scale-independent measure of accuracy. NRMSE (Normalized Root Mean
Squared Error) allows for comparison between datasets with different scales. As shown in Table
1, the LSTM model demonstrated superior performance, achieving the lowest scores across all
key metrics (MAE: 2.75, MSE: 15.90, RMSE: 3.99). This indicates that the LSTM predictions
were, on average, closer to the actual values and contained fewer large errors compared to other
models. For instance, its RMSE of 3.99 suggests its forecasts were typically within about 4 jobs
of the actual value. While SARIMA was the best among the statistical models (MAE: 3.40,
RMSE: 4.62), it was consistently outperformed by the LSTM. The traditional Holt's and
ARIMA models showed the weakest results in this comparison.

Table 1. Models used and the metric values

Model MAE MSE RMSE MAPE NRMSE
ARIMA 3.80 24.60 4.96 0.0835 8.4498
SARIMA 3.40 21.30 4.62 0.8952 6.7381

LSTM 2.75 15.90 3.99 0.0762 5.4832

Holt's 3.60 23.80 4.88 0.9153 3.4523

a. Holt's Additive Model

Holt's Model includes the following measures: MAE was 3.60, MSE was 23.80, and
RMSE was 4.88, as in Table 1 above. The values provide the estimated accuracy of the model
and the magnitude of prediction errors.

b. ARIMA Forecast

The performance indicators for the ARIMA model using the formula below had a mean
absolute error of 3.80, mean squared error of 24.60, and root of mean squared error of 4.96, as
demonstrated in Table 1.

c¢. SARIMA

The SARIMA model had an MAE of 3.40, 21.30 MSE, and 4.62 RMSE. The metrics
describe how accurate the model is in its predictions as well as the degree of error. The model
shows improved values as compared to ARIMA, as observed in Table 1 above. Although the
SARIMA model achieves reasonable accuracy, it is still possible to fine-tune its predictive ca-
pability for future fluctuations.

d. LSTM Forecast with 100 Epochs

Over 100 epochs, the LSTM method showed the training loss in gradual decline from
0.0320 before stabilizing at 0.0201. The training data set and the experimental data set had a
smaller yield, which indicates the effectiveness of the training process with improved loss and
reasonable generalization ability on unseen data. The model also yielded 2.75 MAE, 15.90
MSE and 3.99 RMSE, as seen in Table 1.

Forecast Results

The forecast for the next 6 months from the last observed date, as illustrated in Fig. 1,
involved a study of the historical datasets on the trends and seasonality and shows the forecast
area, the forecasted data, and the historical data section.
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Forecast Results with 95% Confidence Interval
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Fig. 1. Forecast results from the last observed data

Conclusion

This research work establishes a comprehensive framework for IT job market forecasting
in East Africa through a rigorous comparison of statistical and machine learning approaches.
The demonstrated superiority of LSTM models in capturing complex market dynamics provides
valuable methodology for labor market analysis in the region. The findings hold significant
practical implications across multiple domains. Educational institutions can leverage these fore-
casting capabilities to align curriculum development with evolving regional industry demands.
Organizations can benefit from enhanced workforce planning and talent acquisition strategies
tailored to East African markets. Policymakers can gain valuable insights for regional develop-
ment planning and educational policy formulation. Job seekers can make more informed deci-
sions concerning skill development and career paths within the local context. Future research
directions include implementation of sliding window techniques for enhanced model adapta-
bility, development of hybrid modeling approaches combining statistical and machine learning
methods, and extensive validation across other East African countries. Further investigations
will explore real-time forecasting capabilities and integration of regional economic indicators
for improved prediction accuracy to emerging economies.
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