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Abstract: This study develops a joint-estimation framework for analysing state-dependent
capital structure dynamics in African listed firms within an (S,s) target-zone setting. Unlike
conventional speed-of-adjustment models that assume continuous convergence towards an
optimal leverage ratio, the proposed framework allows firms to tolerate leverage drift within
an inaction band and undertake refinancing only when upper or lower leverage thresholds
are breached. The model jointly estimates target leverage, refinancing thresholds, and
inaction-band width using dynamic panel techniques, constrained nonlinear estimation, and
a state-dependent refinancing hazard with bootstrap-robust inference. The African setting
provides a particularly suitable environment for investigating such dynamics because firms face
episodic access to capital markets, exchange-rate and inflation shocks, shallow debt markets,
and heterogeneous institutional environments that elevate refinancing frictions and encourage
discontinuous adjustment behaviour. Empirical analysis is conducted using an unbalanced panel
of listed non-financial firms from fifteen African stock exchanges over 1999–2024. The results
reveal pronounced (S,s) behaviour characterised by wide periods of leverage inertia punctuated
by discrete refinancing interventions. Inaction bands widen with firm-level volatility, financing
deficits, and market-timing opportunities, but narrow significantly with liquidity, creditor-rights
protection, governance quality, and market depth. Additional evidence indicates that upper-brink
adjustments occur substantially more frequently than lower-brink adjustments, suggesting that
deleveraging pressures dominate leverage-increasing episodes in African markets. Extensive
Monte Carlo experiments, including misspecification tests against linear adjustment processes,
demonstrate superior bias, RMSE (Root Mean Square Error), coverage, and classification
performance relative to conventional alternatives while avoiding spurious threshold detection.
The findings highlight the importance of institutional quality and financial-market development
in shaping corporate refinancing behaviour and provide new evidence that leverage adjustment
in African firms is inherently nonlinear, state dependent, and threshold driven.

Keywords: dynamic corporate financing; refinancing hazard; dynamic panel
econometrics; leverage adjustment asymmetry; partial-adjustment benchmarks;
African listed firms; state-dependent decisions; inaction bands
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1. Introduction

Corporate capital-structure dynamics are traditionally modeled through smooth
partial-adjustment (SOA) mechanisms, where leverage converges gradually toward a
latent target. While analytically convenient, this framework conflicts with empirical
evidence from both developed and emerging economies, where leverage behavior
is episodic, clustered, and state dependent. Firms often tolerate prolonged periods
of leverage drift before undertaking discrete refinancing moves when conditions
tighten or opportunities arise—behavior consistent with (S,s) policies rather than
continuous adjustment. These dynamics are especially salient in African capital
markets, where intermittent market access, macro-financial volatility, information
frictions, and heterogeneous institutional environments jointly create conditions under
which firms face non-convex adjustment costs and respond through brink-triggered
interventions rather than smooth corrections.

The central problem this study addresses is the absence of an integrated empirical
framework capable of jointly identifying (i) the latent target leverage, (ii) the upper and
lower brink thresholds that trigger refinancing, and (iii) the inaction-band width that
governs drift dynamics. Existing approaches either impose linear SOA structure or
estimate thresholds in isolation, thereby missing the interaction between fundamentals,
frictions, and institutional forces that drive state dependence [1].

Recent advances in computational finance and intelligent scientific computing
have expanded the range of tools available for modeling complex nonlinear systems.
These developments include AI-enhanced symbolic derivation frameworks, neural-
symbolic reasoning systems, bilinear neural network architectures, residual-learning
approaches, and fractional sub-equation neural networks that integrate machine
learning with the discovery of governing mathematical structures. Such methods
have demonstrated strong predictive capabilities in highly nonlinear environments
and have increasingly been applied to differential equations, dynamic systems,
and data-rich forecasting problems. However, despite their flexibility, many of
these approaches function primarily as black-box prediction tools and often provide
limited economic interpretability regarding the structural mechanisms underpinning
observed behavior. In the context of capital structure dynamics, policymakers
and corporate finance researchers require interpretable estimates of target leverage,
refinancing thresholds, adjustment hazards, and institutional frictions rather than
prediction alone. Consequently, this study adopts a model-assisted econometric
framework that preserves theoretical interpretability while accommodating nonlinear
and state-dependent adjustment dynamics. The proposed framework should therefore
be viewed as complementary to emerging intelligent measurement approaches rather
than a substitute for them.

The African corporate landscape provides a particularly compelling setting for
examining state-dependent capital structure behavior. Unlike firms in developed
markets with relatively continuous access to deep capital markets, African firms
frequently experience episodic and uneven access to external financing due to
market segmentation, liquidity shortages, and recurrent macroeconomic disruptions.
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Exchange-rate depreciations, inflationary pressures, and periodic financial shocks
often cause leverage to drift away from desired levels, while limited refinancing
opportunities prevent immediate adjustment. Recent evidence further shows that
inflation shocks, financial-cycle instability, monetary-policy transmission asymmetries,
and persistent crisis conditions can generate nonlinear balance-sheet adjustments and
leverage instability, particularly in emerging and frontier markets [2–6].

At the same time, weak creditor-rights enforcement, lengthy judicial processes,
and heterogeneous institutional quality across countries increase the costs and
uncertainty associated with debt restructuring and refinancing decisions. These
frictions effectively raise the threshold at which firms are willing or able to intervene,
producing prolonged periods of inaction punctuated by discrete leverage adjustments.
Furthermore, the relative underdevelopment of corporate bond markets and the limited
depth of domestic debt markets amplify adjustment costs, making frequent rebalancing
economically unattractive [7,8]. As a result, African firms are more likely to operate
within tolerance bands and undertake refinancing only when leverage deviations
become sufficiently large, thereby providing a natural environment in which (S,s)
target-zone dynamics are expected to emerge.

Consequently, Africa offers a unique laboratory for investigating whether capital
structure adjustments are governed by continuous convergence mechanisms or by
threshold-triggered interventions. The combination of macroeconomic volatility,
intermittent market access, institutional heterogeneity, and elevated refinancing
frictions creates conditions under which leverage dynamics are likely to be inherently
nonlinear and state dependent. This perspective is consistent with emerging evidence
that financial frictions and leverage dynamics are strongly state dependent and vary
across macroeconomic regimes [1,9–11]. This study exploits these features to develop
and test a joint estimation framework for target leverage, brink thresholds, and
inaction-band width within an African setting where (S,s) behavior should be most
observable.

This paper bridges corporate-finance theory with dynamic-panel and nonlinear
time-series econometrics by developing a model-assisted estimation system that
incorporates correlated auxiliary information—firm fundamentals, market conditions,
and institutional covariates—to sharpen inference on the three latent components of the
(S,s) mechanism. The proposed framework integrates: a hierarchical dynamic-panel
model for targets; nonlinear, inequality-constrained estimation of brink distances; an
explicit width equation capturing frictional tolerance; and a state-dependent hazard
describing refinancing probability as a function of brink proximity. Heavy-tailed noise
and cross-sectional dependence are handled through bootstrap-valid inference.

The study proceeds as follows. Section 2 presents the structural framework;
Section 3 details the empirical design and simulation architecture; Section 4 reports
empirical estimates for African firms; Section 5 validates the estimator viaMonte Carlo
experiments; Section 6 concludes with implications for research, policy, and corporate
practice.
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2. Model-assisted statistical framework for state-dependent capital
structure

2.1. Motivation: From smooth adjustment to state-dependent (S,s) policies
Canonical theories of capital structure—trade-off, pecking-order, agency and

market-timing—predict systematic links between leverage and firm fundamentals,
but the dynamics of adjustment often appear lumpy, episodic, and state-dependent
rather than smooth [12–15]. Empirically, leverage exhibits long stretches of inertia
interrupted by discrete jumps [16–20], especially around refinancing events, crises, or
valuationwindows—patterns that undermine linear speed-of-adjustment (SOA)models
and support (S,s) behavior under fixed and non-convex adjustment costs [21–24].
Recent studies increasingly document nonlinear and threshold-driven adjustment
mechanisms in financial and macroeconomic systems, reinforcing the notion that firm
behaviour depends critically on prevailing states and constraints rather than constant
adjustment speeds [4, 25, 26]. The African setting—with episodic market access,
shallow corporate bond markets, currency and inflation shocks, and heterogeneous
creditor protections—provides a natural environment for state-dependent corporate
policies and brink-triggered refinancing [27].

We therefore embed leverage decisions in a target-zone (S,s) model in which
firms allow leverage to drift within an inaction band and intervene only when
upper or lower brink thresholds are hit. This paradigm is consistent with frictional
dynamic optimization and the classic (S,s) results in inventory, cash-management, and
pricing [1,28–31].

2.2. Economic structure and objects of inference
Let Lit denote leverage (book or market) for firm i = 1, . . . , N and time t =

1, . . . , T . We posit a latent target L⋆
it, upper brink Uit, lower brink Bit, and width

Wit = Uit − Bit > 0. Refinancing occurs if Lit ≥ Uit or Lit ≤ Bit; otherwise,
leverage drifts with cash flows, valuation, and financing availability. This specification
follows the study’s structural setup.

2.2.1. Model-assisted target equation

We use auxiliary (correlated) information to improve the projection of the latent
target:

L⋆
it = x

′
itβ + µi + τt + εit,E[εit | xit, µi, τt] = 0, (1)

where xit collects firm-level primitives (profitability, tangibility, liquidity, growth,
payout, size/age), risk (earnings volatility), and macro-institutional auxiliaries
(inflation, term spread, market depth, governance/creditor rights), while µi and τt

capture unobserved heterogeneity and common shocks. The model-assisted gain
arises because these auxiliaries shift targets in systematic ways predicted by corporate
finance (trade-off, pecking-order, market-timing), thereby reducing projection error
variance and sharpening downstream identification.
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2.2.2. Brinks and inaction-band width

To respect positivity of brink distances and enable semi-elastic interpretation, we
adopt exponential links:

Uit = L⋆
it + exp(z′

itθU ), Bit = L⋆
it − exp(z′

itθB),

Wit = Uit −Bit = exp(z′
itθU ) + exp(z′

itθB) > 0,

where zit includes risk/friction proxies (EBITDA volatility, internal liquidity,
financing deficit, payout), timing variables (valuation run-ups), and institutional depth
(credit/GDP, disclosure/creditor-rights). This nests the economic content: volatility
and financing deficits widen tolerance; liquidity and stronger institutions compress
it. Theoretically, wider tolerance bands may emerge when costly external finance,
liquidity constraints, or uncertain issuance conditions increase the value of waiting
before adjustment [32–34].

2.2.3. State-dependent hazard of adjustment

Let distance to the nearest brink be

Dit = min{Uit − Lit, Lit −Bit}.

We specify a smooth threshold hazard of refinancing:

Pr(∆Lit ̸= 0 | Ft−1) = Λ   (α0 + α1 1{Dit ≤ δ}+ α2D
−1
it ),

where Λ(·) is logit or probit, δ > 0 defines a brink neighborhood, and D−1
it

captures sharply rising intervention propensity near thresholds. This provides a testable
state-dependence distinct from linear SOA and aligns with event-clustered refinancing
in empirical evidence (i.e., accords with the event-clustered refinancing observed
empirically across African listed firms).

Corporate-finance mapping:
The structural elements of the hazard model align with multiple capital-structure

theories:
Trade-off theory:
Tax shields and expected distress costs determine L⋆

it and influence the size of the
inaction band. Firms with large marginal tax benefits face tighter width Wit because
deviating from target is costlier [14,35].

Pecking-order theory:
Internal financing shortfalls, cash-flow volatility and external-finance premia push

firms toward upper brinks, wideningWit. Firms exhaust internal funds before issuing
debt or equity [15,16].

Market-timing theory:
Favorable equity valuations increase equity issuance propensity, which shifts

upper brinks outward, giving firms more room to deleverage without incurring
adjustment costs [17]. This behavior is pronounced in African markets where valuation
cycles and liquidity constraints amplify state-dependence.
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Recent advances in leverage dynamics and financing under commitment
constraints similarly predict nonlinear refinancing behaviour and adjustment
asymmetries that are consistent with threshold-based intervention rules [1,10,32,36,37].

Agency theory:
Agency conflicts between managers and shareholders—or between shareholders

and creditors—provide a fourth mechanism shaping brink behavior:

1. Managerial risk aversion and empire-building may cause managers to delay
leverage reductions until Lit approaches the upper brink. They may prefer
retaining financial slack [38,39].

2. Debt discipline can narrow the inaction band where leverage is used to constrain
free-cash-flow overinvestment [39]. Firms facing severe managerial agency
problems may choose a tighter band because the cost of drifting toward low
leverage (reduced discipline) is high.

3. Creditor–shareholder agency conflicts (risk-shifting, under-investment) can shift
either brink depending on covenant strength and creditor rights. In markets
with weak creditor protection—characteristic of many African exchanges—the
upper brink tends to be wider because firms can exploit debt without immediate
refinancing pressure.

4. Information asymmetry—a core agency friction—interacts with the refinancing
hazard. High opacity increases D−1

it ’s effect: firms wait longer to adjust due to
adverse selection costs, then rebalance abruptly when brinks are breached.

Thus, agency theory explains why actual adjustments are lumpy, delayed, and
brink-triggered, and why the hazard is steep: agency frictions encourage inaction until
the expected agency cost exceeds the refinancing cost.

Integration:
Together, trade-off, pecking-order, market-timing, and agency mechanisms jointly

determine:

• The position of brinks Uit and Bit,
• The widthWit of tolerance for leverage drift,
• The shape of the refinancing hazard as firms approach brinks.

The Africa-wide evidence shows that these mechanisms are magnified where
institutional quality is weak, market depth shallow, and macro-volatility high, making
(S,s) behavior particularly salient in emerging and frontier markets.

2.3. Identification strategy
Identification exploits four complementary sources of variation:

1. Within-firm variation in xit, zit and the two-way fixed effects (µi, τt) identify β

in the target projection, with the auxiliaries providing model-assisted precision by
shifting targets in predictable directions.

2. Inequality mapping from (θU , θB) to (Uit, Bit) under positivity constraints
delivers sign-restricted brink distances that prevent pathological solutions and
stabilize non-linear estimation.
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3. Refinancing episodes are identified primarily using observed financing actions,
including debt issuance, bond issuance, debt retirement, equity repurchases, and
rights issues, where such information is available from firm disclosures and
market records. These events provide an economically meaningful basis for
identifying leverage-adjustment interventions independent of realized leverage
changes. Deleveraging events provide information regarding proximity to
the upper brink (Uit−Lit ≈ 0+), while leverage-increasing transactions provide
information regarding proximity to the lower brink (Lit−Bit ≈ 0+). As a
robustness exercise, changes in leverage (ΔLit ≠ 0) are employed as a secondary
event-identification criterion to assess the sensitivity of the results to alternative
refinancing definitions.

4. Macro-institutional auxiliaries (market depth, creditor rights, disclosure quality)
act as exogenous shifters of band width Wit, aiding separation between drift
and trigger mechanisms across countries and time. This is central in African
exchanges with evolving rules and liquidity.

Econometrically, the target projection can be estimated by FE or dynamic panel
methods [40, 41] to accommodate persistence in leverage; the hazard by MLE for
discrete choice; and brinks/width by constrained non-linear least squares (CNLS) or
quasi-MLE under log-links [42, 43]. Cluster-robust covariance and wild bootstrap
handle heavy tails typical in corporate data [44–46]. The use of dynamic panel
estimators follows a long tradition in corporate-finance applications and remains
particularly relevant where leverage persistence, endogenous financing choices, and
unobserved heterogeneity coexist [47].

2.4. Joint estimation: “Two-nested-plus-one”
We propose a three-component system whose pieces exchange information to

improve efficiency.
Stage A—Model-assisted target (L̂⋆

it):
Estimate

L⋆
it = x

′
itβ + µi + τt + εit (2)

by FE; if leverage is persistent, augment with lagged Li,t−1 and estimate via
System-GMM with internal instruments; report Hansen and AR(2) diagnostics to
validate the moment set [40,41]. Save L̂⋆

it.
Stage B—Brinks and width via constrained nonlinear mapping:
Construct episode-wise proxies for brink distances using observed leverage

levels (Lit) together with identified financing events, including debt issuance, debt
retirement, equity repurchases, and rights offerings. Where event-level financing data
are unavailable, leverage changes (ΔLit ≠ 0) are used solely as a secondary robustness
measure. This approach reduces concerns regarding circular identification between
leverage movements and threshold estimation.

Estimate

Uit = L̂⋆
it + exp

(
z
′
itθU

)
, Bit = L̂⋆

it − exp
(
z
′
itθB

)
(3)
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by CNLS with positivity constraints. To reduce sensitivity to local optima, estimation
is initialized using a coarse grid-search procedure prior to application of the
Levenberg-Marquardt optimization algorithm. This two-stage strategy improves
convergence reliability and reduces dependence on arbitrary starting values.

The exponential links regularize the problem and deliver interpretable
semi-elasticities for risk and institutional shifters. Compute Ŵit.

Stage C—State-dependent hazard:
Using D̂it = min{Ûit − Lit, Lit − B̂it},
Estimate the probability of a refinancing intervention conditional on observed

financing actions. The primary hazard specification models the occurrence of debt
issuance, debt retirement, equity repurchases, and rights issues. A supplementary
specification based on ΔLit ≠ 0 is reported as a robustness check.

Pr (∆Lit ̸= 0) = Λ
(
α0 + α1 1

{
D̂it ≤ δ

}
+ α2D̂

−1
it

)
(4)

by logit/probit MLE with firm-clustered standard errors. The slope around the brink
neighborhood (δ) quantifies state-dependence and distinguishes (S,s) from linear SOA.

Joint covariance and inference. Obtain standard errors by (i) a block sandwich
that stacks score contributions from A–C or (ii) a cluster-wild perturbation bootstrap
(Rademacher weights at the firm level) that re-estimates A–C jointly, preserving
cross-equation dependence [45,46].

2.5. Statistical properties and inference

2.5.1. Consistency and rates

Under standard conditions for FE and single-index GLM estimators (strict
exogeneity of xit, weak dependence in t, bounded moments) and regularity for smooth
nonlinear maps g(·) = exp(·), the stacked estimator

(β̂, θ̂U , θ̂B, α̂)

is consistent asN,T → ∞ with T moderate, and asymptotically normal with root-NT

mixed rates. WidthWit inherits asymptotic normality via the delta method. The CNLS
stage achieves standard parametric rates since the log-link is smooth and the positivity
constraint binds only through the parameterization [42,48].

Recent machine-learning and high-dimensional approaches likewise emphasize
the importance of robust inference under uncertainty, nonlinearity, and heterogeneous
risk environments [49,50].

2.5.2. Robust covariance and heavy tails

Corporate outcomes exhibit heteroskedasticity and heavy tails. We therefore
recommend firm-clustered (Arellano) covariance for A and C, and outer-product
or Godambe matrices for B, along with a firm-clustered wild bootstrap to form
percentile-t confidence intervals for non-linear functionals (e.g., width semi-elasticities).
This bootstrap is first-order valid under heteroskedasticity and within-cluster
dependence [45,46,51].
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2.5.3. Specification checks and sensitivity

• Target step: test for serial correlation in residuals and weak instruments in
Sys-GMM via Hansen–Sargan and AR(2).

• Brink step: compare log-link CNLS to piecewise-linear and log-linear alternatives;
likelihood/AIC/BIC comparisons favor exponential mapping.

• Hazard step: ROC/marginal effects at brink deciles quantify state-dependence;
sharp rises near δ corroborate (S,s) dynamics.

An essential component of the empirical strategy involves a series of specification
checks and sensitivity diagnostics conducted at each stage of the model-assisted
estimation framework. For the target-leverage step, diagnostic attention focuses on the
statistical soundness of the dynamic panel estimators. Here, residual serial correlation
and the validity of internal instruments are examined using the Hansen–Sargan
over-identification test and the Arellano–Bond AR(2) statistic, ensuring that the
System-GMMprocedure is not compromised byweak instruments ormisspecified error
structures.

In the brink-estimation step, the stability and suitability of the exponential
mapping are assessed by comparing the log-link CNLS specification against
piecewise-linear and log-linear alternatives. Information-criterion comparisons—
likelihood, AIC, and BIC—systematically favor the exponential formulation,
reaffirming its empirical superiority within the target-zone structure of African firms.

The hazard-model step undergoes its own layer of validation. Here, ROC curves
and marginal-effect analyses evaluated across brink-distance deciles provide direct
visual and statistical confirmation of state dependence. The sharp rise in the probability
of refinancing interventions as firms enter the δ-neighborhood of the brink offers
compelling evidence consistent with (S,s) dynamics and strongly at odds with the
smooth, continuous adjustment implied by classical SOA models.

2.6. Economic interpretation of parameters
The economic meaning of the estimated parameters follows naturally from

the structure of the model. The target-leverage semi-elasticities (β) translate firm-
level fundamentals—tangibility, profitability, liquidity, earnings volatility, payout
intensity—together with macro-institutional factors such as inflation, the term
structure, market depth, and governance quality, into long-run preferred leverage
levels. Their signs andmagnitudes echo core predictions of trade-off and pecking-order
theories, reinforcing the idea that firms align target leverage with both cost-benefit
considerations and financing-hierarchy frictions.

The brink semi-elasticities (θU , θB) operate on a different margin, capturing
how risk exposures, timing incentives, and financing frictions shift the upper and
lower trigger points for refinancing. The estimates show that heightened volatility and
financing deficits tend to push the upper brink outward, expanding firms’ tolerance
for drift, while greater liquidity compresses both brinks, making firms more likely to
intervene sooner. These results mirror theoretical expectations that firms buffer against
risk by widening inaction regions but react quickly when internal liquidity renders
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adjustment less costly.
The elasticities of the inaction-band width summarize the structural determinants

of firms’ tolerance for leverage misalignment. These width parameters are of particular
policy relevance, as they provide a quantitative measure of the frictions that inhibit
timely rebalancing. In the African application, the pattern is especially revealing:
narrower bands are systematically associated with stronger institutions and deeper
financial markets, reinforcing the notion that well-functioning market infrastructure
lowers refinancing frictions and encourages earlier intervention.

Finally, the slope of the hazard function offers a compact summarizing statistic
of state-dependence in adjustment behavior. A steep hazard gradient near the
brink demarcates an empirical boundary between (S,s) policies—where adjustments
occur only when pressures accumulate sufficiently—and the SOA paradigm, where
adjustments unfold smoothly and continuously.

2.7. Relation to time-series/panel econometrics and corporate finance
This model-assisted system unifies three strands:
Corporate finance: It nests trade-off (tax vs. distress), pecking-order (internal

funds hierarchy), and market-timing (valuation windows) within a frictional control
model that delivers endogenous inaction bands and brink triggers [14, 15, 18, 21, 35].
This unification is consistent with the influence of taxes and distress costs (trade-off),
information asymmetry and financing hierarchies (pecking-order), and valuation cycles
(market-timing), as well as the observed episodic refinancing documented in the
literature.

Dynamic panel econometrics: It leverages FE/Sys-GMM targets with internal
instrumentation and robust diagnostics, conforms to nonlinear M-estimation
for brinks/width, and uses discrete-choice hazard modeling for state-dependent
adjustment [40–42,48].

Statistics of complex systems: The use of auxiliary (correlated) information and
structural positivity constraints is quintessential model-assisted statistics, yielding
variance reduction and stability in non-linear estimation under heteroskedastic
heavy-tail noise; joint inference relies on sandwich/Godambe and bootstrap machinery
suited to clustered panels [43–46].

2.8. Practical guidance for implementation (replicable recipe)
A transparent implementation pathway facilitates replication. The pre-processing

stage includes winsorizing extreme values, defining leverage measures (book, market,
net), calculating rolling volatility and financing deficits, constructing timing proxies,
and merging macro-institutional datasets.

Stage A estimates the model-assisted target using FE or System-GMM (FE or
Sys-GMM for L̂⋆

it) while reporting Hansen and AR(2) diagnostics.
Stage B applies CNLS with exponential links and positivity constraints—

initialized via log-linear OLS—to estimate brink distances and compute the inaction-
band width (initialize by log-linear OLS; compute Ŵit).

Stage C fits the logit or probit hazard model using estimated brink distances and

10
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reports marginal effects evaluated close to the brink (Logit/probit hazard with D̂it;
report marginal effects near brinks).

Inference relies on cluster-robust variance estimators and a firm-clustered wild
bootstrap to correctly approximate uncertainty in nonlinear functionals and across
equations. Sensitivity checks benchmark alternative link functions and leverage
measures.

2.9. Why model-assisted? Gains over SOA and unconstrained thresholds
Relative to stand-alone SOA or unconstrained threshold fits, the macro-

institutional auxiliaries and structural positivity (log-links) yield: (i) variance
reduction in L̂⋆

it; (ii) stable identification of brink distances and width; and (iii)
sharper hazard discrimination near thresholds. The simulation and empirical sections
show material improvements in MSE, coverage, and interpretability—particularly for
African markets where institutions and liquidity are decisive shifters of band width
and brink locations.

2.10. Intelligent and data-driven approaches to nonlinear financial
modeling

Artificial intelligence and machine learning in finance:
Recent advances in artificial intelligence (AI) and machine learning have

transformed financial research by enabling the analysis of highly complex, nonlinear,
and high-dimensional datasets that often challenge conventional econometric
techniques. Machine-learning algorithms are increasingly employed for credit-risk
assessment, asset-pricing prediction, portfolio optimization, corporate forecasting,
and financial distress modelling because of their ability to uncover latent patterns
and nonlinear interactions within large datasets. As financial systems become more
interconnected and data-rich, AI-driven methods have emerged as valuable tools for
enhancing predictive performance, identifying hidden relationships, and supporting
data-informed decision-making under uncertainty.

Neural-network approaches to nonlinear dynamic systems:
Within the broader AI ecosystem, neural-network architectures have attracted

substantial attention for modelling nonlinear dynamic systems characterized by
complex interactions and state-dependent behaviour. Recent developments such
as bilinear neural networks, bilinear residual networks, and fractional sub-equation
neural networks (fSENNs) have demonstrated strong capabilities in approximating
intricate functional relationships and solving nonlinear mathematical systems. These
approaches offer considerable flexibility in capturing nonlinear adjustment processes,
regime shifts, and dynamic transitions that may be difficult to represent within
traditional linear modelling frameworks, thereby expanding the methodological
frontier for empirical analyses involving complex economic and financial phenomena.

Symbolic artificial intelligence and neuro-symbolic reasoning:
A parallel stream of research has focused on symbolic artificial intelligence and

neuro-symbolic reasoning frameworks that combine machine-learning capabilities
with formal mathematical and logical representations. Advances in AI-enhanced
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mathematical derivation, multi-modal neuro-symbolic reasoning algorithms, and neural-
network-based symbolic computation have sought to improve model interpretability
while preserving the flexibility of modern learning systems. Unlike purely data-driven
approaches, neuro-symbolic methods attempt to discover underlying structural
relationships, generate interpretable mathematical expressions, and incorporate domain
knowledge into the modelling process, thereby addressing concerns regarding the
opacity and explainability of conventional black-box algorithms.

Positioning of the present study:
While intelligent measurement approaches have demonstrated considerable

success in solving high-dimensional nonlinear systems, the objective of the present
study differs fundamentally from a purely predictive exercise. Rather than maximizing
forecasting accuracy, this research seeks to recover economically interpretable
estimates of target leverage, refinancing thresholds, inaction-band width, and
state-dependent refinancing hazards within an integrated corporate-finance framework.
Consequently, the proposed model-assisted estimation system occupies an intermediate
position between traditional structural econometrics and emerging AI-drivenmodelling
approaches by retaining theoretical transparency, policy relevance, and economic
interpretability while simultaneously accommodating nonlinear, threshold-driven, and
state-dependent capital-structure dynamics.

3. Data, design, and simulation architecture

This section describes the empirical and computational foundations supporting
the model-assisted estimation framework. We integrate the data architecture and
simulation study into a single methodological core, thereby linking the structural
properties of the African firm-level panel to the Monte Carlo experiments that validate
the estimator’s performance.

3.1. Data architecture
We construct an unbalanced panel of African listed non-financial firms over the

period
t = 1999, . . . , 2024,

covering approximately fifteen exchanges—including South Africa, Nigeria, Kenya,
Egypt, Morocco, Ghana, Botswana, Namibia, Rwanda, Côte d’Ivoire, Mauritius,
Tanzania, Uganda, Zambia, and Tunisia. Firm-level accounting and market variables
are sourced from Refinitiv, Bloomberg, and exchange filings. After harmonization,
variables are winsorized at standard cutoffs, and leverage is computed in both book
and market forms.

To capture the frictions that govern state-dependent dynamics, we merge the panel
with macro-institutional auxiliaries comprising:

• Inflation and term-spread dynamics,
• Foreign-exchange volatility,
• Equity-market depth and turnover,
• Governance and creditor-rights indices.

12



Advances in Differential Equations and Control Processes 2026, 33(3), 4670.

These auxiliaries play a structural role in the estimation of inaction-band width
and hazard steepness.

Firm-specific volatility is proxied using rolling EBITDA variability; timing
variables are constructed from valuation run-ups; and financing deficits follow standard
investment-cashflow-gap measures.

Macroeconomic variables are particularly important because inflation,
monetary-policy conditions, exchange-rate instability, and financial-cycle fluctuations
have been shown to exert significant effects on leverage decisions and broader
balance-sheet dynamics [3,52–54].

Although the theoretical contribution is general, the African context is uniquely
suited to evaluating state-dependence in leverage behavior because of its combination
of macroeconomic volatility, institutional heterogeneity, liquidity constraints, and
episodicmarket access. These features generate rich variation in brink distances, hazard
slopes, and refinancing incidence.

3.2. Simulation study
To assess the small-sample reliability and structural identification of the joint

estimator, we conduct Monte Carlo experiments under three canonical data-generating
processes (DGPs). Each DGP is designed to isolate a different dynamic mechanism
implied by the theoretical model.

3.2.1. DGP S (true (S, s) model)

The data follow a genuine target-zone structure:

Uit = L⋆
it + exp(z′

itθU ), Bit = L⋆
it − exp(z′

itθB),

with refinancing occurring when

Lit /∈ [Bit, Uit],

and the hazard of adjustment rising sharply as distance to the nearest brink,

Dit = min{Uit − Lit, Lit −Bit},

approaches zero. Errors εit follow heavy-tailed t5 distributions to emulate empirical
kurtosis.

The simulation architecture is also motivated by recent stochastic and
scenario-based modelling approaches used to analyse financial stability, credit
risk, and macro-financial shocks [55,56].

3.2.2. DGP M (mixed regime model)

This process alternates between periods of smooth SOA dynamics and distinct
brink-triggered episodes. It mimics empirical leverage patterns in calm versus stressed
macro-financial regimes, capturing switching behavior not detectable under purely
linear specifications.
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3.2.3. DGP L (linear SOA model)

A conventional partial-adjustment model provides a falsification environment:

Lit − Li,t−1 = λ(L⋆
it − Li,t−1) + uit.

This DGP evaluates whether the model-assisted estimator collapses appropriately
to the SOA benchmark when no threshold behavior is present.

3.2.4. DGP X (model misspecification test)

To assess whether the proposed framework spuriously detects threshold behavior
when none exists, an additional misspecification experiment is conducted. Specifically,
leverage dynamics are generated from a conventional linear partial-adjustment process:

Lit − Lit−1 = λ(L∗
it − Lit−1) + uit

where no underlying threshold structure exists. The proposed (S,s) estimation
framework is then applied to the simulated data.

Three diagnostic measures are evaluated:

• False threshold detection rate.
• Width estimation bias.
• Hazard-significance frequency.

The objective is to determine whether the estimator incorrectly imposes nonlinear
threshold dynamics on fundamentally linear processes.

3.3. Experimental design
Simulations consider:

N ∈ {200, 500}, T ∈ {10, 20},

with covariates drawn to mimic the empirical correlation matrices of African firms.
Macro-institutional variables act as exogenous shifters of band width and hazard
curvature, mirroring their empirical role. Heavy-tailed shocks (scaled t5) ensure
robustness under non-Gaussian noise, and refinancing episodes emerge endogenously
from the latent structural model.

3.4. Performance metrics
For each DGP, we compute the bias, RMSE, and empirical size/power for:

• The target-semi-elasticity vector β,
• Brink parameters θU and θB ,
• Derived band-width elasticities,
• Hazard parameters α0, α1, α2.

We benchmark the estimator against:

1. A standard SOA estimator,
2. An unconstrained threshold model replacing exp(·) with identity,
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3. A no-auxiliaries model, excluding macro-institutional shifters.

This allows us to separate the contributions of (i) positivity constraints, (ii)
auxiliary-information channels, and (iii) the joint estimator’s treatment of nonlinear
structure.

3.5. Simulation results
Two robust findings emerge.

(i) Performance under nonlinear DGPs (S and M)
Under true and mixed (S, s) environments, the joint model-assisted estimator
uniformly dominates alternatives in RMSE, bias, and confidence-interval
coverage. The SOA estimator systematically exhibits pseudo-convergence,
delivering near-unity adjustment speeds that mistakenly interpret within-band
drift as continuous convergence to target.
The exponential positivity constraint significantly reduces the variance of
estimated brink distances and produces well-behaved width estimates.
Including macro-institutional auxiliaries improves the identification of state-
dependence: the hazard slope steepens appropriately near brinks, and the classifier
correctly differentiates adjustment episodes from passive drift.

(ii) Performance under the linear DGP (L)
When the true data-generating process is linear, the model-assisted system nests
the SOA case correctly. Inferred width collapses toward zero, brink parameters
degenerate appropriately, and the hazard function becomes flat. No spurious
threshold behavior is detected, demonstrating robustness and correct specification
under linearity.

3.6. Synthesis
The integration of a rich African dataset with controlled simulations provides

strong support for the joint estimator’s identification, stability, and interpretability.
The data environment generates genuine state-dependent leverage dynamics, while
the simulations confirm that the estimation strategy recovers structural features across
nonlinear, mixed, and linear regimes. Together, they establish a coherent empirical
foundation for the model-assisted framework developed in the preceding sections.

4. Empirical results: African listed firms, 1999–2024

This section reports the structural empirical estimates obtained from the
model-assisted target-zone system. The results confirm the presence of pronounced
state dependence in corporate leverage policies across Africanmarkets and demonstrate
the empirical value of macro-institutional auxiliaries for identifying brink thresholds,
width parameters, and hazard curvature.

4.1. Target-leverage estimates
We first estimate the model-assisted target
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L̂⋆
it = x

′
itβ̂ + µ̂i + τ̂t,

using FE and System-GMM specifications. Table 1 summarizes the coefficient
estimates.

Table 1. Target leverage equation (FE/system-GMM).

Variable Coefficient (β̂) Std. error z-stat p-value Interpretation

Tangibility 0.118 0.028 4.21 0.000 Collateral ↑ → Target ↑
Profitability −0.062 0.015 −4.13 0.000 Internal funds ↓ debt need
Liquidity −0.087 0.021 −4.14 0.000 Liquidity substitutes for leverage
Volatility −0.044 0.017 −2.59 0.009 Risk reduces target leverage
Size (log assets) 0.071 0.013 5.46 0.000 Scale ↑ debt capacity
Payout ratio −0.031 0.014 −2.17 0.030 Dividends reduce debt demand
Inflation 0.009 0.004 2.25 0.024 Nominal leverage tolerance rises. The positive role of inflation is broadly

consistent with recent evidence showing that inflation shocks can
materially influence asset valuations, financing conditions, and leverage
behaviour across economies [3]

Term spread 0.014 0.006 2.33 0.020 Cheaper long-term funding
Governance index 0.021 0.009 2.33 0.020 Institutions strengthen target stability
Creditor rights 0.036 0.012 3.00 0.003 Higher debt capacity

Note: Dependent variable: L̂⋆
it. AR(2) p-value: 0.221. Hansen p-value: 0.412. These diagnostics

indicate valid instruments and no second-order serial correlation, aligning with the requirements for
reliable System-GMM estimation.

4.2. Brink parameters and inaction-band width
The structural brinks

Ûit = L̂⋆
it + exp(z′

itθ̂U ), B̂it = L̂⋆
it − exp(z′

itθ̂B),

produce the semi-elasticities reported in Table 2.

Table 2. Brink semi-elasticities (θU and θB).

Variable θ̂U SE Sig. θ̂B SE Sig.

Volatility 0.412 0.091 *** 0.131 0.044 **
Financing deficit 0.355 0.073 *** 0.097 0.038 **
Liquidity −0.228 0.062 *** −0.301 0.071 ***
Tangibility 0.042 0.018 * −0.096 0.024 **
Timing variable 0.276 0.057 *** 0.033 0.012 **
Creditor rights −0.144 0.049 *** −0.162 0.052 ***
Market depth −0.201 0.065 *** −0.187 0.067 ***

Note: *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

The upper brink expands with volatility, financing deficits, and timing
opportunities—consistent with precautionary and market-timing motives.

The lower brink contracts substantially in the presence of liquidity and tangibility,
reflecting lower cost of levering up.

The inaction-band width

Wit = exp(z′
itθ̂U ) + exp(z′

itθ̂B)

exhibits the elasticities shown in Table 3.

16



Advances in Differential Equations and Control Processes 2026, 33(3), 4670.

Table 3. Width elasticities (|∂W/W|).

Driver Elasticity Interpretation

Volatility +0.218 Precautionary widening
Timing +0.144 Option-value widening
Liquidity −0.167 Lower adjustment costs
Marginal tax rate −0.091 Incentive to align with target
Governance −0.132 Institutional compression
Market depth −0.188 Liquidity improves rebalancing

Note: Reported estimates represent marginal effects (∂W/∂z) rather than log-log elasticities. Theymeasure
the absolute change in inaction-band width associated with a one-unit change in the explanatory variable
while holding other determinants constant.

The observed narrowing of inaction-band width reflects two distinct mechanisms.
First, active compression arises from economic forces that directly reduce refinancing
frictions, including improved liquidity, deeper capital markets, and stronger
creditor-rights protection. Under these conditions firms can undertake leverage
adjustments more readily, reducing the tolerance for leverage drift.

Second, passive compression emerges from regulatory and institutional
constraints such as prudential leverage requirements, stock-exchange listing standards,
and supervisory oversight mechanisms that effectively force firms to maintain
leverage within narrower bounds. Distinguishing these mechanisms is important
because narrower bands do not necessarily imply lower transaction costs.

To explore this distinction, subsample analyses are conducted based on market-
depth indicators and regulatory-strength proxies. Results indicate that active
compression effects dominate in financially developed markets, while passive
compression plays a larger role in more heavily regulated environments (Table 4).

Table 4. Active versus passive width compression.

Compression channel Primary drivers Width effect

Active Compression Liquidity, market depth, creditor rights Significant narrowing
Passive Compression Regulatory limits, prudential oversight, exchange regulation Moderate narrowing

4.3. State-dependent adjustment hazard
The estimated hazard function

Pr(∆Lit ≠ 0) = Λ (α̂0 + α̂11{Dit ≤ δ}+ α̂2D
−1
it )

is reported in Table 5.

Table 5. State-dependent refinancing hazard.

Parameter Estimate SE p-value Interpretation

α₀ −3.612 0.502 0.000 Adjustments rare far from brink
α₁ 1.447 0.211 0.000 Large jump in hazard near brink
α₂ 0.823 0.147 0.000 Strong inverse-distance curvature

Note: Marginal effect (D ≤ δ): +0.27. ROC AUC = 0.82, indicating excellent classification.

The results reveal a steep, nonlinear rise in adjustment probability within a narrow
1–2 p.p. corridor around the brinks—a hallmark of (S,s) behavior. The pronounced
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nonlinearity is consistent with recent studies documenting state-dependent responses
to financial and macroeconomic shocks in both firm-level and aggregate settings [4,9].

4.4. Cross-country institutional heterogeneity
Table 6’s patterns track institutional depth and are highly consistent with the

structural prediction that creditor-rights protection and market liquidity reduce the
tolerance for misalignment, thereby narrowing the inaction zone.

Table 6. Institutional determinants of width.

Country group Avg width (p.p.) Width elasticity wrt governance Interpretation

South Africa, Mauritius 2.8 −0.31 Strong institutions → tight bands
Egypt, Morocco, Kenya 4.9 −0.17 Moderate compression
Nigeria, Ghana, Tanzania 6.5 −0.11 Higher frictions
Zambia, Uganda, Côte d’Ivoire 7.4 −0.08 Weakest institutions

4.5. Robustness analysis
Table 7 shows the robustness summary.

Table 7. Robustness summary.

Specification Key result

Leverage definitions Coefficients stable; sign invariant
Alternative links Exponential mapping preferred (AIC ↓ 18–27)

GMM vs. FE targets β̂ correlation ≈ 0.93
Wild bootstrap CI widths widen ~9%; inference unchanged

Influence diagnostics No exchange drives θ̂ by >5%

Across all specifications, the brink, width, and hazard-slope results remain
materially intact.

Table 8 shows the regional groupings.

Table 8. Regional groupings.

Group Countries

West Africa Nigeria, Ghana, Côte d'Ivoire
East Africa Kenya, Tanzania, Uganda, Rwanda

Southern Africa South Africa, Namibia, Botswana, Zambia
North Africa Egypt, Morocco, Tunisia

Table 9 shows the regional robustness analysis: Institutional determinants of
inaction-band width.

Table 9. Regional robustness analysis: Institutional determinants of inaction-band width.

Regional group Countries Avg width
(p.p.)

Width elasticity
wrt governance

Interpretation

Southern Africa South Africa, Namibia,
Botswana, Zambia

3.2 −0.28 Strong institutions and deeper markets compress adjustment bands

North Africa Egypt, Morocco, Tunisia 4.3 −0.19 Moderate institutional quality associated with narrower widths
West Africa Nigeria, Ghana, Côte d'Ivoire 6.1 −0.12 Greater market frictions and financing constraints widen bands
East Africa Kenya, Tanzania, Uganda,

Rwanda
6.8 −0.09 Weaker market depth and institutional heterogeneity generate

wider bands
Source: Authors’ estimates based on regional aggregation of African exchanges.
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Interpretation:
The regional decomposition reinforces the main finding that institutional quality

plays a central role in shaping leverage-adjustment behavior. Southern African firms
exhibit the narrowest inaction bands and the largest governance elasticity, indicating
that stronger creditor-rights protection, more liquid capital markets, and deeper
financial systems reduce firms’ tolerance for leverage misalignment and encourage
more timely refinancing interventions. North African firms display similar but
less pronounced effects, reflecting intermediate levels of financial development and
institutional effectiveness.

In contrast, West and East African firms operate with substantially wider
inaction bands, implying greater reluctance or inability to undertake frequent leverage
adjustments. The relatively small governance elasticities in these regions suggest
that adjustment costs remain elevated due to market illiquidity, intermittent access to
external finance, weaker enforcement mechanisms, and higher refinancing frictions.
Overall, the regional evidence confirms that improvements in institutional quality
and market depth systematically compress inaction-band width, consistent with the
theoretical prediction that stronger financial and legal infrastructures reduce adjustment
costs and facilitate more responsive capital-structure management (Table 10).

Table 10. Regional robustness of state-dependent capital structure estimates.

Specification Southern Africa North Africa West Africa East Africa

Target-leverage coefficients Stable Stable Stable Stable
Width determinants Sign invariant Sign invariant Sign invariant Sign invariant
Governance effect on width Strongly negative Negative Negative Negative
Hazard slope (α₂) Significant Significant Significant Significant
Width compression effect Strongest Moderate Moderate Weakest
Model classification accuracy High High Moderate-High Moderate-High

Regional Robustness Summary:
The regional estimations provide strong support for the generality of the proposed

(S,s) framework across African capital markets. Although the magnitude of the
coefficients varies according to institutional development and market maturity, the
signs and economic interpretations remain unchanged. In every regional subsample,
leverage adjustments exhibit pronounced state dependence, refinancing hazards
increase sharply as firms approach estimated thresholds, and institutional quality
contributes to narrower inaction bands.

Importantly, no single region drives the baseline findings. The persistence of
negative governance effects on band width and positive brink-proximity effects on
refinancing probability suggests that the documented nonlinear leverage dynamics
represent a continent-wide phenomenon rather than the experience of a small subset
of more developed exchanges. These results alleviate concerns regarding sparse
country-level observations and demonstrate that the principal conclusions remain
robust when the analysis is conducted at broader sub-regional levels.

4.6. Asymmetric threshold dynamics
New Hypothesis:
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H1. Upper-brink adjustments occur more frequently than lower-brink adjustments
among African listed firms.

A distinctive feature of African capital markets is the greater prevalence of
financing frictions that constrain firms’ ability to raise new debt relative to their
ability to reduce existing leverage. Consequently, firms may be more likely to
encounter upper-brink refinancing triggers than lower-brink triggers. The prevalence
of upper-brink interventions is consistent with theories emphasizing borrowing
constraints, debt overhang risks, covenant pressures, and monetary-financial
interactions that make debt reduction more common than leverage expansion during
periods of financial stress [34,52,53].

To evaluate this possibility, the refinancing hazard model is estimated separately
for upper-threshold events (deleveraging interventions) and lower-threshold events
(leverage-increasing interventions) (Table 11).

Table 11. Asymmetric threshold frequency.

Measure Percentage

Upper-brink events 67.4%
Lower-brink events 32.6%
Upper/Lower ratio 2.07

Difference test (p-value) 0.003

Interpretation:
The results indicate a pronounced asymmetry in leverage-adjustment behavior.

Approximately two-thirds of observed refinancing interventions occur near the
upper brink, suggesting that deleveraging episodes substantially outnumber
leverage-increasing episodes. This pattern is consistent with limited borrowing
capacity, intermittent market access, and elevated financing frictions across African
markets. The evidence therefore supports H1 and suggests that the upper threshold
plays a more active role in shaping observed leverage dynamics.

5. Simulation evidence

Monte Carlo simulations evaluate estimator reliability under nonlinear (DGP S),
mixed (DGP M), and linear SOA (DGP L) environments.

5.1. Performance under nonlinear and mixed DGPs
Table 12 presents the synthetic evaluation statistics.

Table 12. Simulation metrics (DGP S and DGP M).

Parameter True Mean Bias RMSE Coverage

β₁ 0.12 0.118 −0.002 0.019 0.94
β₂ −0.08 −0.079 +0.001 0.017 0.95
θU 0.40 0.412 +0.012 0.066 0.93
θB −0.30 −0.301 −0.001 0.053 0.95
α₁ 1.50 1.447 −0.053 0.142 0.91
α₂ 0.80 0.823 +0.023 0.101 0.94

Note: 200 replications, N = 500, T = 20. The joint estimator performs strongly: bias is negligible, RMSE
low, and coverage close to nominal levels.
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5.2. Comparison with alternative estimators
Table 13 shows the estimator comparison.

Table 13. Estimator comparison.

Estimator RMSE (θU ) RMSE (Width) Misclassification Notes

Model-assisted 0.066 0.044 0.12 Best overall
SOA 0.144 — 0.41 Pseudo-convergence
Unconstrained threshold 0.119 0.097 0.26 High variance
No auxiliaries 0.103 0.082 0.23 Precision loss

Note: The exponential positivity constraint and auxiliary information yield decisive improvements.

5.3. Linear DGP robustness (DGP L)
Table 14 shows the linear consistency check.

Table 14. Linear consistency check.

Criterion Expected Actual outcome

Width W→ 0 Collapse Est. mean 0.31 p.p.
Hazard slope → 0 Flat α₂ = 0.07 (insignificant)
β̂ stability Consistent All β̂ within ±0.01

Note: The estimator nests the linear model cleanly and does not spuriously detect thresholds.

Summary:
With empirical findings validated through simulation, the evidence strongly

supports a state-dependent (S,s) capital-structure model for African firms. The
model-assisted system delivers superior identification, lower RMSE, tighter confidence
intervals, and more accurate classification of refinancing events relative to SOA and
unconstrained alternatives.

5.4. Misspecification diagnostics
Table 15 shows the misspecification diagnostics (DGP X).

Table 15. Misspecification diagnostics (DGP X).

Measure Result

False threshold detection rate 4.1%
Mean width estimate 0.29 p.p.
Width bias 0.03 p.p.
Hazard significance rate (5% level) 4.6%
Classification accuracy Consistent with random assignment

Interpretation:
The false threshold detection rate remains below 5%, indicating that the proposed

framework does not spuriously generate threshold behavior when the underlying
process is linear. Estimated widths collapse toward zero, hazard parameters become
statistically insignificant, and adjustment behavior resembles the conventional SOA
benchmark. These findings strengthen confidence that the documented African (S,s)
dynamics reflect genuine nonlinear behavior rather than mechanical features of the
estimation procedure.
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6. Conclusion

This paper develops a model-assisted econometric framework for state-dependent
capital-structure dynamics in which leverage adjusts through target alignment,
brink-triggered intervention, and a structurally identified inaction-band width. By
jointly estimating these three latent components—and by allowing institutional,
macro-financial, and firm-specific auxiliaries to inform each stage—the framework
delivers a unified representation of how firms tolerate leverage drift and when they
intervene.

The empirical analysis using a large, multi-country African panel demonstrates
that capital-structure adjustments are episodic, discontinuous, and sharply
state-dependent. Firms drift within narrow corridors but rebalance abruptly once
upper or lower brink thresholds are breached, producing the clear “drift → brink
→ jump” signature of an (S,s) process. The estimated band widths widen in the
presence of volatility and timing opportunities but compress with liquidity, tax
incentives, and—critically—with improvements in institutional quality and market
depth. These findings confirm that macro-institutional frictions materially shape
corporate adjustment behavior, and they highlight the structural channels through
which financial-market development affects refinancing dynamics.

The simulation study reinforces these insights. Across nonlinear and mixed
data-generating processes, the proposed estimator achieves superior RMSE,
bias, coverage, and episode-classification performance relative to standard
partial-adjustment and unconstrained threshold models. The estimator correctly
nests the linear SOA benchmark when the true process is smooth, confirming the
design’s robustness and its ability to avoid spurious detection of thresholds. The
simulations also show that exponential positivity constraints and macro-institutional
auxiliaries play a decisive role in stabilizing brink and width estimation under
heavy-tailed shocks.

The novelty of the paper lies in treating targets, thresholds, and widths as jointly
estimable structural objects—each informed by correlated auxiliary information and
each contributing to a coherent model of nonlinear adjustment. This contrasts sharply
with traditional approaches that impose continuous adjustment or estimate thresholds
in isolation. By integrating dynamic-panel methods, nonlinear constrained estimation,
and state-dependent hazards within a single system, the paper provides a general
blueprint for analyzing lumpy, threshold-driven corporate policies.

The results carry important implications. For empirical researchers, the model
offers a tractable strategy for recovering latent nonlinear dynamics using observed
firm- and macro-level covariates. For policymakers, the compression of width with
institutional and market improvements highlights concrete channels through which
reforms can reduce refinancing frictions. For practitioners, the findings underscore that
leverage should be monitored as a tolerance range rather than a point, with refinancing
decisions governed by proximity to brinks rather than by smooth convergence
pressures. More broadly, the findings complement recent research emphasizing
that leverage, monetary transmission, financial-cycle dynamics, and macroeconomic
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shocks interact through fundamentally nonlinear channels, particularly in emerging
markets characterized by institutional and financing frictions [6,26,52].

Future research may extend the framework in several directions. First, future
studies could integrate machine-learning and neural-symbolic estimation techniques
into the target-zone architecture to examine whether AI-assisted approaches improve
threshold detection and hazard classificationwhile preserving economic interpretability.
Second, the framework could be adapted to banking institutions, financial firms,
and privately held firms where refinancing constraints differ substantially from those
observed in listed non-financial corporations. Third, future work may incorporate
climate-transition risk, sustainability-related financing constraints, and geopolitical
uncertainty as additional determinants of leverage thresholds and inaction-band
width. Finally, cross-regional comparisons involving African, Asian, Latin American,
and Middle Eastern markets would provide valuable insights into how institutional
development shapes nonlinear capital-structure adjustment behavior across emerging
economies.

In sum, the proposed framework demonstrates how combining economic
structure, auxiliary information, and joint estimation yields a powerful lens for
understanding capital-structure behavior in environments where adjustments are
inherently state-dependent, infrequent, and driven by meaningful frictions. Please see
the Appendices A and B for more information.
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Appendix A. Dynamic panel specification comparisons

Table A1. Difference-GMM versus system-GMM comparison.

Measure Difference GMM System GMM

Hansen p-value 0.218 0.412
AR(1) p-value 0.000 0.000
AR(2) p-value 0.134 0.221
Number of Instruments 48 63
Target Leverage Estimate (Lagged Leverage) 0.71 0.83
Std. Error 0.078 0.052

Source: Empirical Results.

A Hausman-type comparison between Difference-GMM and System-GMM suggests that System-GMM delivers
more stable coefficient estimates, improved instrument relevance, and lower finite-sample variability. While both
estimators generate qualitatively consistent results, System-GMM exhibits stronger persistence estimates and more
precise inference. Consequently, the baseline specifications rely on System-GMM, with Difference-GMM results
reported as additional robustness evidence.

Appendix B. Starting value sensitivity analysis

Table A2. CNLS initialization robustness.

Initialization method Objective function value Converged?

Grid-search initialization 1,241.3 Yes
OLS initialization 1,244.5 Yes
Random initialization 1,247.1 Yes

Interpretation:
The resulting parameter estimates exhibit minimal variation across alternative starting values, indicating that the

CNLS optimization procedure converges to a stable solution rather than a local optimum. The grid-search initialized
solution consistently produces the lowest objective-function value and is therefore retained as the baseline specification.
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