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Abstract

Operating structure, not financing, is the main determinant of profitability in small firms.
This study reaches that conclusion by comparing, in the same model and on the same
scale, two explanations offered for why some small firms earn more than others how they
are financed and how they organise their costs. Existing studies focus almost entirely on
financing and treat costs as a background control. The evidence comes from a large panel
of unlisted Italian firms observed between 2014 and 2025, including innovative start-ups,
innovative SMEs and conventional firms, and each result is checked with three independent
types of analysis. Firms that devote a larger share of the value they create to wages earn
systematically less, in every type of firm. Part of this link reflects how profits are recorded
in the accounts. The link between equity and profitability, by contrast, is weak and its
direction cannot be established, because profitable firms accumulate equity and cause and
effect cannot be separated. Profitability is also determined differently across groups of
firms fall into distinct operating profiles. Support schemes for innovative firms that focus
on access to finance may therefore be addressing the wrong constraint.

Keywords: SME profitability; capital structure; cost structure; labour share; innovative
start-ups

JEL Classification: G32; L25; C23; C38; M41

1. Introduction
Why one small firm earns more than another is usually answered by reference to

how it is financed. The literature on small and medium enterprises is organised around
capital structure, and its central result is unusually stable; better capitalised firms are more
profitable, as Matias and Serrasqueiro (2017), Dalci (2018), Quoc Trung (2021), Kalash (2023)
and Youssef et al. (2023) establish across national panels. This paper asks a question the
same data can answer but that has not been posed; when capital structure and the operating
model are placed in one equation and measured on the same scale, which carries more of
the variation in profitability?

Two terms must be defined before the argument proceeds. Capital structure is used
here in its standard corporate-finance sense (Modigliani & Miller, 1958; Myers, 1984; Rajan
& Zingales, 1995): the composition of the sources from which a firm funds its assets, that is,
the mix of own funds and borrowed funds on the liability side of the balance sheet. This
term is used throughout this paper, consistently with the literature reviewed below. Capital
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structure is measured by the equity ratio, net worth as a percentage of total assets, which
records how much of the firm is financed by its owners rather than by creditors, and it is
complemented by the liquidity ratio, which records the short-term side of the same funding
mix. Cost composition, which we also call the operating model, refers instead to the way
the value a firm produces is absorbed by its inputs: the share of value added paid to labour,
and the shares of output spent on purchased services, materials and leased assets. The first
describes how an activity is financed; the second, how it is carried out.

This study reverses the usual emphasis between these two blocks, and the reversal
needs a justification rather than an assertion. It does not mean that capital structure is
dropped or presumed unimportant; both blocks enter the same equation and are compared
on the same standardised scale, so that neither is given priority by construction. What
is reversed is which block is treated as the object of analysis and which as a background
control. Four reasons motivate this. The first is conceptual. Profit is what remains of value
added once its inputs have been paid, and the operating model determines the margin
a firm earns before any financing choice applies; for small unlisted firms with limited
access to external funds (Berger & Udell, 1998), capital structure is to a large extent the
accumulated result of past profits, as the pecking-order argument of Myers (1984) and
Myers and Majluf (1984) predicts, rather than an independent cause of current ones. The
second is empirical; net worth contains the current year’s profit, so that the equity ratio is
partly determined by the very outcome it is used to explain, whereas the cost shares are
fixed largely by technology and contracts before the year’s profit is known. The third is the
imbalance of the evidence documented below, in which studies relating capital structure
to profitability outnumber those examining cost composition by more than sixteen to one.
The fourth is institutional; the Italian certification scheme, like its European counterparts,
presumes that innovative firms are constrained mainly by access to finance, and that
presumption can be tested only if the operating side is measured with the same care as the
financial one.

The first gap is that cost composition, including the share of value added absorbed
by labour, the intensity of purchased services and reliance on leased rather than owned
capacity, is almost absent from the literature. It enters firm-level profitability models as
a control when it enters at all, and the studies that examine the operating side, such as
Campisi et al. (2019), Grau and Reig (2021), Chadha et al. (2023) and Tripathi et al. (2024),
measure efficiency or working capital rather than the composition of the cost base. The
scarcity is measurable; of 2827 records retrieved from Scopus, twenty-seven relate labour
cost, value added or outsourcing to firm profitability, against 447 relating capital structure
to it.

The second gap is methodological. Endogeneity is treated as a nuisance corrected by
internal instruments and reported in a robustness column, as in Canarella and Miller (2018),
Vijayakumaran and Vijayakumaran (2019), Dsouza et al. (2025) and Saiz-Sepulveda et al.
(2026). Two facts are rarely acknowledged. Net worth contains the current year’s profit, on
which return on assets is computed, so that part of any contemporaneous association is an
accounting identity. Profitability is persistent, as Hirsch and Hartmann (2014), Y. Yang et al.
(2015), Hirsch et al. (2021) and Choi et al. (2024) establish; so, any lagged ratio embedding
past profit is correlated with the current error by construction.

The third gap concerns the tools that could test the specification itself. Accounting-
based taxonomies (Linares-Mustarós et al., 2018; Juntunen et al., 2022; Kristóf & Virág, 2022)
select partitions on a single validity index and do not re-estimate the relationship inside
the groups, while machine learning on accounting data (Pap et al., 2022; Shetty et al., 2022;
Vajjhala & Strang, 2024; Mahmood et al., 2025) is framed as prediction and compared with
linear models on raw levels rather than on the transformation a fixed-effects estimator uses.
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The originality of this study lies in holding one sample and one equation fixed while
three methods interrogate different assumptions about it. The setting is the Italian pop-
ulation of certified innovative start-ups and innovative SMEs with a control group of
conventional firms including 91,756 firm-year observations on 14,913 firms. Evaluations
from Vannoni (2019), Manaresi et al. (2021), Migliaccio and Pavone (2021), Aiello et al.
(2024), Anderloni and Harasheh (2025) and Scandurra et al. (2025), are used to estimate
average effects while the mechanism is presumed. Panel estimation asks whether the associ-
ation survives the estimator; unsupervised partitioning asks whether one coefficient vector
describes every firm; machine-learning regression asks whether the linear form is adequate,
on the same firm-demeaned data. The contribution is fourfold. The relative weight of the
two blocks is measured within a single specification; the capitalisation coefficient is shown
not to be identified by accounting data of this kind, and the reason for this is diagnosed;
the structure of profit determination differs across the regulatory populations the scheme
defines; and machine learning is used diagnostically rather than competitively.

These choices distinguish the study from its closest antecedents in four concrete
respects. First, where Matias and Serrasqueiro (2017), Dalci (2018), Kalash (2023) and
Youssef et al. (2023) estimate the effect of capital structure with cost variables entering
as unexamined controls, this study measures financial and operating determinants on a
common standardised scale within one equation, so that their relative weight becomes a
result rather than an assumption. Second, where Canarella and Miller (2018) and Dsouza
et al. (2025) report instrumented estimates of capitalisation as a robustness check, this
study shows why such instruments fail when profitability is persistent and reports the full
range of estimates rather than a preferred column. Third, where evaluations of the Italian
certification scheme such as Manaresi et al. (2021) and Aiello et al. (2024) measure average
effects on certified firms, this study shows that the structure through which profitability is
determined differs across the regulatory populations themselves. Fourth, where Pap et al.
(2022) and Vajjhala and Strang (2024) use machine learning to predict, this study uses it to
test the econometric specification, and directly addressing the accounting relation linking
profitability to the labour share, which prior work leaves unexamined. Table 1 maps each
of these differences to the section of the paper in which it is tested.

Table 1. From untested assumptions in the literature to tests in this study.

Strand (Section; Studies
Reviewed)

Assumption the Literature
Leaves Untested

How This Study Tests It
(Where) Result

Capital structure and
profitability (Section 2.1;
n = 28)

Cost composition enters, if
at all, as an unexamined
control, so the relative
weight of financing and
operations is assumed
rather than measured.

Four capital-structure and
asset variables and four
cost shares in one equation,
rescaled to
one-standard-deviation
effects (Section 4;
Section 6).

The operating block carries
about 90 per cent of
out-of-sample predictive
content; the equity ratio
6.5 per cent.

Cost structure and the
operating model
(Section 2.2; n = 17)

Cost shares are read as
efficiency measures;
whether their coefficient is
behavioural or produced
by the accounting identity
is never asked.

The identity ROA =
(VA/A)(1 − s) − D/A is
tested across the four
archetypes and by lagging
the regressors (Section 7).

The identity predicts
−0.355 at the median firm
against −0.137 estimated;
value added over assets
varies 2.8-fold across
archetypes, the coefficient
1.07-fold; a quarter
survives lagging.
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Table 1. Cont.

Strand (Section; Studies
Reviewed)

Assumption the Literature
Leaves Untested

How This Study Tests It
(Where) Result

Identification and profit
persistence (Section 2.3;
n = 62)

Lagged ratios are valid
instruments, although they
embed past profit when
profitability is persistent;
failed instruments go
unreported.

Fourteen specifications and
five instrument sets with
first-stage and
overidentification
diagnostics (Section 4;
Supplementary Section S3).

The equity coefficient
ranges from +0.177 to
between −0.12 and −0.28;
persistence of 0.271
invalidates the lagged
instruments; no valid
instrument exists in
these data.

Clustering and machine
learning (Section 2.4;
n = 73)

One coefficient vector
describes every firm and
the relationship is linear;
partitions are chosen on a
single index and learners
are compared on
raw levels.

Thirty-two configurations
scored on eleven criteria,
with the equation
re-estimated within
clusters (Section 5);
learners compared with
fixed effects on
firm-demeaned data
(Section 6).

Four stable archetypes
(mean ARI 0.94); the
capital-turnover coefficient
varies 4.3-fold across them;
the linear shortfall falls
from 0.325 to 0.121 of R2,
four fifths of it
non-polynomial.

Innovative start-ups and
certified SMEs (Section 2.5;
n = 20)

The financing constraint is
presumed and the
structure of profit
determination is assumed
common to certified and
conventional firms.

The equation is estimated
separately by regime, and
the register is withheld
from the clustering and
used as an external check
(Sections 4 and 5).

Equality of coefficients is
rejected in all three pairs of
regimes; 53.1 per cent of
start-ups fall in the
micro-service archetype,
and the data-driven
partition does not coincide
with the register.

Note. The table does not list the studies, which are discussed in Section 2 and listed by theme
in Table S1 (Supplementary Section S1). It reports what the review does not: for each strand, the
assumption left untested, the test applied to it in this paper, where, and the result. Studies are counted
by the eight themes into which the two hundred Scopus records were coded; Section 2.3 combines
two themes (46 + 16) and Section 2.4 three (23 + 18 + 32).

2. Literature Review
Two hundred studies were retrieved from Scopus; three quarters were published

after 2021, and most regressed a profitability ratio on a capitalisation or leverage ratio in a
national panel of five to ten years. This review is organised around the three questions the
paper asks. The first, which block of determinants matters more, requires the literature on
capital structure (Section 2.1) to be read against the less copious literature on cost structure
(Section 2.2). The second, whether the effect of capital structure can be estimated credibly,
draws on the literature on endogeneity and profit persistence, reviewed together because
the second aspect explains why the remedies described in the first fail (Section 2.3). The
third, whether one linear equation describes all firms, draws on clustering and machine
learning applied to accounting data (Section 2.4). Section 2.5 reviews the Italian certification
regime in which the three questions are asked, Section 2.6 draws the strands together, and
each subsection closes by stating how it leads to the next.

2.1. Capital Structure and Profitability in Small Firms

The studies reviewed in this section are deliberately recent, but they inherit their
questions from an older body of work. Whether capital structure affects performance at all
is the question Modigliani and Miller (1958) answered in the negative under conditions no
small firm satisfies, and departures from those conditions have featured since: taxes and
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distress costs in the trade-off tradition, information asymmetry in Myers (1984) and Myers
and Majluf (1984), agency costs in Jensen and Meckling (1976). The empirical regularities
the recent panels reproduce were established by Titman and Wessels (1988), Rajan and
Zingales (1995) and, specifically for small firms, Berger and Udell (1998). Profit persistence
has an equally settled pedigree in Mueller (1977), Geroski and Jacquemin (1988) and Fama
and French (2000), whose mean-reversion estimates anticipate the autoregressive coefficient
reported in Section 4.

Whether the way a firm is financed shapes what it earns is among the most heavily
worked questions in the empirical literature on small and medium enterprises, and its
central result is unusually stable. Matias and Serrasqueiro (2017) establish it for Portugal,
Dalci (2018) for Chinese manufacturers, Quoc Trung (2021) for Vietnam, Kalash (2023)
for an emerging-market panel, Youssef et al. (2023) for non-financial UK SMEs, and
Gonçalves et al. (2024), Bhawna and Sahay (2025) and Nkosi et al. (2026) for further
national samples. Consistency of the sign conceals disagreement about why it holds; under
pecking-order reasoning, profitable firms accumulate retained earnings and borrow less,
so that causality runs from performance to structure, while under trade-off and agency
reasoning, leverage disciplines managers. Singh et al. (2025) and Demiraj et al. (2025) report
evidence compatible with more than one mechanism, which a single contemporaneous
correlation cannot separate. Samples are almost always listed or bank-financed firms, the
equity or debt ratio is the focal variable, and cost-structure variables enter as undiscussed
controls; so, whether capital structure matters more than the operating model is never
asked. Section 2.2 establishes what is known about that.

2.2. Cost Structure and the Operating Model

The operating side of firms enters the corpus through a different door. Grau and Reig
(2021) studied operating leverage in European agri-food SMEs, Campisi et al. (2019) and
Alhassan and Ohene-Asare (2016) measured efficiency by data envelopment, Chadha et al.
(2023) and Tripathi et al. (2024) examined working-capital efficiency in Indian MSMEs,
and Bhattu-Babajee and Seetanah (2022) and Prasad and Mondal (2025) relate value added
to performance. These are studies of efficiency, not of cost composition; they ask how
well inputs are converted into output, not how the cost base is divided between labour,
purchased services, materials and leased capacity, which statutory accounts report for
every firm and what managers can act on. Of 2827 records retrieved across eighteen
queries, only 27 relate labour cost, value added or outsourcing to profitability at firm
level, against 447 relating capital structure to it, and no study places the two blocks in one
equation. Doing so raises a prior question, whether the coefficient on capital structure can
be estimated credibly at all, which Section 2.3 addresses.

2.3. Identification and Profit Persistence

The largest theme in the corpus is methodological in substance if not in title. Forty-six
of the two hundred studies address endogeneity explicitly, mostly by instrumenting the
focal regressor with its own lags or by moving to system GMM; Canarella and Miller
(2018), Vijayakumaran and Vijayakumaran (2019), Samal and Yadav (2025), Dsouza et al.
(2025) and Saiz-Sepulveda et al. (2026) are representative. The treatment is uniform. An
instrumented column is added to the robustness table and reported as confirming the
main result; instrument validity is tested in a minority of cases, and a Hansen or Sargan
statistic is almost never allowed to overturn the specification. When the instrumented and
fixed-effects estimates disagree, the disagreement is attributed to instrument weakness
and the fixed-effects estimate retained, and the alternative reading, that neither identifies
the parameter, appears nowhere. Failures are therefore invisible, and the mechanism that
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would invalidate the instruments here goes unacknowledged: net worth contains the
current year’s profit and return on assets is computed on that same profit. Talamas Marcos
(2025) and Rastogi and Kumar (2024) are among the few to exploit institutional variation
rather than internal lags.

A separate branch of the literature establishes that profitability reverts towards a
firm-specific mean at a measurable rate. Hirsch and Hartmann (2014) and Hirsch et al.
(2021) document persistence in European food processing and retailing, Jaisinghani (2016)
in Indian pharmaceuticals, Opstad et al. (2022) in restaurants, and Doyran and Santamaria
(2019), Killins (2020) and Hoang et al. (2026) in banking and insurance. A parallel strand
estimates the speed of adjustment towards a target capital structure; relevant studies include
those by Y. Yang et al. (2015), Sinha and Vodwal (2022), Choi et al. (2024), Abdeljawad and
Farhood (2025) and Al Barakat and Ali (2026). Neither approach connects persistence to
identification. If profitability at t is predicted by profitability at t − 2, and the capitalisation
ratio at t − 2 embeds the profit of t − 2, lagged capitalisation is correlated with the current
error by construction and cannot serve as an instrument. Even an identified coefficient
would rest on two further untested assumptions, that one set of coefficients describes
every firm and that the relationship is linear; Section 2.4 examines the tools that could test
these assumptions.

2.4. Clustering and Machine Learning as Tests of the Specification

Clustering enters the firm-level literature as description. Linares-Mustarós et al.
(2018) classified firms by financial performance and distress profile, Juntunen et al. (2022)
identified latent classes of accounting outsourcing firms, Ljungkvist and Andersén (2021)
and Anton et al. (2021) constructed taxonomies of small manufacturers and of energy
start-ups, Kristóf and Virág (2022) and Salina et al. (2020) partitioned sectors and banks
on financial indicators, and Williams et al. (2025) and Bayaraa et al. (2019) combined
clustering with efficiency analysis. Two limitations recur. Partitions are selected on a single
index, usually silhouette, which falls monotonically in the number of clusters and therefore
favours coarse solutions by construction. Moreover, the analysis stops at the partition;
groups are profiled and named, but the estimating equation is seldom re-estimated inside
them. Thus, the reader learns that firms differ without learning whether the pooled
coefficients mean anything.

The most established use of machine learning on accounting data is binary classifica-
tion. Shetty et al. (2022), Gavurova et al. (2022), Papíková and Papík (2024), Cheraghali
and Molnár (2026) and Bijoy et al. (2026) predict bankruptcy or distress; Zhang et al. (2025)
predict fraud; Ariza-Garzón et al. (2024) and Antar and Tayachi (2025) add explainability
tools to the same task. The comparison with a parametric benchmark is almost always
made on raw levels, where the learner has between-firm variation available and a fixed-
effects estimator does not, so that the reported advantage mostly reflects unmodelled firm
heterogeneity rather than functional form; correcting the comparison changes the size of
the gap by a factor of nearly three.

A newer strand applies the same algorithms to continuous measures of performance.
Pap et al. (2022), Vajjhala and Strang (2024), Garg et al. (2025), Mahmood et al. (2025) and
Sultana et al. (2026) model profitability or organisational performance directly, Giudici et al.
(2023) compare classification models, and Kristóf and Virág (2022) and Vašaničová et al.
(2025) combine supervised and unsupervised methods on financial ratios. These studies
rank algorithms and, increasingly, variables, but they do not turn the result back on the
econometric specification. The gap between a linear model and an ensemble is reported as
a reason to prefer the ensemble, not as a measurement of what the linear form omits, and
it is neither decomposed into curvature, interaction and local structure nor located in the
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distribution. Both assumptions matter most where the population is most heterogeneous,
and the Italian certification regime, reviewed in Section 2.5, provides such a population.

2.5. Innovative Start-Ups and Certified Smes

The Italian certification regime has generated its own literature. Manaresi et al. (2021)
evaluate the Start-up Act, Migliaccio and Pavone (2021) and Vannoni (2019) examine the
capital structure of certified firms, Angilella et al. (2023), Aiello et al. (2024), Anderloni
and Harasheh (2025) and Scandurra et al. (2025) compare certified firms with conventional
peers, and Domma and Errico (2023), Schifilliti and La Rocca (2024) and Di Berardino and
Antenozio (2026) study governance and digital orientation within the population. The
dominant design compares average outcomes of certified and non-certified firms and treats
the financing constraint as given; it does not ask whether profit is determined differently
across the populations, which is what remains comparable once fixed effects absorb average
differences. The register also provides a classification the analyst did not construct, a natural
external test of any data-driven partition that no study in the corpus uses. Section 2.6 draws
the five strands together.

2.6. Synthesis

Read in sequence, the five strands form one argument rather than a list. The capital-
structure literature poses the question through only one of its two strands; the cost-structure
literature shows how thin the other is; the literature on identification and persistence shows
that the aspects that have been studied cannot be estimated credibly with the tools in
use; the literature on clustering and machine-learning supplies tools that could test the
remaining assumptions of the standard design but have not been used for that purpose;
and the certification regime supplies a population in which all three questions can be asked
of the same firms. The present study follows that sequence; Section 4 addresses the first
two questions, Sections 5 and 6 the third, and every step is carried out on the certified and
conventional populations together.

Table 1 is not a summary of the review. For each strand, it reports what the text does
not bring together, including the assumption the literature leaves untested, the test this
paper applies to it, the section in which it is applied and the result, so that it serves as a
map from the literature to the empirical sections. The full list of the two hundred studies,
by theme, is in Supplementary Section S1. Read down the second column, the untested
assumptions share a structure; each strand of the literature answers its own question
competently and stops where it would have to interrogate its own specification. Samples
are narrow, method and question have drifted apart, and the mechanical relation between
an accounting ratio and regressors built from the same statements goes unexamined. The
present study addresses these boundaries by holding one sample, one equation and one set
of variables fixed across three methods.

3. Data and Methodology
The panel was assembled from thirty-one AIDA extractions covering the universe of

Italian certified innovative start-ups and innovative SMEs together with a control group of
conventional small and medium enterprises drawn from North-West Italy. Each extraction
reported 137 harmonised accounting variables replicated over ten financial years; the
reference year of each column was reconstructed from the balance-sheet closing date, which
was serialised differently across extractions. Regulatory status and sector codes were
merged from the business register maintained by the Ministry of Enterprise, matched on
fiscal code and added only after the accounting variables were built.

https://doi.org/10.3390/jrfm19110840

https://doi.org/10.3390/jrfm19110840


J. Risk Financ. Manag. 2026, 19, 840 8 of 48

Firms are assigned to the three populations on a legal rather than a statistical basis.
Innovative start-ups are companies registered in the special section of the Business Register
established by Article 25 of Decree-Law 179/2012, converted into Law 221/2012, the Italian
Start-up Act. Registration requires, among other conditions, that the company be an
unlisted capital company incorporated for no more than five years, that from its second
year, its value of production does not exceed EUR five million, that it has not distributed
profits, and that its corporate purpose be the development of innovative, high-technology
products or services. It also requires at least one of three innovation criteria: research
and development expenditure of at least 15 per cent of the greater of costs or value of
production; a workforce of which at least one third hold or are pursuing a doctorate, or at
least two thirds hold a master’s degree; or ownership or licence of a patent or of registered
software. Innovative SMEs are companies registered in the special section established
by Article 4 of Decree-Law 3/2015, converted into Law 33/2015. They must be small or
medium enterprises in the sense of Commission Recommendation 2003/361/EC, unlisted,
with certified latest financial statements and not registered as innovative start-ups, and
they must meet at least two of the same three criteria, with thresholds of 3 per cent for
research and development and of one-fifth for doctoral staff or one-third for master’s
graduates. Conventional SMEs are companies that satisfy the thresholds of the same
Recommendation in AIDA—fewer than 250 employees, sales not exceeding 50 million
euros and total assets not exceeding EUR 43 million euros. Those included in this study
were located in North-West Italy (NUTS 1 region ITC) and were registered in neither special
section. Membership of the two certified populations was established by matching fiscal
codes against the registers. Because registration rests on requirements declared by the firm
and confirmed annually, the classification records the legal regime to which each firm is
subject, not a judgement by the authors on how innovative it is.

The estimating sample comprised 91,756 firm-year observations on 14,913 firms be-
tween 2014 and 2025. It was identical across all three methods and all appendices, so that
differences between results are attributable to method rather than to sample. See Table 2.

Table 2. Composition of the estimating sample.

Population Observations Firms Share of Observations

Innovative start-ups 12,864 5173 14.0%
Innovative SMEs 19,565 2756 21.3%

Conventional SMEs 59,327 6995 64.7%

Total 91,756 14,913 100.0%
Note. Firm counts by population sum to slightly more than the total because eleven fiscal codes
appear in two registers, having graduated from innovative start-up to innovative SME within the
window; each is assigned to its earliest population. Source: authors’ elaboration on AIDA (Bureau
van Dijk, a Moody’s Analytics company), releases of June and July 2026, and on the special sections
of the Italian Business Register for innovative start-ups and innovative SMEs (Ministry of Enterprises
and Made in Italy and InfoCamere), downloaded on 27 July 2026.

The panel is unbalanced in a way correlated with regulatory status. Start-ups file
meaningful accounts in roughly one year in three against more than nine in ten for con-
ventional SMEs; so, conventional SMEs contributed close to two thirds of the observations
while accounting for under half the firms. Appendix A establishes how much the weighting
scheme matters.

The dependent variable is return on assets. The regressors form two blocks. The
financial block comprises the equity ratio, the liquidity ratio, capital turnover and the
logarithm of total assets; the operating block comprises the labour cost share of value
added, purchased services and materials as proportions of the value of production, and
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payments for leased assets on the same basis. All continuous variables were winsorised at
the first and ninety-ninth percentiles for each year.

The variables are taken directly from the statutory accounts. Return on assets is
operating profit as a percentage of total assets. The equity ratio is net worth as a percentage
of total assets; the liquidity ratio is current assets net of inventories divided by current
liabilities; capital turnover is revenue divided by total assets; size is the natural logarithm
of total assets. The first two measure capital structure in the sense defined in Section 1;
capital turnover and size are balance-sheet measures of asset use and scale that enter the
same block because they share its denominator. The labour share is total personnel costs as
a percentage of value added; purchased services, materials and payments for leased assets
are each expressed as a percentage of the value of production.

Two measurement decisions determined the sample. Cost ratios expressed against the
value of production become uninformative where production approaches zero, so that the
sample is confined to observations with positive value of production, positive value added,
and value of production of at least one per cent of total assets. The restriction removes
8.8 per cent of observations, but not neutrally: 29.3 per cent of start-up observations against
1.0 per cent of conventional ones, because pre-operating firms are concentrated among
the certified. Rescaling the cost ratios on total assets is not an alternative, since return on
assets carries assets in its denominator and the rescaled ratios would stand in an accounting
identity with it; regressing ROA on the asset-scaled versions yields an R2 of 0.488 against
0.088 for the output-scaled ones.

The estimators and diagnostics are canonical. The choice between fixed and random
effects rests on Mundlak (1978) and Hausman (1978), with the variance test described
by Breusch and Pagan (1980); the dynamic specification addresses the bias identified by
Nickell (1981) using the estimator described by Anderson and Hsiao (1981), generalised
by Arellano and Bond (1991) and Blundell and Bond (1998). Overidentification is tested
following Hansen (1982), and the first-stage F is read in the light of Bound et al. (1995),
Staiger and Stock (1997) and Stock and Yogo (2005), whose warning that a large F reflects
sample size as much as instrument strength is directly relevant to Supplementary Section S3.
Inference clustered by firm follows Petersen (2009), with the multiway alternative as stated
by Cameron et al. (2011).

The clustering algorithms compared in Section 5 are those of MacQueen (1967), Ward
(1963), Dempster et al. (1977), Bezdek (1981) and Ester et al. (1996); the validity criteria
are those of Caliński and Harabasz (1974), Dunn (1974), Davies and Bouldin (1979) and
Rousseeuw (1987), with the stability index as presented by Hubert and Arabie (1985). The
learners are those of Breiman (2001) and Friedman (2001), and the interaction statistic
used in Section 6 is that of Friedman and Popescu (2008). Two properties stated in these
sources are lost in the applied literature; the silhouette coefficient favours coarse partitions
by construction, and the first-stage F does not measure instrument strength in the sense
that controls bias amplification. All estimations were carried out in Python 3.11.15 (Python
Software Foundation, Wilmington, DE, USA), using linearmodels 7.0 for the panel and
instrumental-variable estimators, scikit-learn 1.8.0 for clustering and machine-learning
regression, and statsmodels 0.15.0, NumPy 2.4.4, pandas 3.0.2 and SciPy 1.17.1.

The equation is then estimated three times by methods that interrogate different
assumptions: panel estimation, which tests whether the average association survives
the choice of estimator and whether the equity ratio can be instrumented; unsupervised
partitioning, which tests whether one coefficient vector describes every firm; and machine-
learning regression, which tests the adequacy of the linear form on the same firm-demeaned
data the fixed-effects estimator uses. Figure 1 sets out the estimation strategies.
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Figure 1. Estimation strategies. Source: the authors.

4. Panel Estimation
The equation relates return on assets to the four financial and the four operating

regressors defined in Section 3. It is estimated by pooled OLS, by the between estimator,
by fixed effects with firm dummies and with firm and year dummies, and by random
effects, and it is then put through four robustness treatments: weighted least squares under
two weighting schemes, fixed effects with every regressor lagged one year, and a dynamic
specification in first differences following Anderson and Hsiao (1981). Standard errors
are clustered by firm throughout. The five static estimators use all 91,756 observations on
14,913 firms; the lagged and dynamic specifications fall to 76,261 and 64,031 observations.
Sample, definitions and winsorisation are held fixed, so that the columns differ only in
the estimator.

Which estimator serves as the reference is settled by test rather than by preference,
and the three tests that settle it interrogate different nulls (Table 3).

Table 3. Panel structure tests.

Test Statistic p Conclusion

F(ui = 0), two-way FE 5.60 <0.0001 Pooled OLS rejected
Breusch–Pagan LM 25,011.2 <0.0001 Individual variance present

Hausman (FE vs. RE) 117.01 <0.0001 Random effects inconsistent
First-stage F (Anderson–Hsiao) 18,229.8 — Instrument strong

Note. Hausman on eight degrees of freedom. The first-stage F refers to ROA(t − 2) as instrument for
the lagged difference in the dynamic specification reported in Appendix A.

The F statistic asks whether firm effects exist at all, the Breusch–Pagan multiplier
whether their variance is non-zero, and the Hausman statistic whether they are correlated
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with the regressors. Rejecting all three rules out both the pooled and the random-effects
model and fixes two-way fixed effects as the reference specification. Table 4 reports this,
with the between and the firm-only fixed-effects columns alongside.

Table 4. Two-way fixed effects. Dependent variable: ROA (%).

Regressor Two-Way FE Between FE (Firm Only)

Equity ratio (%) 0.1766 *** 0.1210 *** 0.1629 ***

(0.0049) (0.0043) (0.0047)

Liquidity ratio −0.2474 *** 0.4492 *** −0.2263 ***

(0.0597) (0.0742) (0.0597)

Capital turnover 5.2871 *** 5.3101 *** 5.1750 ***

(0.1347) (0.1139) (0.1324)

Ln (Total assets) 0.6463 *** −0.1359 *** −0.1997 **

(0.1005) (0.0410) (0.0797)

Labour cost/Value added (%) −0.1365 *** −0.1473 *** −0.1373 ***

(0.0026) (0.0017) (0.0026)

Purchased services/Output (%) −0.1840 *** −0.1184 *** −0.1806 ***

(0.0069) (0.0042) (0.0068)

Materials/Output (%) −0.1143 *** −0.0845 *** −0.1066 ***

(0.0130) (0.0040) (0.0122)

Leased assets/Output (%) −0.2833 *** −0.1481 *** −0.2869 ***

(0.0182) (0.0139) (0.0183)

Firm fixed effects Yes — Yes

Year fixed effects Yes No No

Observations 91,756 14,913 91,756

Firms (clusters) 14,913 14,913 14,913

R2 (within; between in column 2) 0.4232 0.4911 0.4161

Joint significance of the eight regressors F(8, 14,912) ≥ 344.5 F(8, 14,904) ≥ 938.5 F(8, 14,912) ≥ 348.6

p-value of joint test <0.0001 <0.0001 <0.0001

Note. Firm-clustered standard errors. *** p < 0.01, ** p < 0.05. The two-way specification includes
year dummies; between is estimated on firm means, and its R2 refers to cross-firm variance and is not
comparable with the within figures. The full comparison across five estimators is Table A1. Standard
errors in parentheses for every column, taken from Table A1. The joint test is the Wald statistic for
the null that all eight slope coefficients are zero, computed with the same firm-clustered covariance
matrix as the standard errors, which for the between estimator is computed on one observation per
firm; the value reported is a lower bound, equal to the largest squared t-statistic divided by the eight
restrictions, since the Wald statistic can be no smaller than any of its single-coefficient components.

Statistical significance is assessed at two levels. For each coefficient, the t-statistic is
computed from standard errors clustered by firm, which are robust to heteroskedasticity
and to serial correlation within firms, and the stars in Table 4 report the corresponding
p-values. For the model as a whole, the null hypothesis that all eight slope coefficients are
jointly zero is tested with a Wald statistic built on the same clustered covariance matrix. Its
value is at least 344.5 on 8 and 14,912 degrees of freedom in the reference specification, so
that the null is rejected at any conventional level, and it is rejected equally clearly in every
column of Table 4 and in each of the four cluster-specific equations estimated in Section 5.
The panel-structure tests of Table 3 complete the assessment, since they reject the pooled
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model in favour of firm effects and the random-effects model in favour of fixed effects.
With more than ninety thousand observations, however, statistical significance is easily
achieved, and this paper does not rest its conclusions on it. Economic significance is judged
on the standardised scale of Table 5, and robustness on the stability of the estimates across
the specifications of Table 6 and Appendix A.

Table 5. Effect of a one-standard-deviation increase in each regressor on ROA (percentage points),
four estimators.

Regressor SD Pooled OLS Between FE (Firm) FE (Firm + Year) Within − Between

Equity ratio (%) 17.00 2.12 *** 2.06 *** 2.77 *** 3.00 *** +0.95
Liquidity ratio 0.89 0.25 *** 0.40 *** −0.20 *** −0.22 *** −0.62

Capital turnover 0.76 3.69 *** 4.04 *** 3.93 *** 4.02 *** −0.02
Ln (Total assets) 1.50 0.03 −0.20 *** −0.30 ** 0.97 *** +1.17

Labour cost/Value added (%) 28.50 −4.47 *** −4.20 *** −3.91 *** −3.89 *** +0.31
Purchased services/Output

(%) 9.74 −1.05 *** −1.15 *** −1.76 *** −1.79 *** −0.64

Materials/Output (%) 11.29 −1.14 *** −0.95 *** −1.20 *** −1.29 *** −0.34
Leased assets/Output (%) 3.45 −0.52 *** −0.51 *** −0.99 *** −0.98 *** −0.47

Note. Each entry is the coefficient of Table A1 multiplied by the standard deviation of the regressor
in the estimating sample (column SD), and is therefore the change in ROA, in percentage points,
associated with a one-standard-deviation increase in the regressor. The last column is the two-way
fixed-effects (within) effect minus the between effect: a value close to zero means that the association is
the same across firms and within firms over time. Significance as in Table A1: *** p < 0.01, ** p < 0.05.

Table 6. The coefficient on the equity ratio across all fourteen specifications.

Group Specification Coefficient s.e. 95% Confidence
Interval Sign

Static panel Pooled OLS 0.1250 *** (0.0030) [0.119, 0.131] positive

Between 0.1210 *** (0.0043) [0.113, 0.129] positive

FE (firm) 0.1629 *** (0.0047) [0.154, 0.172] positive

FE (firm + year) 0.1766 *** (0.0049) [0.167, 0.186] positive

Random effects 0.1548 *** (0.0021) [0.151, 0.159] positive

Weighted WLS, firm weights 0.1986 *** (0.0062) [0.186, 0.211] positive

WLS, asset weights 0.0992 *** (0.0081) [0.083, 0.115] positive

Lagged FE, all regressors at t − 1 −0.0683 *** (0.0055) [−0.079, −0.058] negative

Dynamic Anderson–Hsiao 0.2283 *** (0.0085) [0.212, 0.245] positive

Instrumental variables (1) Equity ratio t − 2 −0.2769 *** (0.0307) [−0.337, −0.217] negative

(2) Equity ratio t − 2, t − 3 −0.2644 *** (0.0344) [−0.332, −0.197] negative

(3) Province-year peer mean −0.1227 (0.2482) [−0.609, 0.364] not significant

(4) Net equity injections t − 1 −0.2346 *** (0.0411) [−0.315, −0.154] negative

(5) Injections t − 1 + equity t − 2 −0.2579 *** (0.0225) [−0.302, −0.214] negative

Note. Coefficient on the equity ratio (%) with ROA (%) as dependent variable; the other seven
regressors are included in every specification. Firm-clustered standard errors. Static and weighted
estimates from Tables A1 and A2, lagged and dynamic estimates from Table A2, instrumental-variable
estimates from Table S2. The confidence interval is the coefficient plus or minus 1.96 standard errors.
*** p < 0.01.

All eight regressors are significant at the one per cent level, and the within R2 of
0.4232 shows that the specification accounts for a substantial share of the variation in prof-
itability inside firms over time. Because the regressors are measured on incompatible scales,
however, the coefficients cannot be compared as they stand; read downwards, the column
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would make turnover appear to dominate by a factor of thirty. Table 5 therefore rescales
each coefficient to the effect of a one-standard-deviation increase, in percentage points of
ROA, so that the regressors can be compared directly across variables and estimators.

Capital turnover dominates under every estimator and the labour share follows
immediately. A one-standard-deviation increase in turnover is worth between 3.69 and
4.04 points of ROA across the four estimators, a comparable increase in the labour share
costs between 3.89 and 4.47, and capitalisation is worth between 2.06 and 3.00; purchased
services, materials and leased assets contribute between 0.5 and 1.8 points each, and
liquidity is negligible. The two blocks therefore contribute at the same order of magnitude,
which the unrescaled coefficients of Table 4 conceal, and the ordering is unchanged across
estimators. The last column of Table 5 sets the within estimate against the between estimate
for each regressor.

That comparison is the diagnostic least often reported in this literature. Regarding the
labour share, the two estimates almost coincide, at −4.20 between firms and −3.89 within
them, and the natural reading—that a relationship holding both across and within firms
is structural—is the wrong one here. An accounting relation holds in both dimensions
because it is a property of how the statements are constructed; coincidence is the first trace
of the identity examined in Section 7. With regard to size and liquidity, which enter no
identity, the two estimates diverge and change sign; so, within-firm asset growth operates
differently from being structurally large. Capitalisation is higher within than between,
which is what the mechanical component of that coefficient would predict.

That mechanical component is an elementary objection which the literature reporting
a positive capitalisation coefficient rarely confronts; net worth contains the current year’s
profit, and return on assets is computed on that same profit. The objection is not confined
to capitalisation. Four of the eight regressors are ratios of items subtracted from the income
statement with regard to the aggregate it is subtracted from, so that the operating block is
more exposed than the financial one. Section 7 develops this point in full.

Three treatments separate identity from relationship, and they do not agree with one
another. Lagging every regressor by one year reverses the sign, from +0.177 to −0.068,
with significance unchanged. Modelling persistence instead, including first differences
with ROA(t − 2) instrumenting the lagged difference, in the manner of Anderson and
Hsiao, returns the coefficient to positive and larger than the static estimate at +0.228, with
an autoregressive parameter of 0.271 and a first-stage F of 18,230. Instrumenting the
equity ratio directly, across five instrument sets, produces a negative estimate in every case.
Table 6 reports the coefficient under all fourteen specifications, with its standard error and
ninety-five per cent confidence interval.

The table is the finding. The five static estimators cluster between +0.12 and +0.18 and
the two weighted variants stay within that band; lagging moves the coefficient below zero;
the dynamic specification moves it back above every static estimate; each instrumental-
variable specification places it between −0.12 and −0.28. These are not overlapping
confidence intervals around a common parameter but qualitatively different answers to
the same question, and no ranking of the estimators by their own diagnostics resolves
the disagreement, because the specifications that reverse the sign are precisely the ones
designed to address the identity problem. The sign of the capitalisation coefficient is not
identified by these data, and that instability is the result rather than an obstacle to it.

The operating coefficients behave in the opposite way. Across seven of the eight
estimators, the labour share ranges only between −0.115 and −0.141, and the ranking of the
four operating variables never changes. The contrast is not what it first appears, because
return on assets and the labour share are consecutive lines of the same income statement,
and an estimator-invariant coefficient is what that construction produces; Section 7 takes up
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this point. The comparison establishes an asymmetry; the equity ratio is not mechanically
determined by the cost base and its sign is nonetheless unidentified, while the labour share
is mechanically related to the outcome and stable for that reason.

The instrumental-variable estimates are reported in full in Supplementary Section S3,
because they fail on their own terms. All five instrument sets are strong, with first-stage
F statistics from 24 to 2327, but strength is not validity. The overidentified specification
using the second and third lags rejects the Hansen test with a statistic of 77.18, and with
ROA persistent at 0.271, the equity ratio at t − 2 embeds profit at t − 2, which predicts
profit at t; so, the exclusion restriction fails by construction at any lag length. The one
instrument with a defensible exclusion restriction, net external equity injections, has a
within-firm correlation of only 0.103 with the equity ratio, which amplifies any violation
of exclusion roughly tenfold. A design based on external policy variation also fails; the
step increases in the income-tax deduction for investors in certified firms, from 19 per
cent to 30, 50 and 65 per cent between 2017 and 2025 (Supplementary Section S8). The
instrument is weak, with a first-stage F of 3.1, and wrongly signed, and an event study
around registration as an innovative SME shows a rise of about 1.5 percentage points in the
equity ratio but a decline in ROA that begins before registration. Neither design identifies
the capitalisation coefficient.

Two further features of the panel bear on how the coefficients should be read. The first
is that the weighting scheme determines whose experience the estimates describe, since the
panel is unbalanced in a way correlated with regulatory status. Weighting by total assets
halves capitalisation to 0.099 while raising capital turnover from 5.29 to 6.89, so that in the
firms which carry the aggregate, the operating model matters more and capital structure
less (Table A2 and Supplementary Section S2).

The second feature is that a single coefficient vector has been imposed on three
populations that the regulation itself treats as distinct. Estimating the equation separately
by regime, on the same observations and the same specification, tests that restriction
directly, and Table 7 reports the three vectors on the standardised scale of Table 5, together
with the Wald tests of their equality.

Wald tests reject equality of the coefficient vectors in all three pairwise comparisons:
87.18 between start-ups and innovative SMEs, 181.94 between start-ups and conventional
SMEs, and 138.08 between the two SME categories, each on eight degrees of freedom with
p below 10−4. What differs is not the level of profitability, which the fixed effects absorb,
but the structure of its determination. Capital turnover carries a coefficient of 7.02 among
start-ups and 7.35 among innovative SMEs against 4.17 among conventional SMEs, the
labour share weighs most heavily on conventional SMEs at −0.163, and capitalisation is
highest among start-ups at 0.232. Section 5 asks whether the partition that matters is the
regulatory one or one the data would choose for themselves.

The inference above rests on assumptions about the error term that Appendix Diag-
nostic Tests: Heteroskedasticity, Cross-Section Dependence and Coefficient Stability tests
on the residuals of the reference specification. Heteroskedasticity is present. The modified
Wald test of Greene (2018) rejects equal error variances across firms, and the Breusch–Pagan
test in the studentised form of Koenker (1981) rejects homoskedasticity with respect to
the regressors, χ2(8) = 8103.1. Cross-sectional dependence is present as well. The CD
statistic of Pesaran (2021) is 132.9 with firm effects only and 44.9 once year effects are added
(Table A5). Standard errors computed with the estimator of Driscoll and Kraay (1998),
which is robust to both, are up to five times larger for the labour share, but every coefficient
remains significant at the one per cent level, the smallest t-statistic being 4.9 (Table A6).
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Table 7. Coefficients estimated separately by regulatory regime, one-standard-deviation effects on
ROA (percentage points).

Regressor Innovative Start-Ups Innovative SMEs Conventional SMEs All Firms (Table 5)

Equity ratio (%) 3.94 *** 2.70 *** 2.76 *** 3.00 ***

(0.21) (0.14) (0.13) (0.08)

Liquidity ratio −0.19 * −0.21 *** −0.19 ** −0.22 ***

(0.11) (0.08) (0.08) (0.05)

Capital turnover 5.33 *** 5.59 *** 3.17 *** 4.02 ***

(0.28) (0.25) (0.12) (0.10)

Ln (Total assets) 5.21 *** 1.28 *** 0.65 *** 0.97 ***

(0.49) (0.29) (0.21) (0.15)

Labour cost/Value added (%) −3.74 *** −3.33 *** −4.65 *** −3.89 ***

(0.15) (0.11) (0.14) (0.07)

Purchased services/Output (%) −2.30 *** −1.85 *** −1.45 *** −1.79 ***

(0.16) (0.09) (0.08) (0.07)

Materials/Output (%) −1.05 *** −1.69 *** −1.28 *** −1.29 ***

(0.32) (0.14) (0.09) (0.15)

Leased assets/Output (%) −0.90 *** −1.05 *** −0.92 *** −0.98 ***

(0.12) (0.11) (0.10) (0.06)

Observations 12,864 19,565 59,327 91,756

Firms 5173 2756 6995 14,913

Note. One-standard-deviation effects on ROA in percentage points: the coefficients of Table A3
multiplied by the standard deviations reported in Table 5, with standard errors rescaled in the same
way in parentheses. Two-way fixed effects, firm-clustered standard errors. *** p < 0.01, ** p < 0.05,
* p < 0.10. Wald tests of equality of the full eight-coefficient vectors (Table A4): innovative start-ups
against innovative SMEs χ2(8) = 87.18; innovative start-ups against conventional SMEs χ2(8) = 181.94;
innovative SMEs against conventional SMEs χ2(8) = 138.08; p < 0.0001 in all three cases.

Stability over time is examined in Table A7, which re-estimates the equation in four
three-year sub-periods. Every coefficient keeps its sign in every period, but equality of
the full coefficient vector is rejected across the four periods and before and after 2020
(Table A5). The capital-structure coefficient moves within a narrow band from 0.19 to 0.26,
and capital turnover rises from 3.5 to 6.3. The labour share remains negative and significant
throughout, but its magnitude falls from −0.18 in 2014–2016 to −0.07 in 2023–2025, as the
share of young certified firms rises from 0.5 to 30 per cent of observations and value added
over total assets falls from 0.39 to 0.34, which the process described in Section 7 translates
into a smaller slope. The stability of the labour-share coefficient across estimators and
groups is therefore not stability over time, and the claims made for it below are confined to
the former.

In comparison with related studies, the positive association between capitalisation
and profitability under the five static estimators, between +0.121 and +0.177, reflects that
reported for small and medium enterprises by Matias and Serrasqueiro (2017), Quoc Trung
(2021), Kalash (2023) and Youssef et al. (2023), and the sign implied by the negative relation
between profitability and leverage documented for larger firms by Titman and Wessels
(1988) and Rajan and Zingales (1995). The estimates depart from that literature at the
point where the latter usually stops. Those studies report a static or a single instrumented
estimate; here, the sign reverses under lagging and under every instrument set, which is
more consistent with the pecking-order reading of Myers (1984) and Myers and Majluf
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(1984), in which profits accumulate as equity, than with a causal effect of capitalisation on
profitability. Persistence itself is in line with the regularity documented by Mueller (1977),
Geroski and Jacquemin (1988), Hirsch and Hartmann (2014) and Hirsch et al. (2021), but its
magnitude is lower than for listed firms. Fama and French (2000) estimate that profitability
reverts towards its mean at about 38 per cent a year, a persistence of roughly 0.6, against
0.271 here. The heterogeneity across regulatory regimes has no direct counterpart, since
evaluations of the Italian scheme such as Manaresi et al. (2021) and Aiello et al. (2024)
compare average outcomes, whereas Table 7 shows that the structure of profit determination
differs, with capital turnover and size weighing far more among start-ups than among
conventional SMEs. Finally, the diagnostic tests described in Appendix Diagnostic Tests:
Heteroskedasticity, Cross-Section Dependence and Coefficient Stability support the firm-
clustered inference recommended by Petersen (2009) for firm panels and show that the
conclusions also survive standard errors robust to cross-sectional dependence.

5. Unsupervised Structure
The panel estimates of Section 4 impose a restriction the data have not been asked

to confirm, that a single coefficient vector describes every firm. This restriction can be
tested without leaving the equation, by partitioning firms on the equation’s own variables
and re-estimating within each partition. The exercise describes coefficient heterogeneity; it
establishes no causal effect.

Each firm is summarised by the decade median of the nine variables entering the equa-
tion, standardised to zero mean and unit variance, with reference to the same 14,913 firms
and 91,756 observations used in Section 4. Regulatory status is withheld from the pro-
cedure and used afterwards only as an external check. Thirty-two configurations were
evaluated across six algorithm families—k-means, Ward agglomerative, Gaussian mixture
and fuzzy c-means for k between two and seven, density-based clustering over five radii,
and random-forest proximity clustering for k between two and four—of which twenty-
nine returned at least two groups. Each was scored on eleven validity criteria: silhouette,
Calinski–Harabasz, Davies–Bouldin, Dunn, maximum diameter, minimum separation, the
Pearson gamma, entropy, the Herfindahl–Hirschman index of cluster balance, partition R2

and, where defined, the Bayesian information criterion.
Selecting on any single index is systematically misleading. Silhouette and Calinski–

Harabasz fall monotonically in k; so, on either alone, the two-cluster solution always
wins, while partition R2 and the Dunn index reward finer partitions; the density-based
configurations attain the highest silhouette values only by classifying between four and
thirty-three per cent of firms as noise (Supplementary Section S4). Averaging ranks across
the nine directional indices selects k-means at k = 4, placed first on partition R2 among the
balanced solutions and keeping its smallest group at 14.9 per cent of firms. Fifty bootstrap
resamples at eighty per cent give a mean adjusted Rand index of 0.9375, and the coefficient
pattern reported below survives the neighbouring three-cluster solution.

The four groups are best read on the standardised scale of Figure 2, where each cell
states how far a group’s typical firm lies from the sample mean in standard deviations.

The colours identify the archetypes, and the medians in Table 8 give their magnitudes
in the units of the accounts. Cluster 0, a third of all firms, is labour-intensive, with a
labour share of 89.6 per cent of value added, the lowest capitalisation in the sample at
17.3 per cent and the lowest median return at 3.03. Cluster 1, twenty-seven per cent, is
materials-intensive and the largest in scale. Cluster 2, twenty-four per cent, consists of
micro service firms, with purchased services at 57.4 per cent of output and the smallest
scale in the sample. Cluster 3, fifteen per cent, is the only group defined financially rather
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than operationally, with capitalisation of 70.1 per cent, a liquidity ratio of 3.70, the lowest
capital turnover and the highest median return at 10.23.

Figure 2. Cluster profiles, standardised means.

Table 8. Cluster profiles, medians of the original variables.

Variable C0 Labour C1 Materials C2 Micro Service C3 Capitalised

ROA (%) 3.03 4.72 7.36 10.23
Equity ratio (%) 17.29 33.22 34.71 70.10
Liquidity ratio 1.22 1.08 1.31 3.70

Capital turnover 1.23 1.03 0.69 0.59
Ln (Total assets) 7.58 9.75 4.79 5.60

Labour cost/Value added (%) 89.63 67.55 0.63 35.23
Purchased services/Output (%) 29.94 18.88 57.35 34.94

Materials/Output (%) 3.04 47.43 0.81 0.82
Leased assets/Output (%) 3.69 1.95 0.68 1.15

Firms 5067 4023 3615 2224
Share of firms (%) 33.9 26.9 24.2 14.9

Note. Medians of firm-level decade medians. k-means, k = 4, on the nine standardised variables.
Cluster labels are ours and describe the dominant feature of each profile; they play no part in
the procedure.

Two features of the separation matter more than the labels. Capitalisation and liquidity
are extreme in Cluster 3 and virtually identical across the other three groups, where they say
almost nothing about eighty-five per cent of firms, whereas the labour share and purchased
services take a distinct value in each group and order them. Capital structure characterises
an archetype but does not organise the partition. Although profitability played no part
in forming the groups, median ROA rises monotonically across them from 3.03 to 10.23.
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Because regulatory status was withheld from the procedure, its correspondence with the
partition, shown in Figure 3, is an external test of both.

Figure 3. Cluster composition by regulatory regime.

Partition and register correspond strongly without coinciding: χ2(6) = 6821.9 with
Cramér’s V of 0.4780. Conventional SMEs concentrate in the two established operating
archetypes, 46.0 and 46.9 per cent; innovative start-ups are distributed almost inversely,
53.1 per cent in the micro-service group and 24.2 per cent in the capitalised one, as expected
of small, service-oriented, recently equity-funded firms; innovative SMEs are spread across
all four groups. The regulatory categories carry real information about the operating model
but are not the same partition. The point of the partition is what happens when the equation
is re-estimated inside it, with the same specification, estimator and observations (Table 9).

Table 9. Equation re-estimated within each cluster (selected coefficients).

Regressor C0 Labour C1 Materials C2 Micro Service C3 Capitalised

Capital turnover 3.0860 *** 5.9623 *** 7.8726 *** 13.1552 ***

(0.1742) (0.2216) (0.3498) (0.6774)

Labour cost/Value added (%) −0.1403 *** −0.1317 *** −0.1347 *** −0.1383 ***

(0.0038) (0.0047) (0.0061) (0.0084)

Purchased services/Output (%) −0.0980 *** −0.1510 *** −0.2475 *** −0.2852 ***

(0.0075) (0.0139) (0.0155) (0.0176)

Leased assets/Output (%) −0.1909 *** −0.2800 *** −0.3051 *** −0.4937 ***

(0.0234) (0.0505) (0.0390) (0.0545)

Equity ratio (%) 0.2314 *** 0.1015 *** 0.2002 *** 0.1280 ***

(0.0091) (0.0069) (0.0104) (0.0136)

Other regressors (liquidity, size, materials) Yes Yes Yes Yes

Firm and year fixed effects Yes Yes Yes Yes

Observations 34,377 34,632 12,804 10,062

Firms (clusters) 5060 4019 3612 2223

Within R2 0.4293 0.4955 0.4420 0.4759

Joint significance of the eight regressors F(8, 5059) ≥ 170.4 F(8, 4018) ≥ 98.1 F(8, 3611) ≥ 63.3 F(8, 2222) ≥ 47.1

p-value of joint test <0.0001 <0.0001 <0.0001 <0.0001

Note. Two-way fixed effects, firm-clustered standard errors in parentheses. *** p < 0.01. The full
eight-regressor estimates are Table S8. The joint test is the firm-clustered Wald statistic for the null
that all eight slope coefficients of the cluster-specific equation are zero, reported as a lower bound
computed as in Table 4 from the full estimates of Table S8.
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Pairwise Wald tests reject equality of the coefficient vectors for all six pairs, with
statistics between 84.45 and 374.34 on eight degrees of freedom. Rejection at this sample
size is not by itself informative, since almost any restriction is rejected on ninety thousand
observations; what matters is the magnitude and the pattern of the differences, which
Table 10 shows by expressing each within-cluster coefficient as a multiple of the pooled
estimate from Table 4.

Table 10. Within-cluster coefficients as multiples of the pooled two-way fixed-effects coefficient.

Regressor Pooled Coefficient
(Table 4) C0 Labour C1 Materials C2 Micro Service C3 Capitalised Range

(Largest/Smallest)

Equity ratio (%) 0.1766 1.31 0.57 1.13 0.72 ×2.3
Liquidity ratio −0.2474 −0.52 † −0.31 † −0.01 † 0.77 sign varies

Capital turnover 5.2871 0.58 1.13 1.49 2.49 ×4.3
Ln (Total assets) 0.6463 1.12 1.08 3.13 1.51 ×2.9

Labour cost/Value
added (%) −0.1365 1.03 0.96 0.99 1.01 ×1.1

Purchased
services/Output (%) −0.1840 0.53 0.82 1.35 1.55 ×2.9

Materials/Output (%) −0.1143 0.57 1.05 1.28 0.95 † ×2.3
Leased assets/Output

(%) −0.2833 0.67 0.99 1.08 1.74 ×2.6

Note. Each cell is the two-way fixed-effects coefficient estimated within the cluster (Table S8) divided
by the pooled coefficient of Table 4; a value of 1.00 means that the cluster reproduces the pooled
estimate exactly. † not significant at the ten per cent level within the cluster. The last column is the
ratio of the largest to the smallest of the four multiples; where the multiples differ in sign the range is
not defined.

The remaining two dimensions are stable for opposite reasons. Liquidity is insignifi-
cant in three groups of four, so the pooled estimate is right that it matters nowhere. The
labour-share coefficient varies by a factor of only 1.1, between −0.132 and −0.140, and
invariance of that kind invites an objection; return on assets and the labour share are
consecutive lines of the same income statement, and a constant coefficient may record
a construction rather than a relationship. The identity fixes the slope at −VA/A; so, it
requires value added over total assets to be nearly constant across the archetypes as well.

However, this is not the case. Value added over assets ranges from 0.217 in the micro-
service cluster to 0.602 in the labour-intensive one, a factor of 2.8, against a factor of 1.07 in
the coefficient. The invariance survives the test that would have exposed it as arithmetic,
on a partition built from the very variables that generate the arithmetic. Of the eight
dimensions of the pooled vector, one is faithful because the relationship is common to all
groups, one because the variable is inert everywhere, and on the remaining six, the pooled
estimate averages quantities that differ by factors of two to four.

The equity-ratio coefficient, which was not determined in Section 4, is positive in every
cluster but ranges from 0.102 in the materials-intensive group of larger firms to 0.231 in
the labour-intensive group of smaller, thinly capitalised ones, which is the pattern that a
financing-constraint reading predicts. It is a pattern rather than an identification, since the
identity operates inside each cluster as it does in the pooled sample, but it shows that the
pooled coefficient of 0.177 is heterogeneous in magnitude as well as uncertain in sign.

The regulatory partition of Section 4 and the operating partition recovered here are
therefore both real, and neither is the other. This section has not asked whether the relation-
ship between each regressor and profitability is linear at all, which Section 6 addresses via
the same observations.

In comparison with related studies, the recovery of a small number of stable archetypes
from accounting data alone is in line with Linares-Mustarós et al. (2018), Ljungkvist and
Andersén (2021), Juntunen et al. (2022) and Kristóf and Virág (2022), who also found that
firms group into stable financial and operational types. The present results depart from

https://doi.org/10.3390/jrfm19110840

https://doi.org/10.3390/jrfm19110840


J. Risk Financ. Manag. 2026, 19, 840 20 of 48

that literature in two respects. First, the selection protocol shows that the number of groups
is not a property of the data alone; because silhouette falls monotonically in the number of
clusters, studies that select on that index, the practice discussed in Section 2.4 and followed
by Bayaraa et al. (2019) and Salina et al. (2020) among others, obtain coarse partitions
partly by construction. Second, those studies describe the groups without re-estimating a
model inside them, whereas Table 10 shows that the coefficients of the profitability equation
differ across archetypes by factors of two to four, so that a taxonomy is also a test of the
specification. The correspondence between archetypes and the register, with a Cramér’s V
of 0.478, qualifies the designs by Aiello et al. (2024) and Anderloni and Harasheh (2025),
who compared certified firms with conventional peers as distinct populations; certification
tracks the operating model, but not closely enough for regulatory status to substitute for
it. The within-cluster ordering of the equity coefficient, strongest where capitalisation is
scarcest, is consistent with the financing-constraint view of small firms in Berger and Udell
(1998), although, as noted above, it is a pattern rather than an identification.

6. Machine-Learning Regression as Validation
The panel specification also assumes that each regressor enters linearly and additively,

and testing that assumption requires estimators that impose no functional form. The
purpose here is validation rather than prediction: no learner replaces the equation and no
coefficient is revised on the strength of a fit. The questions are how large the gap between
the linear form and an unrestricted one is, what kind of structure accounts for it, and
whether the ordering of variables implied by the panel coefficients survives an independent
measure of predictive content.

Thirteen algorithms were fitted to the same 91,756 observations on the same eight
regressors, with five-fold cross-validation grouped by firm so that no firm contributed
to both the training and the test partition, and compared on out-of-sample R2, its cross-
fold standard deviation, root mean squared error, mean absolute error and fitting time
(Table S10). Histogram gradient boosting attained the highest accuracy at 0.7978, the lowest
errors at 5.932 and 3.476 and a cross-fold standard deviation of 0.0070, among the lowest
in the battery, in 3.3 s against 120.5 for the random forest, and it was used for every result
that follows. The algorithms fall into three bands: tree ensembles and the neural network
above 0.72, k-nearest neighbours and the single decision tree between 0.64 and 0.70, and
the whole linear family, including the linear support-vector machine, below 0.48.

Neverthless, this is not the comparison that matters, because it is the comparison most
often made incorrectly. The fixed-effects estimator explains variation within firms, after
firm means have been removed; a learner fitted to raw levels also has the between-firm
variation available to it. Setting a within R2 of 0.42 against a levels R2 of 0.80 therefore
attributes to functional form what mostly reflects a different decomposition of the variance.
The comparison is made three times instead, under three treatments of the between-firm
information, and Table 11 reports the three comparisons.

Table 11. Like-for-like comparison of linear and non-linear fits.

Data Transformation Linear R2 SD Gradient Boosting R2 SD Gap Ratio

Levels (pooled) 0.4730 0.0112 0.7978 0.0070 0.3248 1.69×
Firm-demeaned (within) 0.4153 0.0126 0.5360 0.0107 0.1206 1.29×

Levels + firm means (Mundlak) 0.4795 0.0116 0.7986 0.0054 0.3191 1.67×

Note. Five-fold cross-validation grouped by firm. SD is the standard deviation of R2 across folds. The
second row applies to both models exactly the transformation the fixed-effects estimator applies.
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The first row gives the learner access to differences between firms as well as within
them; the second removes firm means, exactly as the fixed-effects estimator does; the
third restores the between-firm information to the linear model in the form of firm means,
following Mundlak. Comparing the first row with the third isolates unmodelled firm
heterogeneity, and comparing the second with either isolates what remains attributable to
functional form.

On raw levels, the non-linear model is 1.69 times more accurate. On firm-demeaned
data, which is what the fixed-effects estimator uses, the ratio falls to 1.29 and the absolute
gap from 0.325 to 0.121: the linear specification recovers 0.415 of within-firm variance
against 0.536 attainable. Supplying the linear model with firm means in the manner of
Mundlak raises it only from 0.473 to 0.480, which locates the source of the remaining
difference. On levels, the learner’s advantage is mostly firm heterogeneity that fixed effects
already absorb, and what survives the demeaning is functional form. The honest statement
of the gap is therefore 0.121 rather than 0.325, and everything that follows concerns those
twelve points of R2.

The next question is what kind of structure they represent, and the first candidate
is one the linear model can be given directly. If the missing structure were polynomial,
adding squares and interactions to the equation would recover it, at a cost in parameters
that can be counted. Table 12 reports how much of the gap each enrichment recovers.

Table 12. How much of the gap parametric terms recover.

Specification Terms R2 SD Gap Closed (%)

Linear, 8 regressors 8 0.4153 0.0126 0.0
+squared terms 16 0.4319 0.0116 13.7

+pairwise interactions 36 0.4355 0.0125 16.7
+squares and interactions 44 0.4401 0.0114 20.6

Full cubic expansion 164 0.3672 0.1890 −39.9
Histogram gradient boosting — 0.5360 0.0107 100.0

Note. Firm-demeaned data, five-fold cross-validation grouped by firm. Gap closed is the
share of the 0.1206 difference between the linear specification and gradient boosting that each
enrichment recovers.

Sixteen terms buy 13.7 per cent of the gap and forty-four buy 20.6, while the full
cubic expansion, with one hundred and sixty-four terms, performs worse than the original
eight-regressor model because it overfits the tails of a heavy-tailed dependent variable, as
its cross-fold standard deviation of 0.189 against 0.013 shows. Roughly four-fifths of what
the learner captures is therefore not polynomial, and it is not interaction either. Friedman
H-statistics are small throughout, the strongest pair, the equity ratio with capital turnover,
reaching 0.042. The linear form omits local structure, including thresholds, saturation, and
regions of a variable’s range where it matters against regions where it does not.

Partial dependence makes those shapes explicit. The labour share declines steeply
over its lower range and then flattens, capital turnover rises and saturates, purchased
services bend only at the upper end, and the equity ratio is close to monotone and mild,
consistent with the modest positive fixed-effects coefficient rather than with the negative
instrumental-variable estimates. A low-order polynomial must curve everywhere in order
to curve anywhere, whereas the surface the learner recovers is flat in some regions and
steep in others.

Permutation importance, computed on held-out data, ranks the variables by their
contribution to out-of-sample accuracy rather than by coefficient magnitude or significance.
The labour share alone accounts for 63.5 per cent of predictive content, capital turnover
for 13.3 and purchased services for 9.6; so, the operating block carries roughly ninety
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per cent of the information, against 6.5 per cent for the equity ratio and 1.1 for liquidity
(Supplementary Section S5). The leading entry requires the qualification developed in
Section 7; a learner recovers an accounting relation almost perfectly, so that part of the
63.5 per cent measures a construction rather than a behaviour, and the agreement with the
panel and clustering results partly reflects shared arithmetic rather than three independent
confirmations. Two entries are informative on their own: capital turnover, which enters
no identity and ranks second, and the equity ratio, whose low share is a statement about
explanatory content because capitalisation is not mechanically tied to the outcome.

The two models differ mainly in the tails. In the bottom decile of demeaned ROA,
where the realised mean is −16.5 points, the linear model predicts −7.9, and in the top
decile, realised at +16.6, it predicts +6.6; gradient boosting compresses the extremes by a
factor of 1.8 against about 2 for the linear model, and in the middle six deciles, both are
accurate, with biases below 1.7 points (Table S15). A study that trimmed the tails would find
the two specifications nearly equivalent and would be silent about the firms it discarded.

Three conclusions follow for the panel estimates, about interpretation rather than
validity. The coefficients of Section 4 are local linear approximations to a mildly curved
surface and should be read as average slopes, with the approximation weakest in the
extreme deciles. The ranking of variables they imply is corroborated, by a wider margin
than the coefficients suggest, by an independent measure of predictive content. The residual
gap is not a matter of sample size; the linear model’s test score rises only from 0.4005 to
0.4153 over a twenty-fold increase in training data (Supplementary Section S5); so, what it
lacks is form rather than information, and twelve points of R2 set a realistic ceiling for any
equation of this kind estimated on these variables.

In comparison with related studies, the accuracy ordering obtained here, with tree
ensembles ahead of the linear family, linear support vector regression being weak and
AdaBoost appearing unstable, is in line with the comparisons of machine-learning methods
on accounting data reported by Shetty et al. (2022), Pap et al. (2022), Gavurova et al.
(2022), Giudici et al. (2023) and Papíková and Papík (2024). The results depart from that
literature with regard to the size and the meaning of the advantage. On raw levels, the
basis of the comparisons in Pap et al. (2022), Vajjhala and Strang (2024) and Mahmood
et al. (2025), the learner is 1.69 times as accurate as the linear model; on the firm-demeaned
data that a fixed-effects estimator uses, the ratio falls to 1.29 and the gap from 0.325 to
0.121 of R2. Much of the advantage usually attributed to functional form is therefore firm
heterogeneity that fixed effects already absorb. The variable-importance results extend
the use of explainability tools in Ariza-Garzón et al. (2024) and Antar and Tayachi (2025)
from prediction to the validation of an econometric specification. They add a qualification
those applications do not need to make; part of the importance assigned to the labour share
reflects an accounting relation that any flexible learner reproduces.

7. The Accounting Identity in the Operating Block
The argument of Section 4 against the capitalisation coefficient applies with greater

force to the coefficient this paper reports as its main finding, and the objection is best raised
here rather than answered defensively later. Net worth contains the current year’s profit,
which is why the equity ratio stands in a partly mechanical relationship with return on
assets. The labour share of value added stands in a relationship that is mechanical by
construction, because the two quantities are consecutive lines of the same income statement
(Figure 4).
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Figure 4. Where the regressors sit in the income statement that generates the dependent variable.

Under the Italian civil-code scheme, value added is the value of production less
materials, purchased services, leased assets and other operating costs; EBITDA is value
added less labour cost; and the operating result is EBITDA less depreciation and provisions.
Writing s for the labour share and A for total assets, ROA = (VA/A)(1 − s) − D/A. The
derivative of the dependent variable with respect to the regressor is therefore −VA/A
exactly, before any estimation. Four of the eight regressors are ratios of items subtracted in
that cascade with regard to the aggregate they are subtracted from, so that the operating
block as a whole is exposed to the objection, and the labour share especially so.

Two readings advanced earlier must therefore be qualified. An accounting relation
produces stability of the labour-share coefficient across estimators, since such a relation does
not depend on the estimator, and its 63.5 per cent share of permutation importance measures
in part a construction rather than a behaviour. A third reading, the near-invariance of
the coefficient across the four clusters at −0.132 to −0.140, looks like the same point in
another form, but Section 7.1 shows that it is not; the identity fixes not only the sign of the
coefficient but its magnitude, and magnitude can be checked.

7.1. How Much of the Coefficient Is Mechanical

The identity predicts a slope of −VA/A, so the test requires one quantity the estimating
equation does not report: the distribution of value added over total assets in the sample
itself (Table 13).

Table 13. Value added over total assets in the estimating sample.

Population p5 p10 p25 Median p75 p90 Mean Obs.

All firms 0.055 0.105 0.211 0.353 0.604 1.040 0.498 96,052
Innovative start-ups 0.015 0.031 0.088 0.213 0.435 0.727 0.321 14,412

Innovative SMEs 0.034 0.066 0.156 0.304 0.515 0.753 0.370 20,907
Conventional SMEs 0.130 0.174 0.257 0.394 0.697 1.256 0.584 60,733

Note. Value added and total assets as reported in the statutory accounts, winsorised at the first
and ninety-ninth percentiles. The ratio is not among the variables of the estimating equation and is
computed on 96,052 firm-year observations to which the sample restrictions of Section 3 are applied;
the construction and its comparison with the estimating sample are described in Supplementary
Section S6.
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The median is 0.353 and the middle half of the sample lies between 0.211 and 0.604. The
identity therefore predicts a coefficient of about −0.355 for the median firm and between
−0.21 and −0.60 for the interquartile range. The estimated coefficient is −0.1365.

The estimate is not the identity. It is roughly two-fifths of the magnitude predicted at
the median and falls below the first quartile of the predicted range. For the coefficient to be
mechanical in full, value added would have to be 13.7 per cent of total assets, and just under
fourteen per cent of firm-years are at or below that level, concentrated among start-ups,
whose median is 0.213 against 0.394 for conventional SMEs. The identity is unmistakably
present in these data, and it over-predicts what is estimated by a factor of between two
and three.

Two mechanisms account for the gap. The first is conditioning; the equation includes
capital turnover, which absorbs much of the variation in value added over assets, so that
the reported coefficient is a partial effect holding scale intensity fixed rather than the
unconditional slope the identity describes. The second is the covariance between the labour
share and value-added intensity within firms; allowing for this moves the total derivative
implied by the identity from −0.355 to −0.375 at the median, and to −0.283 when firms are
weighted by the within-firm variance of the labour share that the fixed-effects estimator
exploits. Neither adjustment brings the prediction near −0.1365.

A second and independent comparison is already available in the estimates made in
Section 4. Lagging every regressor by one year breaks the identity, because the labour share
of t − 1 and the profit of t are computed from different statements. What survives the break
bounds from below whatever part of the coefficient is not contemporaneous arithmetic.

The labour share retains a quarter of its magnitude at −0.0346 and remains significant
at one per cent; leased assets retain 29 per cent, purchased services 8 per cent, and materials
become insignificant. For the retained quarter to be mechanical in its turn, value added
would have to be 3.5 per cent of total assets, a level reached by 3.2 per cent of firm-years.
Lagging also changes the question, however, since it predicts next year’s profit rather than
this year’s, so that part of the loss is dynamic rather than arithmetic.

A third comparison uses the partition of Section 5 rather than the time dimension.
Because the identity fixes the slope at −VA/A, it predicts a different magnitude for every
group of firms whose value-added intensity differs, and the four archetypes differ consid-
erably. Median value added over total assets runs from 0.217 in the micro-service cluster to
0.602 in the labour-intensive one, a factor of 2.8. A mechanical coefficient would have to
vary by the same factor, and Table 14 sets the two side by side.

Table 14. Value added over total assets and the labour-share coefficient, by archetype.

Cluster Firms VA/A p25 VA/A Median Implied Slope Estimated Coefficient Ratio

C0 labour 5056 0.297 0.602 −0.602 −0.1403 *** 0.23

C1 materials 4109 0.203 0.292 −0.292 −0.1317 *** 0.45

C2 micro service 3649 0.093 0.217 −0.217 −0.1347 *** 0.62

C3 capitalised 2406 0.176 0.417 −0.417 −0.1383 *** 0.33

Range, largest/smallest — — 2.8× 2.8× 1.07× —

Note. Median value added over total assets computed on firm-year observations within each cluster;
quartiles on firm-level medians. The implied slope is the negative of the cluster median, which is
what the identity predicts exactly. Estimated coefficients are the two-way fixed-effects estimates
of Table S8. *** p < 0.01. Cluster membership for the value-added ratio is reconstructed on the
94,258 firm-year observations for which all nine variables are present and reproduces the partition of
Table 8 closely; the reconstruction is described in Supplementary Section S6.
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Across the four archetypes the predicted slope ranges by a factor of 2.8 and the
estimated coefficient by a factor of 1.07, from −0.132 to −0.140, with confidence intervals
that overlap throughout. The ordering is partially preserved; the labour-intensive cluster
carries the largest coefficient in absolute value, as the identity requires. However, the
amplitude is not preserved, and amplitude is what the identity fixes. The ratio of estimate
to prediction falls from 0.62 in the micro-service cluster to 0.23 in the labour-intensive
one, so that the attenuation is itself systematic and largest exactly where the mechanical
component should be strongest.

This is the decisive comparison, because it holds the identity fixed and varies the
quantity the identity says the coefficient must track. A relation that is arithmetic cannot be
near-constant across groups whose multiplier differs threefold. Taken together, the three
comparisons show that the identity is present in these data and accounts for part of the
level of the coefficient, but neither for its stability nor for the whole of its magnitude.

7.2. What the Contribution Becomes

This paper’s claim changes wording rather than value, stated as follows. A large share
of the observed variation in return on assets is fixed once the composition of the cost base is
known, and part of that share is arithmetic rather than behavioural. This is a measurement
the literature reviewed in Section 2 has not reported, and policy has proceeded as though it
did not exist. It is sharper for being bounded on both sides; the identity over-predicts the
coefficient by a factor of two to three, and a quarter of the association survives the breaking
of the identity altogether.

Two of the five tests that would separate identity from relationship remain open, and
both require re-estimation on the present sample rather than new data. They are listed for
completeness and because the direction each would have to take is already specified (Table 15).

Table 15. Five tests that separate identity from relationship.

Test Identity Predicts Structure Predicts Status and Result What It Establishes

Coefficient equals
−VA/A Equality Departure from

−VA/A

Done. Identity implies
−0.355 at the median and
−0.283 to −0.375 under
alternative weightings;

estimate is −0.1365

The estimate is the
identity attenuated, not

the identity itself

Lagged regressors Coefficient near zero Coefficient survives

Done. −0.0346 ***, a
quarter retained; would
require VA/A of 0.035,

reached by 3.2% of
firm-years

A lower bound on the
non-mechanical

component

Slope tracks VA/A
across clusters

Coefficient varies
with cluster VA/A

Coefficient invariant
while VA/A varies

Done. VA/A ranges 2.8×
across archetypes, the
coefficient 1.07×, from

−0.132 to −0.140

The stability of the
coefficient is not

mechanical

Dependent variable
VA/A, labour share as

regressor
No association Association survives

Outstanding.
Re-estimation only, same

variables and sample

Whether the labour
share predicts a

quantity it does not
enter

ROA at t + 1 on labour
share at t Coefficient near zero Coefficient survives

Outstanding.
Re-estimation only, one
year of observations lost

Predictive content free
of the shared statement

Note. The first test uses Table 13 and the two-way fixed-effects estimate of Table 4; the second uses
the lagged specification of Table A2; the third uses Table 14. The remaining two require re-estimation
on the sample of Section 3 and no new variables. *** p < 0.01; significance is based on standard errors
clustered by firm.
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7.3. A Worked Example for Replication

The procedure of Sections 7.1 and 7.2 can be applied to any coefficient on a ratio whose
numerator is subtracted in the cascade that defines the dependent variable, and Appendix B
sets it out in eight steps. The identity is written down and differentiated to obtain the slope
it implies, here, −VA/A. That slope is evaluated on the distribution of the multiplier in
the estimating sample and compared with the estimate, which gives a ratio of 0.39 at the
median. The ratio is recomputed after allowing for co-movement between the regressor
and the multiplier, which leaves it between 0.36 and 0.48. The identity is then broken by
lagging, and a quarter of the coefficient survives. Finally, the coefficient and the multiplier
are compared across groups that differ in the multiplier. Across archetypes, the multiplier
varies 2.8 times and the coefficient 1.07 times. Table A8 reports each step with the values
obtained here, and Table S16 repeats the comparison across the regulatory populations,
the archetypes and four sub-periods. The ratio of estimate to identity lies between 0.22
and 0.65 in every case, and in no partition does the coefficient vary in the way the identity
would require.

In comparison with related studies, the operating-side studies reviewed in Section 2.2,
Campisi et al. (2019), Grau and Reig (2021), Bhattu-Babajee and Seetanah (2022), Chadha
et al. (2023) and Tripathi et al. (2024) relate efficiency, cost or value-added measures to
profitability without asking whether part of the association is produced by the way the
variables are constructed. The results of this section show that it is, and by how much.
Identity predicts a slope of −0.355 at the median firm against an estimate of −0.1365;
coefficients of this kind are best read as attenuated identities rather than as behavioural
effects. The same concern applies, in weaker form, to capital structure, since net worth
contains current profit, a feature that the identification strategies reviewed in Section 2.3
rarely address. The two positive findings have no counterpart in the corpus reviewed; a
quarter of the labour-share coefficient survives when the identity is broken by lagging, and
its stability across archetypes survives a test the identity fails. To our knowledge, these are
the first estimates of the non-mechanical component of a cost-share coefficient.

8. Discussion
Three methods applied to one sample are informative where they agree and where they

do not. On the operating block, they agree; the labour share carries the largest standardised
coefficient after capital turnover, varies by a factor of only 1.1 across the four clusters and
accounts for 63.5 per cent of out-of-sample predictive content. Section 7 shows that the
accounting identity explains part of the level of that coefficient and none of its stability. The
three methods converge on a relationship that is partly arithmetic in magnitude and not
arithmetic in its constancy.

On capital structure, the methods disagree, and the disagreement is informative. The
static estimates reproduce the positive sign reported by Matias and Serrasqueiro (2017),
Dalci (2018), Kalash (2023) and Youssef et al. (2023); lagging the regressors reverses it, the
dynamic specification restores it, and every instrument set contradicts both. Because net
worth contains the current year’s profit and profitability persists at 0.271, no lag length
escapes the problem, which is why the internal instruments used by Vijayakumaran and
Vijayakumaran (2019), Dsouza et al. (2025) and Saiz-Sepulveda et al. (2026) fail. The
persistence documented by Hirsch and Hartmann (2014) and Hirsch et al. (2021) and the
identification practice of the capital-structure literature are, on this evidence, incompatible.

Set side-by-side, the two blocks support a claim that requires no causal interpretation.
The equity ratio is not mechanically determined by the cost base, yet its sign is unstable
across fourteen specifications; the labour share is mechanically related to profitability,
yet its coefficient is more stable than that relation alone would produce. The literature
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organised around the first variable has chosen the weaker and less reliably signed of the
two, while the operating-side studies authored by Campisi et al. (2019), Grau and Reig
(2021), Bhattu-Babajee and Seetanah (2022) and Chadha et al. (2023) do not place the two
blocks in competition.

The clustering and machine-learning results qualify the panel estimates without
overturning them. Capital turnover, which enters no identity, varies by a factor of 4.3 across
archetypes, providing the strongest evidence that one coefficient vector does not describe
every firm, and the partition is also what makes the identity testable. The 0.536 ceiling on
within-firm predictive accuracy is partly an artefact of the same arithmetic, since a learner
approaches an accounting relation closely. This use of machine learning for validation
rather than replacement is one that the prediction-oriented applications by Pap et al. (2022),
Vajjhala and Strang (2024) and Mahmood et al. (2025) do not attempt.

Two implications for practice follow. An unstable coefficient should be reported as
unstable rather than resolved by selecting the treatment that preserves the expected sign,
and a stable one should be tested against its accounting identity before being read as
structure; the corpus reviewed in Section 2 contains no instance of either check. With
regard to policy, the certification regimes evaluated by Manaresi et al. (2021) and Scandurra
et al. (2025) relieve a financing constraint whose association with profitability cannot be
signed on this population, while the cost margin that does carry the association receives
no instrument.

With regard to external validity, the finding most likely to generalise beyond the
certification regime is the one that might appear most specific to it: the non-identification
of the capital-structure coefficient. This rests on two features, neither of which is Italian or
regulatory. Under accrual accounting, net worth includes retained profit, so that any equity
ratio built from book values embeds past profitability, in every jurisdiction and for every
legal form; and profitability persists, as documented for listed firms by Mueller (1977),
Geroski and Jacquemin (1988) and Fama and French (2000), and for European unlisted firms
by Hirsch and Hartmann (2014) and Hirsch et al. (2021). Wherever it persists, a lagged
equity ratio carries past profit into the current error and fails as an instrument, and since
persistence among listed firms is, if anything, higher than the 0.271 estimated here, the
failure should be at least as severe in the listed and bank-financed samples on which most
of the literature rests. Nor does the result depend on the certified firms; conventional SMEs
supply almost two thirds of the observations, and the static coefficient on capitalisation has
the same sign in all three populations (Table 7).

The present claim has a limitation. It concerns instruments constructed from the
firm’s own accounts, not designs that exploit variation external to the firm, such as the
institutional changes used by Rastogi and Kumar (2024) and Talamas Marcos (2025), which
can identify the coefficient where lagged ratios cannot; the one such source available here,
the tax deduction for investors in certified firms, proves too weak to do so (Supplemen-
tary Section S8). The diagnosis is also portable. Any study can estimate the persistence
of its own outcome and check whether its instruments embed the outcome’s past, and
that check, rather than the strength of the first stage, should precede the reporting of an
instrumented estimate.

Other findings travel less well. The magnitudes of the operating coefficients reflect
Italian institutions: labour-market rules that make personnel costs relatively rigid, a finan-
cial system in which small firms depend predominantly on banks, and a control group
drawn from North-West Italy. The eligibility rules of Decree Laws 179/2012 and 3/2015
shape the certified populations, so that the operating archetypes and the concentration of
start-ups in the micro-service profile partly reflect the arithmetic of eligibility discussed in
Section 9. The heterogeneity across regimes is therefore evidence that certification schemes

https://doi.org/10.3390/jrfm19110840

https://doi.org/10.3390/jrfm19110840


J. Risk Financ. Manag. 2026, 19, 840 28 of 48

of this type select firms with a distinct structure of profit determination, not an estimate
of that structure for innovative firms in general, and applying the same design to compa-
rable European schemes would establish which magnitudes are institutional and which
are general.

Comparison with related studies is made at the end of each empirical section and
summarised in Table S17. Three points of contact concern magnitudes rather than signs and
deserve emphasis. Profitability is less persistent among these unlisted small firms, at 0.271,
than among the listed firms studied by Fama and French (2000), which implies that any
lagged ratio loses its information about past profit faster here but not fast enough to serve
as an instrument. The advantage of machine learning over linear models is smaller by a
factor of almost three once the comparison is made on the variance a fixed-effects estimator
uses, which qualifies the accuracy gains reported by Pap et al. (2022), Vajjhala and Strang
(2024) and Mahmood et al. (2025). The labour-share coefficient is about two-fifths of the
magnitude the accounting identity predicts, a benchmark that the operating-side literature
has not computed and against which its own estimates can now be read.

9. Policy Implications
Italy’s productive structure is dominated by firms that do not grow, a condition

habitually treated as a financing problem and addressed with instruments built accordingly.
The evidence assembled here bears on that diagnosis directly, and four implications follow.

The first concerns what certification schemes are for. The Italian Start-up Act, like
most European equivalents, presumes that innovative firms are constrained by access to
capital and responds with tax relief on equity investment, free access to a public credit
guarantee and relief from company-law rules on capital maintenance. Evaluations by
Manaresi et al. (2021), Aiello et al. (2024), Anderloni and Harasheh (2025) and Scandurra
et al. (2025) establish that these instruments reach their targets and improve financing
outcomes. The present results suggest that the constraint they relieve is not the one that
binds on profitability. Capitalisation accounts for 6.5 per cent of out-of-sample predictive
content and cannot be signed reliably, while the share of value added absorbed by labour
accounts for 63.5 per cent. A firm whose cost structure leaves no margin does not become
profitable because equity is cheaper.

The second concerns the sixty-month horizon. Certification expires by statute five
years after incorporation, which presumes that firms reach a stable operating configuration
within that window. The partition described in Section 5 suggests otherwise; 53.1 per cent
of certified start-ups sit in a micro-service configuration of small scale and low labour
intensity, whose coefficient vector differs significantly from that of established operating
firms. Migliaccio and Pavone (2021) and Vannoni (2019) document the same internal
heterogeneity from the financial side, and H. T. Tran and Santarelli (2014) and Amoa-
Gyarteng and Dhliwayo (2023) report comparable patterns for young firms elsewhere. A
fixed horizon applied to a population this heterogeneous withdraws support from firms at
very different stages of development.

The third concerns instruments that act on the price of capital. Italian small firms
remain predominantly bank-financed, and policy has lowered the cost of equity through
fiscal channels. If profitability is determined mainly by operating structure, the price of
external capital is not the margin on which the growth decision turns, and Benkraiem
(2016), S. Kumar and Rao (2016), Tong and Serrasqueiro (2020) and Garcia-Martinez et al.
(2023) reach compatible conclusions from the financing side, finding access effects on in-
vestment that do not translate into performance. Capital-cost instruments should therefore
be complemented by instruments acting on operating capability, including managerial
capacity, workforce composition and the productivity of labour employed. This is the
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margin that Campisi et al. (2019), Grau and Reig (2021), Chadha et al. (2023) and Tripathi
et al. (2024) identify from a different direction.

The fourth concerns eligibility. Certification thresholds on research spending, graduate
employment or intellectual property are expressed as ratios to output or to total costs, and
ratios of this form are met most easily where the denominator is smallest, so firms with
negligible operating activity qualify readily; this is why the restriction imposed in Section 3
removes 29.3 per cent of start-up observations against 1.0 per cent of conventional ones.
Thresholds expressed as ratios should be paired with an absolute floor on operating activity,
and registers should collect the cost-structure indicators used here, which statutory accounts
already report.

A final implication is evaluative. Since a common coefficient vector is rejected across
the three regulatory populations, evaluations that estimate only average effects on growth
or survival miss that the populations differ in how profit is determined, not only in how
much they earn; designs that also test for differences in coefficient structure would recover
that information.

10. Limitations
The most consequential limitation is that none of the designs identifies a causal effect.

There is no valid exogenous variation in capital structure in these data; firms choose their
capitalisation, and certification is voluntary and conditional on criteria correlated with un-
observed characteristics. Lagging the regressors, modelling persistence and instrumenting
all attenuate simultaneity without removing it, so that the results are conditional associa-
tions rather than causal magnitudes, a limitation shared by most of the literature reviewed
in Section 2; Talamas Marcos (2025), Rastogi and Kumar (2024) and Camuffo and Poletto
(2024) show the alternative of exploiting institutional or experimental variation. The one
institutional source available here, the step increases in the tax deduction for investors in
certified firms, was tested and did not supply identification (Supplementary Section S8).
Credible identification requires firm-level records of equity rounds, with their dates and
amounts, or a design that addresses the sixty-month limit on start-up status.

A second limitation concerns sample composition. Innovative start-ups file meaningful
accounts in roughly one year in three against more than nine in ten for conventional SMEs,
and the restriction imposed to obtain interpretable cost ratios removes a further 29.3 per
cent of start-up observations against 1.0 per cent of conventional ones. Both selections
remove firms at the pre-operating end of the distribution, so that the estimates describe
firms with genuine operating activity and are silent about the population the scheme most
distinctively contains. In addition, the conventional SMEs of the control group are drawn
from North-West Italy, whereas the certified populations cover the whole country; so,
comparisons between regimes are also, in part, comparisons between regions.

Third, sector codes are available for the certified populations but for only a small
minority of the control group, so that specifications with sector-by-year effects rest almost
entirely on certified firms. Coefficients are stable across those specifications, but the
possibility that the operating coefficients partly capture sectoral composition cannot be
excluded, a sensitivity shown by Costa et al. (2017) and Yousaf (2025).

Fourth, ratios to the value of production are fragile where production approaches
zero, and rescaling on total assets would place them in an accounting identity with the
dependent variable. Thus, measurement error is concentrated in the firms of greatest policy
interest; sectoral studies such as Grau and Reig (2021) and Prakash and Nauriyal (2020)
avoid the problem by aggregating, at the cost of the heterogeneity exploited here.

Fifth, the error term is neither homoskedastic nor independent across firms (Appendix
Diagnostic Tests: Heteroskedasticity, Cross-Section Dependence and Coefficient Stability).
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Driscoll–Kraay standard errors, robust to both departures, are up to five times larger than
the firm-clustered ones used throughout, but they leave every coefficient significant at
the one per cent level. The diagnostics were computed on the estimating sample rebuilt
from the source extractions, which was 0.5 per cent larger than that described in Table 2.
These results show that the coefficients, for the labour share in particular, are not constant
over time.

Sixth, the unsupervised results are descriptive. The partition shows that firms occupy
distinguishable and stable regions of the accounting space, not why, and its selection
involves discretion in the weighting of the eleven indices and in the five per cent floor on
cluster size, as in the taxonomies of Linares-Mustarós et al. (2018), Juntunen et al. (2022)
and Salles-Filho et al. (2023).

Finally, the machine-learning comparison addresses only the variables in the accounts,
so that the 0.536 ceiling is a property of the data as much as of the method, and both
models are poorly calibrated in the extreme deciles, as Balzano and Magrini (2026) and
Cheraghali and Molnár (2026) also found for Italian and Nordic accounting data. The
present analysis is confined to one country and one certification regime; whether the
dominance of the operating model over capital structure generalises to economies with
different size distributions and financing systems is open, and Section 8 discusses which
findings are likely to hold beyond this setting.

11. Conclusions
This study asked which of two explanations of small-firm profitability carries more

weight: the way a firm is financed, i.e., its capital structure, or the way it operates, i.e.,
the composition of its costs. Unlike previous studies that estimated the effect of capital
structure and treated cost composition as a background control, the present work places
both in one equation and measures them on the same scale. The evidence was obtained
from 91,756 firm-year observations on 14,913 unlisted Italian firms in three legally defined
populations—innovative start-ups and innovative SMEs registered under Decree Laws
179/2012 and 3/2015, and conventional SMEs—and every result was obtained from the
same observations by panel econometrics, clustering and machine-learning regression.

The first conclusion is that the operating model matters more than capital structure.
A one-standard-deviation increase in the labour share of value added lowered return on
assets by about 3.9 percentage points, an effect of the same size as capital turnover and
larger than that of capitalisation (Table 5), and the operating block carried about ninety per
cent of out-of-sample predictive content against 6.5 per cent for the equity ratio. Part of
this association is arithmetic, because return on assets and the labour share are consecutive
lines of the same income statement, but this is only part the case. The estimated coefficient
is about two-fifths of what the accounting identity predicts, a quarter of it survives when
the identity is broken by lagging, and its stability across operating archetypes survives a
test the identity fails. That stability is cross-sectional rather than temporal; estimated by
sub-period, the coefficient remains negative and significant but falls in magnitude as young
certified firms gain weight in the panel.

The second conclusion concerns the variable on which the literature has concentrated.
The static association between capitalisation and profitability, between +0.12 and +0.18, re-
flects previous studies of small and medium enterprises, but it reverses when the regressors
are lagged and under every instrument that these data allow. The instruments fail because
profitability is persistent, at 0.271 a year, lower than for listed firms but high enough for
any lagged ratio to carry past profit into the current error. The sign of the capital-structure
effect is therefore not identified by accounting data of this kind, and the pattern is more
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consistent with profitable firms accumulating equity, as the pecking-order view predicts,
than with equity generating profit.

The third conclusion concerns heterogeneity. The three regulatory populations differ
in the structure through which profitability is determined, not only in its level, and equality
of their coefficient vectors is rejected in every pairwise comparison. A partition built from
accounting data alone recovers four operating archetypes that correspond to the regulatory
classification without coinciding with it, and within them, the coefficient on capital turnover,
which enters no identity, varies by a factor of 4.3. A single coefficient vector, the standard
assumption of the literature, does not describe these firms.

Two methodological conclusions follow. Comparisons between machine-learning and
econometric models should be made on the variance the econometric estimator uses. On
firm-demeaned data, the advantage of the best learner falls from a ratio of 1.69 to 1.29,
and most of what remains is local structure that polynomial terms do not capture. The
statistical conclusions are robust to the properties of the error term; heteroskedasticity
and cross-sectional dependence are both present, but every coefficient of the reference
specification remains significant at the one per cent level under standard errors robust
to both.

For policy, the results suggest that support schemes for innovative firms, which act
mainly on access to finance and on the cost of equity, address a constraint whose association
with profitability cannot be signed on this population, while the cost margin that does
carry the association receives no instrument. Registers could collect the cost-structure
indicators used here, which statutory accounts already report, and evaluations could test
for differences in the structure of profit determination as well as in average outcomes.

The study cannot claim causality. There is no valid exogenous variation in capital
structure in these data, certification was self-selected, the control group was drawn from
North-West Italy, and the estimates describe firms with genuine operating activity. Two
continuations follow. The two tests described in Table 15 that remain outstanding require
no new data and would more sharply separate arithmetic from behaviour in the cost
coefficients; and the statutory expiry of certification after sixty months and the eligibility
thresholds offer discontinuities that could support the causal reading this design withholds,
whereas the changes in investor tax incentives, tested in Supplementary Section S8, do
not. The non-identification of the capital-structure coefficient, by contrast, rests on the
construction of the accounts and on the persistence of profitability, and this is likely to hold
well beyond the Italian certification regime.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/jrfm19110840/s1, Table S1: Studies reviewed, by theme; Figure S1:
Weighting sensitivity, rescaled to one-standard-deviation effects; Figure S2: Coefficient stability
across nine estimators; Table S2: Two-stage least squares with firm and year fixed effects. Coefficient
on the equity ratio; Figure S3: Instrument strength and overidentification; Figure S4: The equity
coefficient under five instrument sets; Table S3: Assessment of each instrument set against the
two requirements; Table S4: Validity battery across algorithms and numbers of clusters; Figure S5:
Validity indices across algorithms and number of clusters; Figure S6: Composite ranking of the
retained configurations; Table S5: Composite ranking (mean rank across nine directional indices;
lower is better); Table S6: Cluster profiles, medians and standardised means; Table S7: Contingency
of partition with regulatory status (row percentages); Figure S7: Equation coefficients re-estimated
within each cluster; Table S8: Equation re-estimated within each cluster. Dependent variable: ROA (%);
Table S9: Pairwise Wald tests of coefficient equality across clusters; Figure S8: Out-of-sample accuracy
under three transformations; Figure S9: Parametric enrichment against gradient boosting, firm-
demeaned data; Figure S10: Permutation importance, firm-demeaned data; Figure S11: Calibration
by decile of realised profitability; Table S10: Algorithm comparison, raw levels; Figure S12: Out-of-
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Appendix A. Panel Estimation, Full Results
Table A1 sets the five estimators side by side. Reading across a row shows how much

of each coefficient survives the choice of estimator, and the contrast between the two blocks
is the point of the table. The labour share ranges only between −0.137 and −0.147 across
all five columns, purchased services between −0.108 and −0.184, and materials between
−0.085 and −0.114. The equity ratio ranges from 0.121 to 0.177, and size changes sign
between the between and the within columns, from −0.136 to +0.646. The R2 row is not
comparable across columns and should not be read as a ranking of fit. The between figure
refers to cross-firm variance and the within figures to over-time variance.

Table A1. Estimator comparison. Dependent variable: ROA (%).

Regressor Pooled OLS Between FE (Firm) FE (Firm + Year) Random Effects

Equity ratio (%) 0.1250 *** 0.1210 *** 0.1629 *** 0.1766 *** 0.1548 ***

(0.0030) (0.0043) (0.0047) (0.0049) (0.0021)

Liquidity ratio 0.2821 *** 0.4492 *** −0.2263 *** −0.2474 *** −0.1187 ***

(0.0512) (0.0742) (0.0597) (0.0597) (0.0316)

Capital turnover 4.8555 *** 5.3101 *** 5.1750 *** 5.2871 *** 5.1585 ***

(0.0910) (0.1139) (0.1324) (0.1347) (0.0594)

ln(Total assets) 0.0216 −0.1359 *** −0.1997 ** 0.6463 *** −0.2254 ***

(0.0336) (0.0410) (0.0797) (0.1005) (0.0283)

Labour cost/Value added (%) −0.1569 *** −0.1473 *** −0.1373 *** −0.1365 *** −0.1406 ***

(0.0022) (0.0017) (0.0026) (0.0026) (0.0008)

Purchased services/Output (%) −0.1083 *** −0.1184 *** −0.1806 *** −0.1840 *** −0.1612 ***

(0.0036) (0.0042) (0.0068) (0.0069) (0.0023)

Materials/Output (%) −0.1010 *** −0.0845 *** −0.1066 *** −0.1143 *** −0.1049 ***

(0.0037) (0.0040) (0.0122) (0.0130) (0.0026)

Leased assets/Output (%) −0.1497 *** −0.1481 *** −0.2869 *** −0.2833 *** −0.2457 ***

(0.0097) (0.0139) (0.0183) (0.0182) (0.0077)

Observations 91,756 14,913 91,756 91,756 91,756

Firms 14,913 14,913 14,913 14,913 14,913

R2 0.4746 0.4911 0.4161 0.4232 —

Note. Firm-clustered standard errors in parentheses. *** p < 0.01, ** p < 0.05. Pooled OLS, FE
(firm + year) and random effects include year dummies. Between is estimated on firm means.
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Table A2 collects the four robustness specifications. Columns 1 and 2 differ only in
weighting, and the comparison identifies who each estimate is about. Weighting firms
equally describes the typical firm, weighting by assets describes the typical capital. Col-
umn 3 shows the sign reversal on capitalisation and on size under lagging, while the
labour share retains its sign; column 4 shows the recovery once persistence is modelled.
The autoregressive coefficient of 0.2710 in column 4 is worth reporting in its own right.
Profitability in this population reverts towards its firm-specific mean at roughly twenty-
seven per cent per year, which is the same feature that nullifies the internal instruments as
described in Supplementary Section S3.

Table A2. Robustness: weighting, lags, dynamic specification.

Regressor WLS (Firm Weights) WLS (Asset Weights) FE, Lagged X Anderson–Hsiao

Equity ratio (%) 0.1986 *** 0.0992 *** −0.0683 *** 0.2283 ***

(0.0062) (0.0081) (0.0055) (0.0085)

Liquidity ratio −0.2685 *** −0.0541 −0.2726 *** −0.3969 ***

(0.0739) (0.1003) (0.0767) (0.0865)

Capital turnover 5.1222 *** 6.8851 *** 1.5756 *** 5.6483 ***

(0.1718) (0.2759) (0.1472) (0.2143)

Ln (Total assets) 0.8546 *** 0.6324 *** −2.1600 *** 3.1083 ***

(0.1205) (0.2126) (0.1276) (0.2090)

Labour cost/Value added (%) −0.1256 *** −0.1149 *** −0.0346 *** −0.1299 ***

(0.0029) (0.0052) (0.0023) (0.0034)

Purchased services/Output (%) −0.1935 *** −0.1780 *** −0.0142 ** −0.2446 ***

(0.0112) (0.0117) (0.0062) (0.0110)

Materials/Output (%) −0.1027 *** −0.1490 *** −0.0064 −0.1209 ***

(0.0155) (0.0101) (0.0067) (0.0230)

Leased assets/Output (%) −0.2602 *** −0.2415 *** −0.0828 *** −0.3657 ***

(0.0248) (0.0403) (0.0199) (0.0308)

ROA (t − 1) — — — 0.2710 ***

(0.0109)

Observations 91,756 91,756 76,261 64,031

Firms 14,913 14,913 12,750 11,172

Note. Columns 1–2: two-way fixed effects weighted respectively by the inverse of the number of
observations per firm and in proportion to total assets. Column 3: fixed effects with all regressors
at t − 1. Column 4: Anderson–Hsiao in first differences, ROA(t − 2) instrumenting ∆ROA(t − 1).
Firm-clustered standard errors in parentheses. *** p < 0.01, ** p < 0.05.

Plotted on the common standardised scale, the weighting choice is visibly not a
technicality. Figure S1 sets the two weighted estimates against the unweighted reference.

Under asset weights capital turnover gains and capitalisation loses roughly half its
magnitude, while the operating cost shares are almost unmoved. A referee asking which
weighting is correct is asking the wrong question, since the two answer different questions,
and a paper about small-firm performance needs both. Figure S2 generalises the exercise
from three specifications to nine, plotting for each regressor the full spread of standardised
effects with the reference two-way estimate marked hollow.

The two blocks separate cleanly. Among the financial variables the spread reaches 7.9 points
of ROA for size and 5.0 for capitalisation, so the answer one obtains depends materially on
the estimator chosen. Among the operating variables, the spread is 3.5 points for the labour
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share, 2.3 for purchased services and 1.0 for leased assets, and in every case, the whole spread is
generated by the single lagged specification; dropping it collapses the labour share to a range
of 0.4 points and materials to 0.2. The operating coefficients are therefore stable in a sense the
financial coefficients are not, and this is the empirical basis for the reading advanced in Section 7.

The regime-specific estimates below are the input to the Wald tests reported in the
text and reported in Table 7. Two patterns stand out beyond the tests themselves. Capital
turnover carries a substantially larger coefficient among the two certified populations than
among conventional SMEs, consistent with turnover being the binding margin for firms
that have not reached scale. Liquidity is insignificant or marginal in all three populations,
which is worth stating explicitly because it is frequently included in this literature as a
control and rarely reported as inert.

Table A3. Separate estimation by regulatory regime. Two-way fixed effects.

Regressor Innovative Start-Ups Innovative SMEs Conventional SMEs

Equity ratio (%) 0.2317 *** 0.1589 *** 0.1626 ***

(0.0126) (0.0081) (0.0074)

Liquidity ratio −0.2120 * −0.2353 *** −0.2130 **

(0.1275) (0.0898) (0.0909)

Capital turnover 7.0189 *** 7.3493 *** 4.1749 ***

(0.3735) (0.3224) (0.1530)

Ln (Total assets) 3.4757 *** 0.8554 *** 0.4339 ***

(0.3297) (0.1934) (0.1402)

Labour cost/Value added (%) −0.1311 *** −0.1170 *** −0.1632 ***

(0.0054) (0.0037) (0.0050)

Purchased services/Output (%) −0.2357 *** −0.1902 *** −0.1493 ***

(0.0160) (0.0093) (0.0084)

Materials/Output (%) −0.0926 *** −0.1499 *** −0.1137 ***

(0.0285) (0.0125) (0.0082)

Leased assets/Output (%) −0.2608 *** −0.3029 *** −0.2653 ***

(0.0334) (0.0326) (0.0297)

Observations 12,864 19,565 59,327

Firms 5173 2756 6995

Note. Firm-clustered standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10. Same
specification and same observations as Table 4, partitioned by register membership.

The Wald statistics test equality of the full eight-element coefficient vector between
each pair of populations, with variance equal to the sum of the two clustered covariance
matrices. They are reported separately from Table A3 because a reader who inspects
the three columns and sees overlapping standard errors on individual coefficients may
conclude that the vectors are indistinguishable, which the joint test contradicts.

Table A4. Wald tests of coefficient equality between regulatory regimes.

Comparison Wald χ2 d.f. p

Innovative start-ups vs. innovative SMEs 87.18 8 <0.0001
Innovative start-ups vs. conventional SMEs 181.94 8 <0.0001

Innovative SMEs vs. conventional SMEs 138.08 8 <0.0001

Note. Wald statistic on the difference between estimated vectors, with variance equal to the sum of
the two clustered matrices. Eight degrees of freedom.
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Diagnostic Tests: Heteroskedasticity, Cross-Section Dependence and Coefficient Stability

The inference reported in Section 4 rests on assumptions about the error term that
are tested here. All tests are computed on the residuals of the two-way fixed-effects
specification of Table 4. Table A5 reports tests for heteroskedasticity, for cross-sectional
dependence and for the stability of the coefficients over time.

Table A5. Diagnostic tests on the two-way fixed-effects residuals.

Property Tested Test Statistic p-Value Reading

Heteroskedasticity

Modified Wald test for
groupwise

heteroskedasticity
(Greene)

χ2(11,239) = 1.27 ×
108 <0.0001 Error variance differs

across firms

Heteroskedasticity Breusch–Pagan test,
studentised (Koenker) χ2(8) = 8103.1 <0.0001 Error variance depends

on the regressors

Cross-section
dependence

Pesaran CD, residuals
with firm effects only CD = 132.89 <0.0001 Residuals correlated

across firms

Cross-section
dependence

Pesaran CD, residuals
with firm and year effects CD = 44.92 <0.0001

Year effects absorb
about two thirds of the

dependence

Coefficient stability Wald test, 2014–2019
against 2020–2025 χ2(8) = 482.72 <0.0001 Coefficient vector differs

before and after 2020

Coefficient stability Wald test, four three-year
sub-periods χ2(24) = 625.55 <0.0001 Coefficient vector differs

across sub-periods

Note. Tests on the residuals of the two-way fixed-effects specification of Table 4. They are computed
on the estimating sample rebuilt from the source extractions by reapplying the construction of
Section 3, which yields 92,210 firm-year observations on 15,107 firms, 0.5 per cent more than Table 2;
the point estimates on this sample are reported in the second column of Table A6. The modified Wald
test uses the 11,239 firms with at least three observations. The CD statistic follows Pesaran (2021) for
unbalanced panels and is computed over the 56.1 million pairs of firms observed together in at least
three years; under the null of cross-sectional independence it is standard normal. The stability tests
interact every regressor with period indicators and use firm-clustered covariance.

Heteroskedasticity and cross-sectional dependence affect the standard errors rather
than the point estimates. Table A6 therefore sets the firm-clustered standard errors used
throughout the paper against two alternatives: heteroskedasticity-robust standard errors,
and the Driscoll–Kraay estimator, which is robust to heteroskedasticity, serial correlation
and cross-sectional dependence together.

Table A6. Standard errors under alternative covariance estimators. Dependent variable: ROA (%).

Regressor Coefficient s.e., Clustered by
Firm

s.e.,
Heteroskedasticity-

Robust

s.e.,
Driscoll–Kraay t, Driscoll–Kraay

Equity ratio (%) 0.1677 *** (0.0046) (0.0034) (0.0120) 13.97
Liquidity ratio −0.2645 *** (0.0599) (0.0472) (0.0290) −9.12

Capital turnover 5.4564 *** (0.1363) (0.1002) (0.3183) 17.14
Ln (Total assets) 0.4237 *** (0.1032) (0.0744) (0.0863) 4.91

Labour cost/Value
added (%) −0.1037 *** (0.0022) (0.0017) (0.0117) −8.86

Purchased
services/Output (%) −0.1976 *** (0.0057) (0.0042) (0.0119) −16.61
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Table A6. Cont.

Regressor Coefficient s.e., Clustered by
Firm

s.e.,
Heteroskedasticity-

Robust

s.e.,
Driscoll–Kraay t, Driscoll–Kraay

Materials/Output (%) −0.1591 *** (0.0063) (0.0048) (0.0041) −38.80
Leased assets/Output

(%) −0.3969 *** (0.0193) (0.0144) (0.0198) −20.05

Observations 92,210
Firms 15,107

Note. Two-way fixed effects on the rebuilt estimating sample described in the note to Table A5.
Driscoll–Kraay standard errors use a Bartlett kernel with a bandwidth of two years and are robust to
heteroskedasticity, serial correlation and cross-sectional dependence. Stars refer to the Driscoll–Kraay
standard errors: *** p < 0.01.

The stability tests of Table A5 are unpacked in Table A7, which re-estimates the
equation in four three-year sub-periods and tests, for each regressor separately, whether its
coefficient is the same in all four.

Table A7. Coefficient stability across four sub-periods. Dependent variable: ROA (%).

Regressor 2014–2016 2017–2019 2020–2022 2023–2025 Equality Across
Periods, χ2(3)

Equity ratio (%) 0.2267 *** 0.1940 *** 0.2195 *** 0.2595 *** 16.49 (p < 0.001)

(0.0327) (0.0140) (0.0139) (0.0163)

Liquidity ratio −0.6689 * −0.4857 *** −0.5706 *** −0.4118 ** 2.61 (p = 0.46)

(0.3706) (0.1794) (0.1410) (0.1768)

Capital turnover 3.4777 *** 4.4515 *** 5.2186 *** 6.3317 *** 29.67 (p < 0.001)

(0.6249) (0.3273) (0.3431) (0.4630)

ln(Total assets) 2.5595 *** 2.2577 *** 1.6392 *** 4.4100 *** 77.02 (p < 0.001)

(0.8808) (0.3588) (0.3441) (0.4636)

Labour cost/Value added
(%) −0.1823 *** −0.1579 *** −0.0841 *** −0.0737 *** 363.30 (p < 0.001)

(0.0156) (0.0072) (0.0041) (0.0048)

Purchased
services/Output (%) −0.1511 *** −0.1971 *** −0.2228 *** −0.2856 *** 21.82 (p < 0.001)

(0.0277) (0.0162) (0.0142) (0.0170)

Materials/Output (%) −0.0777 ** −0.1671 *** −0.1514 *** −0.1983 *** 36.30 (p < 0.001)

(0.0305) (0.0176) (0.0157) (0.0198)

Leased assets/Output (%) −0.2740 ** −0.4205 *** −0.4204 *** −0.4454 *** 2.17 (p = 0.54)

(0.1096) (0.0509) (0.0501) (0.0568)

Observations 12,155 23,440 28,949 27,666

Firms 7119 8694 11,403 13,703

Note. Two-way fixed effects estimated separately in each sub-period on the rebuilt estimating
sample; firm-clustered standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10. The last
column tests, for each regressor, the equality of its coefficient across the four periods in a pooled
specification with period interactions. Start-ups account for 0.5 per cent of observations in 2014–2016
and 30.2 per cent in 2023–2025, and median value added over total assets falls from 0.392 to 0.336
over the same span, so the sub-period estimates combine a change in the relationship with a change
in the population observed.
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Appendix B. The Identity Diagnostic: Worked Example
This appendix sets out the diagnostic of Section 7 as a procedure that can be applied

to other samples and to other ratios. Table A8 lists the steps in order, with the quantity to
compute at each step, how to compute it, the value obtained in this paper and how to read
it. Table S16 then applies the central comparison, the ratio of the estimated coefficient to
the slope the identity implies, to every partition and specification in this paper, to show
how far the conclusion depends on the choice made in the main text.

Table A8. Worked example: separating arithmetic from structural stability in the labour-share coefficient.

Step What to Compute How Value in This Paper Reading

1

The accounting
identity linking the

outcome to the
regressor

Write the income-statement
cascade: ROA = (VA/A)(1
− s) − D/A, with s the

labour share of value added

Section 7, Figure 4
The identity holds for

every firm-year by
construction

2 The slope the
identity implies

Differentiate with respect to
s: ∂ROA/∂s = −VA/A.

With ROA and s both in per
cent, the slope per

percentage point of s is
−VA/A

—

The identity fixes the
sign and the magnitude
of the coefficient before

estimation

3
The distribution of

VA/A in the
estimating sample

Median and quartiles of
value added over total
assets, firm-year level

Median 0.353;
interquartile range

0.211–0.604 (Table 13)

Implied slope −0.353 at
the median, −0.211 to
−0.604 across the

interquartile range

4 Estimate against
identity

Ratio of the estimated
coefficient to the implied
slope; VA/A at which the
estimate would be fully

mechanical, and the share
of firm-years at or below it

−0.1365/−0.353 = 0.39;
fully mechanical only at
VA/A = 0.137, reached

by just under 14% of
firm-years

A ratio well below 1: the
estimate is an

attenuated identity, not
the identity itself

5
Allowance for

co-movement of s
and VA/A

Within-firm regression of
VA/A on s; total derivative
of the identity; weighting

by the within-firm variance
of s

Within slope −0.00068;
total derivative −0.375;

variance-weighted
−0.283

Ratio between 0.36 and
0.48: the conclusion of
step 4 does not depend

on the adjustment

6 Break the identity

Re-estimate with every
regressor lagged one year,
so that s and ROA come

from different statements

−0.0346 ***, a quarter of
the contemporaneous
coefficient (Table A2);

mechanical only at
VA/A = 0.035, reached
by 3.2% of firm-years

A lower bound on the
part of the association

that is not
contemporaneous

arithmetic

7 Cross-group test

Estimate the coefficient and
compute median VA/A

within groups that differ in
VA/A; compare the range

of each

VA/A ranges 2.8×
across archetypes, the

coefficient 1.07×
(Table 14)

If the coefficient were
mechanical, it would

vary as much as VA/A;
it does not, so its

stability is not arithmetic
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Table A8. Cont.

Step What to Compute How Value in This Paper Reading

8 Decision

Ratio near 1 and tracking
VA/A: mechanical. Ratio

below 1 and tracking:
attenuated identity.

Invariant while VA/A
varies, and surviving the
lag: stable for structural

reasons

Ratio 0.39; invariant
across archetypes;
survives the lag

Magnitude partly
arithmetic;

cross-sectional stability
not arithmetic

Note. Values from Tables 4, 13, 14 and A2 and from Section 7.1. VA: value added; A: total assets;
D: depreciation, amortisation and provisions. The procedure requires only the variables of the
estimating equation and two items of the income statement, value added and total assets, and it can
be applied to any ratio whose numerator is subtracted in the cascade that defines the dependent
variable. *** p < 0.01, with firm-clustered standard errors.
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Vašaničová, P., Košíková, M., Jenčová, S., Miškufová, M., & Korečko, J. (2025). Financial performance-based clustering of SPA
enterprises in Slovakia. Journal of Risk and Financial Management, 18(9), 482. [CrossRef]

Vengesai, E., & Kwenda, F. (2018). The impact of leverage on discretionary investment: African evidence. African Journal of Economic
and Management Studies, 9(1), 108–125. [CrossRef]

Vieira, E. S. (2017). Debt policy and firm performance of family firms: The impact of economic adversity. International Journal of
Managerial Finance, 13(3), 267–286. [CrossRef]

Vijayakumaran, R., & Vijayakumaran, S. (2019). Leverage, debt maturity and corporate performance: Evidence from Chinese listed
companies. Asian Economic and Financial Review, 9(4), 491–506. [CrossRef]

Vu Thi, A. H., & Phung, T. D. (2021). Capital structure, working capital, and governance quality affect the financial performance of
small and medium enterprises in Taiwan. Journal of Risk and Financial Management, 14(8), 381. [CrossRef]

Waheed, A., & Bagh, T. (2025). Litigation risk, green innovation and corporate reputation: Empirical evidence from China. Journal of
Asia Business Studies, 19(4), 1152–1174. [CrossRef]

Ward, J. H. (1963). Hierarchical grouping to optimize an objective function. Journal of the American Statistical Association, 58(301),
236–244. [CrossRef]

Wei, R., Cheung Wong, E. Y., Sun, M., & Wang, Z. (2024). Multidimensional financial metrics for corporate financial risk assessment
and early warning mechanisms. Journal of Organizational and End User Computing, 36(1), 1–23. [CrossRef]

Williams, R., Seipel, S., Gilbert, J., & Aaron, J. (2025). Strategic groups’ path to the efficiency frontier. Journal of Small Business Strategy,
35(2), 1–19. [CrossRef]

Xiao, L., Mokhtar, N. A., & Sulaiman, M. K. A. M. (2025). Enhancing profitability and cost efficiency in China’s construction industry.
Construction Economics and Building, 25(3–4), 1–21. [CrossRef]

Xie, J., & Yuan, S. (2025). The cultural origins of family firms. Journal of Comparative Economics, 53(1), 1–24. [CrossRef]
Xu, X., & Sam, A. (2025). Environmental sustainability and business profitability: Profiling winners and losers with machine learning.

Business Strategy and the Environment, 34(5), 5205–5239. [CrossRef]
Yadav, I. S., Pahi, D., & Gangakhedkar, R. (2022). The nexus between firm size, growth and profitability: New panel data evidence from

Asia–Pacific markets. European Journal of Management and Business Economics, 31(1), 115–140. [CrossRef]
Yang, K., Lau, R. Y. K., & Abbasi, A. (2023). Getting personal: A deep learning artifact for text-based measurement of personality.

Information Systems Research, 34(1), 194–222. [CrossRef]
Yang, Y., Albaity, M., & Hassan, C. H. B. (2015). Dynamic capital structure in China: Determinants and adjustment speed. Investment

Management and Financial Innovations, 12(2), 195–204.
Yousaf, M. (2025). Determinants of firm performance: How to choose the best model among panel data models? Central European

Management Journal, 33(3), 504–521. [CrossRef]
Youssef, I. S., Al Alam, A. F., & Salloum, C. (2022). Determinants of firm liquidity in central and eastern Europe SMEs. International

Journal of Globalisation and Small Business, 13(2), 127–146. [CrossRef]

https://doi.org/10.3390/jrfm19110840

https://doi.org/10.1016/j.respol.2012.04.019
https://doi.org/10.2307/2328319
https://doi.org/10.37394/23207.2020.17.68
https://doi.org/10.5430/ijfr.v11n4p23
https://doi.org/10.1007/s40822-025-00349-4
https://doi.org/10.1093/icc/dtt030
https://doi.org/10.1504/IJBIR.2026.155816
https://doi.org/10.1108/JGOSS-04-2023-0029
https://doi.org/10.1504/IJSS.2024.140078
https://doi.org/10.3390/jrfm18090482
https://doi.org/10.1108/AJEMS-06-2017-0145
https://doi.org/10.1108/IJMF-03-2016-0062
https://doi.org/10.18488/journal.aefr.2019.94.491.506
https://doi.org/10.3390/jrfm14080381
https://doi.org/10.1108/JABS-12-2023-0522
https://doi.org/10.2307/2282967
https://doi.org/10.4018/JOEUC.350268
https://doi.org/10.53703/001c.129664
https://doi.org/10.5130/AJCEB.v25i3/4.9660
https://doi.org/10.1016/j.jce.2024.12.003
https://doi.org/10.1002/bse.4236
https://doi.org/10.1108/EJMBE-03-2021-0077
https://doi.org/10.1287/isre.2022.1111
https://doi.org/10.1108/CEMJ-05-2023-0229
https://doi.org/10.1504/ijgsb.2022.127220
https://doi.org/10.3390/jrfm19110840


J. Risk Financ. Manag. 2026, 19, 840 48 of 48

Youssef, I. S., Salloum, C., & Al Sayah, M. (2023). The determinants of profitability in non-financial UK SMEs. European Business Review,
35(5), 652–671. [CrossRef]

Zhan, B., Zhang, S., Du, H. S., & Yang, X. (2022). Exploring statistical arbitrage opportunities using machine learning strategy.
Computational Economics, 60(3), 861–882. [CrossRef]

Zhang, Z., Wang, Z., & Cai, L. (2025). Predicting financial fraud in Chinese listed companies: An enterprise portrait and machine
learning approach. Pacific Basin Finance Journal, 90, 102665. [CrossRef]

Zheng, Y., Devaughn, M. L., & Zellmer-Bruhn, M. (2016). Shared and shared alike? Founders’ prior shared experience and performance
of newly founded banks. Strategic Management Journal, 37(12), 2503–2520. [CrossRef]

Zhu, W., Zhang, T., Wu, Y., Li, S., & Li, Z. (2022). Research on optimization of an enterprise financial risk early warning method based
on the DS-RF model. International Review of Financial Analysis, 81, 102140. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jrfm19110840

https://doi.org/10.1108/EBR-09-2022-0173
https://doi.org/10.1007/s10614-021-10169-8
https://doi.org/10.1016/j.pacfin.2025.102665
https://doi.org/10.1002/smj.2467
https://doi.org/10.1016/j.irfa.2022.102140
https://doi.org/10.3390/jrfm19110840

	Introduction 
	Literature Review 
	Capital Structure and Profitability in Small Firms 
	Cost Structure and the Operating Model 
	Identification and Profit Persistence 
	Clustering and Machine Learning as Tests of the Specification 
	Innovative Start-Ups and Certified Smes 
	Synthesis 

	Data and Methodology 
	Panel Estimation 
	Unsupervised Structure 
	Machine-Learning Regression as Validation 
	The Accounting Identity in the Operating Block 
	How Much of the Coefficient Is Mechanical 
	What the Contribution Becomes 
	A Worked Example for Replication 

	Discussion 
	Policy Implications 
	Limitations 
	Conclusions 
	Appendix A. Panel Estimation, Full Results 
	Appendix B. The Identity Diagnostic: Worked Example 
	References

