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Abstract: Purpose: This study assesses whether machine-learning and deep-learning models can improve one-quarter-
ahead forecasts of unemployment in Palestine, an economy exposed to recurrent shocks. Methodology: Official
quarterly Labour Force Survey data for 2015-2024 were used to compare SARIMA, Seasonal Naive, LightGBM,
LSTM, and an equal-weight LightGBM-LSTM ensemble. Models followed a common expanding-window rolling-
origin design, with strict evaluation over 2022Q1-2024Q4. Forecast errors, Diebold—Mariano tests, directional
accuracy, and turning-point detection were examined. Results: The ensemble had the lowest descriptive errors (RMSE
3.399 percentage points, MAE 2.039, sMAPE 7.16%). LightGBM and LSTM were also competitive, but tests did not
establish statistically significant differences between these models, the ensemble, and SARIMA. No model led on every
directional or turning-point measure. Conclusion: Combining complementary forecasting methods may support short-
term labour-market monitoring, but the small evaluation window and structural shocks require cautious interpretation.
Recommendations: Statistical offices should retain transparent benchmarks, validate Al-assisted forecasts over time,
report uncertainty, and reassess models after major shocks.
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1. Introduction

Accurate forecasts of unemployment rates are
essential to support the process of monitoring
economic trends and designing appropriate
policies, even more so in times of high
uncertainty and structural fragility
(Chakraborty et al., 2021). Unemployment
rates do not follow stable linear processes, but
rather they depend on a variety of structural
factors such as territorial fragmentation, sudden
shocks and events both from the economic and
political sphere which can undermine the
validity of the assumption upon which many
traditional forecasting models rely (World
Bank, 2023; Goulet Coulombe et al., 2022).

The Palestinian labour market constitutes a
relevant example of these complexities.
Characterized by repeated crises and major
disparities between the West Bank and Gaza, it
also presents important vulnerabilities related
to youth and women (World Bank, 2023;
PCBS, 2025), creating a very unstable context
where most traditional forecasting methods
will find it difficult to provide precise and
timely predictions.

Traditional time-series models such as ARIMA
and SARIMA remain widely used because of
their  transparency and modest data
requirements (Box et al., 2015). However, their
linear structure may be less suitable for labour
markets affected by nonlinear dynamics, abrupt
shocks, and structural change. Recent
forecasting research has therefore increasingly
explored machine-learning, deep-learning, and
ensemble approaches as complementary tools
for short-term labour-market forecasting.

In addition to individual model performance,
recent unemployment-forecasting studies have
increasingly examined hybrid and advanced
machine-learning approaches to accommodate
nonlinear and changing labour-market
dynamics. These include combinations of
statistical and neural-network  models,
recurrent-network  hybrids, and machine-
learning frameworks incorporating
macroeconomic predictors (Chakraborty et al.,
2021; Yurtsever, 2023; Mero et al.,, 2024;
Annastasya et al., 2025). Building on this
literature, the present study develops and
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evaluates an Al-based framework for one-
quarter-ahead forecasting of the national
unemployment rate in Palestine using quarterly
PLFS data covering 2015-2024. The study
compares a SARIMA benchmark, a Seasonal
Naive benchmark, LightGBM, LSTM, and a
simple ensemble that averages LightGBM and
LSTM forecasts.

Recent studies further demonstrate the growing
importance of data-driven approaches in
understanding labour-market and broader
economic behavior. Waqas et al. (2025), for
example, examined determinants of self-
employment  intention and  behavior,
highlighting the importance of individual and
structural factors in employment-related
outcomes. More broadly, recent economic
research has continued to apply advanced
quantitative  approaches across different
economic settings (Warganegara et al., 2026).
In parallel, the increasing application of
machine-learning and artificial-intelligence
methods to unemployment forecasting further
supports the need for updated and context-
sensitive forecasting frameworks, particularly
in volatile and data-constrained economies.

This study provides empirical evidence from a
fragile and economically vulnerable country,
which extends the evidence base beyond the
European and other relatively advanced-
economy contexts that dominate much of the
existing unemployment forecasting literature
(Katris, 2020; Gogas et al., 2022). This study
provides a fair comparative assessment of
statistical, machine-learning, and deep-learning
approaches under a common forecasting
horizon and evaluation protocol. While, most
of the previous relevant studies used a rolling-
origin expanding-window  procedure to
generate one-quarter-ahead forecast using only
information available at the relevant
forecasting origin, this study develops an
operational forecasting evaluation framework
designed to preserve temporal integrity.
Finally, the study evaluates a simple ensemble
forecasting strategy that combines the out-of-
sample forecasts of LightGBM and LSTM
through arithmetic averaging. Rather than
introducing additional predictors, the ensemble
combines two models with complementary
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forecasting behaviour: the different forecasting
behaviours of LightGBM and LSTM.

2. Literature Review and Conceptual
Framework

2.1 Unemployment Forecasting in Fragile
and Shock-Prone Economies

Forecasting unemployment is particularly
challenging in fragile and shock-prone
economies, where labour-market conditions
may be affected by political uncertainty,
mobility restrictions, economic disruptions,
and abrupt changes in  labour-force
participation. In such contexts, historical
unemployment patterns may not evolve
smoothly, and forecasting models must account
for persistence, seasonality, and possible
nonlinear changes in labour-market dynamics.
Palestine represents a relevant case because its
labour market is characterized by structural
vulnerability, geographical disparities, and
repeated external shocks that may affect both
employment opportunities and labour-force
behaviour (World Bank, 2023; PCBS, 2025).

Recent research also emphasizes that labour-
market outcomes are shaped by a combination
of structural, behavioral, and individual factors.
For example, Waqas et al. (2025) show that
employment-related behavior is influenced by
multiple  determinants, reinforcing the
importance of considering labour-market
dynamics within their broader economic and
behavioral context.

Traditional forecasting approaches remain
useful in this context because they provide
transparent  benchmarks and can be
implemented with limited data. However, when
labour-market dynamics are affected by
structural breaks or abrupt changes, models
based primarily on fixed linear relationships
may not fully capture the complexity of the
underlying process. This has encouraged
growing interest in machine-learning and deep-
learning  methods as  complementary
forecasting tools, particularly when the
objective is to improve short-term monitoring
under uncertainty.
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2.2 Traditional, Machine-Learning, and
Deep-Learning Approaches

Time-series models such as ARIMA and
SARIMA remain widely used in economic and
labour-market forecasting because of their
interpretability, relatively modest data
requirements, and ability to represent
autoregressive and seasonal patterns (Box et
al., 2015; Hyndman & Athanasopoulos, 2021).
These models provide an important baseline for
evaluating whether more complex forecasting
approaches add practical value. Nevertheless,
their linear structure may be less flexible when
unemployment dynamics are shaped by
nonlinear relationships, abrupt shocks, or
changing interactions among labour-market
indicators.

Recent studies have therefore explored
machine-learning techniques for
unemployment forecasting. Katris (2020)
compared time-series and machine-learning
approaches for predicting unemployment rates,
while Gogas et al. (2022) examined machine-
learning forecasting for unemployment in the
euro area. Tree-based models are particularly
relevant because they can model nonlinear
relationships and interactions among lagged
indicators without imposing a predefined
functional form. Such methods may be useful
when recent unemployment movements,
seasonal patterns, and structural labour-market
characteristics interact in complex ways.

Deep-learning  approaches have gained
attention in unemployment forecasting because
they can learn temporal dependencies from
sequential data. Long Short-Term Memory
networks were developed to retain relevant
information across sequences and address
limitations associated with conventional
recurrent neural networks (Hochreiter &
Schmidhuber, 1997). More recent studies have
applied recurrent and hybrid deep-learning
architectures to unemployment forecasting.
Yurtsever (2023) used an LSTM—-GRU hybrid
framework to forecast unemployment rates
across several countries, while Mero et al.
(2024) combined LSTM networks with genetic
algorithms to improve unemployment-rate
prediction. However, deep-learning models
may be sensitive to sample size, model
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specification, and the wvolatility of the
underlying series, especially when quarterly
observations are limited.

2.3 Hybrid and Ensemble Forecasting
Approaches

A further stream of research considers hybrid
and ensemble forecasting methods. Rather than
relying on a single modelling approach, hybrid
models combine methods that capture different
aspects of the forecasting problem. For
example, statistical models may represent
persistence and seasonality clearly, machine-
learning models may capture nonlinear
relationships among structured predictors, and
recurrent neural networks may learn sequential
temporal patterns.

Chakraborty et al. (2021) proposed a hybrid
approach to unemployment-rate forecasting,
while Yurtsever (2023) examined a hybrid
deep-learning framework. More recent work
has continued to investigate hybrid approaches,
including recurrent neural networks combined
with optimization techniques and machine-
learning models incorporating macroeconomic
indicators (Mero et al., 2024; Annastasya et al.,
2025). These studies suggest that combining
models may be useful when individual
approaches produce different forecasting errors
or respond differently to changes in the
underlying series.

Recent studies published in 2025 and 2026
provide further evidence of the growing use of
artificial  intelligence in  unemployment
forecasting. Magazzino et al. (2025) applied an
advanced artificial neural-network
methodology to unemployment forecasting
across 23 developed and technologically
advanced economies and demonstrated the
capacity of neural models to represent
nonlinear relationships between unemployment
and macroeconomic indicators. Annastasya et
al. (2025) compared several machine-learning
algorithms for forecasting unemployment in
Indonesia and found that gradient boosting
provided competitive predictive performance,
while also emphasizing the importance of
expanding-window validation and robustness
assessment. More recently, Mohamed and
Ibrahim (2026) compared Random Forest,
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XGBoost, Support Vector Regression, and
ARIMA in forecasting unemployment in
Somalia. Their findings indicated that machine-
learning methods can provide useful
forecasting gains in a fragile and data-
constrained economic context, although such
results remain dependent on the selected data,
predictors, and evaluation design. Collectively,
these recent studies reinforce the value of
comparing statistical and Al-based approaches
while also highlighting the need for strict out-
of-sample evaluation, particularly in volatile
economies.

Nevertheless, an ensemble does not
automatically guarantee superior performance.
Its value depends on whether the component
models provide complementary information
and whether the combination is evaluated under
a fair out-of-sample design. For this reason,
ensemble performance should be assessed
against both traditional benchmarks and
individual advanced models using the same
forecasting horizon, target variable, and
information constraints.

2.4 Research Gap and Conceptual
Framework

Although the literature on machine learning,
deep learning, and hybrid forecasting is
expanding, comparatively less attention has
been given to unemployment forecasting in
fragile economies using official quarterly
labour-force data. Many existing studies focus
on relatively stable economies, longer time
series, or richer sets of macroeconomic
predictors. The Palestinian case therefore
provides an opportunity to examine whether
advanced forecasting approaches can offer
practical value under conditions of volatility,
limited quarterly observations, and recurrent
structural disruption.

The present study addresses this gap by
comparing SARIMA, Seasonal Naive,
LightGBM, LSTM, and a simple LightGBM—
LSTM ensemble within a common one-
quarter-ahead  forecasting  setting.  The
conceptual framework  assumes that
unemployment dynamics contain several
potentially relevant elements: autoregressive
persistence, recurring seasonal patterns,
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nonlinear relationships, and changing temporal
behaviour during volatile periods. SARIMA
and Seasonal Naive provide transparent
baseline forecasts; LightGBM  captures
nonlinear relationships in lagged and seasonal
predictors; LSTM models sequential temporal
patterns; and the ensemble combines the
forecasts produced by LightGBM and LSTM.

Accordingly, the study evaluates whether
combining these complementary approaches
can improve practical short-term
unemployment forecasting while preserving
temporal validity and comparability across
models. The methodological implementation of
this framework, including data preparation,
model specifications, feature selection, and
rolling-origin evaluation, is presented in the
next section.

3. Methodology
3.1 Overall Forecasting Framework

The overall workflow of the proposed
forecasting framework is presented in Figure 1.
The framework begins with the preparation and
quarterly aggregation of PLFS microdata,
followed by the construction and pre-test
assessment of candidate predictors. It then
estimates the benchmark, machine-learning,
and deep-learning models under a common
rolling-origin  expanding-window  design.
Finally, LightGBM and LSTM forecasts are
combined through simple averaging, and model
performance and forecast uncertainty are
evaluated using out-of-sample forecasts.

( 1. Data Preparation ‘ 2. Feature Engineering &

Candidate Inputs

‘ PCBS LFS Microdata ‘ | ———

(Raw Inputs)

] 3. Feature Selection for LightGBM

Final strict inputs for LightGBM:
* U_rate_lag1

| [ Data Cleaning & Harmonisation}

T

Quarterly Aggregation
(National unemployment rate)

(PCA, assessed during
feature selection)

* q_sin, q_cos (seasonal components)

l L * U_rate_roll4 (4-quarter rolling mean) ]

U_rate_lag4
U_rate_roll4
q_sin

q_cos

* Candidate Socioeconomic Factors ]»
|

—

l v
* } 4. Model Estimation
: | Quarterly Wind
Y LightGBM
SARIMA(1,0,0)(0,1,0), S”?;;’}:Ug"’" ey (Look-back = 4 6quarlers)
(Univariate model) (Same quarter of quantile models)

previous year)

LSTM

(Two-layer architecture) ;

v

5. Ensemble Model

(Simple average of LightGBM
point forecasts and LSTM forecasts)

______ —— LightGBM Quantile Models
(10th and 90th percensilgs)

L

CQR-Calibrated 90%
Prediction Intervals

——— v

\4 v

6. Evaluation & Uncertainty

Strict Rolling-Origin
@ Expanding-Window Evaluation @-
(2022Q1 - 2024Q4)

P — 2 5
Accuracy Metrics | Uncertainty Quantification
(RMSE, MAE, SMAPE) /\/i CQR-Calibrated 90%
DM tests (pairwise comparisons) Sl Prediction Intervals

Figure 1: Al-Based Framework for Quarterly Unemployment Forecasting in Palestine

The proposed methodology integrates
econometric, machine-learning, and deep-
learning  approaches within a unified
forecasting framework. A hybrid ensemble
approach is also included by averaging the
forecasts generated by LightGBM and LSTM.
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The framework combines rolling-origin
expanding-window evaluation with forecast-
accuracy measures and formal statistical
comparisons to assess model performance
under common operational conditions. The use
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of machine learning in official statistics is
discussed by UNECE (2022).

At each forecasting origin, every model was
trained using only the information available up
to that point. This design ensured a temporally
valid out-of-sample comparison and prevented
the use of future information in model
estimation or forecasting (Hyndman &
Athanasopoulos, 2021; Cerqueira et al., 2020).

3.2 Data and Feature Engineering
3.2.1 Data Source

This study utilizes official quarterly labour
market indicators derived from the Labour
Force Survey (LFS) conducted by the
Palestinian Central Bureau of Statistics
(PCBS). The LFS represents the primary and
most authoritative source of labour market
statistics in Palestine and is fully aligned with
International Labour Organization (ILO)
standards  for  measuring  labour-force
participation, employment, and unemployment
(PCBS, 2025; ILO, n.d.).

The analysis covers the period from 2015 to
2024, providing sufficient variation to capture
both stable economic conditions and periods
characterized by structural shocks and
volatility (World Bank, 2023).

Individual-level LFS microdata were first
harmonized across survey waves and then
aggregated into quarterly indicators using
official sampling weights. Official sampling
weights were used to account for the survey
design when constructing quarterly analytical
features (PCBS, 2025).

3.2.2 Target Variable

The target variable is the official quarterly
headline unemployment rate in Palestine. It is
calculated from the Labour Force Survey
microdata using the official sampling weights
as the weighted number of unemployed persons
divided by the weighted labour force,
multiplied by 100. All models generate one-
quarter-ahead forecasts.
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U <Unemployedt) 100
= *
t LabourForce,

In this regard it corresponds to international
standards of the ILO, also with regards to the
official methods used by PCBS (PCBS, 2025).

All forecasts were generated one quarter ahead,
denoted as t+1. This forecasting horizon
supports short-term labour-market monitoring,
early-warning analysis, and timely evidence-
informed decision-making. Models can be
updated as new quarterly data become
available.

The same target variable and forecasting
horizon are consistently applied across all
models, including the hybrid ensemble model,
to ensure comparability of results.

3.2.3 Feature Construction

To support predictive performance while
preserving interpretability and operational
feasibility,  candidate  predictors  were
constructed from harmonized quarterly Labour
Force Survey indicators. The use of lagged
unemployment measures and seasonal Fourier
terms is well established in time-series
forecasting for representing persistence and
recurring seasonal patterns (Hyndman &
Athanasopoulos, 2021). The candidate set
included four broad groups: autoregressive
unemployment measures, seasonal Fourier
terms, socioeconomic and demographic
indicators, and lagged structural-shock
indicators. At each forecasting origin, all
predictors were constructed using only
information available up to that point, thereby
preserving temporal validity and preventing
information leakage.

For LightGBM, feature selection and model
development were completed exclusively
within the pre-test development period.
Candidate predictor sets were assessed using an
inner  rolling-origin expanding-window
validation procedure covering 2019QI-
2021Q4, consistent with time-series evaluation
approaches that preserve the temporal ordering
of observations (Cerqueira et al., 2020;
Hyndman & Athanasopoulos, 2021). The strict
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outer test period, 2022Q1-2024Q4, was held
out and was not used for feature selection,
hyperparameter tuning, or model specification.

Input representations were tailored to the
requirements of each forecasting architecture.
SARIMA and Seasonal Naive were estimated
as univariate benchmarks using only the
quarterly unemployment-rate series.
LightGBM used the final selected lagged
unemployment and seasonal Fourier features.

The LSTM model learned temporal patterns
from sequential quarterly input windows, with
the final look-back specification selected
during the pre-test development stage. The
ensemble model introduced no additional
predictors; it combined the out-of-sample point
forecasts generated by LightGBM and LSTM.

Table 1 summarizes the model-specific input
structures used in the strict one-quarter-ahead
forecasting evaluation.

Table 1: Model-Specific Input Structures Used in Strict Unemployment Forecasting

LightGBM and LSTM forecasts

Model Input structure in strict evaluation Purpose / role
SARIMA(1,0,0)(0,1,0)4 Quarterly unemployment-rate series only Univariate statistical benchmark capturing
autoregressive and seasonal dynamics
Seasonal Naive Unemployment rate from the same quarter of Simple seasonal benchmark
the previous year
LightGBM (Ut1), (Uta), four-quarter rolling mean, (q_sin), | Captures nonlinear relationships in lagged
(q_cos) unemployment dynamics and seasonal
patterns
LST™M Sequential quarterly input windows; candidate | Learns temporal dependencies and changing
look-back lengths of 4-6 quarters were patterns over time
assessed during pre-test development.
Ensemble Arithmetic average of out-of-sample Combines the complementary predictive

behaviour of both models

Note: PCA components, socioeconomic
indicators, and lagged shock indicators were
assessed as candidate predictors but were not
retained in the final strict LightGBM
specification.

(i) Autoregressive Features

Labour-market time series often exhibit short-
run persistence and seasonal dependence.
Accordingly, lagged unemployment values and
rolling summary measures are commonly used
to represent recent conditions and recurring
quarterly patterns in short-horizon forecasting
(Box etal., 2015; Hyndman & Athanasopoulos,
2021). The following features were included:

e First-order lag of unemployment (U-1)
o Seasonal lag (U-4)
e Four-quarter rolling mean

These features summarize information
available at each forecasting origin and allow
the model to represent recent unemployment
dynamics and seasonal recurrence without
using future observations.
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(ii) Seasonal Components

Seasonality is modeled using Fourier terms,
allowing both linear and nonlinear models to
capture smooth cyclical patterns without over-
parameterization. This approach has been
shown to improve forecasting performance in
macroeconomic time series (Hyndman &
Athanasopoulos, 2021).

. 2mq 21q
sm(T), cos (——

Where q is the quarterly index. It has been
demonstrated that using Fourier terms can lead
to improved accuracy in forecasting short
macroeconomic time series by allowing the
models to capture recurring cycles in a compact
way (Hyndman & Athanasopoulos, 2021).

(iii) Structural and Demographic Indicators
To account for labour market heterogeneity, a

set of structural indicators derived from LFS
microdata is included, such as:
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e Youth and female unemployment rates

o Employment-to-labour-force ratio

o Labour force participation
characteristics

e Educational attainment

o Refugee population share

These wvariables provide additional context
beyond aggregate trends and improve the
ability of models to capture structural
differences across population groups (Katris,
2020; Gogas et al., 2022).

(iv) Structural Shock Indicators

Given the volatility of the Palestinian economy,
lagged binary indicators representing major
periods of disruption, including the COVID-19
pandemic and conflict-related shocks, were
assessed as candidate predictors. All shock
indicators were lagged to ensure that only
information available at the relevant
forecasting origin was used.

The feature engineering process used to
construct the model inputs is illustrated in
Figure 2.

Quarterly Aggregated Indicators

National unemployment rate and candidate quarterly indicators derived from LFS microdata

Candidate Feature Engineering (pre-test development stage)

\
J

Lagged Unemployment Seasonal
Dynamics Components

* U_rate_lagl ® qsin education

* U_rate_lagd ® g_cos

* U_rate_roll4 refugee share, etc

Candidate Socioeconomic
and Demographic Indicators

youth/female unemployment * conflict 2023Q4

Candidate Lagged Optional Dimensionality
Shock Indicators Reduction

* COVID-19 2020Q2 * PCA assessed for candidate
* socioeconomic indicators

* lagged Indicators

Greedy forward selection using one-quarter-ahead validation RMSE

Inner Rolling-Origin Validation for LightGBM Feature Selection

Pre-test validation period: 2019Q1-2021Q4

( Fixed LightGBM Feature Set for the Outer Test

U_rate_lagl | U_rate_lagd | U_rate_rolld | q_sin | q_cos

Outer Strict Test: Held Out Until Final Evaluation
2022Q1-2024Q4

Not used for feature selection, hyperparameter tuning, or model specification.

All candidate predictors are constructed using information available at the relevant forecasting origin

Figure 2: Feature Engineering and Inner Validation-Based Predictor Selection for LightGBM

Note: Candidate predictors were assessed
through inner rolling-origin  expanding-
window validation during 2019Q1-2021Q4.
The outer test period, 2022Q1-2024Q4, was
held out entirely for final strict evaluation.
Socioeconomic  indicators,  demographic
indicators, PCA components, and lagged shock
indicators were assessed as candidate
predictors but were not retained in the final
strict LightGBM specification.
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The pipeline illustrates how raw LFS microdata
were cleaned, harmonized, and aggregated into
quarterly indicators for unemployment
forecasting. Candidate predictors included
lagged unemployment dynamics, seasonal
Fourier terms, socioeconomic and
demographic  indicators, lagged shock
indicators, and  optional = PCA-derived
components. These predictors were assessed
exclusively during the pre-test development
period through an inner rolling-origin
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validation procedure. Based on this process, the
final strict LightGBM specification retained
only lagged unemployment features and
seasonal Fourier terms. The selected feature set
was fixed before the outer test period and
applied unchanged throughout the strict
evaluation from 2022Q1 to 2024Q4.

The  forecasting models used input
representations tailored to their respective
architectures. SARIMA and Seasonal Naive
were estimated as univariate benchmarks using
the quarterly unemployment-rate series,
whereas LightGBM used the selected lagged
unemployment and seasonal Fourier features.
LSTM was trained using sequential quarterly
input windows. Candidate look-back lengths of
4, 5, and 6 quarters were assessed during the
pre-test development stage, and the selected
configuration was then used throughout the
strict out-of-sample evaluation. The ensemble
model introduced no additional predictors; it
combined the out-of-sample point forecasts
generated by LightGBM and LSTM. All
models were evaluated under the same one-
quarter-ahead  rolling-origin ~ expanding-
window protocol to ensure temporal validity
and comparability.

3.3 Benchmark Models: SARIMA and
Seasonal Naive

This study employs a univariate Seasonal
Autoregressive Integrated Moving Average
model and a Seasonal Naive model. These
benchmarks rely exclusively on the quarterly
national unemployment-rate series and provide
transparent reference points for evaluating the
added value of the Al-based models.

The final SARIMA specification was
SARIMA(1,0,0)(0,1,0)s, where the seasonal
period of four corresponds to quarterly
observations. The model captures short-run
autoregressive dependence together with
seasonal differencing, while preserving a
relatively parsimonious and interpretable
structure. SARIMA models remain widely used
as benchmark methods in economic and
official-statistics forecasting because they
provide a clear representation of temporal
persistence and seasonal behaviour (Box et al.,
2015).
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At each rolling forecast origin, the SARIMA
model was re-estimated using only the
unemployment observations available up to
that point. A one-quarter-ahead forecast was
then generated, after which the training window
was expanded to include the newly observed
quarter. This procedure ensured that the
SARIMA forecasts were produced under the
same time-aware evaluation protocol applied to
the competing models and that no future
information was used.

A Seasonal Naive model was also included as a
simple baseline. For each one-quarter-ahead
forecast, the model repeated the unemployment
rate observed in the corresponding quarter of
the previous year. Although simple, the
Seasonal Naive benchmark provides an
important minimum reference for determining
whether more complex statistical and Al-based
methods deliver meaningful improvements in
predictive accuracy (Hyndman &
Athanasopoulos, 2021).

3.4 Machine Learning Model: Light GBM

Light Gradient Boosting Machine (LightGBM)
was employed as the machine-learning model
in the comparative forecasting framework.
LightGBM is a gradient-boosted decision-tree
method that can capture nonlinear relationships
and interaction effects in structured data
without requiring a predefined functional form
(Goulet Coulombe et al., 2022; Buckmann &
Joseph, 2023).

Candidate  predictors  included lagged
unemployment measures, seasonal Fourier
terms, socioeconomic and demographic
indicators, lagged structural-shock indicators,
and optional PCA-derived components. These
variables were assessed during the feature-
engineering and selection stages. However, the
final strict LightGBM specification retained
only five predictors: the first-order
unemployment lag, the seasonal
unemployment lag, the four-quarter rolling
mean, and the sine and cosine seasonal Fourier
terms.

Using these selected inputs, LightGBM
generated one-quarter-ahead point forecasts of
the national unemployment rate. Its tree-based
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structure enabled the model to capture
nonlinear  relationships  among  recent
unemployment dynamics and seasonal patterns
while maintaining a parsimonious specification
suitable for a short quarterly time series.

Hyperparameter  settings  were  chosen
conservatively to reduce the risk of overfitting
and support stable out-of-sample performance.
In addition to the point-forecast model,
LightGBM quantile models were estimated at
the 10th and 90th conditional percentiles to
support the construction of CQR-calibrated
90% prediction intervals.

3.5 Deep Learning Model: Long Short-
Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks
were used to model nonlinear temporal
dependencies in quarterly unemployment
dynamics. LSTM is a recurrent neural-network
architecture designed to retain relevant
information over extended sequences through
gated memory cells, thereby helping to address
the vanishing-gradient problem in sequential
learning (Hochreiter & Schmidhuber, 1997).

The LSTM hyperparameters were selected
during the pre-test development stage without
using any observations from the strict 2022Q1—
2024Q4 evaluation period. Candidate look-
back lengths of 4, 5, and 6 quarters were
compared using an inner rolling-origin
expanding-window  validation  procedure
covering 2019Q1-2021Q4, with validation
RMSE used as the primary selection criterion.
Given the limited sample size, a deliberately
bounded and conservative architecture was
adopted rather than conducting an extensive
hyperparameter search, which could increase
the risk of overfitting. The final architecture
consisted of an initial LSTM layer with 32 units
and return sequences=True, followed by a
dropout layer with a rate of 0.25, a second
LSTM layer with 16 units, another dropout
layer with a rate of 0.25, and a single-unit dense
output layer. The Adam optimizer was used
because of its stable performance in recurrent-
network training, while early stopping was
applied based on validation loss. Once selected,
the architecture and training settings were fixed
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and applied unchanged throughout the strict
out-of-sample evaluation.

The model was optimized using the Adam
optimizer and trained with early stopping to
reduce the risk of overfitting, particularly given
the limited length of the quarterly time series.
At each rolling forecast origin, the model was
trained only on the information available up to
that point, after which a one-quarter-ahead
forecast was generated. This procedure ensured
temporal validity and consistency with the
evaluation framework applied to all competing
models.

The use of LSTM in this study requires careful
justification because the quarterly dataset
covers 2015-2024 and contains only 40
observations. The model was therefore
included as an exploratory comparator to
examine whether a sequence-based architecture
could capture nonlinear temporal patterns that
may not be fully represented by conventional
statistical or tree-based models. It was not
intended to demonstrate the general superiority
of deep learning in small-sample forecasting
settings. To limit the risk of overfitting, the
model wused short input sequences, a
deliberately constrained two-layer architecture,
dropout regularization, early stopping, and
rolling-origin  estimation using only the
observations available at each forecast origin.
The model specification was fixed before the
strict  2022Q1-2024Q4 evaluation period.
Nevertheless, the limited number of training
sequences remains an important constraint, and
the LSTM results should be interpreted as
exploratory evidence that requires validation
using longer or higher-frequency time series.

Figure 3 provides a visual representation of the
LSTM architecture.
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LSTM Forecasting Architecture
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Figure 3: LSTM Architecture

3.6 A Hybrid Approach Using an Ensemble
Forecasting Model

To be able to better represent uncertainty of
prediction in relation to model reliability in
terms of structural stability, an ensemble-based
forecasting method was developed. The
ensemble model will combine the forecasts
from the LightGBM and LSTM models. This
allows for the combination of their respective
advantages of representing non-linearities and
temporal dependencies.

For notation purposes we can define the one-
step ahead forecast from LightGBM (i.e., Ut
+ 1 _LGBM), and the one-step ahead forecast
from LSTM (i.e., Ut + 1_LSTM). Therefore,
the one-step ahead forecast from the ensemble
model (i.e., Ut + 1_ens) would be given by:

1
i{ens} _ ~+{LGBM} ~{LSTM}
Ursny = E(U{t+1} + Uiy )

Averaging of the individual model forecasts is
often employed due to its ability to reduce
variability in the combined model's output, and
therefore, mitigate bias introduced through the
use of differing structures within each of the
component models. Through this method of
integration, the ensemble model seeks to
achieve a balance between feature learning
through structure and pattern identification
through sequence analysis.

Equal weights of 0.50 for LightGBM and 0.50
for LSTM were specified before the strict
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evaluation period. This simple averaging rule
was selected because it is transparent,
reproducible, and does not require estimating
an additional weighting parameter from the
limited pre-test sample. Estimating optimized
weights from a short validation period could
produce unstable weights and increase the risk
of overfitting. Equal weighting also allows both
component models to contribute symmetrically
despite their different learning structures. The
ensemble should therefore be interpreted as a
simple benchmark combination rather than an
optimized forecast-combination model.

It is important to note that the ensemble model
did not use any additional predictors. Rather, it
was constructed by averaging the out-of-
sample point forecasts generated by LightGBM
and LSTM at each rolling forecast origin.
Although LightGBM and LSTM used input
representations tailored to their respective
architectures, both forecasts were produced for
the same target variable, one-quarter-ahead
horizon, rolling-origin  expanding-window
protocol, and information-availability
constraints. The ensemble therefore preserved
temporal consistency and did not incorporate
future information or additional explanatory
variables beyond those used by its component
models.

As such, the ensemble model is tested and
compared to SARIMA, LightGBM and LSTM
methods, under equivalent experimental
conditions; which allows for a valid assessment
of whether hybrid forecasting methodologies
offer improvements over other methods in
terms of forecast accuracy and robustness in
highly dynamic/volatile/and/or shock-prone
environments.

3.7 Rolling-Origin Evaluation and Temporal
Integrity

All models were evaluated using a one-quarter-
ahead  rolling-origin  expanding-window
design. At each forecasting origin t, each model
was re-estimated using only the information
available through quarter t, and a forecast was
generated for quarter t+1. The newly observed
value was then added to the training set before
the next forecasting origin was evaluated. This
procedure was repeated across the strict out-of-

11/22
Published: An-Najah National University, Nablus, Palestine



sample evaluation period, from 2022Q1 to
2024Q4.

Feature selection and model specifications
were finalized during the pre-test development
stage. The strict outer test period was not used
for feature selection, hyperparameter tuning, or
model specification. This design preserved
temporal ordering, prevented the use of future

information, and ensured that all models were
compared under the same operational
forecasting conditions (Cerqueira et al., 2020;
Hyndman & Athanasopoulos, 2021).

Figure 4 illustrates the expanding training
window and the iterative one-quarter-ahead
forecasting process. Table 2 summarizes the
corresponding evaluation settings.

Rolling-Origin Re-Estimation

Expanding Training Window
(Start » 2021Q4)

Models retrained at each quarter

Q1 Q2 Q3 Q4 Q5 Q6

Q7

N\

Q10 an Q12 Q13

Q8 Q9

Strict Test Window
(2022Q1-2024)

Figure 4: Rolling-Origin Expanding-Window Evaluation

Table 2: Summary of Rolling-Origin
Evaluation Parameters

Parameter Specification

Training period | From first available quarter
(2015) t0 202104

Strict testing 2022Q1-2024Q4

period

Forecast horizon | 1 quarter ahead (h=1)

Evaluation Expanding-window, rolling-origin

framework

Minimum 12 quarters

training length

Re-estimation
frequency

At every forecast origin

Total number of | 12
strict forecasts

Leakage Models trained only on historical

prevention data available at each origin

Applicable SARIMA, SNAIVE, LGBM

models (mean & quantile), LSTM,
Ensemble

Performance RMSE, MAE, sMAPE, out-of-

metrics sample R?, and Diebold-Mariano

tests, directional accuracy, and
turning-point precision, recall,
and F1 score
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In addition to point forecasts, forecast
uncertainty was quantified using
Conformalized Quantile Regression (CQR).
Two LightGBM quantile models were fitted to
estimate the 10th and 90th conditional
percentiles of the unemployment rate. At each
rolling forecast origin, the initial quantile
bounds were calibrated using conformity
scores computed from the tail of the
corresponding training window to obtain 90%
prediction intervals. The resulting intervals
were adjusted where necessary to prevent
quantile crossing and are presented to illustrate
forecast uncertainty during the strict out-of-
sample period.

3.8 Evaluating the Quality of Forecasts
Forecast accuracy was evaluated using Root

Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and symmetric Mean Absolute
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Percentage Error (sMAPE). RMSE gives
greater weight to large forecast errors, MAE
provides an easily interpretable measure of
average absolute deviation, and SMAPE offers
a scale-independent percentage-based measure
of accuracy (Hyndman & Athanasopoulos,
2021).

The RMSE is formulated as follows:

N
1 ~
t=1
The MAE is formulated as follows:

N
1 N

where Ui is the observed level of
unemployment at time t; U denotes the
forecasted unemployment level at time t; and N
is the number of forecasts made. These
measures allow an objective evaluation of each
model's forecasting capabilities. The RMSE is
a metric which emphasizes differences among
large errors because of the square of
differences, but the RMSE is much more
susceptible to outliers than MAE. On the other
hand, MAE is a stable and more understandable
metric to evaluate average error levels when
there is considerable volatility.

The out-of-sample coefficient of determination
(R?) was also calculated as a supplementary
measure of predictive fit. It compares the
squared forecast errors with the variation of the
observed unemployment rate around its mean
during the strict evaluation period. The out-of-
sample (R?) is formulated as follows:

=5 2
2 (U - T)
.U - 0)?

R?=1

where (Uy) is the observed unemployment rate
at time t; U, is the corresponding forecast, U is
the mean observed unemployment rate during
the strict evaluation period, and N is the number
of forecasts. Unlike the conventional in-sample
coefficient of determination, the out-of-sample
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(R?) may be negative when a model performs
worse than the test-period mean benchmark. It
was therefore interpreted alongside RMSE,
MAE, and sMAPE rather than as a standalone
measure of forecasting quality.

In addition to conventional forecast-error
measures, directional accuracy was calculated
to assess whether each model correctly
predicted the quarter-to-quarter direction of
change in unemployment. For each forecast
quarter, the realized direction was determined
by  whether unemployment increased,
decreased, or remained unchanged relative to
the previous quarter. The forecast direction was
defined analogously by comparing the one-
quarter-ahead forecast with the unemployment
rate observed in the preceding quarter.
Directional accuracy was calculated as the
percentage of out-of-sample forecasts for
which the predicted and realized directions
coincided.

Turning-point performance was evaluated
using a directional-reversal criterion. A
realized turning point was identified when the
direction of unemployment between the
preceding quarter and the forecast quarter
reversed relative to the movement observed
over the previous two quarters. A model was
considered to predict a turning point when its
one-quarter-ahead forecast implied such a
reversal using only information available at the
forecast origin. Turning-point performance was
summarized using precision, recall, and the F1
score, allowing missed reversals to be
distinguished from false turning-point signals.

As an additional assessment of model
behaviour under structural disruption, forecast
performance was also examined separately for
the conflict-related period from 2023Q4 to
2024Q4 using RMSE, MAE, sMAPE, and
directional accuracy. Because this period
contains only five quarterly forecasts, these
results are interpreted descriptively. The
directional, turning-point, and shock-period
measures are treated as complementary
diagnostics and do not replace the primary
forecast-accuracy measures or the Diebold-
Mariano comparisons.
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3.9 Statistical Comparison of Forecasting
Models

The Diebold-Mariano (DM) Test for
Comparing Forecasts of Different Models
Statistical comparison of different forecasting
methods can be carried out by applying the
Diebold-Mariano (DM) test (Diebold &
Mariano, 1995). The DM test is a statistical
method to evaluate the null hypothesis which
assumes that two alternative forecasting
methods will have equal predictive power in
terms of their loss function during the
prediction period.

In order to compare forecast error measures the
DM test uses commonly used measures of error
such as Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE). Therefore, the
DM test is able to determine whether there are
statistically meaningful differences in model
performance.

4. Results
This section presents the empirical findings for

the one quarter ahead unemployment
predictions produced from each of the four

models (SARIMA, LightGBM, LSTM and the
ensemble model). Our analysis uses a new
evaluation method called '"rolling-origin
expanding window". We measure the quality of
our forecasts, i.e. how accurately they predict
unemployment, using standard measures of
forecasting quality, specifically root mean
squared error (RMSE) and mean absolute error
(MAE).

Overall, the results indicate that model rankings
based on average error measures should be
interpreted cautiously, particularly given the
short and wvolatile evaluation period. The
ensemble, LightGBM, and LSTM displayed
different descriptive forecasting behaviours,
but the observed differences should not be
interpreted as conclusive evidence of
statistically significant superiority among the
advanced models.

4.1 Comparative Forecast Accuracy Across
Models

The average values for one quarter ahead
forecasted accuracy are reported in Table 3
using a rolling origin expanding window
method.

Table 3: One-Quarter-Ahead Forecast Accuracy (Out-of-Sample, Expanding-Window Evaluation)

Model RMSE (pp) MAE (pp) SMAPE (%) Out-of-sample R?
Ensemble (LGBM + LSTM) 3.399 2.039 7.162 0.197
LightGBM 3.503 2.103 7.363 0.148
LSTM 3.514 2.412 8.494 0.142
SARIMA 4.281 2.901 9.869 -0.273
Seasonal Naive 5.108 3.927 13.809 —0.813

The ensemble recorded the lowest average
forecast errors across RMSE, MAE, and
SMAPE, followed closely by LightGBM and
LSTM. LightGBM produced a slightly lower
RMSE and MAE than LSTM, although the
differences between the two models were
small. These results describe the average out-
of-sample error rankings during the strict
evaluation period but do not, by themselves,
establish statistically significant superiority.

The Diebold—Mariano tests did not identify
statistically significant differences between the
ensemble, LightGBM, LSTM, and SARIMA
within the available evaluation window. By
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contrast, LightGBM, LSTM, and the ensemble
showed statistically significant improvements
over the Seasonal Naive benchmark. Therefore,
the ensemble’s lower average errors should be
interpreted as descriptive evidence of
competitive forecasting performance rather
than conclusive evidence of superiority over
SARIMA or the individual advanced models.

4.2 Model Performance During Periods of
Elevated Volatility

Model behaviour was examined during periods
of elevated labour-market volatility to assess
how reliably the forecasting approaches
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responded to rapid changes in unemployment
dynamics. In such periods, point-forecast
accuracy alone may not provide a complete
assessment of model usefulness; the associated
uncertainty around the forecast is also
important for interpretation and decision-
making.

In addition to point forecasts, forecast
uncertainty was illustrated using CQR-
calibrated 90% prediction intervals generated
from the LightGBM quantile models. As
illustrated in Figure 5, the prediction intervals
widen during periods of substantial variation in
the unemployment rate, indicating greater
uncertainty in the expected short-term labour-
market trajectory. This result highlights the
value of reporting interval forecasts alongside
point estimates, particularly in fragile and
shock-prone economic environments.

To complement the interval-based assessment,
forecast performance was examined separately
during the conflict-related period from 2023Q4
to 2024Q4. Across these five quarters, LSTM
recorded the lowest RMSE at 5.103 percentage
points, while the ensemble recorded the lowest
MAE at 3.687 percentage points and the lowest
SMAPE at 12.441%. LightGBM, LSTM, and
the ensemble each achieved directional
accuracy of 60.0% during this period,
compared with 40.0% for SARIMA and the
Seasonal Naive benchmark.

The shock-period results therefore indicate
differences in model behaviour across
evaluation criteria rather than clear superiority
of a single forecasting approach. Given the
small number of shock-period forecasts, these
findings are interpreted as supplementary
descriptive evidence and do not alter the
statistical comparisons based on the full
evaluation window.

Strict 1-Step Forecast: LGBM

Actual

LGBM (STRICT)
LGBM 90% CQR PI
Strict test window

34 1

32

30 1

%

28 1

26 A

24 1

22 A

2016 2017 2018 2019

2020

2021 2022 2023 2024 2025

Figure 5: LightGBM Forecasts and COR-Calibrated 90% Prediction Intervals During the Strict Evaluation

4.3 Statistical Analysis of Forecast

Performance Differences

Diebold-Mariano (DM) testing was performed
on each model pair as a means to determine if
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Period

differences in their respective forecasting
accuracies were statistically significant. The
DM tests were constructed using the squared
error of forecasts and the p-values from the DM
tests for each model pair are provided in Table
4.
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Table 4: Summary of Diebold-Mariano Tests Conducted on Each Model Pair's Forecasts

Model_A Model_B DM p_value
LGBM SARIMA -0.96218 0.35495
LGBM SNAIVE -2.45409 0.030365
LGBM LST™M -0.04312 0.966311
LGBM ENS LGBM_LSTM 0.72701 0.481163
SARIMA SNAIVE -0.90773 0.381889
SARIMA LST™M 0.932541 0.369441
SARIMA ENS LGBM_LSTM 1.088538 0.297737
SNAIVE LST™M 2.425903 0.031971
SNAIVE ENS LGBM_LSTM 2.570477 0.024524
LST™M ENS LGBM_LSTM 0.790901 0.444352

In conclusion, the DM tests indicate that the
hierarchy of performance observed in the
descriptive metrics is only partially supported
by statistical evidence. LightGBM, LSTM, and
the ensemble model significantly outperform
the Seasonal Naive benchmark, while
differences among LightGBM, LSTM, the
ensemble, and SARIMA are not statistically
significant within the available evaluation
window.

Although the ensemble model achieves the
lowest average forecast errors, the DM test
results indicate that these improvements are not
statistically significant when compared to other
advanced models. This may be attributed to the
relatively small sample size and the high
volatility of the underlying time series, which
limit the statistical power of the test.

The Diebold-Mariano tests evaluate differences
in average forecast loss but do not directly
assess whether models correctly anticipate the
direction of unemployment movements or
identify reversals in the series. Directional
accuracy and turning-point measures were
therefore examined as complementary
diagnostics, as reported in Section 4.4. These
additional measures do not change the
interpretation of the Diebold-Mariano results.

Overall, these findings suggest that hybrid
approaches may be useful for short-term
unemployment forecasting, while emphasizing
the need for cautious interpretation when
performance differences are small relative to
the uncertainty of the evaluation setting.
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4.4 Forecast Trajectories and Turning
Point Detection

When evaluating an ensemble of models that
produce forecasts from different approaches,
the trajectory of each model's predictions offers
additional insight into performance over time.
Each of the five models included in this
analysis was evaluated against a single set of
actual unemployment rates and one-quarter
ahead forecasts for those rates as presented in
Figure 6.

Figure 6 provides descriptive context for the
forecast trajectories, while formal
responsiveness was additionally assessed using
directional accuracy and  turning-point
detection. During the 2022Q1-2024Q4
evaluation window, SARIMA, LSTM, and the
ensemble each correctly predicted the direction
of quarterly unemployment changes in 75.0%
of forecasts, compared with 66.7% for
LightGBM and the Seasonal Naive benchmark.

Under the directional-reversal definition, eight
realized turning points were identified during
the evaluation period. SARIMA detected seven
of these reversals and achieved the highest
recall (0.875) and F1 score (0.824). LSTM and
the ensemble each detected six of the eight
realized turning points and achieved the highest
precision (0.857), with recall of 0.750 and F1
scores of 0.800. LightGBM and the Seasonal
Naive benchmark each recorded precision,
recall, and F1 values of 0.750.
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Strict 1-Step Forecasts: All Models + 2-Model Ensemble
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Figure 6: Actual Unemployment Rate and One Quarter Ahead Unemployment Forecasts for All Data Used in
Evaluation Window

These results refine, rather than overturn, the
descriptive patterns visible in Figure 6. No
model dominated all dimensions of turning-
point performance. SARIMA identified a larger
proportion of realized reversals, whereas
LSTM and the ensemble produced fewer false

turning-point signals. The results therefore
provide additional evidence of complementary
forecasting behaviour across model classes and
should be interpreted alongside, rather than in
place of, the conventional forecast-error
measures and Diebold-Mariano tests.

Table 5: Directional Accuracy and Turning-Point Detection During the Strict Evaluation Period

(2022Q1-2024Q4)

Model Directior}i;/lo;&ccuracy Precision Recall F1
SARIMA 75.0 0.778 0.875 0.824
Seasonal Naive 66.7 0.750 0.750 0.750
LightGBM 66.7 0.750 0.750 0.750
LSTM 75.0 0.857 0.750 0.800
Ensemble (LGBM + LSTM) 75.0 0.857 0.750 0.800

Note: A turning point is defined here as a
reversal in the direction of quarter-to-quarter
unemployment change. Eight such reversals
occurred during the evaluation window.
Precision measures the proportion of predicted

ANUJR-B. Vol. xx (xx), xxxx

turning points that were realized, recall
measures the proportion of realized turning
points detected, and F1 summarizes the balance
between precision and recall.
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Table 6: Forecast Performance During the Conflict-Related Period, 2023Q4-2024Q4

Model RMSE (pp) MAE (pp) SMAPE (%) Dir ec“‘"}ﬂ/lnf““r acy
SARIMA 6.615 5.465 17.833 40.0
Seasonal Naive 7.692 7.380 25.656 40.0
LightGBM 5.479 4.026 13.543 60.0
LST™M 5.103 4.026 13.522 60.0
Ensemble (LGBM + LSTM) 5.184 3.687 12.441 60.0
Note: Because the conflict-related period statistically significant differences relative to

contains only five forecast observations, these
results are descriptive and are not interpreted as
evidence of statistically significant model
superiority.

5. Discussion

This study compared SARIMA, Seasonal
Naive, LightGBM, LSTM, and a simple
LightGBM-LSTM ensemble for one-quarter-
ahead unemployment forecasting in Palestine.
The ensemble recorded the lowest average
forecast errors during the strict evaluation
period, while LightGBM also produced
competitive descriptive results. However, the
Diebold—Mariano tests did not identify
statistically significant differences between the
advanced models and SARIMA within the
available evaluation window. The findings
should therefore be interpreted as descriptive
evidence  of  comparative  forecasting
performance rather than conclusive evidence
that the Al-based or ensemble models are
statistically superior to SARIMA.

The results broadly complement previous
research indicating that machine-learning
methods can provide competitive alternatives
to conventional time-series approaches in
unemployment forecasting. Katris (2020) and
Gogas et al. (2022) highlighted the potential
value of machine-learning models for
representing nonlinear labour-market
relationships. In the present study, LightGBM
achieved relatively low average forecast errors
using a parsimonious feature set based on
lagged unemployment measures and seasonal
Fourier terms. This suggests that useful
nonlinear forecasting performance may be
obtained without relying on a large number of
external predictors, although the absence of
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SARIMA requires cautious interpretation.

The formal directional and turning-point
diagnostics refine the earlier descriptive
interpretation of model responsiveness.
SARIMA, LSTM, and the ensemble achieved
the same directional accuracy of 75.0%, while
their turning-point characteristics differed.
SARIMA achieved the highest recall and F1
score, wherecas LSTM and the ensemble
achieved the highest precision. During the
conflict-related period, LSTM recorded the
lowest RMSE, while the ensemble recorded the
lowest MAE and sMAPE. These results
indicate that responsiveness to abrupt labour-
market changes is multidimensional and
depends on the criterion considered.
Importantly, they do not alter the broader
finding that no single model demonstrated
uniform superiority across all performance
dimensions.

The ensemble result is consistent with the
broader hybrid-forecasting literature, which
suggests that combining models with different
learning mechanisms may improve average
predictive performance (Chakraborty et al.,
2021; Yurtsever, 2023; Mero et al., 2024;
Annastasya et al., 2025). In the present study,
averaging LightGBM and LSTM forecasts
produced the lowest average errors, potentially
reflecting complementary forecasting
behaviour. At the same time, the lack of
statistically significant differences between the
ensemble, the individual advanced models, and
SARIMA qualifies this result. The contribution
is therefore not a claim of universal or
statistically significant ensemble superiority,
but an indication that a simple hybrid approach
may provide a practical option for short-term
labour-market monitoring in a volatile and
data-constrained setting.
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5.1 Theoretical and Practical Implications

From a theoretical perspective, the findings
support the view that unemployment dynamics
in fragile economies cannot necessarily be
represented adequately by a single modelling
structure. Statistical, machine-learning, and
deep-learning models capture different aspects
of the forecasting problem, including
persistence, seasonality, nonlinear
relationships, and  sequential temporal
behaviour. The descriptive performance of the
ensemble suggests that forecast combination
may help integrate complementary information
from models with different learning
mechanisms. However, the absence of
statistically significant differences between the
ensemble, the individual advanced models, and
SARIMA indicates that model complexity
alone does not guarantee superior predictive
performance, particularly when the available
time series is short and affected by structural
shocks.

From a practical perspective, the proposed
framework  provides official statistical
organizations with a reproducible approach for
comparing conventional and  Al-based
unemployment forecasts under common
information constraints. Practitioners may use
SARIMA and Seasonal Naive as transparent
benchmarks, LightGBM as a parsimonious
nonlinear forecasting option, and LSTM or
ensemble forecasts as supplementary tools
when sufficient validation data are available.
Rather than automatically replacing established
statistical methods, Al-based models can be
incorporated into a model-comparison and
monitoring system in which forecasts are
updated quarterly, prediction intervals are
reported, and model performance is
periodically reassessed. Such an approach can
support early labour-market monitoring,
resource planning, and evidence-informed
policy  discussions  while = maintaining
transparency and human oversight.

A further limitation is the small number of
quarterly observations available for training the
LSTM model. Although regularization, early
stopping, and a constrained architecture were
used, these measures cannot fully eliminate the
risk of overfitting. Accordingly, the LSTM
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findings should not be generalized beyond the
present dataset without further validation using
longer or higher-frequency series.

The use of fixed equal weights in the ensemble
represents an additional limitation. Although
equal weighting provides a transparent
combination and avoids estimating additional
parameters from a short validation sample, it
does not establish that the 0.50-0.50 allocation
is optimal. Future research should compare
equal weighting with validation-error-based,
inverse-error, and adaptive weighting schemes
using longer evaluation periods.

6. Conclusion

This study evaluated the forecasting
performance and potential operational value of
SARIMA, Seasonal Naive, LightGBM, LSTM,
and a simple LightGBM-LSTM ensemble for
one-quarter-ahead unemployment forecasting
in Palestine. All models were assessed using a
common rolling-origin expanding-window
framework during the strict 2022Q1-2024Q4
evaluation period.

The ensemble recorded the lowest average
RMSE, MAE, and sMAPE, followed closely
by LightGBM and LSTM. However, the
Diebold—Mariano tests did not identify
statistically significant differences between the
ensemble, LightGBM, LSTM, and SARIMA
within the available evaluation window. By
contrast, LightGBM, LSTM, and the ensemble
showed statistically significant improvements
over the Seasonal Naive benchmark. The
results should therefore be interpreted as
descriptive evidence of competitive forecasting
performance rather than proof that Al-based or
ensemble models are generally or statistically
superior to established statistical models.

The additional directional and turning-point
diagnostics lead to a similar conclusion.
Different models exhibited different strengths
in anticipating changes and reversals in
unemployment, but no single approach
dominated across all measures. This reinforces
the value of evaluating multiple forecasting
criteria in  volatile and  shock-prone
environments.
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Based on these findings, official statistical
organizations are encouraged to adopt a staged
and evidence-based approach to Al-assisted
labour-market forecasting. This approach
should begin with transparent benchmark
models, followed by controlled comparison
with machine-learning and deep-learning
alternatives under a rolling-origin evaluation
design. Forecasts should be accompanied by
uncertainty intervals, documented model
specifications, and regular performance
reviews. During structural shocks, model
outputs should complement rather than replace
expert judgment and newly available
administrative or high-frequency indicators.
Institutional  implementation should also
include staff training, reproducible data
pipelines, model-governance procedures, and
clear communication of forecast uncertainty to
policymakers. Governance should also address
transparency, robustness, and accountability in
accordance with the OECD Recommendation on
Artificial Intelligence (OECD, 2024).

Future research should examine whether the
findings remain robust when longer or higher-
frequency time series become available.
Further extensions could incorporate additional
macroeconomic indicators, evaluate directional
and turning-point performance over longer
evaluation windows and additional shock
episodes, and compare equal-weight averaging
with validation-based or adaptive ensemble
weights. Such extensions would help determine
whether more advanced combination strategies
offer ~ consistent  improvements  while
maintaining transparency, interpretability, and
reproducibility.
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