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1. Introduction

Over the years, the Nigerian youth labor market has remained a complex adaptive system where structural rigidities, informality,
and demographic growth combine to create entrenched unemployment and underemployment. As captured by National Bureau
of Statistics (NBS), over 90% of Nigerians are employed in informal jobs, and youth not in employment, education, or training
(NEET) make up a sizable portion of the profile of labor market inactivity among Nigerians aged 15 to 24 2. Beyond the
impact of this economic situation, these statistics highlight the fact that headline unemployment rates do not account for factors
like job quality, labor flow dynamics, or the diversity of youth experiences among many others.

A persistent employment trend has demonstrated that the Nigerian labor market is often characterized by quick changes in
employment sectors, geographical inequities, and skills-mismatch occurrences, in addition to static metrics. This trend has
further deepened the unemployment situation in terms of structural and system difficulty. For instance, in many years preceding
now, there hasn't been enough reskilling to go along with the shift from agriculture to services and industry, which has left the
labor force in areas like these out of step with demand. In large contrast to their urban counterparts, young people in rural or
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low-infrastructure areas experience greater rates of
unemployment or underemployment, indicating spatial
disparity that is not adequately represented in many surveys
Bl From a statistical point of view, these latent patterns and
temporal dynamics are frequently missed by cross-sectional
regression models and traditional labor force surveys.

When adopted as policy making materials, traditional
modeling approaches such as single-indicator aggregations,
point forecasting, and static econometric regressions provide
interpretive value however are often lacking in predictive
profundity. These techniques are not well adapted for
evaluating uncertainty under shocks, investigating
counterfactuals, or predicting nonlinear reactions to
interventions. Further empirical constraints include the
underreporting of work in the informal sector, the inadequate
observation of gross flows (entrance into employment, exits
to inactivity), and the reduction in the timeliness and
granularity of labor market intelligence due to administrative,
institutional, and data silos [ %I,

Methodological methods that are more appropriate for
addressing these deficiencies are provided by recent
developments in computational modeling. Agent-based
models (ABMs) enable ex-ante experimentation under a
variety of policy scenarios and simulate diverse agents, such
as corporations, training institutions, and adolescents.
Feedback loops, such as the interactions between labor
supply, salary expectations, and skill training over time, are
captured by system dynamics frameworks. Additionally,
when high-dimensional inputs (education, geographic, and
job-platform data) are available, machine learning predictive
analytics—specifically ensemble approaches, neural
networks that are recurrent, and also hybrid econometric-ML
models are known to offer improvements in predicting
precision & 71, These techniques make it easier to map out
leverage areas when conceptualizing and designing policies,
identify labor market pressures early, and assess how resilient
a policy is in a variety of future scenarios.

The toolset is further enhanced by new ideas like the "digital
twin" construct. To get the best outcomes, a virtual model is
subject to consistent reconfiguration and updating that
replicates observed data, allowing scenario testing, and
incorporates simulation and prediction elements to facilitate
iterative policy improvement is known as a "digital twin" of
the labor market at early stages. By enabling counterfactual
studies without full-scale deployment, digital twins can assist
in lowering risk in situations where resource misallocation is
expensive, such as industrial incentives or subsidized training
i8]

The main goal of this review is to (i) highlight
methodological developments in policy simulation and
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predictive analytics as they relate to youth unemployment in
Nigeria, evaluate their empirical fit, data needs, and
constraints, and develop a research-policy agenda that
contrasts the existing modeling structure to Nigeria's
institutional and governance frameworks. The review will
then (ii) survey policy simulation frameworks (such as
ABMs, system dynamics, and stochastic scenarios); (iii)
assess predictive modeling paradigms and their performance
trade-offs; (iv) suggest an implementation platform for an
cross-operational computational framework intended for
evidence-based decision-making. Model interpretability,
uncertainty quantification, calibration, validation, and ethical
data use are all addressed.

2. The Analytical Landscape of Youth Unemployment in
Nigeria

The empirical portrait created from official and auxiliary data
sources and the methodological standards that have
traditionally been used to analyze that portrait are the two
interconnected perspectives that must be used to comprehend
Nigeria's young labor market. Official labor-market outputs
give conflicting signals: while headline unemployment rates
have fluctuated in recent quarters, structural indicators point
to chronic underutilization of youth labor, including the
prevalence of informal work, time-related underemployment,
and the NEET (not in employment, education, or training)
share [ 01 Simultaneously, discontinuities in trend series
have been created by quick methodological modifications
(such as the National Bureau of Statistics' modified activity-
threshold definitions), which make longitudinal inference
and policy calibration more difficult (% 131,

2.1. Statistical portrait of the labour market

According to recent National Bureau of Statistics (NBS)
labor reports, the vast majority of jobs in the nation are in
informal employment (the report says that over 90% of
people with jobs in 2023 quarters). Youth unemployment and
underemployment rates, on the other hand, fluctuate from
quarter to quarter; during Q2—-Q3 2023, youth unemployment
(age 15-24) was reported to be between roughly 7 and 9%,
and NEET figures were in the low teens [* 1, Important
distributional features are hidden by these headline metrics,
though: (a) the employment-to-population ratio obscures the
quality and longevity of work (many people who are counted
as "employed" only meet minimal hourly thresholds); (b) the
percentage of self-employment is very high (it has exceeded
80% in multiple quarters); and (c) underemployment
quantified by time (insufficient hours) is still non-trivial,
indicating partial underutilization even among those who
have jobs [10: 111,
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Table 2: Trends and data sources for youth unemployment in Nigeria

Organization (ILO) unemployment

Source Coverage Pointers Frequency Strength Limitations
Unemployment, Official sources
National Bureau of Sources from underemployment, Every - Inattention to activities
" - oL methodology is - .
Statistics household surveys| participatory activities in quarter . carried out in informal sector|
labour standardized
Worldwide (West | Unemployment of youth Extracted data is rich and Inability to capture
World Bank Africa and Nigeria| population, employment-to- | Annually | contextual e.g GDP and | macroeconomic short-term
inclusive) population ratio Trends in sectors shocks
. Worldwide (West . . Inattention to local data,
International Labour Africa and Nigeria NEET, synchronised Annually Comparability is executed heavy dependency on data

across selected countries

Included) gotten from countries
. . Data sources is qualitative, - .
Academic surveys Limited to City or also extracts data from skills | Adhoc Deep |.nS|.ghts from Frequency 9f report is
State : qualitative data unreliable
mismatch
anat? sources from Lar'ge data sets, but Hiring trends & in-demand | Real-time Data from deman'd., Informal sector is often
recruitment portals | bias from urban - sources from specific
: skills data . . overlooked
and LinkedIn sources industries
Heterogeneity in space is important. According to inconsequential transitions that exists between employment,

subnational breakdowns, states with significant urban
agglomerations (like Lagos and Kano) have a high proportion
of people working in informal services despite having a
disproportionately high number of wage-employment
opportunities; agrarian and peripheral regions exhibit distinct
trends, with seasonal agriculture causing brief increases and
decreases in employment (61, Another noteworthy aspect of
demographic variation is the systematically increased odds of
unstable employment and inactivity among females, youth
with lower levels of education, and rural cohorts. The need
for modeling methodologies that encompass not only binary
employed/unemployed metrics and encroach to capture
holistically, model employment quality, the quantity of
dedicated hours, and the length and frequency of labor-
market transitions is highlighted by the combination of high
informality and varied employment quality.

2.2. Beyond descriptive statistics: measurement
challenges and inference limits

Predictive work that hinges on model calibration is hindered
by a number of measurement restrictions, which also limit
inference from traditional statistics. First, methodological
and definitional changes (e.g., modifying the minimum
weekly hours required to count someone as employed) create
structural breaks that make time-series analysis and trend
decomposition more difficult. These breaks can lead to
significant changes in unemployment rates without attendant
changes that correspond to expected ones in the labor market
(1%, 141 Furthermore, informal labour states, and platform-
mediated work is routinely undercounted in household
surveys and labor force instruments. Simple employment
counts are skewed upward by the possibility that gig or short-
term activities that generate subsistence income could be
reported as employment even though they offer little
financial security 2. Also worthy of note are models that
rely on inferred flows or cross-sectional proxies because
gross-flow data, which are essential for comprehending youth
labor dynamics, are rarely available in Nigeria at a high
enough frequency or sample size 1% 191, Gross-flow data is the

unemployment, and inactivity. These drawbacks suggest that
models tuned to headline statistics run the risk of
underestimating the variation of important outcomes and
overfitting to survey peculiarities. For instance,
overconfident prediction intervals will result from
forecasting techniques that don't account for statistical error
in the employment series.

Additionally, there are fewer administrative data sources
(such as tax records and official payroll registries) than there
are informal economy participants, which limits the ability to
cross-check survey results with administrative signals that are
available in real time. As a result, reconciliation between data
types becomes a methodological requirement. To increase
representativeness and enable disaggregation to areas that
rely on policy (LGAs, educational cohorts), synthetic
estimation, statistical linkage, and small-area estimation
techniques are required.

2.3. Current modelling practices in policy circles

In Nigeria, policy analysis has traditionally depended on
descriptive and econometric methods, such as input-output
analyses for sectoral employment impacts, macro time-series
predictions for labor supply, and cross-sectional regressions
that find determinants of young employment. These
approaches are limited for evaluating counterfactual policies
and do not account for the agent heterogeneity, nonlinearity,
and feedback effects that define the youth labor market, even
though they offer interpretable parameter estimates and
helpful elasticity metrics (1 131,

More computationally complex methods are starting to be
incorporated into policy practice and a developing body of
literature. Examples include the use of micro-level predictive
classifiers (tree-based ensembles) to identify populations that
face a significant risk of unemployment for long term. This
can be achieved using survey and administrative covariates,
and the forecasting of labor demand by sector using panel and
vector autoregressive models [ *°1, However, adoption is still
unequal since a working routine adoption of simulators that
function at system-levels or even ABMs within ministries is
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hampered by institutional capacity limitations, poor data
integration, and governance silos. In order to assess targeted
training subsidies or placement incentives, some
experimental projects often backed by international partners
have tested agent-based prototypes. These prototypes show
the ability to identify emergent equilibria that traditional
counterfactuals overlook (¢ 231,

Transparency and validation continue to be major issues. This
often encompasses the explainability of models and fairness
evaluation tools that are frequently underreported when
machine-learning models are employed for risk stratification
or policy targeting; in simulation studies, calibration to
empirical distributions is occasionally done on the fly rather
than using formal estimate techniques. The end consequence
is a policy environment where advanced modeling is
beginning to show up in consulting reports and pilot studies
but has not yet been institutionalized as a regular component
of result generation and policy trials.

3. Predictive Models of Youth Unemployment

Since the dependent variable selection has a significant
impact on model construction, evaluation, and policy usage,
accurate issue specification is necessary for predictive
modeling of youth unemployment in Nigeria. The incidence
of short-term unemployment, the transition to long-term
unemployment, NEET status, hours-based
underemployment, and multifaceted indicators of job quality
are examples of outcomes of interest. Different modeling
strategies are needed for each outcome, such as
survival/duration models for transition timing, ordinal or
continuous prediction for hours and wages. Also, a binary-
model classification or an estimation system that is
probabilistic for unemployment incidence, and multi-task
frameworks when joint prediction of related outcomes is also
needed [*8]. Therefore, accurate predictive inference and the
subsequent linkage of obtained results to the development of
working policies require clear operational definitions that are
consistent across data sources.

Predictive capacity is driven by data inputs. Demographic
and household factors from labor force surveys, educational
background and training records, previous employment paths
(where panel data are available), paired with macroeconomic
markers at the national and subnational levels are examples
of standard inputs. Also, geospatial accessibility measures,
firm-level demand indicators, online job posting rates, and
high-frequency proxies like digital transactions are examples
of augmented inputs that significantly enhance prediction
performance. To promote model stability and external
validity, the integration of heterogeneous data sources
requires rigorous feature engineering, which also includes
normalization across survey instruments, and temporal
aggregation of event histories [1% 20,

From simple, translatable analytical models to intricate, high-
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capacity machine learning systems, model classes cover a
wide range. The traditional methods which is multinomial
logit for categorical employment states, logistic regression
for binary outcomes retain significant advantages in
situations where sample sizes are small, covariate effects
need to be directly interpretable, and survey design (weights,
clustering) needs to be adhered to 4. The explicit modeling
of unemployment exit rates into various absorbing states
(formal employment, informal employment, and education)
is made possible by duration and competing-risks
frameworks. This results in policy-relevant numbers like
hazard ratios that policymakers can easily understand and
interpret.

Because of their capacity to handle missing data, capture
nonlinear interactions, and deliver strong out-of-sample
performance with little hyperparameter tuning, tree-based
ensembles (random forests, gradient boosting machines, e.g.,
XGBoost) have established themselves as industry standards
for predicting individual unemployment risk 22 23 When
time-series of labor demand indicators or individual
employment histories make up the primary predictive signal
are appropriate because they can capture temporal
dependencies and changing propensities to move between
labor states 1241, When both predictive performance and causal
interpretability are needed, hybrid frameworks which
combine machine-learning elements for residual prediction
with structural econometric elements offer a fruitful
compromise 251,

In the Nigerian context, survey drafts and population
representation must be specifically taken into consideration
during model training. Point estimates and prediction risk sets
are influenced by factors such as survey weights,

and stratification; neglecting design elements might result in
skewed risk scores, especially for informal workers and
underrepresented rural cohorts. To ensure that predicted
results are population-referent and policy-actionable, sample
weights should be incorporated into machine-learning
training using techniques such, re-sampling, weighted loss
fictions or even post-stratification calibration 261, Techniques
with such nature can take advantage of comparable datasets
(such urban job-platform data) while taking distributional
shift into account when labeled outcomes are scarce for
subpopulations of interest 271, Class imbalance (long-term
unemployment or NEET status may be uncommon
occurrences in certain samples), and non-stationarity brought
on by structural shocks (policy reforms, fluctuations in
commodity prices, pandemics) are technical challenges that
predictive pipelines frequently face. In order to maintain
predictive calibration under changing labor-market regimes,
remedies include concept-drift monitoring with scheduled
retraining or online learning; explicit measurement-error
models and resampling and cost-sensitive learning for
imbalance [2829],
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Fig 3.1: An illustration of the system dynamic model of employment [*3]

It is expected that adopted metrics for evaluation must match
the intended usage of the policy. This way there is
synchronization and hence persistent results. It has been
shown that discrimination metrics such as ROC-AUC and
precision-recall curves are useful for risk stratification
(finding people for program outreach). However, calibration

is crucial when resource allocation is based on predicted risk.
Prior to operational deployment, robustness must be
established through thorough out-of-sample corroboration,
temporal examination, and, if practical, prospective
validation on succeeding survey waves.

Table 3.1: A table showing the comparative models of youth unemployment (Predictive Models)

Econometric

forecasting, Auto- Panel Data

Model Type Technique ReSth;urS:rﬁSrll ts Strength Limitations Most suitable cases
Machine Vector-machine _ Suitable_for h_apdling ) Sometimes diffi_cult to |Prediction of skills _demand,_best
Learning supported, neural [Multiple sources of data| non-linearities, |interpret and requires data|  useful for matching jobs in

networks suitable for big data | from high quality sources particular sectors
Ti . Forecasting unemployment
ime series

Easily interpretable

Falls short when handling during periods of

Model

unstructured data

models - and transparent non-linear relationships | macroeconomic shocks, most
regression, OLS . . .
suitable for scenario planning
.| Merges structured data Computational cost is .
Hybrid ML+ Econometric from surveys with big |Balanced predictions|expensive, can be difficult Best for working targeted

employment programs

to implement

4. Simulation Models for Policy Design

It is well recognized that simulation models offer a
systematic, computational way to evaluate the possible
effects of policy changes in intricate labor markets prior to
their implementation. By dynamically examining how
various policy levers interact over time, they enable
academics and policymakers to go beyond static regression-
based assessments. This is especially useful in a setting that
is changing quickly, like Nigeria's youth labor market. Monte
Carlo simulations, system dynamics models, and agent-based
modeling (ABM) are three fundamental classes of simulation
models that are becoming more widely acknowledged as

complementing instruments for evidence-based decision-
making and policy experimentation.

Agent-Based Modelling (ABM)

Because ABMs clearly reflect heterogeneous agents like
young job searchers, enterprises, recruiting agencies, and
even regulatory institutes, they are especially well-suited for
modeling unemployment of young people. Every agent
interacts with other agents and the environment while
following decision rules, such as wage-setting behavior, job
application tactics, or training program participation (%,
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Fig 4.1: A schematic illustrating agent-based modelling in labour environments [4%]

ABMs can mimic governmental initiatives in Nigeria, such
as tax breaks for young employment, grants for
entrepreneurship, or subsidies for vocational training. For
example, a model could investigate whether wage subsidies
drive out private-sector hiring or whether providing subsidies
for technical training results in quantifiable drops in NEET
rates. Crucially, ABMs account for distributional effects:
under the same policy regime, different outcomes may be
experienced by various regions, educational standings or
even gender 34,

System Dynamics Models

ABM s are supplemented with system dynamics (SD) models,
which concentrate on time delays and feedback loops in the
labor market system. To explain how stocks (such the number
of young people without jobs) and flows (like the hiring rate
and training completion rate) change over time, SD models
usually employ differential equations. Such models are
effective in detecting reinforcing loops like how improved
employment boosts household income, which can enhance
educational enrolment, which subsequently drives low,
potential unemployment or other balancing loops like
migrant outflows moderating local labour market pressure
[32]

SD models have been used in Nigeria to investigate situations
like the long-term effects of increasing secondary school
completion by the selected population or the influence of
industrial policy on the absorption of labor in metropolitan
areas. These models are especially useful for pointing out
unexpected outcomes, including policies that lower
unemployment in the near term but cause wage inflation,
which later in the cycle inhibits the creation of new jobs [,

5. Data Infrastructure and Computational Challenges

A thorough, timely, and interoperable data ecosystem is
necessary for the development of robust computational
modeling of young unemployment in Nigeria 4. Currently,
the NBS and Federal Ministry of Labor, National Universities
Commission, and private job platforms are among the various
agencies that collect labor market data in Nigeria. This

fragmentation leads to under-representation, lags, and
inconsistencies of important indicators. Nigeria needs an
integrated data platform that systematically captures the
existing and emerging dynamics of its labour force, as well
as education-to-employment transitions, and real-time labor
demand signals in order for advanced predictive analytics and
simulation models to perform at their best [35 361,

More detailed labor force surveys that are conducted more
frequently like quarterly or monthly surveys with a
framework broken down by age, gender, region, educational
attainment, and industry would be part of an improved data
ecosystem. Important longitudinal data on employability
trajectories, time-to-first-job  statistics, and sectoral
absorption rates would also be provided by a graduate
tracking system that connects secondary schools, the
National Youth Service Corps (NYSC), and labor market
outcomes. Additionally, other indicators of skills demand,
wage structure, and regional clustering of employment
openings can be obtained from job posting analytics obtained
from internet platforms, recruiting agencies, and corporate
HR databases (7 %81,

However, there are privacy and ethical issues with such
extensive data collection initiatives. Nigeria's Data Protection
Regulation (NDPR) and privacy-by-design principles must
be followed while using large data, especially from mobile
phone records, social media accounts, and online
employment portals. Given the vulnerability of young people
without jobs in Nigeria, incorrect anonymization or statistical
errors linked to data may result in profiling, discrimination,
or exploitation of private information. The requirement to
protect individual rights and prevent stigmatization must be
balanced with the demand for detailed facts in ethical
frameworks [,

There are substantial bottlenecks from a computational
perspective. First, methodological innovation is slowed by
lack of available data, which restricts repeatability and inter-
institutional collaboration. Second, institutional silos inhibit
cross-sectoral linking of demographic, employment, and
educational statistics and produce redundancies. Thirdly,
even when data is available, advanced analytics are
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underutilized due to Nigeria's low utility of statistical
softwares and tools in government departments and labor
institutions. These limitations limit Nigeria's ability to use
state-of-the-art simulation and prediction techniques 10 41,
In order to overcome these constraints, a need for centralized,
interoperable data infrastructure that is backed by national
legislation and in line with international best practices for
labor market information systems (LMIS) is necessary. A
catalytic role might be played by public-private
collaborations, which would allow academic researchers to
develop verified computational models while utilizing the
data collection capabilities of technology businesses, which
would also include job recruitment platforms, and
network(telecommunications) operators. Working with
colleges in local areas and around the world would help
people learn more about data science, its implementation,
need and utility, as well as computational modeling and
econometrics. This would make sure that the insights one gets
are not just technically sound but also useful in the real world.
142,431 Therefore, an important requirement for Nigeria's shift
to an evidence-based labor market policy is a well-organized
data infrastructure. Without it, policy design will continue to
rely on incomplete or out-of-date data, simulation exercises
will not be credible and reliable, and predictive models will
remain under-calibrated, all of which will contribute to the
inefficiencies of adolescent employment initiatives.

6. Conclusion: The Way Forward

From the demonstrations made in the study, conclusions can
be drawn that Nigeria's protracted youth unemployment
problem necessitates a paradigm change away from static,
rigid and obsolete assessments and instead toward
systematically improved, and dynamic computational and
statistical frameworks. As this study has also shown, in
Nigeria there exists a unique chance to make labor market
policymaking a continuous, flexible process by combining
the adoption of not only predictive analytics and simulation
modeling, but interoperable data infrastructures. Nigeria may
then transition from reactive interventions to proactive
planning which would involve identifying leverage points
before crises materialize which inevitably rely on
implementing agent-based models, system dynamics, and
Monte Carlo simulations as highlighted here.

Multiple layers of institutional commitment are necessary for
the future. First and foremost, Nigeria has to give data
ecosystem reform top priority by combining job posting
analytics, graduate tracking systems, and labor force surveys
into a single, easily accessible labor market information
system. lterative policy learning, validation, and model
calibration would all be supported by such a system. Second,
to guarantee ongoing technical knowledge, computational
social science capacity-building ought to be integrated into
academic institutions, national statistics organizations, and
policy think tanks. To facilitate policy modeling and stress-
testing under alternative scenarios of population expansion,
technology disruption, and macroeconomic shocks,
government policy making in collaboration with private
sector players, and academic institutions must all come into
the larger picture to develop the procedural backbone of the
labor market (41,

To ensure that data collection, storage, and analysis comply
with privacy and fairness norms while avoiding algorithmic
bias, it is imperative that ethical precautions be incorporated
from the beginning. To increase institutional buy-in and
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public trust, model assumptions and results must be
transparent. Computational modeling has the potential to
shift adolescent employment policymaking from a cycle of
underfunded, transient programs to evidence-based, resilient
interventions with quantifiable long-term effects if it is used
effectively. In addition to addressing its internal
unemployment issue, Nigeria would set an example for other
West African states and indeed, the larger African state
looking to employ computational techniques for equitable
growth.
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