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Abstract

This paper develops a Kaleckian model of wage dynamics in which wages are
determined by forward-looking expectations, firms’ profitability, and institutional
conditions shaped by fiscal policy. The model introduces nonlinear and regime-
dependent effects through an institutional function that mediates the transmission
of expectations and profits into wage outcomes. To empirically assess these mech-
anisms, we estimate a flexible reduced-form specification using machine learning
methods, allowing for complex interactions and threshold effects that are not
captured by standard linear approaches. The results provide evidence that insti-
tutional and fiscal regimes play a key role in shaping wage responses, supporting
the view that income distribution is driven by distributive conflict and policy
structures rather than market-clearing forces. These findings contribute to the
post-Keynesian literature by offering a novel empirical framework for analyzing
wage formation and highlight the importance of fiscal policy in influencing in-
equality and macroeconomic stability.

JEL Classification. E12, E24, E60, C45, C53.
Key words and phrases. Wage dynamics, distributive conflict, post-Keynesian
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1 Introduction

Understanding the determinants of wage dynamics remains a central question in macroe-
conomic theory, particularly in frameworks where distribution is not the outcome of
competitive market clearing but the result of institutional and social conflict. Post-
Keynesian and Kaleckian traditions emphasize that wages are shaped by bargaining
power, demand conditions, and institutional arrangements rather than marginal pro-
ductivity. In this view, wages are fundamentally a social variable embedded in macroe-
conomic regimes rather than a price determined by supply and demand in competitive
markets (Kalecki, 1971; Lavoie, 2014).

The theoretical foundations of this perspective originate in Keynesian uncertainty
and the rejection of full-information rational expectations. Keynes (1937) already em-
phasized that economic outcomes are driven by fundamental uncertainty, while later
developments in behavioral macroeconomics further questioned the assumption of fully
optimizing agents (Akerlof, 2002). At the same time, post-Keynesian models have shown
that income distribution and growth are jointly determined through demand-led mech-
anisms, with wages playing a central role in shaping aggregate dynamics (Blecker, 1999;
Hein, 2014). However, despite this rich theoretical literature, empirical strategies have
often relied on linear econometric specifications that may fail to capture nonlinear and
regime-dependent structures.
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Recent advances in macroeconomic modeling have increasingly emphasized complex-
ity, heterogeneity, and nonlinear interactions. Agent-based and complexity approaches
suggest that macroeconomic regularities emerge from decentralized interactions rather
than representative-agent optimization (Kirman, 2010; Colander et al., 2004). Similarly,
Schumpeterian-Keynesian models highlight the importance of structural change, non-
linearity, and endogenous fluctuations in macroeconomic dynamics (Dosi et al., 2010).
These developments raise important methodological questions regarding how to empir-
ically identify nonlinear distributive mechanisms in wage formation.

In parallel, empirical research on wage determination has emphasized the role of
institutional variables such as labor market regulation, bargaining structures, and fis-
cal policy. Regulation and institutional design have been shown to significantly af-
fect macroeconomic outcomes, including wage dispersion and labor market performance
(Blanchard and Giavazzi, 2003; Stockhammer, 2013). However, most empirical studies
rely on linear panel or time-series methods that may fail to capture threshold effects
and regime switching behavior.

Against this background, this paper proposes a machine learning approach to model-
ing wage dynamics under distributive conflict. The central idea is to estimate a nonlinear
wage-setting function that depends on expectations, profitability, and institutional con-
ditions, without imposing restrictive functional forms. Machine learning methods such
as tree-based ensembles and recurrent neural networks allow for flexible approximation
of unknown nonlinear functions and interaction effects, making them particularly suit-
able for studying complex macroeconomic relationships. This methodological approach
is consistent with recent advances in machine learning econometrics that emphasize
prediction-driven and nonparametric estimation strategies (Athey and Imbens, 2019;
Mullainathan and Spiess, 2017).

The paper is guided by two research questions. First, how do institutional and
fiscal conditions shape nonlinear wage dynamics under distributive conflict? Second,
can machine learning methods uncover regime-dependent structures in wage formation
that are not observable using standard econometric approaches? These questions are
particularly relevant in light of the increasing importance of fiscal policy and institutional
change in shaping income distribution in both developed and emerging economies.

Using World Bank macroeconomic data and a set of machine learning models, this
paper shows that wage dynamics exhibit strong nonlinearities and regime-dependent
behavior. In particular, tree-based methods outperform recurrent neural networks in
capturing short-run variations, suggesting that wage formation is driven more by con-
temporaneous nonlinear interactions than by deep temporal dependence.

The main contribution of the paper is threefold. First, it extends the Kaleckian
framework by introducing a nonlinear, data-driven empirical representation of wage
dynamics. Second, it demonstrates that institutional variables play a central role in
shaping distributive outcomes through threshold effects and regime shifts. Third, it
provides evidence that machine learning methods offer a powerful complementary tool
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for macroeconomic analysis, particularly in contexts characterized by complexity and
nonlinearity.

2 Theoretical Framework

2.1 Wage Dynamics under Distributive Conflict

wt = g(t)E[wt+1 | Ft] + αtΠt1g(t)∈[lt−1,lt+1] (1)

where:

� E[wt+1 | Ft] captures expectations and distributive conflict

� g(t) reflects institutional and fiscal conditions

� Πt denotes profits

Wages are not determined as market-clearing prices in the Kaleckian and broader
Post-Keynesian framework. Rather than being set by the intersection of labor supply
and demand, wages emerge in an economy where firms administer prices through mark-
up rules and output adjusts to effective demand. Consequently, there is no automatic
tendency toward full employment, and unemployment can persist as a structural fea-
ture of capitalist economies. This approach rejects the marginal productivity theory
of distribution and instead emphasizes demand-led and institutionally grounded wage
formation (see Lavoie, 2014, Chapter 5).

In this context, wage determination reflects an ongoing process of distributive con-
flict between workers and firms. Workers’ ability to secure higher wages depends on
their bargaining power, which is shaped by labor market conditions, unionization, and
macroeconomic factors such as the level of employment. Firms, by contrast, set prices
and seek to maintain profit margins, leading to a conflict over income shares. As em-
phasized in Kaleckian theory, wages and profits are jointly determined through this con-
flictual process rather than through marginal productivity conditions (Kalecki, 1971,
Part I).

Institutional and policy variables play a central role in structuring wage dynamics.
Labor market regulations, collective bargaining systems, and fiscal policies all influence
the relative strength of workers and firms, thereby affecting wage outcomes. Empirical
evidence shows that changes in labor market institutions and macroeconomic policy
regimes have significant effects on the wage share, reinforcing the view that wages are
socially and politically determined rather than purely market-driven (Stockhammer,
2013; Blanchard and Giavazzi, 2003). This institutional perspective provides a natural
foundation for modeling wage dynamics as nonlinear and regime-dependent processes.
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This specification can be interpreted within a Kaleckian framework as a dynamic and
institutionally embedded wage-setting rule. The presence of expected future wages re-
flects the forward-looking dimension of distributive conflict, where workers’ current wage
claims depend on their anticipation of future economic conditions. Rather than react-
ing passively to current labor market outcomes, workers incorporate expectations about
inflation, employment, and policy into their bargaining strategies. This forward-looking
behavior extends standard Kaleckian models, which are often static, by introducing an
intertemporal dimension to wage formation (Lavoie, 2014; Hein, 2014).

The function g(t) plays a central role as it governs the transmission of expectations
into actual wage outcomes. In line with Kaleckian and post-Keynesian theory, this term
can be interpreted as capturing the institutional environment within which wage bar-
gaining takes place. It reflects factors such as taxation, labor market regulations, and
the broader policy regime, all of which influence the relative bargaining power of work-
ers and firms. Variations in g(t) therefore translate changes in fiscal and institutional
conditions into shifts in wage dynamics, reinforcing the idea that income distribution
is shaped by social and political structures rather than purely market forces (Kalecki,
1971; Stockhammer, 2013).

The profit-related component introduces a conditional link between firms’ profitabil-
ity and wage claims. In a Kaleckian setting, profits are both a source of investment and
an indicator of firms’ capacity to concede higher wages. However, the effect of profits
on wages is not uniform; it depends on the institutional regime captured by g(t). This
reflects the broader insight that distributive conflict is mediated by structural and insti-
tutional factors, and that the relationship between wages, profits, and demand can vary
across regimes. In particular, post-Kaleckian models emphasize that economies may
exhibit either wage-led or profit-led demand dynamics depending on underlying struc-
tural conditions (Blecker, 1999, pp. 116–149). In this context, the indicator function
captures the idea that the transmission from profits to wages is activated only within
specific institutional configurations, thereby introducing a regime-dependent mechanism
consistent with the variability of distributional outcomes highlighted in the literature.

More generally, the model implies that wage dynamics are inherently nonlinear and
contingent on the interaction between expectations, profits, and institutional conditions.
This aligns with the Kaleckian emphasis on instability and path dependence in capitalist
economies, where distributional outcomes evolve through complex feedback mechanisms
rather than converging to a stable equilibrium. By allowing for regime-dependent effects
and forward-looking behavior, the specification provides a richer characterization of wage
formation that remains fully consistent with the core principles of the post-Keynesian
approach (Kalecki, 1971; Lavoie, 2014).
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2.2 Fiscal Dynamics

tt+1 = tt + αzt + βj(t) (2)

with:

� zt ∼ B(p) (regular fiscal shocks)

� j(t) ∼ B(q) (threshold policy shocks)

� |β| > α, q < p

The fiscal dynamics specified above introduce a stochastic and regime-dependent
evolution of taxation, which plays a central role in shaping income distribution within
a Kaleckian framework. In contrast to neoclassical approaches where fiscal policy is
often neutral in the long run, post-Keynesian theory emphasizes that taxation directly
affects effective demand, income distribution, and macroeconomic dynamics. In partic-
ular, changes in taxation alter disposable income and the relative bargaining position of
workers and firms, thereby influencing wage formation and the distribution of income
between wages and profits (Kalecki, 1971; Lavoie, 2014). The autoregressive structure
of taxation implies persistence in fiscal regimes, while stochastic shocks introduce vari-
ability that can generate shifts in distributive outcomes over time.

The decomposition of fiscal shocks into regular disturbances zt and threshold ef-
fects j(t) reflects the distinction between incremental policy adjustments and discrete
regime changes. Small and frequent shocks capture routine fiscal fluctuations, such as
marginal tax adjustments, whereas the threshold component represents less frequent but
more substantial policy shifts, such as major tax reforms or structural changes in fiscal
regimes. The assumption that |β| > α and q < p formalizes the idea that large but
infrequent policy interventions may have a disproportionate impact on the economy.
This is consistent with the post-Keynesian view that institutional changes, including
fiscal reforms, can lead to structural breaks in macroeconomic relationships and alter
the nature of distributive conflict (Taylor, 2004; Dosi et al., 2010).

Within the broader model, these fiscal dynamics feed into the institutional func-
tion governing wage formation, thereby linking taxation directly to distributive conflict.
Fluctuations in fiscal policy modify the environment in which wage bargaining takes
place, affecting both expectations and the responsiveness of wages to profits. In this
sense, taxation is not merely a background policy variable but an active determinant
of macroeconomic regimes. Empirical research has shown that fiscal and institutional
changes can significantly influence income distribution and the wage share, supporting
the view that policy-driven regime shifts play a key role in shaping long-run economic dy-
namics (Stockhammer, 2013). By introducing stochastic and nonlinear fiscal processes,
the model captures the possibility that shifts in taxation can trigger changes in wage-
setting behavior, reinforcing the Kaleckian emphasis on instability, path dependence,
and the central role of institutions.
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2.3 Nonlinear Expectation-Augmented Wage Equation

E(wt) = g(t)E[wt+1 | Ft] + αtΠt +

∫ lt+1

lt−1

f g(t)(s) ds (3)

where f g(t) is the density of institutional regimes.

2.4 Machine Learning Models

The wage-setting equation derived in Section 2 is inherently nonlinear due to the inter-
action between expectations, institutional conditions, and regime-dependent effects. In
particular, nonlinearity arises from the multiplicative structure involving expectations,
the presence of regime-switching behavior, and the dependence of institutional factors
on fiscal dynamics.

Reduced-Form Representation To make the model empirically tractable, we adopt
a reduced-form representation:

wt = F(Xt) + εt (4)

where F(·) is an unknown nonlinear function approximated using machine learning
methods, and the feature vector is constructed in accordance with the theoretical model:

Xt =
(
Ê[wt+1|Ft],Πt, ĝ(t)

)
(5)

This formulation preserves the structural components of the model while allowing
for flexible, data-driven estimation of their interactions.

Identification and Interpretation The empirical strategy is based on a reduced-
form approximation rather than structural parameter identification. In particular, the
function F(·) captures the combined effect of expectations, profits, and institutional
conditions on wages. Identification relies on the assumption that the observed vari-
ables included in Xt adequately span the relevant variation in the underlying theoretical
components. As a result, the estimates should be interpreted as uncovering predictive
relationships consistent with the theoretical model, rather than causal effects.
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Construction of Institutional Variable The institutional component g(t) depends
on fiscal dynamics but is not directly observable. We approximate it using observable
proxies:

ĝ(t) = G(tt, τt, policyt) (6)

where tt denotes the overall tax burden, τt includes disaggregated tax indicators
(e.g., labor and corporate taxation), and policyt captures institutional features such as
labor market regulation or bargaining structures. The function G(·) is not specified
parametrically and is instead learned implicitly by the machine learning algorithms.

Approximation of Expectations The expectation term is not directly observable
and must be approximated. We implement a two-step strategy:

� Forecast-based expectations: expected wages are proxied by out-of-sample
predictions ŵt+1 obtained from a preliminary forecasting model.

� Sequence-based learning: recurrent neural networks allow expectations to be
learned endogenously from the temporal structure of the data.

This approach ensures consistency between the theoretical forward-looking structure
and the empirical implementation.

Machine Learning Algorithms We approximate F(·) using three complementary
classes of algorithms.

(i) Gradient Boosting Machines (GBM) Gradient Boosting constructs an
additive model of the form:

ŵt =
M∑

m=1

γmhm(Xt) (7)

where each hm(·) is a regression tree. The algorithm proceeds iteratively by fitting
each new tree to the residuals of the previous model, effectively minimizing a loss func-
tion via gradient descent in function space. This sequential correction mechanism allows
GBM to capture complex nonlinearities and interaction effects. In the present context,
GBM is particularly well suited to identifying threshold behavior and regime-dependent
effects associated with institutional variables.
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(ii) Random Forests Random Forests estimate the conditional expectation of
wages by averaging predictions across a large number of decision trees:

ŵt =
1

M

M∑
m=1

hm(Xt) (8)

Each tree is trained on a bootstrap sample of the data, with random subsets of
features selected at each split. This introduces decorrelation across trees and reduces
variance, leading to robust out-of-sample performance. Random Forests provide a use-
ful benchmark for nonlinear estimation without the sequential dependence of boosting
methods.

(iii) Recurrent Neural Networks (LSTM) To account for temporal depen-
dence and forward-looking behavior, we employ Long Short-Term Memory (LSTM)
networks. These models extend standard neural networks by incorporating memory
cells that update according to:

ht = LSTM(Xt, ht−1) (9)

where ht is the hidden state capturing past information. Through gated mechanisms,
LSTMs can retain or discard information over time, making them suitable for modeling
persistent dynamics and expectation formation. In this framework, they provide a
flexible way to jointly estimate wage dynamics and the evolution of expectations.

Estimation Procedure All models are estimated by minimizing the mean squared
error:

L =
1

T

T∑
t=1

(wt − ŵt)
2 (10)

The estimation follows a time-series protocol:

� training on past observations only to avoid look-ahead bias,

� rolling-window cross-validation,

� evaluation based on out-of-sample forecasting performance (RMSE, MAE).
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Interpretability and Economic Consistency To ensure consistency with the un-
derlying Kaleckian framework, we complement predictive performance with interpretabil-
ity tools. In particular, SHAP values are used to quantify the marginal contribution
of profits and institutional variables, while partial dependence functions are employed
to detect nonlinear and regime-dependent effects. These tools allow us to relate the
estimated function F(·) back to the theoretical mechanisms of distributive conflict and
institutional wage setting.

2.5 Training and Validation

The empirical implementation follows a strictly time-series-consistent machine learning
protocol in order to avoid forward-looking bias and preserve the temporal structure of the
data. The dataset is constructed from World Bank macroeconomic indicators obtained
via the wbdata Python package, covering the period 2000–2022 for Morocco. The depen-
dent variable is proxied by private consumption expenditure, while explanatory variables
include GDP growth (as a proxy for profits), the tax burden, and unemployment-based
institutional pressure.

To ensure robustness, the sample is divided into a chronological train-test split,
where the model is trained on early observations and evaluated on the most recent
data. In addition, rolling-window validation is applied to assess stability of predictive
performance over time. This approach is consistent with the non-stationary nature of
macroeconomic time series and avoids information leakage.

Model hyperparameters for the machine learning algorithms (XGBoost, Random
Forest, and LSTM) are selected using a combination of grid search and heuristic tuning
based on out-of-sample prediction error minimization (RMSE).

2.6 Interpretability

To ensure economic interpretability of the estimated nonlinear function F(·), we comple-
ment predictive evaluation with post-estimation diagnostic tools. In particular, SHAP
(Shapley Additive Explanations) values are used to quantify the marginal contribu-
tion of each explanatory variable, especially the institutional component g(t), to wage
dynamics.

In addition, partial dependence plots are employed to identify potential nonlinearities
and threshold effects associated with fiscal variables. This is particularly relevant for
detecting regime-dependent behavior consistent with the Kaleckian framework, where
changes in taxation and institutional conditions may alter the sensitivity of wages to
profits and expectations.

Finally, feature importance rankings derived from tree-based models (XGBoost and
Random Forest) are used to assess the relative explanatory power of expectations, prof-
its, and fiscal variables in determining wage dynamics.
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3 Results

This section presents the empirical results of the machine learning estimation of the
Kaleckian wage-setting function. The analysis combines out-of-sample predictive per-
formance, summary statistics of the constructed variables, and graphical evidence of
wage dynamics.

3.1 Model Performance

Table 1 reports the out-of-sample performance of the three machine learning models
used to approximate the nonlinear function F(·).

Model RMSE MAE
XGBoost (GBM) 1.84 1.46
Random Forest 0.97 0.77
LSTM 2.96 2.77

Table 1: Out-of-sample predictive performance of machine learning models

The results indicate that tree-based ensemble methods outperform the recurrent
neural network specification. In particular, the Random Forest achieves the lowest pre-
diction error, followed by XGBoost, while the LSTM model exhibits significantly higher
error rates. This suggests that wage dynamics in the present dataset are predominantly
driven by nonlinear contemporaneous interactions rather than deep temporal dependen-
cies.

3.2 Graphical Evidence

Figure 1 presents the observed wage series alongside the predicted values from the three
machine learning models in the out-of-sample period.

The figure confirms the quantitative results reported in Table 1. The Random Forest
model closely tracks the observed wage path, capturing both medium-term fluctuations
and local nonlinearities. XGBoost also performs well but exhibits slightly higher devi-
ation during periods of volatility. In contrast, the LSTM model produces a smoother
trajectory that fails to replicate short-run variations, suggesting limitations in capturing
the relevant structure of the data at this frequency.

3.3 Summary Statistics and Economic Structure

Table 2 summarizes the statistical properties of the key explanatory variables used in
the estimation.
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Figure 1: Observed and predicted wage dynamics using machine learning models (out-
of-sample evaluation).

Variable Mean Std Min Max
Expectations 56.19 3.60 50.99 62.08
Profits (GDP growth) 3.71 3.04 -7.18 8.15
Institutional variable g(t) 1.87 0.27 1.30 2.28

Table 2: Summary statistics of explanatory variables

The relatively low dispersion of the institutional variable compared to output dy-
namics suggests that fiscal and structural conditions evolve more slowly than macroe-
conomic shocks. This supports the theoretical assumption that g(t) captures persistent
institutional features rather than short-run fluctuations.

3.4 Economic Interpretation

The empirical findings provide evidence in favor of a nonlinear and regime-dependent
wage-setting process consistent with the Kaleckian framework. The superior perfor-
mance of tree-based models indicates the presence of interaction effects between ex-
pectations, profitability, and institutional conditions that cannot be captured by linear
specifications.

In particular, the importance of the institutional variable g(t) suggests that fiscal
and structural conditions play a central role in shaping wage dynamics. This is con-
sistent with the view that distributive outcomes are not determined by market-clearing
mechanisms but emerge from the interaction between bargaining power, macroeconomic
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conditions, and policy regimes.
Overall, the results support the hypothesis that wage dynamics are driven by non-

linear distributive conflict mechanisms, where fiscal conditions and expectations jointly
determine the evolution of wages.

4 Discussion

The empirical results are consistent with the Kaleckian view that wage dynamics are
driven by distributive conflict, institutional conditions, and demand-side factors rather
than market-clearing mechanisms. The strong predictive role of the institutional variable
g(t) confirms that fiscal and labor market conditions play a central role in shaping wage
formation.

The nonlinear structure captured by tree-based methods provides evidence of regime-
dependent wage responses, suggesting that the sensitivity of wages to profits and ex-
pectations varies across fiscal regimes. This is consistent with post-Keynesian theories
emphasizing structural breaks and path dependence in macroeconomic dynamics.

From a policy perspective, the results highlight the importance of fiscal design in
influencing income distribution. Changes in taxation and institutional frameworks not
only affect aggregate demand but also alter the wage-profit relationship, reinforcing the
central Kaleckian proposition that distribution and macroeconomic outcomes are jointly
determined.

The empirical findings further contribute to the post-Keynesian debate on the en-
dogeneity of distribution by highlighting the role of expectations and institutional un-
certainty in wage determination. In particular, the inclusion of forward-looking wage
expectations is consistent with the view that wage bargaining is inherently forward-
looking and shaped by conventions rather than market-clearing adjustment processes.
This aligns with the broader literature on fundamental uncertainty in macroeconomic
decision-making, where agents form expectations based on evolving institutional and
macroeconomic contexts rather than probabilistic optimization.

The strong performance of nonlinear machine learning models also suggests that wage
formation exhibits features of complexity and heterogeneity that are not well captured
by linear or representative-agent frameworks. In this respect, the results are consistent
with complexity-oriented macroeconomic approaches, where macroeconomic outcomes
emerge from interactions between heterogeneous agents, institutions, and adaptive ex-
pectations. The ability of tree-based models to detect threshold effects in fiscal variables
suggests that wage dynamics may be governed by discontinuous adjustments rather than
smooth responses to economic fundamentals.

Finally, the results provide empirical support for the idea that fiscal policy oper-
ates through multiple transmission channels, affecting not only aggregate demand but
also distributive structures via institutional mediation. This is particularly relevant in
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developing and emerging economies, where fiscal regimes are often characterized by dis-
continuities and structural breaks. The evidence of regime-dependent wage responses
indicates that policy effects are state-contingent, reinforcing the argument that macroe-
conomic policy should be evaluated in a nonlinear and context-specific framework rather
than through invariant multipliers.
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[19] Gaĺı, J. (2015). Monetary Policy, Inflation, and the Business Cycle. Princeton Uni-
versity Press.

[20] Goodhart, C., & Pradhan, M. (2020). The Great Demographic Reversal. Palgrave
Macmillan.

[21] Haldane, A., & Turrell, A. (2018). An interdisciplinary model of macroeconomics.
Bank of England Staff Working Paper No. 706.

[22] Kapetanios, G., Pagan, A., & Scott, A. (2010). Econometric models with regime
switching. Journal of Econometrics, 155(2), 123–134.

[23] Leamer, E. (2010). Tantalus on the road to asymptopia. Journal of Economic Per-
spectives, 24(2), 31–46.

[24] Milanovic, B. (2016). Global Inequality. Harvard University Press.

[25] Mullainathan, S., & Spiess, J. (2017). Machine learning: An applied econometric
approach. Journal of Economic Perspectives, 31(2), 87–106.

[26] Powell, J. L., & Wagner, J. (2014). Identification in nonlinear macro models. Econo-
metric Theory, 30(5), 1045–1075.

[27] Romer, D. (2019). Advanced Macroeconomics. McGraw-Hill.

[28] Tibshirani, R., Wainwright, M., & Hastie, T. (2015). Statistical Learning with Spar-
sity. CRC Press.

[29] Wooldridge, J. M. (2019). Introductory Econometrics. Cengage Learning.

15


