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 A B S T R A C T

This paper examines the effect of training on productivity of micro-firms, defined in official statistics as firms 
with less than 10 employees. While training may represent a crucial mode of knowledge accumulation in 
micro-firms, which usually lack resources or structure to devote to formal innovation activities, the specificities 
of micro-businesses suggest that training may even be detrimental to productivity of this category of firms. 
Yet, the received wisdom that training should foster their productivity, as it does in larger firms, remains un-
tested, mainly due to difficulties in previous literature to analyze micro-firms separately from the wider groups 
of small or small-medium enterprises. Exploiting a unique administrative panel dataset that records training 
expenses of a large sample of micro-firms located in three Italian regions, we address whether micro-firms 
which train enjoy a productivity premium vis-a-vis micro-firms that do not. Our main finding, controlling for 
endogeneity of training via Inverse Probability Weighted Regression Adjustment methods, combined with firm 
fixed-effects, is a positive and sizable average treatment effect of training, stable across a series of robustness 
checks and heterogeneity analysis.
1. Introduction

In a globalized and increasingly digitalized economy, the human 
capital, skills and knowledge of employees are considered key de-
terminants of firm competitiveness. As one of the main modes of 
accumulation of knowledge and human capital within companies, the 
provision of training, is often seen as a crucial strategy to promote 
firm innovation, performance and ultimately productivity. However, 
training remains a rare practice among firms of relatively small size, 
particularly the group of very small, so-called micro-firms, defined 
by official statistics as firms with less than 10 employees. This raises 
worries particularly in Europe, as the lack of skilled workers and 
poor knowledge upgrading characterizes about one third of European 
SMEs (Farvaque et al., 2009), a key reason being often identified ex-
actly in the historically low provision of training in micro-firms (Reid, 
1993; CEDEFOP, 2015). In fact, there is a widespread tendency to con-
sider micro-firms as marginal entities with no innovation capabilities 
and scarce dynamism. This in spite of the existing empirical evidence 
supporting that proactive and dynamic firms, capable of meaningful 
innovation activity, do exist even within micro-firms (Brancati et al., 
2022) and that micro-firms – in general, not just the very small high-
tech start-up companies – are able to benefit from innovation in ways 
comparable to larger SMEs (Baumann and Kritikos, 2016). This lit-
erature typically measures innovation directly, via R&D, patenting, 
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or product/process innovation indicators, and asks whether such for-
malised innovation types translates into performance gains. Our study 
provides complementary evidence by focusing on training, arguably 
a central mode of knowledge accumulation available to micro-firms, 
whose innovation and performance dynamics are, by their very nature, 
centered around knowledge and competencies of their core people.

Several explanations have been proposed to account for the ob-
served under-investment (or zero investment) in training by firms of 
very small size. Within standard conceptualizations of human capi-
tal accumulation that look at incentives of profit-maximizing rational 
firms (Becker, 1964; Acemoglu and Pischke, 1998, 1999), the ‘‘risk 
of poaching hypothesis’’ suggests that small firms may prefer not 
to invest in training since their trained employees are very likely 
to leave the firm attracted by better job opportunities offered by 
larger companies, while the ‘‘ignorance explanation’’ and the ‘‘market-
forces explanation’’ (Westhead and Storey, 1996), respectively point 
to myopic behavior of small-firms and significant market failures. 
Other theories, mostly developed within the literature that applies 
the resource-based or capability-based view of the firm to the context 
of small-medium firms (see e.g. Kelliher and Reinl, 2009; Yazdanfar, 
2013; Sheehan, 2014), offer alternative explanations. These frame-
works stress that low (or zero) investment in training may be in fact 
an appropriate choice by smaller firms in line with their specificity, 
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unrelated to sub-optimal response to incentives or external factors. 
The required competencies and knowledge are multifaceted, while 
creativity and flexibility are needed. The typical training packages may 
not serve the needs of smaller businesses as they may result into very 
specialized staff, perhaps too much, so that learning and knowledge 
accumulation are better coped via on-the-job training, self-directed 
learning or coaching (Devins and Johnson, 2003; Kotey and Slade, 
2005; Lopez et al., 2019).

Whatever the explanation for low provision of training, in this 
paper we address the even more basic question whether training does 
indeed positively contribute to productivity in very small, micro-firms. 
In fact, the different theories about why small firms may not invest 
in training, hinder a deeper disagreement on this even more basic 
question. The ignorance, market failure and poaching risk explana-
tions, by relying upon a standard neoclassical production function 
conceptualization of the relations linking human capital and knowledge 
accumulation to firm performance, all postulate a sort of automatic 
positive effect of training on productivity. Conversely, the existence of 
a productivity-premium of training is questioned or even negated in the 
resource-based or capability-based view of the firm, incorporating the 
conceptualization of knowledge accumulation, learning and innovation 
as evolutionary processes (Dosi et al., 2000), occurring collectively at 
the level of the firm as an organization, not at the level of individual 
employees. In these approaches training is not just about upgrading 
of task-specific skills of employees, but it rather represents a broader 
mode of organizational knowledge accumulation. However, the chan-
nel going from expanding knowledge via training to productivity, is 
not working automatically. The outcome – not only in the case of firms 
of smaller size, but more generally in firms of any size – is heavily 
dependent on firm-specific characteristics and knowledge base, resting 
on idiosyncratic routines and heuristics. In fact, investing in training 
in itself can be also seen as a structural characteristic, distinctive of 
firms that are more proactive toward knowledge accumulation and 
innovation, but whose effectiveness in helping to climb the productivity 
ladder is contingent to firm-specific heterogeneity (Dosi et al., 2021).

All in all, considering these contrasting theoretical predictions, 
whether training is beneficial to productivity in micro-firms ultimately 
remains an empirical question. But there are no empirical studies – 
to our knowledge – of the training–productivity link in micro-firms. 
This research gap reflects the general tendency of the literature to 
under-research micro-firms as entities that merit separate attention 
from small or medium enterprises. From an empirical standpoint, this 
may be partly explained by the traditionally limited availability of 
large and detailed data on knowledge dynamics in micro-firms (Reid, 
2007). But limited theory development also plays a role, since the 
existing conceptual frameworks – even the theories that we mentioned 
above – tend to lack a specific reference to micro-businesses. In spite 
of the increasing awareness that SMEs or even small firms are too 
broad categorizations, mixing together quite heterogeneous organiza-
tions (Gherhes et al., 2016), and notwithstanding the multiple calls 
for devoting specific research focus to micro-firms (Sels et al., 2006; 
Lai et al., 2017; Wright et al., 2015), studies which separate micro-
firms from the wider groups of small-firms or SMEs remain scant. 
Regarding the context of our study, the state of the art is particularly 
unsatisfactory, since information on training investment by micro-firms 
is rarely available, usually only for the limited samples covered in 
ad-hoc surveys or single-firm case studies. The few existing empirical 
studies which do have information on training and do separate micro-
firms from larger entities, either (i) explore the effect of training (or 
knowledge acquisition) on dimensions of performance other than pro-
ductivity; or (ii) take productivity as the outcome variable of interest 
but do not isolate the effect of training (or knowledge acquisition) from 
that of other aspects of firms’ human resource development strategy.

Beyond addressing the basic question whether training has a benefi-
cial effect on productivity of micro-firms, we also explore the variation 
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of the estimated effect of training across four dimensions of heterogene-
ity, namely firm size, extent of firms’ investment in tangible and intan-
gible assets, and the specificity of manufacturing vis-a-vis other sectors. 
We explicitly test for possible complementarity (or substitutability) 
between training and these heterogeneity dimensions, allowing us to 
provide at least suggestive evidence about some possible channels 
shaping the productivity-training nexus in micro-firms.

Our study can also have relevant policy implications. In fact, an 
unintended and undesirable consequence of the limited attention de-
voted to micro-firms, is that existing policies targeting knowledge 
accumulation in SMEs often fail to recognize micro-firms as deserving 
a specific, separate intervention (Kotey and Slade, 2005; Wright et al., 
2015). Were training to turn out as beneficial to productivity of micro-
firms from our estimates, then policymakers could hope to succeed 
in boosting productivity of this group of firms through interventions 
designed to encouraging training investment in micro-firms or remov-
ing the obstacles that hamper training investment by them. This is 
an attractive area for broadly intended innovation policies aimed at 
closing the knowledge and productivity gaps of micro-firms, especially 
in Europe, since micro-firms represent between 80% and 95% of the 
firms active in most countries (see, e.g. CEDEFOP, 2015; OECD, 2017).

The empirical analysis exploits access to a unique dataset, devel-
oped within a joint project between the Italian Statistical Office (ISTAT) 
and one of the main associations of Italian SMEs (Confederazione 
Nazionale dell’Artigianato e Piccola-Media impresa, CNA), allowing 
to track training expenses in a large representative sample of micro-
firms active in three Italian regions over the period 2013–2017. Italy 
represents a particularly interesting testbed, as the country has one 
of the highest shares of micro-firms among European economies, in 
all sectors of activity (Hall et al., 2009; Mitri et al., 2013). Moreover, 
in Italy, micro-firms show a particularly marked productivity gap vis-
a-vis other firms, wider than in other countries (according to data 
from the OECD-MultiProd project, see Berlingieri et al., 2017). This 
connects to the debate about the so-called ‘‘neo-dualism’’ in Italian 
productivity dynamics, characterized by a persistent division between a 
small set of high-productivity firms and a large group of low-productive 
laggards (Dosi et al., 2012). This divergence has been related (Caravella 
et al., 2021) to ample heterogeneities in the innovation strategies of 
Italian firms, across more dynamic/knowledge intense firms vs. low in-
novative/cost competing firms. There is evidence (Brancati et al., 2022) 
that dynamic/proactive firms do exist even within Italian micro-firms, 
but there is no direct analysis of whether knowledge accumulation 
related to training improves their performance. Existing studies on the 
training–productivity link in Italy (Mancinelli and Mazzanti, 2009; Dosi 
et al., 2021) – much like the international literature – do not devote 
specific focus to micro-firms. Our paper can provide a contribution also 
in this respect.

As repeatedly acknowledged in the literature (Black and Lynch, 
1996; Dearden et al., 2006; Zwick, 2006; Konings and Vanormelingen, 
2015), estimating the effect of training on firm performance (produc-
tivity in our context) requires to account for endogeneity of training 
investment. In absence of sources of exogenous variation, in this study 
we couple firm fixed-effects with Inverse Probability Weighted Regres-
sion Adjustment (IPWRA), a doubly robust methodology allowing to 
identify Average Treatment Effect (ATE) under endogenous selection 
into the group of training firms (Słoczyński et al., 2022). In this respect, 
this paper is also an attempt to respond to the long-lasting ‘‘lost 
quest’’ in the micro-business literature for improved identification of 
the relationship between training and micro-firm performance (Patton 
et al., 2000). We indeed hope to contribute, more generally, to raise 
awareness that advancements in this direction are especially needed in 
the literature on small businesses (Bryan, 2006), particularly to pro-
gressing in the design of evidence-based policies (Devins and Johnson, 
2003).

Our main finding, corroborated by covariate-balance analysis in the 
IPWRA, inclusion of firm fixed-effects and a series of robustness analy-
sis, is that training significantly and positively affects productivity. As 
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the control group is made of micro-firms which do not train, our results 
support that training has an additional productivity-enhancing effect, 
on top of the other informal modes of knowledge accumulation and 
competence upgrading, which are presumably in place in both training 
and non-training micro-firms.

The heterogeneity analysis reveals that the positive contribution of 
training to productivity of micro-firms, can be seen as general-purpose, 
not tightly dependent from any of the dimensions of heterogeneity 
considered. However, investing in training – while neutral to sector 
membership and to co-occurrence of intangible investments – appears 
as possibly more effective, comparatively, in fostering productivity in 
single-employee (the sole owner/manager) firms and in firms which, 
by not investing in tangibles, more heavily rely upon their workforce 
as a source of knowledge accumulation and competitiveness.

2. Background literature and working hypotheses

2.1. Theories of training and productivity: the specificity of micro-firms

From a theoretical viewpoint, the relationship between training and 
productivity is commonly understood through the lenses of conven-
tional neoclassical human capital theory, within a standard production 
function framework. This literature has evolved around the debate on 
the incentives that firms may have in paying the cost of training for 
their employees. In the original Becker (1964)’s model with perfectly 
competitive labor markets, firms have an incentive to invest in specific 
training, but not in generic training, while the ‘‘new training model" 
by Acemoglu and Pischke (1998, 1999) show that the incentive to 
train workers in generic training is restored under labor market im-
perfections. Despite these differences, the shared view is that training 
is beneficial to productivity, essentially by assumption.

A consistent view, supporting a positive effect of training on produc-
tivity, is shared by studies which examine training within the extended 
production function framework augmented to also include intangible 
(or knowledge) capital. Following the seminal contribution by Corrado 
et al. (2005), in this strand of research, training investment is part of 
a wider strategy to invest in intangibles. It contributes, in particular, 
to increase the component of intangible capital defined as ‘‘knowledge 
embedded in firm-specific human and structural resources’’. Studies 
bringing the original macro-level framework to the firm-level, agree on 
a positive effect of intangibles on productivity (see Webster and Jensen, 
2006, for a review), in general, and about a notable effect of training, 
in particular (Roth et al., 2023).

A notable feature in the context of our study, common to all these 
‘‘mainstream approaches to training’’, is that the predicted positive 
effect of training on productivity is independent from firm size: micro, 
small, medium and larger firms are all equally expected to see their pro-
ductivity increasing if investing in training. The empirical observation 
that, in reality, firms of relatively smaller size under-invest in training 
(or do not invest at all) has stimulated various explanations. A popular 
framework within the literature on SMEs – though not specifically 
targeted to micro firms – resorts to either ‘‘the ignorance explanation’’ 
or ‘‘the market forces explanation’’ (Westhead and Storey, 1996). The 
‘‘ignorance explanation’’ highlights that smaller firms tend to consider 
training investment as far beyond the firms’ contingent needs and lack 
awareness of the potential returns, as they see training more as a cost 
than an opportunity to create value. The ‘‘market forces explanation’’ 
refers to market failures from either the supply or the demand side. 
The low market power and the significant turbulence usually featuring 
small firms, make training investment riskier and more uncertain in the 
outcome for this class of firms, compared to larger entities. The nature 
of the investment in training is percieved by smaller firms as involving 
long-term and delayed effects on performance, whereas these firms are 
usually more biased toward short-term returns than larger companies. 
Relatedly, micro-firms likely lack finance or prefer to devote the limited 
available resources to investment other than training. Still, while all 
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these factors may lead to sub-optimal or zero investment in training 
by firms of small size, training is not questioned to have a posi-
tive productivity pay-off: were policies able to remove such obstacles 
or misconceptions, restoring the correct incentives, then micro-firms 
which invest in training would surely reap the – by definition positive 
– returns of training on productivity.

A beneficial effect of training on productivity is also postulated 
in the ‘‘risk of poaching’’ explanation for low or zero provision of 
training by smaller firms. Directly deriving from the above-mentioned 
neoclassical theories of human capital accumulation in firms (Mohren-
weiser et al., 2019), this explanation highlights the trade-off between 
improving productivity via investing in training, and the risk that 
trained employees may leave the firm shortly after training, particularly 
in the case of generic vs. firm-specific training. Despite firms of any size 
are exposed to poaching risk to a certain extent, firms of very small size 
may be particularly affected by that, since they typically lack the ability 
and the resources to offer attractive job, career and pay opportunities 
which larger firms may more easily afford, resulting into a preference 
for not investing in training in the first place.

Despite all these frameworks contribute to feed the common wisdom 
that training has a positive impact on firm-level productivity, a major 
challenge to this view is represented by approaches inspired to the 
resource-based/capability-based view of the firm (Barney, 1991; Dosi 
et al., 2000) and incorporating the conceptualization of knowledge 
accumulation and innovation – broadly intended – as evolutionary pro-
cesses (Dosi, 2023). In these approaches, it does not make sense to see 
human capital or knowledge/intangible capital as special inputs which, 
once augmented via a monetary investment in training, automatically 
contribute to productivity. Training is not intended as a means of 
accumulation of task-specific individual skills, but as related to the 
overall process of learning and innovation at the level of the firm as an 
organization. In fact, the locus of learning and knowledge accumulation 
is the firm as a collective organization, not the individual employee. 
The knowledge base of the firm is not the sum of the know-how or 
human capital of the individual employees (if anything like that kind 
of sum exists in these theories). It is rather a collective organizational 
property. In this respect, the distinction between generic and firm-
specific training is meaningless: any training is essentially firm-specific, 
since the irreducible heterogeneity of knowledge across firms virtually 
never allows an employee trained in a firm to fit precisely in the same 
way in another workplace (Koch and McGrath, 1996).

As a result, the transmission mechanism going from enhancing 
employees’ knowledge and competences via training to productivity, 
is not guaranteed to be automatically positive. The outcome is heavily 
dependent from firm-specific characteristics, resting on idiosyncratic 
knowledge, routines and heuristics (Dosi et al., 2021). This reading 
of the role of training is also very much in tune with the view that 
comes from a complementary stream of the innovation literature, which 
conceives training as an investment that expands the firm’s absorptive 
capacity, easing the ability to acquire and exploit external knowledge. 
Differently from standard human capital theories, training operates 
here not as an intangible investment that may spur productivity, but 
rather as a key precondition factor, complementary to innovation, 
whose final effect on productivity is, once again, very much dependent 
on the specificity of the firm context.

As firm-specific characteristics and idiosyncratic processes of knowl-
edge accumulation are central in non-mainstream, evolutionary ap-
proaches to innovation – broadly intended – in tune with the resource-
based/capability-based theories, it is not surprising that it is within 
these frameworks that the specificity of micro-firms finds deeper recog-
nition (Kelliher and Reinl, 2009; Sels et al., 2006). In fact, micro-firms 
show peculiar characteristics which make them not just a mere scaling 
down of SMEs and larger firms. By their very nature, micro-firms 
are centered around a small group of core people or even a single 
person (the owner/manager). The core people shape firm’s decisions 
and performance in all the dimensions of firms’ activity (Wennekers and 
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Thurik, 1999; Liberman-Yaconi et al., 2010). In this context, the process 
of competence and knowledge accumulation through people becomes 
central, as the strength of micro-firms ultimately lies in the owner/man-
ager and core-individuals’ knowledge and capabilities (Rodrigues et al., 
2022).

While such strong ties between people and firm outcomes could sug-
gest that training is particularly attached to productivity performance 
in micro-firms, the very same specificity of these firms provides theo-
retical reasons why this may not be the case. First, the argument that 
training, as a device of knowledge absorption, is just a pre-condition 
for innovation and productivity, thus with no guarantee to deliver 
innovation and productivity outcomes, may be particularly relevant for 
micro-firms. In fact, their typically thin internal knowledge stock make 
them structurally more dependent on external knowledge (e.g., from 
suppliers, clients and local networks) than on formal internal R&D 
or technological innovations. Under this view, training in micro-firms 
may function more as a complementary investment that can only pass-
trough productivity when coupled with formal innovation investments, 
and less as a substitute for formal investment which directly spurs 
productivity.

Second, even sticking to the notion that improving core people’s 
knowledge and capabilities may have a direct impact on productivity 
performance – beyond the indirect channel passing through formal 
technological innovation – training may not provide an obvious positive 
effect. On the one hand, training schemes may not serve the needs of 
smaller businesses, or even be detrimental, as they may result into too 
specialized staff, whereas multidimensional skills, creativity and flexi-
bility are needed. As a result, knowledge accumulation and competence 
upgrading may be better coped through informal learning mechanisms 
such as on-the-job training, activity-based and cross-participated learn-
ing or coaching (Devins and Johnson, 2003; Kotey and Slade, 2005; 
Lopez et al., 2019). Moreover, as suggested by managerial theories that 
are converging toward a ‘‘bundle view’’ of the effect of HRM on small 
firm performance (Jiang et al., 2013; Rodrigues et al., 2022), the con-
tribution of training to productivity may be hampered in micro-firms, 
if not appropriately integrated into the complexities of the whole HRM 
strategy — whereof training provision can be seen as a component. In 
fact, whether formalized or not, HRM practices are not necessarily less 
sophisticated in small firms than in larger entities (Sels et al., 2006).

2.2. Training and productivity in micro-firms: empirical studies

Notwithstanding the theoretical argument that micro-businesses 
represent a peculiar category of firms, empirical studies are essentially 
silent on the training–productivity link in micro-firms. Well-known and 
highly cited works which contribute to the common wisdom that train-
ing fosters productivity (Bartel, 1994; Black and Lynch, 1996; Dearden 
et al., 2006; Konings and Vanormelingen, 2015), either do not cover 
micro-firms at all or do not separate them from the wider categories of 
small firms and SMEs. In this studies, the estimated productivity gains 
range in between 2 and 15 percent, but comparability across works 
is difficult due to wide heterogeneity in the empirical approaches (see 
Martins, 2021, for a review). There are indeed wide differences in terms 
of context (countries and sectors), estimation methods (simple panel 
estimates vs. methods addressing endogeneity, such as instrumental 
variables or quasi-experimental estimation) and measures of training 
(expenditures vs. percentage of trained employees, specific vs. general, 
private vs. public grants).

Empirical studies of the Italian case do not represent an excep-
tion to the general rule that micro-firms are not analyzed separately. 
Mancinelli and Mazzanti (2009) document that training expenditures 
per employee have a positive but very small (about 1% increase) effect 
on productivity in a sample of SMEs active in the Emilia-Romagna 
region. Dosi et al. (2021) document a similarly weak effect of training 
on productivity in a large sample representative of the population of 
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firms with less than 50 employees, but they do not provide separate 
estimates for the subset of micro-firms.

The few empirical studies which dedicate specific attention to 
micro-firms, separating them from other firms, do not help to advance 
our understanding of the training-productivity link in micro-firms. On 
the one hand, there are studies which take productivity as the outcome 
performance variable of interest, but do not isolate the effect of training 
from other components of HRM in micro-firms, consistently with the 
theoretical shift in the managerial micro-business literature toward the 
‘‘bundle view’’ of HRM (see the extensive review in Jiang et al., 2013). 
On the other hand, there are the few studies which do try to isolate 
the effect of training – or, more broadly, of knowledge accumulation 
– on micro-firms’ performance, but do not take productivity as the 
performance outcome of interest. Westhead and Storey (1996) and 
Storey (2004) provide reviews of early studies, mostly based on data 
about governmental programs in the UK context, concluding that the 
link between training and performance (survival and growth dynamics, 
in particular) is not well established. This conclusion is in line with 
the unstable and weak relation between training and various growth 
variables – among which productivity growth but not productivity levels
– documented in Cosh et al. (1998). Coad and Tamvada (2012) provide 
some indirect evidence in the context of an emerging economy (India), 
showing that different forms of sourcing external technical knowledge 
may be important for growth dynamics of small-micro-firms. Henley 
and Song (2020) study micro-firms, again in the UK context, and 
document that knowledge upgrading in various forms may boost pro-
ductivity of micro-businesses at least indirectly, by primarily exerting 
a positive impact on their participation to international markets, which 
in turn fosters productivity.

2.3. Research question and working hypotheses

Overall, from the existing literature, the received wisdom that train-
ing should foster productivity of micro-firms, as it does in firms of 
larger size, remains theoretically unclear and empirically untested.

The empirical estimation of the effect of training on productivity 
in micro-firms, could entail two possible strategies. One path could 
be to select data covering both micro and larger firms, and then 
compare the productivity performance of micro-firms which train vis-s-
vis productivity outcomes of larger firms which also train. In this paper, 
we tackle the complementary, and more basic research question. We 
examine whether there exists a productivity premium for micro-firms 
that do invest in training vis-a-vis micro-firms that do not.

As the existing theoretical and empirical literature is inconclusive, 
what we could expect to find is not straightforward to predict a-priori. 
On the one hand, one could simply resort to the generic, somewhat 
simplistic intuition that training always boosts productivity, no matter 
firm size. Thus, micro-firms which train should be more productive 
than non-training micro-firms, just as any firm investing in training is 
expected to be more productive than in the counterfactual situation 
of not investing. In fact, this positive relation may be particularly 
strong in micro-firms, considering the people-centered nature of these 
enterprises, implying a particularly strong dependence of business per-
formance on the knowledge and competences of the owner/manager 
and core employees.

On the other hand, however, the same peculiar characteristics of 
the micro-firms may lend support to the opposite prediction that the 
‘‘control group’’ of micro-firms that do not spend in training, may turn 
out as equally productive as or even more productive than firms that 
invest in training. For a number of reasons. A first reason is suggested 
by the ‘‘risk of poaching’’ argument. Even if training is assumed to foster 
productivity in this framework, the reality may be that micro-firms 
which train see their trained employees constantly leaving the firm, and 
are thus left without any productivity return from their investment in 
training. Second, as suggested by the resource-based/capability-based 
view, in the context of micro-firms it is reasonable to hypothesize that 
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other modes of competence upgrading/updating, both at the individual 
level and at the level of the organization, may prove as particu-
larly effective, delivering a larger productivity pay-off than training. 
Third, the productivity losses for micro-firms which invest in training, 
may be larger than the productivity gains connected to training. In 
fact, investing in training comes obviously with costs. These costs 
are not only monetary, but also involve time and coordination efforts 
distracted from other activities and devoted to identifying and/or de-
signing valuable training programs, and managing and attending them. 
The ‘‘ignorance’’ and ‘‘market forces’’ explanations convey the notion 
that micro-firms weigh these costs too much while failing to recognize 
the potential gains, or perceive them as unrecoverable, and thus they 
do not invest, due to strong market failures. But what if – reversing 
the usual narrative – training is merely a waste of resources and not 
suited to improve productivity in the specific context of micro-firms? 
Were this reasoning to have an empirical traction, we would observe a 
zero or even negative productivity premium for micro-firms that spend 
in training vis-a-vis micro-firms that do not. Our baseline analysis, in 
Section 4, tackles whether training has an overall positive effect or not 
in the data. Then, in the extended analysis of Section 5, we explore the 
heterogeneity of the effects by firm size, intensity of firms’ investment 
in tangible and intangible assets, and sector of activity, in turn shedding 
light on the complementarities between training and these dimensions 
of heterogeneity.

3. Data and descriptive evidence

The empirical analysis of this study exploits the access to the 
TREND database. This is an administrative dataset originated from the 
collaboration between the Italian national statistical office (ISTAT) and 
one of the main associations of SMEs in Italy (Confederazione Nazionale 
dell’Artigianato e Piccola-Media impresa, CNA).2 The TREND project 
started as a pilot in 2006 in the Marche region with the constitution 
of an observatory on small and micro enterprises. It was later extended 
to three other regions of Central Italy (Emilia-Romagna, Umbria and 
Toscana), with the purpose to gather firm-level information about key 
performance and structural characteristics of CNA associates, thereby 
integrating the information regularly collected by ISTAT in the official 
statistics, which are less detailed for micro-firms below 10 employees 
than for larger entities. The TREND database is constructed to be 
representative of the population of firms at the regional level, by firm 
size and sector of activity, through application of appropriate weights 
to align the data coming from CNA associates with the official register 
of the population of active firms (ASIA-Archivio Statistico Imprese 
Attive) maintained by ISTAT.3

The TREND dataset made available to us covers 21,044 micro-firms 
active in Marche, Toscana and Umbria over the period 2013–2017.4 
The included variables encompass the following firm attributes, for 
each firm-year pair: number of employees (as the average number 
of employees over the calendar year, including the owner/manager), 
macro-sector of activity (at 1-digit NACE level), geographical region of 

2 The data were accessed thanks to a research agreement between the 
authors, Scuola Superiore Sant’Anna, ISTAT and local CNA offices, under a 
standard mandatory condition of censorship of any individual information.

3 Documentation about the TREND dataset is unfortunately available only 
in Italian. Examples of non-technical report exploiting the TREND data can be 
found on-line in the websites of regional units of CNA (e.g. at http://www.
trendmarche.it), while a more technical discussion of data construction and 
representativeness is provided in Palmieri (2016). Additional documentation 
on development and characteristics of the TREND database was accessed by 
the authors within the framework of their joint research project with ISTAT 
and CNA, and can be provided upon request.

4 As the TREND project was still under development at the time we 
submitted the data access request, the data about the fourth region covered 
by the project (Emilia-Romagna) were not available.
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Table 1
Descriptive statistics — estimation sample.
 (A) TREND variables:
 N.Obs Mean Std. Dev.
 Train (Training dummy) 42,658 0.10 0.30
 – Training expenses (if Train = 1) 4,329 572.99 1,181.46
 Size (N.employees) 42,658 1.93 1.50
 Total sales 42,658 85,098.25 168,291.10
 Export revenues 42,658 1,111.36 26,986.03
 Tangible investment 42,658 5,975.29 63,044.72
 Intangible investment 42,658 327.19 14,194.97

 (B) Constructed variables:
 N.Obs Mean Std. Dev.
 Productivity 42,658 4,1705.95 64,278.38
 – Productivity (Train = 0) 38,329 40,239.55 64,737.25
 – Productivity (Train = 1) 4,329 54,689.56 58,487.00
 Sales growth 42,658 0.14 4.46
 Export dummy 42,658 0.02 0.15
 Tangibles intensity 42,658 2,357.22 24,517.84
 – Tangibles dummy 42,658 0.30 0.46
 Intangibles intensity 42,658 114.64 6,090.68
 – Intangibles dummy 42,658 0.02 0.15

Notes: The table reports descriptive statistics on the estimation sample. Train is 
a dummy for having non-zero training expenses; Productivity is defined as sales 
(revenues) per employee; Sales growth is the growth rate of sales (revenues) between 
𝑡-1 and 𝑡; Tangible and Intangible intensity are defined as tangible and intangible 
investment divided by number of employees, respectively.

location, total sales (revenues), the value of export, training expenses 
and investments in tangible and intangible assets.5 Although the list 
may seem rather limited, compared to the wider set of balance-sheets 
items usually available for larger firms from official statistics or com-
mercial datasets, the TREND data are actually quite rich considering 
that we are dealing with micro-firms. In fact, even the population-wise 
censuses maintained by statistical offices around the world, either do 
not include micro-firms at all or, when they do, record information 
only about very few, basic firm characteristics. Specifically, the TREND 
dataset improves upon the ASIA register maintained by ISTAT, as the 
latter just records employees, sales, sector and geographical location.

The variable which is central to our purposes is the monetary value 
of training expenses incurred by each firm per year. This represents 
a rather unique opportunity for research, since information about 
training is not usually available in the typical datasets on micro-firms. 
Specifically, the training expenses recorded in TREND refer to the costs 
incurred to update employees’ knowledge and competencies related to 
their function and tasks in the firms. They thus capture investment 
in specific training, while excluding expenses undertaken to finance 
generic training or costs related to mandatory training (in compli-
ance with regulations of various kind, such as health&safety-related 
training).

In our main analysis, we exploit the information on training ex-
penses to to define the treatment status, as a dummy variable (𝑇 𝑟𝑎𝑖𝑛) 
distinguishing micro-firms with positive vs. zero training investment. 
The information on annual training expenses (continuous variable) 
reported in the raw data is instead exploited in the robustness analysis.

As the dependent variable, we compute a simple labor productivity 
index (Productivity), defined as sales (revenues) per employee, while the 
other firm-level attributes provided in the TREND data are variously 
used as auxiliary variables in the identification of the training effect 
on productivity. In particular, starting from the available variables, we 
compute the following (for each firm and year): sales growth (defined 
as the growth rate of sales over two consecutive years), to proxy for 
generic market performance; tangible and intangible intensity (respec-
tively defined as investment in tangible and intangible assets scaled by 

5 Nominal variables are all deflated at the origin by appropriate sectoral 
deflators.

http://www.trendmarche.it
http://www.trendmarche.it
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number of employees), which we use in various model specifications 
either directly in levels or as dummies for positive vs. zero tangible or 
intangible investments; an export dummy, recording whether the firm 
is selling abroad or otherwise.

Considering that one year of data (2013) is lost to compute sales 
growth and that some firms may become larger than 10 employees over 
the sample time window (i.e., they cease to be micro-firms), while some 
missing firm-year observation may affect some of the variables included 
in the empirical analysis (see next section for details on regression 
models), the final working sample available for estimation includes 
42,658 firm-year observations referring to 16,797 firms over the period 
2014–2017.

Table  1 reports descriptive statistics computed over the estimation 
sample. Panel A refers to the set of variables originally recorded in 
TREND, while in Panel B we report about the variables that we con-
structed from the data. From Panel A, we observe that only about 
10% of the sample records non-zero training expenditures (mean of 
the Train dummy is 0.10). This figure is in line with the stylized fact 
that training is rare among micro-firms. It also supports our choice to 
exploit information about training expenses in a dummy form, since 
crucial variation is not in the intensity of training, but in whether 
firms do invest or not in training in the first place. The statistics about 
number of employees are also interesting. Considering that, in the 
TREND data, the recorded employees include the owner, the observed 
average number of employees close to 2 (cf. average size ≃1.93) and the 
median of 1, imply that the sample is essentially made of firms centered 
around the owner/manager and a very small group of core employees. 
Indeed, by disaggregating further, we find that about 86% of the firm-
year observations have up to three employees and about 95% has up to 
5 employees, while just about 2% have more than 7 employees. From 
Panel B, we see that, despite positive training is relatively rare, training 
firms (Train = 1) are on average more productive. This is a preliminary 
indication that training may yield a productivity premium, yet formal 
regression analysis is required before drawing solid conclusions.

4. Main analysis and robustness

As an initial framework to assess the impact of training on produc-
tivity, we start from the following baseline regression model 
ln(𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦)𝑖,𝑡 = 𝛽0 + 𝛽1𝑇 𝑟𝑎𝑖𝑛𝑖,𝑡 + 𝛽2𝑋𝑖,𝑡 + 𝜂𝑡 + 𝜂𝑠 + 𝜂𝑟 + 𝜖𝑖,𝑡 , (1)

where, for each firm 𝑖 and year 𝑡, 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 stands for labor produc-
tivity (sales per employee), 𝑇 𝑟𝑎𝑖𝑛 is the dummy for positive training 
expenditures, while the set of control variables 𝑋𝑖,𝑡 includes all the 
firm-level variables mentioned before: sales growth, firm size in terms 
of number of employees (in logs), tangible and intangible intensity (in 
logs), and the dummy for exporting firms. A full set of year (𝜂𝑡), sector 
(𝜂𝑠) and region (𝜂𝑟) fixed-effects is also included.

Table  2 shows simple OLS and firm fixed-effects (FE) estimates 
of Eq.  (1). The results support a positive and significant productivity 
premium for firms that spend in training, over firms that do not. 
When we add firm fixed-effects, delivering more credible estimates, 
the estimated productivity-premium reduces considerably but it still 
remains statistically significant and sizable.

Since most of the unobserved and potentially relevant firm-specific 
attributes –such as managerial practices or attitude, owner’s or core 
people’s characteristics– arguably remain constant over the short es-
timation time-span of 4 years, firm fixed-effects are absorbing the 
large part of the related potential bias. Still, the estimates may suffer 
from standard residual endogeneity concerns, regarding endogenous 
selection into the training group.

In order to address these concerns, and improve identification, we 
rely on the IPWRA method, which allows to circumvent the lack of 
exogenous variation in our data (for details, see Wooldridge, 2007; 
Słoczyński et al., 2022; Cappelletti and Giuffrida, 2022). The logic of 
the methodology goes essentially in two steps. In the first step, the 
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Table 2
Simple OLS and firm FE estimates.
 OLS Firm-FE

 Training dummy 0.534*** 0.179***  
 (0.019) (0.018)  
 Sales growth 0.021*** 0.023**  
 (0.007) (0.010)  
 ln(Size) 0.039** −0.569*** 
 (0.017) (0.051)  
 ln(Tangible intensity) 0.102*** 0.025***  
 (0.002) (0.002)  
 ln(Intangible intensity) 0.001 0.007  
 (0.010) (0.008)  
 Export dummy 0.707*** 0.315***  
 (0.046) (0.071)  
 Obs. 42,658 42,658  
Notes: OLS and firm fixed-effects (Firm-FE) estimates of regression model in Eq.  (1). 
OLS estimates include year, region and sector fixed-effects, while region and sector 
fixed-effects are excluded from firm FE estimates as they are time-invariant. Cluster-
robust standard errors (at firm-level) in parenthesis. Asterisks denote significance levels 
(* at 10%, ** at 5%, and *** at 1%).

predicted probability (p-score) of being treated based on observable 
characteristics, is obtained for each firm. In the second step, the (square 
root of the) inverse of the p-scores obtained from the first step is used as 
a weight in two adjusted regression separately estimated across treated 
and untreated units, where the dependent variable is the outcome 
of interest. Then, an estimate of the ATE is provided by taking the 
difference between the averages of potential outcomes obtained from 
the second-step regressions for re-weighted treated vs. re-weighted un-
treated units. On the one hand, the regression adjustment (RA) accounts 
for different trends between treated and untreated observations by al-
lowing for different coefficients for the two groups. On the other hand, 
the inverse probability weighting (IPW) achieves comparability across 
treated and untreated units, balancing out differences in observable 
characteristics by giving high weight to treated observations having a 
relatively low probability of treatment, and to untreated units having 
a high probability of treatment. Essentially, this creates an artificial 
counterfactual sample where untreated units are equally likely to be 
in the treated group, by downsizing two types of observations: (i) 
observations which are treated and have high predicted probability of 
treatment, and (ii) observations which are not treated and have low 
predicted probability of treatment. The key property and advantage of 
the IPWRA over related methods is that the IPWRA is doubly-robust: 
while IPW estimates are valid only under correct specification of the 
propensity scores (treatment) equation and RA estimates are valid only 
under correct specification of the relation between the outcome and the 
propensity scores, the IPWRA allows for mis-specification of either the 
outcome or the treatment equation.

In our context, the final outcome is productivity and the treatment 
corresponds to belonging to the group of micro-firms which train. We 
specify a first-step Probit equation of the form 
𝑃𝑟(𝑇 𝑟𝑎𝑖𝑛𝑖,𝑡 = 1) = 𝛷(𝛼0 + 𝛼1𝑍𝑖,𝑡) , (2)

and use the predicted p-scores (𝑝̂𝑖,𝑡) to generate the weights entering 
the following second-step adjusted regressions
ln𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦1𝑖,𝑡 = 𝛾10 + 𝛾11𝑋𝑖,𝑡 + 𝜂𝑡 + 𝜂𝑠 + 𝜂𝑟 + 𝑢1𝑖,𝑡

with weights
√

1
𝑝̂𝑖,𝑡

(3)

ln𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦0𝑖,𝑡 = 𝛾00 + 𝛾01𝑋𝑖,𝑡 + 𝜂𝑡 + 𝜂𝑠 + 𝜂𝑟 + 𝑢0𝑖,𝑡

with weights
√

1
1 − 𝑝̂𝑖,𝑡

, (4)

which mimic Eq.  (1) above (same covariates and fixed-effects) but 
are estimated respectively on re-weighted treated and re-weighted 
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Table 3
 Baseline IPWRA estimates, first-step results and covariate-balance.
 Observations Raw Weighted  
 Total Obs. 42,658 42,658  
 – Treated Obs. 4,329 21,308.8  
 – Control Obs. 38,329 21,349.2  
 Variable Probit 

Coefficients
Raw Std 
diff

Weighted 
Std diff

Raw var 
ratio

Weighted 
var ratio

 

 Sales growth 0.0001 0.021 −0.002 0.960 0.646  
 (0.001)  
 Single-empl. dummy −0.711*** −0.770 −0.003 0.720 1.000  
 (0.022)  
 Tangible dummy 0.314*** 0.435 0.006 1.237 1.005  
 (0.019)  
 Intangible dummy 0.118** 0.147 0.001 2.247 1.005  
 (0.049)  
 Export dummy 0.033 0.070 −0.007 1.518 0.955  
 (0.062)  
 Covariate-balance test: Test stat = 3.270
 p-value = 0.7742
Notes: The table reports number of observations in the raw and re-weighted sample, 
together with first-step Probit coefficients and covariate-balance diagnostics (Stan-
dardized differences and Variance Ratios). Cluster-robust (by firm) standard errors in 
parenthesis, asterisks denote significance levels (* at 10%, ** at 5% and *** at 1%). 
Covariate-balance test is the Imai and Ratkovic (2014) over-identifying restriction test 
for covariate balance: 𝜒2 test statistic and corresponding 𝑝-value are reported.

untreated observations (indicated with the 1 and 0 superscripts, respec-
tively). The ATE of training is then obtained as the difference between 
the average fitted outcomes from the two second-step regressions.

The crucial requirement for the IPWRA estimates to be credible is 
that the 𝑍 covariates included in the first-step Probit achieve covariate 
balance, which is a necessary condition to meet the common-support 
assumption underlying the procedure. Although including a reasonably 
comprehensive and sensible set of regressors in the Probit is a natural 
way to proceed, there is flexibility in designing the Probit specification, 
provided that the included variables achieve covariate balance. After 
experimenting with different specifications, starting from the relatively 
small set of variables available from TREND data, we include in 𝑍 the 
following: sales growth, two dummies for zero vs. positive tangible 
and intangible investments, a dummy for being a single-employee 
enterprise and the export dummy.

Table  3 reports the first-step Probit coefficients and the covariate-
balance analysis. As conventional in the literature, we show standard-
ized differences in covariates and variance ratios of covariates across 
treated and control observations, in the raw data vs. after re-weighting. 
We obtain quite satisfactory results. Weighted standardized differences 
are all quite below (in absolute value) 0.25, which is the benchmark 
upper bound for covariate balance, while the variance ratios after 
weighting are all (but for sales growth) equal or very close to the 
benchmark value of 1 (Imbens and Rubin, 2015; McCaffrey et al., 2004; 
Stuart and Yim, 2010). We also report the results of the Imai and 
Ratkovic (2014) over-identifying restrictions test for covariate balance: 
the null of covariate balance cannot be rejected, providing strong 
support to the credibility of the estimates.

Table  4 displays OLS (OLS-IPWRA) and firm fixed-effects (FE-
IPWRA) estimates of the second-step weighted regressions, together 
with the corresponding ATEs of training. While FE analysis is non-
standard in applications of the IPWRA methodology, it is nevertheless 
worth attempting, as an additional way to absorb firm-specific time-
invariant heterogeneity in the second-step regressions. In fact, while 
the structural part of endogenous selection into treatment status is ab-
sorbed by the p-score weighting, absorbing unobserved time-invariant 
heterogeneity is important, as the IPWRA relies upon a standard 
CIA assumption and the TREND data only allow for a limited set 
of variables to include in the estimates. By adding firm fixed-effects, 
our identification exploit that most of the potentially relevant omitted 
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Table 4
Baseline IPWRA estimates, second-step results.
 OLS-IPWRA FE-IPWRA

 (1) (2) (3) (4)
 ln Prod0 ln Prod1 ln Prod0 ln Prod1
 Sales growth 0.020*** 0.011** 0.023 0.021*
 (0.007) (0.005) (0.015) (0.012)
 ln(Size) 0.050** −0.017 −0.302*** −0.805***
 (0.019) (0.027) (0.055) (0.062)
 ln(Tangible intensity) 0.108*** 0.058*** 0.030*** 0.018***
 (0.003) (0.004) (0.002) (0.003)
 ln(Intangible intensity) −0.003 0.037*** −0.003 −0.012
 (0.012) (0.013) (0.009) (0.011)
 Export dummy 0.755*** 0.402*** 0.418*** 0.100**
 (0.049) (0.103) (0.080) (0.044)

 Obs. 38,329 4,329 38,329 4,329

 ATE 0.614*** 0.177***
 (0.026) (0.012)

Notes: The table reports OLS and firm fixed-effects (FE) estimates of the IPWRA second-
step weighted regressions, and the corresponding ATEs of training. OLS regressions also 
include year, region and sector fixed-effects, while region and sector fixed-effects are 
excluded from the firm-FE models as they are time-invariant. Robust standard errors in 
parenthesis clustered by firm. For the OLS estimates, standard errors are corrected to 
account for the two-step procedure via the STATA teffects command. As the correction 
is not available for FE estimation, corrected standard errors clustered by firms are 
obtained via bootstrap (200 replications). Asterisks denote significance levels (* at 10%, 
** at 5% and *** at 1%).

factors (such as managerial ability or strategy or owner’s /core people’s 
characteristics) are indeed arguably constant over the short estimation 
time-period.6

The ATE of training obtained from both the OLS-IPWRA and the FE-
IPWRA estimates is positive and statistically significant. As one might 
expect, the FE-IPWRA estimate is smaller. In this more credible set-
up, absorbing time-invariant heterogeneity, the point estimate implies a 
difference in productivity of about 19.4% (0.18 log-points), on average, 
between micro-firms that invest in training vis-a-vis the counterfactual 
case of micro-firms that do not invest in training.

In order to corroborate the robustness of the main results, we com-
plement the baseline IPWRA analysis with two additional exercises.7

A first issue concerns the decision to condense the information 
about training expenditures into a 0–1 indicator of training status. This 
choice is motivated primarily by the observation that only about 10% 
of the sample has non-zero training expenditures (recall Table  1). This 
feature of the data implies that the bulk of variation is not in how 
much firms invest in training, but in whether they do that or not, in 
turn supporting that a more reliable statistical signal could come from 
distinguishing who is investing vs. who is not investing in training. 
For a matter of robustness and also for comparison with the practice 
in the empirical literature on training effects (in larger firms, not in 

6 Regarding the OLS-IPWRA analysis, the coefficient estimates and robust 
standard errors clustered by firm, are obtained via the STATA command
teffects, which appropriately corrects the standard errors (on the regressors and 
on the ATE) to account for the two-step procedure. Regarding the FE-IPWRA 
analysis, the procedure was manually implemented. After computing the p-
scores from the Probit selection Eq.  (2), the second-step involves a weighted 
OLS performed over a usual FE-within group (within-firm) transformation of 
the outcome Eqs. (3) and (4). In this case, robust standard errors are computed 
via bootstrap, with 200 runs, which were enough to achieve convergence.

7 In a further, unreported, robustness check, we estimated a different 
second-step model of the IPWRA, where we controlled for size via three dum-
mies for 1–2, 3–5 and 6+ employees, in place of the number of employees. The 
estimated ATE of training was in line with the baseline analysis. The results are 
available upon request. Also, the magnitude and significance of the baseline 
IPWRA results are confirmed through additional sensitivity analysis involving 
the application of alternative estimators for binary treatment, reported in 
Appendix  A.
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Table 5
Models with training expenditures.
 Training expenses Training intensity
 OLS Firm-FE GMM-SYS OLS Firm-FE GMM-SYS
 (1) (2) (3) (4) (5) (6)  
 ln(Train. expenses) 0.092*** 0.032*** 0.041***  
 (0.003) (0.003) (0.013)  
 Train. intensity – – – 0.006*** 0.002*** 0.010**  
 (0.0001) (0.00004) (0.005)  
 Sales growth 0.021*** 0.023** 0.076 0.021*** 0.023** 0.049  
 (0.007) (0.010) (0.059) (0.007) (0.010) (0.063)  
 ln(Size) 0.038** −0.570*** −1.005*** 0.098*** −0.557*** −0.882***  
 (0.017) (0.051) (0.262) (0.017) (0.051) (0.265)  
 ln(Tang. intensity) 0.102*** 0.025*** 0.537*** 0.105*** 0.026*** 0.568***  
 (0.002) (0.002) (0.069) (0.002) (0.002) (0.088)  
 ln(Intang. intensity) 0.001 0.007 −0.309*** −0.0001 0.007 −0.304***  
 (0.001) (0.008) (0.054) (0.010) (0.008) (0.105)  
 Export dummy 0.706*** 0.315*** 0.421*** 0.706*** 0.320*** 0.334***  
 (0.046) (0.071) (0.092) (0.045) (0.071) (0.117)  
 Obs. 42,658 42,658 42,658 42,658 42,658 42,658  
 GMM-SYS diagnostics: AR(1) test: Test stat. = −7.65 p-value = 0.0001 AR(1) test: Test stat. = −4.33 p-value = 0.0001 
 AR(2) test: Test stat. = −0.88 p-value = 0.378 AR(2) test: Test stat. = −1.14 p-value = 0.256  
 Hansen’s J: Test stat. = 16.75 p-value = 0.334 Hansen’s J: Test stat. = 12.15 p-value = 0.353  
Notes: The table reports OLS, firm FE (Firm-FE) and two-step GMM-SYSTEM (GMM-SYS) estimates of Eq.  (1) taking either training expenses (in 
logs) or training intensity (expenses per employee) in place of the training dummy. OLS estimates include year, region and sector fixed-effects, 
while region and sector fixed-effects are excluded from firm FE and GMM-SYS estimates as they are time-invariant. Robust standard errors in 
parenthesis, clustered by firm. Asterisks denote significance levels (* at 10%, ** at 5% and *** at 1%). We also report results (test-statistics 
and associated p-values) of the Arellano–Bond tests for serial correlation of order 1 and order 2 (AR(1) and AR(2)), and the robust Hansen’s J 
test of overidentifying restrictions for instruments validity.
micro-firms), it is nonetheless interesting to also exploit the information 
on training expenditures (continuous variable) as recorded in the raw 
data. We examine two alternative specifications of the initial model 
in Eq.  (1), respectively including training expenses or training intensity 
(expenses per employee) in place of the training dummy 𝑇 𝑟𝑎𝑖𝑛. Since 
the IPWRA methodology does not accomplish for continuous treatment, 
we tackle potential endogeneity of training through a standard (two-
step robust) GMM-SYSTEM estimator. The results are reported in Table 
5, together with simple OLS and firm fixed-effects estimates of the cor-
responding models, for benchmarking of the GMM-SYSTEM estimates.8 
The estimates confirm a positive and significant productivity premium 
of training. This is also reassuring from a statistical viewpoint, since 
the GMM-SYSTEM estimator exploits an IV-like identification strategy, 
complementary to the main IPWRA approach to endogenous selection 
into treatment.

The further variation of the baseline analysis that we explore, deals 
with the possible presence of lagged effects of training. This additional 
analysis is informative under two respects. On the one hand, one could 
argue that it may take some time for the full effect of training to 
manifest, due to the time required before new knowledge and com-
petencies of trained people are "absorbed" into firms’ organization and 
practices, eventually yielding improved efficiency. On the other hand, 
one could be interested in uncovering the degree of persistence of the 
productivity effect of training over time. For instance, productivity 
premia may reduce over time if training-related knowledge becomes 
rapidly obsolete or if – in line with the poaching risk hypothesis – 
trained employees leave shortly after training. To explore these dy-
namics, we modify our baseline IPWRA analysis, looking now at the 
effect of 1-year lagged training status. In practice, we obtain lagged 
propensity scores 𝑝𝑡−1 from a Probit of lagged training status 𝑇 𝑟𝑎𝑖𝑛𝑡−1
against lagged predictors 𝑍𝑡−1, and then use the lagged propensity 
scores to compute the corresponding weights entering the second-
step outcome equations of the IPWRA procedure. The estimated ATEs, 

8 The instruments set used in the GMM-SYSTEM includes various lags of size 
and intangibles. Validity is supported by the standard Arellano–Bond tests for 
serial correlation of order 1 and 2 (labeled as AR(1) and AR(2) in the Table) 
and the Hansen’s J test of overidentifying restrictions for instruments validity.
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Table 6
1-year lagged training dummy, IPWRA second-step results.
 OLS-IPWRA FE-IPWRA

 (1) (2) (3) (4)
 ln Prod0 ln Prod1 ln Prod0 ln Prod1
 Sales growth 0.046*** 0.247*** 0.010 −0.013
 (0.014) (0.092) (0.013) (0.033)
 ln(Size) 0.059*** 0.033 −0.386*** −0.573***
 (0.021) (0.044) (0.055) (0.104)
 ln(Tangible intensity) 0.106*** 0.074*** 0.036*** 0.032***
 (0.003) (0.007) (0.003) (0.007)
 ln(Intangible intensity) 0.038*** 0.039*** 0.015 0.007
 (0.011) (0.014) (0.011) (0.011)
 Export dummy 0.738*** 0.354*** 0.372*** 0.113
 (0.053) (0.120) (0.083) (0.094)

 Obs. 22,854 2,714 22,854 2,714

 ATE 0.422*** 0.088***
 (0.039) (0.021)

Notes: The table reports OLS and firm fixed-effects (FE) estimates of the IPWRA second-
step weighted regressions, and the corresponding ATE of training. OLS regressions also 
include year, region and sector fixed-effects, while region and sector fixed-effects are 
excluded from firm FE models as they are time-invariant. Robust standard errors in 
parenthesis, clustered by firm. For the OLS estimates, standard errors are corrected to 
account for the two-step procedure via the STATA teffects command. As the correction 
is not available for estimation with firm-FE, corrected standard errors clustered by firm 
are obtained via bootstrap (200 replications). Asterisks denote significance levels (* at 
10%, ** at 5% and *** at 1%).

reported in Table  6, are lower than in the baseline analysis, but still 
positive and statistically significant, thus confirming the beneficial role 
of training in boosting productivity of micro-firms.9 From a statistical 
viewpoint, this is reassuring because estimates with lagged training 
status reduce reverse causality concerns related to simultaneity in the 
baseline analysis. From a more substantive standpoint, the observed 
reduction in the productivity premium suggests that constant training 
might be necessary to keep the productivity-enhancing effect of training 

9 The related first-step Probit results and covariate-balance analysis are 
reported in Appendix  B, see Table  13.
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constant over time, as training become obsolete or new employees join 
the firm while some are poached from outside. In any case, whatever 
the explanation, the analysis of lagged effects adds to the main analysis 
that the productivity advantage of training does not completely vanish 
over the very short-run.

5. Heterogeneity and complementarity analysis

The joint reading of the findings presented in Section 4 establishes 
confidence that training has a significant, positive effect on productivity 
of micro-firms. This effect is sizable, around 19 percentage-points, 
according to the more credible FE-IPWRA results.

We now move to explore whether the productivity return to train-
ing varies along four dimensions which our data allow to consider: 
firm size, intensity of intangible and tangible investments, and sec-
toral membership to manufacturing. This analysis allows us to address 
whether training firms see their productivity premium reinforced or 
reduced along these heterogeneity dimensions, thus providing at least 
indirect evidence on some channels, attached to these dimensions, 
which may underlie the baseline effect of training.

In a standard regression framework connecting outcomes to a treat-
ment dummy (training status in our case), heterogeneity or channels 
analysis is customarily investigated through interaction effects between 
treatment status and the dimensions of interest. This is not viable 
within the IPWRA framework. The training dummy is used in the first-
step Probit to compute p-scores and obtain associated weights, but it 
does not directly enter in the second step adjusted regression. It cannot 
be interacted with any other variable.

To examine heterogeneity within our IPWRA framework, we move 
from the baseline IPWRA single-treatment setting to a multivalued 
setting (Cattaneo, 2010; Wooldridge, 2010; Cattaneo et al., 2013), 
in which different groups of firms are identified, by interacting the 
training dummy with dummies that split the sample according to each 
of the four above-mentioned dimensions: a dummy for single-employee 
(vs. multi-employee) firms; a dummy for positive (vs. zero) intangible 
investment; a dummy for positive (vs. zero) tangible investment; a 
dummy for manufacturing (vs. non-manufacturing) firms. Accordingly, 
for each dimension of interest, we define four mutually exclusive 
groups that identify; (i) ‘‘baseline’’ firms, which do not train and do 
not display the focal dimension considered (e.g., they do not invest 
in tangibles); (ii) ‘‘dimension only’’ firms, which do not train while 
they exhibit the focal dimension (e.g., do not train while they invest 
in tangibles); (iii) ‘‘training only’’ firms, which train while they do not 
display the focal attribute (e.g, train and do not invest in tangibles); (iv) 
‘‘combined group’’ firms, which both train and also display the focal 
characteristic (e.g., train and invest in tangibles).

Then, for each training × attribute pairing, we modify the IPWRA 
procedure, in particular the more solid estimator with firm fixed-effect, 
as follows. In the first step, we specify a Multinomial Logit model –the 
standard approach for estimating generalized propensity scores in a 
multivalued framework (Imbens, 2000; Cattaneo, 2010)– to estimate 
each firm’s probability of belonging to each of the four groups as a 
function of the observed covariates. This yields estimated propensity 
scores, which are then used to construct the weights for the second 
stage outcome regressions with firm fixed-effects, thus correcting for 
non-random selection into each group, in the same spirit of the IPWRA 
procedure applied in Section 4.

In the second step, a separate outcome equations is estimated for 
each of the four groups (‘‘baseline’’, ‘‘dimension only’’, ‘‘training only’’ 
and ‘‘combined’’), with each observation weighted by the correspond-
ing inverse propensity weights. This yields four group-specific fitted 
models, which are then used to predict potential productivity outcomes 
under each of the four ‘‘regimes’’. By averaging these predictions, one 
obtains doubly-robust estimates of the ATE of each group, relative to an 
omitted baseline reference group, which for us will be the ‘‘baseline’’ 
category as defined above. As in Section 4, since we need to account 
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for the fact that propensity scores feeding into the second-step weights 
are themselves estimated, corrected standard errors on the estimated 
ATEs (as well as the associated significance levels) are obtained via a 
firm-level clustered bootstrap procedure (200 replications).

A key advantage of the multivalued-grouping structure is that 
it allows to formally test for complementarity (supermodularity) or 
substitutability (submodularity) between training and each dimension 
of interest, an approach in the same spirit as the broader litera-
ture on combined treatment (Linden et al., 2016; Cattaneo, 2018; Ao 
et al., 2021). Denoting with 𝐴𝑇𝐸(combined), 𝐴𝑇𝐸(train only), and 
𝐴𝑇𝐸(dimension only) the estimated ATEs of each group relative to the 
reference group of ‘‘baseline firms’’, we construct the contrast: 

𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙) = 𝐴𝑇𝐸(𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑) −𝐴𝑇𝐸(𝑡𝑟𝑎𝑖𝑛 𝑜𝑛𝑙𝑦) −𝐴𝑇𝐸(𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑜𝑛𝑙𝑦)

(5)

Under additivity, the effect of combining training with the focal di-
mensio, labeled as 𝐴𝑇𝐸(𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑), would equal the sum of the individ-
ual effects 𝐴𝑇𝐸(𝑡𝑟𝑎𝑖𝑛 𝑜𝑛𝑙𝑦) + 𝐴𝑇𝐸(𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑜𝑛𝑙𝑦), so that 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙)
would be statistically equal to zero. That would signal that training 
has no interaction with the focal heterogeneity dimension, hinting that 
the productivity effect of training is not affected by that dimension. A 
positive and significant 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙) would indicate complementarity
between training status and the focal dimension of interest: the effect 
of combining them yields more productivity than the sum of their sep-
arate effects. Conversely, a negative and significant 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙) would 
signal substitutability: training ‘‘competes’’ with the focal dimension 
of interest for the same underlying productivity margin, so that their 
combined effect on productivity is less than the sum of their individual 
effects.

Because 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙) is itself a linear combination of the boot-
strapped group-specific ATEs, the associated standard errors, confi-
dence intervals and significance levels are obtained directly from the 
firm-clustered bootstrap distribution. This ensure that inference on the 
complementarity test properly accounts for the estimation uncertainty 
in both the first-step estimates of propensity scores and the second-step 
outcome regressions.10

5.1. Training and firm size: single- vs. multi-employee firms

Regarding heterogeneity of training effects across micro-firms of 
different size, we distinguish distinction between single-employee vs. 
multi-employee firms. This is particularly meaningful in our context. 
In fact, single-employee firms are entities where the owner/manager 
is the only person in the firm, while multi-employee firms are more 
‘‘complex’’ organizations where additional core people are present.11 If 
this increased complexity shaped how training translates into produc-
tivity – for instance, through delegation and diffusion of knowledge and 
competencies across a team rather than concentration in a single person 

10 In an earlier version of this work, we addressed heterogeneity analysis 
through a split-sample analysis, applying the IPWRA procedure of Section 4 
to obtaining separate ATEs of training within sub-samples defined by each 
dimension (e.g., single-vs. multi-employee firms). While the main results were 
broadly in line with the multi-valued approach presented here, that approach 
bears a limitation: comparing two separately estimated ATEs, each from a 
different sub-sample, does not deliver a formal statistical test of whether 
training and each focal dimension interact. It can only suggest, informally, 
whether point estimates look similar or different across sub-samples. The 
multivalued framework allows for a formal statistical test of complementarity, 
with inference drawn from a single bootstrap distribution that reflects the joint 
estimation uncertainty of training and focal-dimension status, simultaneously. 
Results of the earlier split-sample approach are available from the authors 
upon request.
11 TREND data comply with this distinction: firms recorded as having just 
one employee are entities with just the owner/manager working there.
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Table 7
Training and firm size — Multi-valued FE-IPWRA results.
 Panel A — Second-step results:
 Single-empl., Single-empl., Multi-empl., Multi-empl.,  
 no training training no training training  
 Sales growth 0.081*** 0.050 0.015 0.013  
 (0.023) (0.066) (0.020) (0.015)  
 Tangible intensity 0.031*** 0.026*** 0.028*** 0.012***  
 (0.003) (0.006) (0.003) (0.003)  
 Intangible intensity 0.001 0.063 −0.007 −0.031**  
 (0.015) (0.041) (0.010) (0.014)  
 Export dummy 0.641*** 0.085 0.318*** 0.101**  
 (0.149) (0.156) (0.097) (0.045)  
 Year FE Yes Yes Yes Yes  
 Obs. 21,808 972 15,931 3,285  
 Panel B — Estimated ATEs:
 (1) Training within single-empl. firms vs. baseline: 0.206*** (0.020)
 (2) Multi-empl. firms vs. baseline: −0.021** (0.009)
 (3) Combined vs. baseline: 0.132*** (0.012)
 (4) Training vs. non-training, within multi-empl. firms: 0.153*** (0.013)
 (5) ATE(𝑐𝑜𝑚𝑝𝑙): −0.052** (0.024)
Notes: The table reports second-step results and associated ATEs. The baseline group is 
‘‘single-employee, no training’’ firms. Robust standard errors in parenthesis, clustered 
by firm, are obtained via firm-clustered bootstrap (200 replications). Asterisks denote 
significance levels (* at 10%, ** at 5% and *** at 1%).

– then the effect of training combined with scaling-up would likely 
differ systematically from the effect of training in single-employee 
firms.

More specifically, the analysis of the interplay of training with 
scaling-up from single-employee to multi-employee structure, can tell 
about two channels of particular interest, which we cannot directly 
measure in the data. First, to the extent that more complex micro-firms 
are also more complex in their HRM practices, then heterogeneity by 
firm size could also hint at the interplay of training with this otherwise 
completely omitted factor, crucial to the ‘‘bundle view’’ approach to 
HRM. Second, in single-employee firms we know with certainty who is 
receiving training, that is the owner/manager, a case often highlighted 
in the literature on SMEs as distinctively important.

With reference to the multi-valued IPWRA procedure described 
above, we take ‘‘being a multi-employee firm’’ as the focal dimension 
of interest and, thus, we define the following four groups: (i) the 
‘‘baseline group’’ is made of single-employee firms which do not train; 
(ii) ‘‘training only’’ firms are single-employee firms which train; (iii) 
‘‘dimension only’’ firms include multi-employee firms which do not 
train; (iv) the ‘‘combined’’ group encompasses multi-employee firms 
which spend in training.

Table  7 shows the IPWRA second-step results and the estimated 
ATEs, allowing to assess variation of the productivity return of train-
ing and the scaling-up/training complementarity.12 Regarding the ef-
fect of training in single-employee firms – relative to the baseline of 
single-employee, no-training firms – the estimated 𝐴𝑇𝐸(training only)
is positive (0.206) and highly significant, meaning that training raises 
productivity substantially without scaling-up. The ATE of scaling-up 
alone is negative (−0.021), telling that becoming multi-employee with-
out training is actually associated with slightly lower productivity 
than staying single-employee and not investing in training. This is a 
small but statistically significant negative effect. The ATE of scaling-up 
together with investing in training (vis-a-vis the baseline) is positive 
(0.132) and highly significant, but notably smaller than the return of 
training in single-employee firms (0.206). Overall, the estimated com-
bined effect (0.132) implies a shortfall of 0.052 (significant, 𝑝-value <
0.05) compared to an additivity benchmark for being jointly a ‘‘training 

12 Associated first-step results and covariate balance analysis are provided 
in Appendix  B, see Table  14.
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and multi-employee firm’’ of 0.185 (0.206−0.021). This significantly 
lower ‘‘combined ATE’’ is consistent with a story of substitutability, 
suggesting that organizational complexity does hamper the training-
productivity pass-trough. The productivity payoff of training is most 
cleanly realized when the single owner/manager directly absorbs and 
applies the new knowledge from training, while it is partly eroded when 
firms simultaneously expand their workforce, plausibly reflecting the 
costs of diffusing training benefits across, or coordinating them within, 
a larger team. Notwithstanding, this does not mean that training does 
not boosts productivity of multi-employee firms. Indeed, the estimated 
effect of moving from no-training to training within the group of multi-
employee firms (0.153, strongly significant), reveals a still positive 
and significant productivity gain in the multi-employee group, but 
the magnitude is meaningfully smaller compared to the effect in the 
baseline group of single-employee firms (0.153 vs. 0.206). That is, 
overall, scaling-up does not annihilate the value of training, but rather 
the productivity-premium of training is smaller (of about 25%) once a 
firm passes the critical one-employee threshold.

5.2. Training and intangible investment

We then examine if the effect of training interacts with firms’ 
investment in intangible assets. This allows us to address interest-
ing complementarities, which a-priori could or could not be in place 
according to different hypotheses. Under the resource-based/capability-
based views of the firm and approaches to innovation which conceive 
training not merely as an accumulation of task-specific skills, training 
is itself a form of knowledge absorption and accumulation, and thus 
a crucial prerequisite, complementary factor to formal technological 
innovation activities (such as R&D, product/process innovation). In 
tune with this line of reasoning, one could expect that the productivity-
effect of training might be amplified among those micro-firms which 
are already more dynamic and proactive in managing intangible cap-
ital. In fact, because the intangible investment variable recorded in 
our data encompasses R&D and IPR-related expenditures (in patents 
and trademarks) but it does not include training expenses – which 
other datasets may instead classify within intangibles too – , this 
variable is the closest proxy available to us for distinguishing micro-
firms which are more likely to engage in formal innovation activities.13 
Alternatively, following the mainstream approach to intangible capital 
of Corrado et al. (2005), in which training is itself conceived as a form 
of intangible investment, training and intangible investment recorded 
in our data may be expected to operate as substitute channels for 
accumulating knowledge capital, competing for the same productivity 
margin.

In the empirical analysis, we take as the focal dimension of het-
erogeneity whether firms have zero or positive intangible investments. 
This split is guided by the properties of the data. In fact, the median 
value of intangible investment in the working sample is zero, while 
only a small minority of firms record positive values (about 2% of 
the observations, recall Table  1). Accordingly, the multivalued IPWRA 
estimation is based on the following 4 groups: (i) zero-intangibles, no-
training firms (the ‘‘baseline’’ reference group); (ii) zero-intangibles 
firms which train (‘‘training only’’); (iii) positive intangibles firms, 
which do not train (‘‘dimension only’’); and (iv) firms which invest in 
both training and intangibles (the ‘‘combined’’ group).

Table  8 shows the IPWRA second-step estimates and the associated 
ATEs.14 They show no evidence of statistically significant interaction 

13 As per standard accounting principles complying with the Italian Civil 
Law (articles 2424 and 2435) – also valid in the case of the TREND dataset – 
recorded intangible assets essentially encompass R&D, IPRs (patents and trade-
marks, and related licenses/royalties) and goodwill not internally generated by 
the firm. But not training expenses.
14 Associated first-step results and covariate-balance analysis are provided 
in Appendix  B, see Table  15.
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Table 8
Training and intangibles — Multi-valued FE-IPWRA results.
 Panel A — Second-step results:
 No training, No training, Training, Training,
 Intang. = 0 Intang. > 0 Intang. = 0 Intang. > 0
 Sales growth 0.019 0.017 0.026 0.027
 (0.025) (0.076) (0.022) (0.032)
 Size −0.363*** 0.194 −0.765*** −0.834***
 (0.051) (0.392) (0.063) (0.486)
 Tangible intensity 0.030*** −0.017 0.017*** 0.033**
 (0.002) (0.039) (0.003) (0.016)
 Export dummy 0.389*** 0.271 0.104** 0.236
 (0.070) (0.560) (0.044) (0.167)

 Year FE Yes Yes Yes Yes
 Obs. 36,984 755 4,063 194

 Panel B — Estimated ATEs:
 (1) No training and Intangibles > 0 vs. baseline: 0.138*** (0.052)
 (2) Training and Intangibles = 0 vs. baseline: 0.170*** (0.012)
 (3) Combined vs. baseline: 0.303*** (0.075)
 (4) Training vs. non-training, within positive intang. firms: 0.166* (0.095)
 (5) ATE(compl): −0.005 (0.096)
Notes: The table reports second-step results and associated ATEs. Baseline group is 
firms which do not train and do not invest in intangibles. Robust standard errors in 
parenthesis, clustered by firm, obtained via firm-clustered bootstrap (200 replications). 
Asterisks denote significance levels (* at 10%, ** at 5% and *** at 1%).

between training and intangible investments. Compared to the base-
line group, standalone investment in intangibles raises productivity by 
0.138 and training alone by 0.170, while the estimated combined effect 
of jointly investing in both (0.303) essentially matches the simple sum 
of the separate effects (0.170+0.138 = 0.308). In fact, the resulting 
𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙) (−0.005) is far from significant, providing statistical sup-
port to an additivity result: the joint effect of training and intangibles 
equals the sum of their individual effects. This suggests that the two 
investments appear to operate as independent, separable productivity 
channels, each contributing its own effect, while combining them nei-
ther amplifies nor erodes the other’s contribution. However, it is not 
just that the estimated ATE𝑐𝑜𝑚𝑝𝑙 is statistically zero. A further notable 
finding is that the effect of training within the group of firms that 
invest in intangibles, is numerically similar to the effect of training 
within firms that do not invest in intangibles: the two point estimates 
(0.170 vs. 0.166) are indeed almost identical. This is revealing that the 
training effect is essentially unchanged across the two groups of firms 
and, in turn, quite comparable to the aggregate ATE of training (0.177) 
obtained from the main analysis of Section 4.

5.3. Training and tangible investment

Next, we explore the interaction of training with investing in tangi-
bles. The premise of this further heterogeneity analysis is that the joint 
effect of training and tangible investment on productivity is a-priori
theoretically ambiguous. On the one hand, complementarity could arise 
in accordance to a story where firms may need training to effectively 
operate, maintain, and extract full productive value from machinery 
and equipment. This would imply that training is particularly valuable 
precisely when firms are also upgrading their physical capital, boosting 
the ability to reap productivity benefits from tangible investments. 
On the other hand, a certain degree of substitutability may also be 
hypothesized, as training and tangible investment could compete for 
the same underlying productivity margin, e.g., because both require 
managerial attention, organizational adjustment, or absorb the same 
pool of resources.

To assess between complementarity/substitutability in the multi-
valued IPWRA, we take having zero or positive tangibles as the focal 
heterogeneity dimension. Similarly to the above analysis of intan-
gible investment, the choice to dicothomize the sample across zero 
vs. positive tangible investment is guided by the properties of the 
11 
Table 9
Training and tangibles — Multi-valued FE-IPWRA results.
 Panel A — Second-step results:
 No training, No training Training, Training,  
 Tangib. = 0 Tangib. > 0 Tangib. = 0 Tangib. > 0  
 Sales growth 0.021** 0.117*** 0.020 0.036  
 (0.009) (0.026) (0.037) (0.025)  
 Size −0.330** −0.455*** −0.809*** −0.809***  
 (0.165) (0.060) (0.092) (0.110)  
 Intangible intensity 0.026** −0.001 −0.028* 0.015  
 (0.012) (0.009) (0.015) (0.013)  
 Export dummy 0.471*** 0.261*** 0.097 0.059  
 (0.110) (0.069) (0.069) (0.059)  
 Year FE Yes Yes Yes Yes  
 Obs. 27,091 10,644 2,188 2,068  
 Panel B — Estimated ATEs:
 (1) No training and Tangibles > 0 vs. baseline: 0.194*** (0.025)
 (2) Training and Tangibles = 0 vs. baseline: 0.192*** (0.025)
 (3) Combined vs. baseline: 0.295*** (0.029)
 (4) Training vs. non-training, within positive tangibles firms: 0.101*** (0.020)
 (5) ATE(compl): −0.091*** (0.033)
Notes: Table reports second-step results and associated ATEs. Baseline group is firms 
which do not invest in either training or tangibles. Standard errors in parenthesis, 
clustered by firm, obtained via firm-clustered bootstrap (200 replications). Asterisks 
denote significance levels (* at 10%, ** at 5% and *** at 1%).

data: although investment in tangibles is not infrequent (about 30% 
of the sample record non-zero tangibles, recall Table  1), the median 
investment in tangibles in the working sample is actually zero. Accord-
ingly, the multi-valued IPWRA analysis is based on the following four 
mutually exclusive groups: (i) firms with neither training nor tangible 
investment (‘‘baseline’’ group), (ii) firms which invest in tangibles, but 
do not train (‘‘dimension only’’); (iii) firms which train, but do not 
invest tangibles (‘‘training only’’); and (iv) firms which invest in both 
training and tangibles (the ‘‘combined’’ group).

The second-step results and associated ATEs, presented in Table  9, 
support substitutability.15 Both training and tangible investments, when 
undertaken on their own, raise productivity substantially compared to 
the baseline: tangible investments alone yield an ATE of 0.194, while 
training alone yields a nearly identical ATE of 0.192 (both strongly 
significant). However, the estimated combined effect is 0.295, which 
implies a shortfall of 0.091 (see 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙), highly statistically signif-
icant) compared to the additivity benchmark of 0.386 (0.192+0.194) 
that would arise by simply summing the two separate effects.

This substitutability result, implying that the incremental contribu-
tion of training is comparatively reduced if physical capital investment 
is also in place, is consistent with the notion that firms may face 
coordination or absorption costs when upgrading physical capital and 
human capital simultaneously. Also, it suggests that training may be a 
particularly powerful lever for boosting productivity precisely among 
micro-firms which do not simultaneously devote resources to tangi-
bles, and whose productivity is therefore very much dependent on 
knowledge upgrading of the employees. In fact, while training still 
remains a positive contributor to productivity irrespective of whether 
it is coupled to tangibles, the productivity gain of training estimated 
within the firms which do not invest in tangibles (0.192) is roughly 
double compared to that estimated for firms which invest in tangibles 
(0.101, higly significant).

5.4. Training and sectoral specificity of manufacturing

Lastly, we examine the possible role of sectoral specificities, con-
sidering that the aggregate baseline estimates may hinder relevant het-
erogeneities in the training–productivity relationship if training needs, 

15 Associated first-step results and covariate-balance analysis are provided 
in Appendix  B, see Table  16.
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Table 10
Training and manufacturing — Multi-valued FE-PWRA results.
 Panel A — Second-step results:
 Non-Manuf., Non-manuf., Manuf., Manuf.,  
 No training training No training training  
 Size −0.345*** −0.745*** −0.278** −1.079***  
 (0.058) (0.065) (0.116) (0.300)  
 Sales growth 0.027 0.021 0.018 0.079  
 (0.032) (0.015) (0.029) (0.113)  
 Tangible intensity 0.028*** 0.017*** 0.034*** 0.028*  
 (0.002) (0.003) (0.005) (0.016)  
 Intangible intensity −0.009 −0.004 0.012 −0.074*  
 (0.009) (0.010) (0.025) (0.044)  
 Export dummy 0.348*** 0.089* 0.492*** 0.219  
 (0.069) (0.051) (0.171) (0.152)  
 Year FE Yes Yes Yes Yes  
 Obs. 30,670 3,585 7,069 672  
 Panel B — Estimated ATEs:
 (1) Training in non-manufacturing firms vs. baseline: 0.172*** (0.013)
 (2) Manufacturing, no training firms vs. baseline: −0.007 (0.009)
 (3) Combined vs. baseline: 0.164*** (0.031)
 (4) Training vs. non-training within manufacturing: 0.170*** (0.032)
 (5) ATE(compl): −0.002 (0.034)
Notes: The table reports second-step results and associated ATEs. Baseline group is 
firms which are outside manufacturing and do not spend in training. Standard errors in 
parenthesis, clustered by firm, obtained via firm-clustered bootstrap (200 replications). 
Asterisks denote significance levels (* at 10%, ** at 5%, and *** at 1%).

content or applicability differ systematically across sectors. The TREND 
dataset reports information of 4 ‘‘macro-sectors’’ (manufacturing, con-
struction, trade, and services), thus preventing to provide a detailed 
analysis by narrowly defined industries and to apply taxonomies re-
lated to knowledge dynamics (e.g., by Pavitt taxonomy classes or 
between high-tech vs. low-tech tech industries). We focus on a contrast 
between manufacturing vs. non-manufacturing firms, since manufac-
turing is ex-ante the macro-sector most likely to exhibit complemen-
tarities with training, given its greater reliance on technical, machine- 
and process-specific knowledge and competences that training might 
directly affect.

Accordingly, in the multivalued FE-IPWRA analysis, we define the 
following four groups, taking membership in manufacturing as the 
focal dimension ‘‘to pair’’ with training: (i) non-manufacturing, no-
training firms (‘‘baseline’’); (ii) non-manufacturing firms which train 
(‘‘training only’’); (iii) manufacturing firms which do not train (‘‘di-
mension only’’); and (iv) manufacturing firms which invest in training 
(‘‘combined’’ category).

Table  10 reports the second-step regression results and the esti-
mated ATEs.16 When considering the separate effects, they show that, 
among non-training firms, being active in manufacturing does not as-
sociate with a productivity-premium vis-a-vis non-manufacturing firms 
(ATE is −0.007, not significant), whereas investing in training among 
non-manufacturing firms raises productivity by 0.172. If the additive 
vs. combined effects are considered, we find no significant interaction 
with training. The joint effect (0.164) closely matches the additive 
benchmark (0.172 − 0.007 = 0.165), and indeed the 𝐴𝑇𝐸(𝑐𝑜𝑚𝑝𝑙)
(−0.002) is statistically equal to zero. This additivity result indicates 
that the productivity payoff of training is sector-neutral, or at least 
it does not appear to be disproportionately activated by the more 
technically-intensive character of manufacturing firms, ruling out this 
channel as a major driver of the aggregate result. In fact, we also 
notice that training effects have the same (positive and significant) 
magnitude, regardless of whether the firm operates in manufacturing: 
the estimated effect of moving from no-training to training within 

16 Associated first-step coefficient estimates and covariate-balance analysis 
are provided in Appendix  B, see Table  17.
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manufacturing (0.170) is essentially identical to the ATE of training 
within the baseline group of non-manufacturing firms (0.172). And 
they are substantially identical to the aggregate ATE of training (0.177) 
estimated in Section 4.

To sum up, the heterogeneity analysis, read together, delivers two 
main patterns. First, the estimated ATEs across all specifications, all 
reveal a positive, statistically significant and economically sizable effect 
of training. On the one hand, the ‘‘standalone’’ effects of training 
within the various baseline groups (single-employee, zero tangibles or 
intangibles, non-manufacturing), are remarkably stable across speci-
fications: the estimated ATEs range from 0.170 to 0.206, fall within 
one standard error of each other in every pairing and all closely track 
(within one standard error) the aggregate FE-IPWRA estimate of the 
ATE of training (0.177). On the other hand, the ATEs of training within 
the non-baseline groups (multi-employee, positive tangibles or intan-
gibles, manufacturing), are also comparable in magnitude – ranging 
in between 0.101 and 0.194 – to the aggregate estimate of the ATE 
of training, although they are statistically smaller in two cases (0.153 
for multi-employee firms and 0.101 for positive tangibles firms). This 
broad consistency indicates that a positive productivity-premium of 
training is not an artifact of any particular specification or comparison 
group, but reflects a robust underlying relationship between training 
and productivity. This strongly corroborates the conclusion from the 
aggregate analysis that training provides a positive contribution to 
productivity of micro-firms.

Second, despite the positive effect of training is not tightly de-
pendent from any of the considered heterogeneity dimensions, we 
document that the marginal value of training is not affected by co-
occurrence with intangible investment or by the firm’s manufacturing-
sector membership, while measurably reduced when training co-occurs 
with tangibles-expanding or scale-expanding investments. In both
cases, the data reject additivity in favor of substitutability, implying 
that the decision to invest in training appears as more effective, 
comparatively, in boosting productivity in single-employee firms and 
in firms which, by not investing in tangibles, rely upon their workforce 
knowledge accumulation as a source of competitiveness. The estimated 
contribution of training is particularly strong in this latter case.

6. Conclusions

This paper contributes to the literature on the training–productivity 
nexus by focusing on micro-firms, a heavily under-researched category. 
The common wisdom that training enhances productivity – based on 
studies of SMEs and large firms – may not hold for micro-firms. They 
exhibit distinctive characteristics, even against small-medium firms, 
and cannot be treated as a scale-down of larger enterprises.

On the one hand, because people (owners/managers and a few 
employees) are central in micro-firms, training could represent a crucial 
channel for enhancing productivity, as a direct mode of accumulation 
and absorption of knowledge available to this category of firms, which 
in fact typically lack organizational or financial resources to engage 
in more structured innovation strategies that my spur competitiveness 
–involving, e.g. R&D, patents or process/product innovation. However, 
on the other hand, whether the training–productivity channel posi-
tively operate in practice is not obvious. Knowledge accumulation via 
training – whether it works as a complementary precondition for or 
as an alternative route to technological innovation – does not need to 
automatically pass-through productivity improvements, as it may prove 
effective only conditional upon certain firm-specific characteristics. 
Also, in the specific context of micro-firms, training can divert scarce 
time and financial resources without delivering sufficient productivity 
gains, while competence and knowledge often develop informally, on-
the-job and through learning mechanisms other than training. And, 
finally, micro-firms may end up with no productivity return for training 
as they may see their trained employees poached by larger firms.
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These considerations, coming from various theoretical underpin-
nings, suggest that whether training can raise productivity in micro-
firms is ultimately an empirical question. Yet, existing studies do not 
challenge the conventional wisdom that training fosters productivity 
in micro-firms as it does in firms of larger size. We address this 
research gap by estimating whether micro-firms that invest in training 
enjoy a productivity premium compared to micro-firms that do not. 
The empirical analysis relies on a unique dataset reporting training 
expenditures for a large, representative panel of Italian micro-firms.

Our main result is to document a clear positive productivity pre-
mium: on average, training firms are significantly more productive than 
non-training firms. The estimated ATE of training, controlling for endo-
geneity of training status via IPWRA methods is sizable – about 19% in 
the more reliable estimates including firm fixed-effects. The estimated 
effect remains positive and overall comparable in magnitude across 
the dimensions of heterogeneity which our data allows us to explore, 
namely across micro-firms of different size (single-employee vs. other 
micro-firms), across micro-firms active in manufacturing vs. other sec-
tors, and no matter whether they invest in intangible or tangible assets. 
This stability of results supports that our main finding reflects a robust 
underlying relationship between training and productivity, not tightly 
dependent from any of the considered heterogeneity dimensions.

Since both the treated group of training firms and the control 
group of non-training firms are likely to rely on informal learning 
mechanisms other than training (e.g, on-the-job coaching) – we in-
terpret the observed productivity premium as suggesting that training 
enhances productivity above and beyond the alternative modes of 
human capital accumulation typical of micro-firms. In this respect, our 
findings provide support to policies that encourage training investment 
by micro-firms, as there is hope to boost productivity of micro-firms 
beyond the productivity levels that can be reached through learning 
modes already in place in micro-firms. A number of existing SMEs-
oriented policies could be re-targeted or better tailored to micro-firms, 
from awareness campaigns addressing ignorance-related biases, to ac-
tions aiming to reduce market failures such as financial constraints or 
fears of poaching. While we do not directly test in our data whether 
training effects are stronger in micro-firms than in larger firms, the 
sizable estimated effect supports that well-designed interventions could 
help narrowing the well-known productivity gap between micro and 
larger firms.

An interesting qualification coming from the heterogeneity anal-
ysis, is that the contribution of training – while essentially neutral 
to manufacturing sector membership and co-occurrence of intangible 
investments – could be sensibly reduced for firms that combine training 
with investing in tangibles or with scaling-up from a single-employee 
to a multi-employee structure. On the one hand, the neutrality result 
with respect to the joint presence of intangible investments in the firm, 
is particularly interesting for innovation studies, since it contradicts 
the hypothesis that training would be effective only if coupled with 
engagement in technological innovation or formal innovation activities, 
such as R&D or patenting, of which intangibles provide at least an 
indirect proxy in our data. The two investments appear to operate as in-
dependent, separable productivity channels, each contributing its own 
effect, while combining them neither amplifies nor erodes the other’s 
contribution. On the other hand, the reduced marginal effect of training 
estimated among firms that combine training with tangible capital 
deepening or workforce expansion – compatible with a substitutability 
story – suggests that coordination costs, absorption constraints, or 
organizational adjustment associated with physical capital or labor 
expansion could partially erode the incremental value of training. The 
reduced marginal contribution of training is particularly remarkable in 
micro-firms that invest in tangibles, in line with the intuition that train-
ing matters most for micro-firms which, by not investing in tangible 
capital, rely on knowledge accumulation of employees as their primary 
source of productivity.
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We recognize several limitations of our study, which may in turn 
open up valuable avenues for future research on the training-productivit
link in micro-firms. These revolve around the general and well-known 
challenge of accessing detailed data on micro-firms. In fact, despite we 
could exploit the unique opportunity to measure training expenditures 
for a large set of micro-firms, improving the availability, coverage 
and quality of data still remains a priority for future development of 
micro-business research, even beyond the specific topic of our study.

At a general level, we urge for extending initiatives like the TREND 
project. Wider access to datasets comparable to TREND, allowing to 
link information on training with data about firms’ structure and perfor-
mance, for large panels of micro-firms, would prove essential to assess 
whether our findings are specific to our context or can be generalized, 
primarily across other Italian regions but also across other countries. 
In this respect, we offer a starting point for future research that could 
confirm external validity beyond the context of our dataset.

More specifically, we could not capture many interesting factors, 
potentially relevant for a deeper understanding of the workings of 
the training-productivity link, due to lacking appropriate data. The 
variables available to us, allowed to achieve covariate balance and 
reasonable confidence in the identification of the training effect, and 
we could also explore substitutability/complementarity effects between 
training and interesting dimensions of heterogeneity. But future studies 
could surely dig more thoroughly into the mechanisms of the training–
productivity link, by accessing more and more detailed information on 
various dimensions.

A first promising direction that we foresee, concerns collecting data 
on a number of attributes internal to the firm, which could help to 
better characterize the ‘‘unfolding of training within firms’’. In this 
category of additional data, the dimension of perhaps more direct 
interest for innovation studies, very much related to our heterogeneity 
analysis, regards the overall innovation strategy of firms. While the 
interpretation of intangible investment as an indirect, loose measure 
of engagement in innovation activity of firms can be to some extent 
accepted, one would like to have more detailed data, primarily about 
standard measures of technological innovation such as R&D, patent-
ing or product/process innovation. Because our data do not include 
these measures, we cannot directly test whether the estimated pro-
ductivity premium of training operates through an innovation channel 
(e.g., training enabling absorption of external knowledge or supporting 
incremental process innovation) or through a pure human-capital/ef-
ficiency channel unrelated to innovation. Two conjectures, motivated 
by our heterogeneity results, could guide future work with richer data: 
(i) if the effect of training on productivity is mediated by innovation, 
we would expect the training premium to be larger, not statistically 
indistinguishable, among firms with positive R&D or patenting activity 
– contrary to what our loose proxy (investment in intangibles) has 
suggested; (ii) if training substitutes for innovation as a competitiveness 
strategy for capital-light micro-firms, as suggested by our finding of a 
larger premium among firms with zero tangible investments, we would 
expect training-only firms to show innovation outcomes (e.g., infor-
mal or non-patented process improvements) that are under-counted in 
standard innovation surveys.

Always within the category of data which could shed light on the 
‘‘internal unfolding of training’’, another dimension which would be 
worth trying and consider in future studies, concerns the personal 
profiles (age, educational background, previous experience or social 
networks) of the core people in the firm (owner/manager and other 
employees), in particular distinguishing who is exposed to training 
from who is not. These features – to our knowledge – are only mea-
sured in limited in scope, ad-hoc surveys covering few firms, or in 
specific firm case-studies. Their coverage should be extended to larger 
datasets. Our analysis across single-employee vs. multi-employee firms 
supports that training effects seem stronger when the owner/manager 
is the person who receives and applies training, while returns are 
reduced in more complex organizations. Yet, with more detailed data 
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one could: (i) explore more deeply the role played by the personal 
profiles of the core people in the firm, particularly of those receiving 
training; (ii) address the question whether the estimated training effect 
works via individuals’ upgrading (in line with the neoclassical the-
ory) vs. organizational-level knowledge accumulation and absorptive 
capacity, a distinction central to the innovation literature but currently 
untestable in our dataset; (iii) test the poaching risk hypothesis – to 
the extent that one can also access data on job-flows via matched 
employer–employee data – by directly examining if trained people 
leaves the firm and when.

Relatedly, a further crucial dimension for a deeper understanding of 
how training works within firms, of particular interest for managerial 
studies and for which having more detailed data would be surely 
important, is represented by information about HRM practices in place 
in the firms. While the lack of this type of information is not just 
specific to our dataset (again, only small ad-hoc surveys usually have 
that), our study can only indirectly tell something about its role, based 
on the comparison between single-employee vs. multi-employee firms. 
Assuming that scaling-up in size goes together with adopting more 
complex HRM practices, our conjecture, based on the finding that 
multi-employee firms see their productivity return to training reduced, 
is that training may not necessarily have beneficial effects if not well 
integrated in the design of complex HRM practices. But more detailed 
data, possibly for large samples of micro-firms, are needed to explicitly 
address the non-trivial integration of training with other elements of 
the HRM strategy, as theorized in the ‘‘bundle view’’ approach to HRM 
in micro-firms.

Second, complementary to expanding data about the unfolding 
of training within firms, future studies would benefit from digging 
deeper into the heterogeneity across firms. Particularly through ex-
panding the data to better measure different micro-firms typologies. 
An easy example is that, by integrating reliable data about foundation 
year, one could examine variation of training effects across older 
established micro-firms vis-a-vis very young, micro start-ups. More 
generally, one would like to account for the fact that the very notion 
of micro-businesses encompasses a range of heterogeneous entities, 
embracing not only start-ups, but also other quite diverse types such 
as owner-managed vs. team-managed businesses, family businesses, 
ethnic businesses, high-tech businesses and businesses with differing 
legal status. As these different typologies of micro-firms are known to 
be characterized by peculiar learning dynamics (Devins et al., 2005), 
the productivity-training linkages may also differ across them. One 
could replicate our approach across such diverse entities. That could 
have important implications, in particular, for informing the design of 
policies, which, at present, tend to treat the category of micro-firms 
as a ‘‘one-size fits all’’ notion. Or, even more unfortunately, as entirely 
overlapping with the broader category of SMEs.

Third, beyond more detailed data about within-firm characteristics 
and firm ypes, there is also a need to improve upon the measurement 
of the characteristics and the content of training programs that firms 
invest into. Features such as in-house vs. ex-house training or the 
degree of standardization vs. tailoring with firm-specific needs, are part 
of the discussion in the SMEs literature (Bryan, 2006; Patton et al., 
2000). They may all play a role in whether and how training investment 
successfully contributes to productivity of micro-firms. In fact, some 
types of training may arguably be more relevant to productivity – such 
as learning about digital systems, new software or machinery – while 
other contents of training – such as leadership development, fair and 
equitable working environment, or compliance with regulations – may 
have more uncertain productivity returns. Once again, data about these 
elements are usually available in small/targeted surveys or explored in 
depth only in specific firm case studies. It would be interesting to test 
their use and role in more comprehensive datasets of micro-firms.

Despite its limitations, which point to interesting avenues for future 
research, our study is, to our knowledge, the first attempt to assess 
the effect of training on productivity in micro-firms, exploiting a large 
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sample and more solid empirical methods than are usually employed 
in the micro-firms literature. We hope it could serve as a benchmark 
for future research and encourage greater attention to this important 
issue. More, and more robust, evidence is needed on the drivers of 
productivity in micro-businesses, given their predominance in every 
economy.
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Appendix A. Robustness to alternative estimators

As mentioned in the main text, IPWRA estimates are theoretically 
preferred to IPW or RA methods since IPWRA is a doubly-robust 
methodology: while RA performs poorly when the outcome model 
is mis-specified and IPW performs poorly under mis-specification of 
the treatment model, IPWRA only requires that either the outcome 
or the treatment model is well specified. However, since model mis-
specification is untestable, there remains the possibility that both mod-
els are mis-specified in a given empirical application. In such a situ-
ation, which estimator is more reliable is a matter of debate in the 
literature. The suspect is that the answer depends on the true models, 
the implemented specifications and the set of covariates used. But there 
is no definitive conclusion in the literature.

In our analysis, despite we achieve covariate balance and apply a 
variant of the IPWRA including firm fixed-effects, mis-specification of 
both outcome and treatment model is a possibility. It is then worth 
checking whether the main effects are sensitive to changing estimation 
method. We here report IPW and RA estimates, and also the results 
obtained via an additional estimation technique, the Augmented IPW 
(AIPW) estimator. This method is doubly-robust and thus theoretically 
similar to the IPWRA estimator. However, no literature compares the 
relative performance of the AIPW estimator, which emerged from 
a general approach to creating efficient estimators, against the IP-
WRA estimator, which emerged from a robust correction approach to 
missing-data analysis.

In Table  11 we display OLS estimates of the outcome models and the 
corresponding estimated ATE of training across the different method-
ologies. We also include the OLS-IPWRA estimates already reported 
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Table 11
Alternative estimation methods — Outcome models, OLS results and associated ATEs.
 OLS-IPW OLS-RA OLS-IPWRA OLS-AIPW

 (1) (2) (3) (4) (5) (6) (7)
 ln Prod ln Prod0 ln Prod1 ln Prod0 ln Prod1 ln Prod0 ln Prod1
 Sales growth – 0.022*** 0.004** 0.020*** 0.011** 0.022*** 0.004**
 (0.009) (0.002) (0.007) (0.005) (0.009) (0.002)
 ln(Size) – 0.049*** −0.025 0.050*** −0.017 0.049*** −0.025
 (0.016) (0.020) (0.016) (0.024) (0.016) (0.020)
 ln(Tangible intensity) – 0.109*** 0.057*** 0.108*** 0.058*** 0.109*** 0.057***
 (0.002) (0.004) (0.003) (0.004) (0.002) (0.004)
 ln(Intangible intensity) – −0.0004 0.018** −0.003 0.037*** −0.004 0.018**
 (0.012) (0.009) (0.011) (0.013) (0.012) (0.009)
 Export dummy – 0.767*** 0.360*** 0.755*** 0.402*** 0.767*** 0.360***
 (0.038) (0.063) (0.038) (0.083) (0.038) (0.063)

 Obs. 42,658 38,329 4,329 38,329 4,329 38,329 4,329

 ATE 0.594*** 0.622*** 0.614*** 0.614***
 (0.023) (0.021) (0.024) (0.023)

Notes: The table reports OLS estimates of the outcome models (second-step weighted regressions), and the corresponding ATE of training across 
different methodologies (IPW, RA, IPWRA and AIPW). Regressions also include year, region and sector fixed-effects. Robust standard errors in 
parenthesis, clustered by firm and corrected via the STATA teffects command to account for the two step procedure. Asterisks denote significance 
levels (* at 10%, ** at 5% and *** at 1%).
Table 12
Alternative estimation methods — Outcome model, FE results and associated ATEs.
 FE-IPW FE-RA FE-IPWRA FE-AIPW

 (1) (2) (3) (4) (5) (6) (7)
 ln Prod ln Prod0 ln Prod1 ln Prod0 ln Prod1 ln Prod0 ln Prod1
 Sales growth – 0.025*** 0.015 0.023*** 0.021 0.025*** 0.015
 (0.008) (0.014) (0.007) (0.015) (0.008) (0.014)
 ln(Size) – −0.301*** −0.698*** −0.302*** −0.805*** −0.301*** −0.698***
 (0.046) (0.048) (0.045) (0.064) (0.046) (0.048)
 ln(Tangible intensity) – 0.029*** 0.015*** 0.030*** 0.0180*** 0.029*** 0.015***
 (0.002) (0.003) (0.002) (0.004) (0.003) (0.002)
 ln(Intangible intensity) – −0.002 −0.011 −0.003 −0.012 −0.002 −0.011
 (0.008) (0.009) (0.008) (0.012) (0.008) (0.009)
 Export dummy – 0.438*** 0.082** 0.418*** 0.100** 0.438*** 0.082***
 (0.065) (0.037) (0.062) (0.045) (0.065) (0.037)

 Obs. 42,658 38,329 4,329 38,329 4,329 38,329 4,329

 ATE 0.168*** 0.178*** 0.177*** 0.174***
 (0.013) (0.009) (0.011) (0.011)

Notes: The table reports firm fixed-effects (FE) estimates of the outcome models (second-step weighted regressions), and the corresponding ATE 
of training across different methodologies (IPW, RA, IPWRA and AIPW). Corrected standard errors, clustered at the firm level, are obtained via 
bootstrap (200 replications). Asterisks denote significance levels (* at 10%, ** at 5% and *** at 1%).
in the main text, in order to ease comparisons.17 The results are very 
similar across methods. In particular, the estimated ATEs of training are 
stable across all specifications in terms of sign, magnitude and signifi-
cance. In fact, the point estimates (0.594, 0.622, 0.614 and 0.614) are 
all statistically equal within a 1-standard error confidence band. This 
lend support to the conclusions from the OLS-IPWRA analysis presented 
in the main text.

In Table  12 we present the estimates with firm fixed-effects, again 
reporting our baseline FE-IPWRA for ease of comparison to the main 
text.18 Also here we observe that results do not change significantly 
across the estimation methods. The ATEs estimated via RA and AIPW 
are quite in line with the baseline FE-IPWRA results, and actually equal 
to the latter within a 1-standard error confidence band. Overall, they 
all support a positive and significant productivity premium of training, 

17 Coefficient estimates and standard errors are obtained via the STATA 
command teffects, which implement appropriately corrected standard errors. 
Notice that first-step Probit estimates of the p-scores are invariant across the 
methods. The associated coefficient estimates and covariate-balance analysis 
are exactly identical to those discussed in the main text.
18 Since the correction for standard errors to account for the two-step 
procedure is not available via the STATA teffects command in the case of 
firm FE models, the corrected standard errors in the firm FE estimates were 
obtained via bootstrap.
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whose magnitude ranges in between 18.3% (0.168 log-points) and 
19.5% (0.178 log-points).

Appendix B. Robustness and heterogeneity analysis: IPWRA first-
step results and covariate balance

To ease readability of the main text, we document here about all 
the IPWRA first-step estimates and the covariate-balance diagnostics 
associated to robustness checks and the heterogeneity analysis.

Table  13 refers to the robustness check with respect to lagged train-
ing status, performed in Section 4. It reports number of observations 
for the unweighted and re-weighted samples, first-step Probit estimates, 
and covariate-balance diagnostics.

Regarding the heterogeneity analysis of Section 5, based on the 
modified multi-valued FE-IPWRA framework, we report number of 
observations for the unweighted and re-weighted samples, the first-step 
Multinomial Logit results (with the reference omitted group given by 
the various baseline categories), and the associated covariate-balance 
diagnostics. Table  14 refers to the heterogeneity analysis by single- 
vs. multi-employees firms. Table  15 refers to the estimates across zero 
vs. positive intangible investments. Table  16 reports about the analysis 
by zero vs. positive investment in tangibles. Table  17 shows the results 
of the analysis by manufacturing vs. other sectors.
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Table 13
 Lagged (1-year) training status — IPWRA first-step results and covariate balance.
   
 Observations Raw Weighted  
 Total Obs. 25,568 25,568  
 – Treated Obs. 2,714 12,767.9  
 – Control Obs. 22,854 12,800.1  
 Variable Probit 

Coeffs
Raw Std 
diff

Weighted 
Std diff

Raw var 
ratio

Weighted 
var ratio

 

 Sales growth𝑡−1 −0.002 −0.003 −0.010 0.543 0.523  
 (0.002)  
 Single-empl. dummy𝑡−1 −0.678*** −0.718 −0.004 0.721 1.000  
 (0.026)  
 Tangible dummy𝑡−1 0.261*** 0.379 0.008 1.152 1.007  
 (0.024)  
 Intangible dummy𝑡−1 0.131** 0.139 0.003 2.106 1.022  
 (0.062)  
 Export dummy𝑡−1 0.062 0.070 −0.008 1.492 0.952  
 (0.067)  
 Covariate-balance test: Test stat = 3.010
 p-value = 0.8076
   
Notes: The table reports number of observations in the raw and re-weighted sample, together with first-step 
Probit coefficients and covariate-balance diagnostics (standardized differences and variance ratios). Cluster-
robust (by firm) standard errors in parentheses, asterisks denote significance levels (* at 10%, ** at 5%, 
and *** at 1%). Covariate-balance test is the Imai and Ratkovic (2014) over-identifying restriction test for 
covariate balance: 𝜒2 test statistic and corresponding 𝑝-value are reported.
Table 14
Heterogeneity by firm size — First-stage results and covariate balance.
 Panel A — First-stage Multinomial Logit:
 Single-empl., train Multi-empl., no train Multi-emp., train 
 vs. baseline vs. baseline vs. baseline  
 Sales growth −0.001 0.004 0.003  
 (0.005) (0.003) (0.003)  
 Tangible dummy 0.734*** 0.876*** 1.409***  
 (0.074) (0.028) (0.045)  
 Intangible dummy 0.317 1.188*** 1.386***  
 (0.274) (0.097) (0.119)  
 Export dummy −0.236 0.651*** 0.760***  
 (0.338) (0.109) (0.149)  
 Panel B — Covariate-balance diagnostics:
 Obs: Baseline Single-empl., train Multi-empl., no train Multi-empl., train 
 Raw 21,808 972 15,931 3,285  
 Weighted 10,497.5 10,499.8 10,503.3 10,495.3  
 Standardized differences Variance ratio
 Raw Weighted Raw Weighted 
 Single-empl., train:
 Sales growth 0.012 −0.014 0.190 0.637  
 Tangible dummy 0.328 0.002 1.406 1.001  
 Intangible dummy 0.064 0.003 1.859 1.021  
 Export dummy −0.014 −0.008 0.891 0.949  
 Multi-empl., no train:
 Sales growth 0.026 0.005 7.138 1.212  
 Tangible dummy 0.424 0.001 1.477 1.001  
 Intangible dummy 0.198 0.009 4.643 1.059  
 Export dummy 0.116 −0.002 2.202 0.989  
 Multi-empl. and train:
 Sales growth 0.040 0.002 3.551 1.063  
 Tangible dummy 0.717 0.002 1.546 1.002  
 Intangible dummy 0.273 0.011 6.777 1.073  
 Export dummy 0.154 0.001 2.693 1.004  
Notes: Panel A reports the IPWRA first-stage Multinomial Logit coefficients. Baseline 
omitted category is ‘‘single-employee, non-training firms’’. Robust standard errors in 
parentheses, clustered by firm. Asterisks denote significance levels (* at 10%, ** at 
5%, and *** at 1%). Panel B reports raw and IPW-weighted observations by group, 
together with standardized differences and variance ratios for each covariate, relative 
to the baseline category.
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Table 15
Heterogeneity by intangibles — First-stage results and covariate balance.
 Panel A — First-stage Multinomial Logit:
 Intang. > 0, no train Intang. = 0, train Intang. > 0 and train 
 vs. baseline vs. baseline vs. baseline  
 Sales growth 0.005 −0.004 0.007  
 (0.004) (0.004) (0.005)  
 Dummy individual −1.195*** −1.406*** −2.420***  
 (0.097) (0.046) (0.284)  
 Tangible dummy 1.898*** 0.583*** 2.398***  
 (0.091) (0.037) (0.209)  
 Export dummy 0.784*** 0.082 0.801***  
 (0.187) (0.117) (0.294)  
 Panel B — Covariate-balance diagnostics:
 Obs: Baseline Intang. > 0, no train Intang. = 0, train Intang. > 0 and train 
 Raw 36,984 755 4,063 194  
 Weighted 10,808.4 11,347.5 10,744.6 9095.5  
 Standardized differences Variance ratio
 Raw Weighted Raw Weighted 
 Intang. > 0 , no train:
 Sales growth 0.060 0.015 9.402 0.834  
 Dummy individual −0.795 0.088 0.714 0.977  
 Tangible dummy 1.131 −0.046 0.911 0.958  
 Export dummy 0.238 −0.028 3.245 0.826  
 Intang. = 0, train:
 Sales growth 0.005 −0.011 0.283 0.514  
 Dummy individual −0.760 −0.009 0.742 1.001  
 Tangible dummy 0.414 0.020 1.257 1.017  
 Export dummy 0.064 −0.007 1.484 0.957  
 Intang. > 0, train:
 Sales growth 0.117 0.029 13.915 0.899  
 Dummy individual −1.303 −0.203 0.277 0.993  
 Tangible dummy 1.475 0.170 0.608 1.120  
 Export dummy 0.267 0.003 3.624 1.019  
Notes: Panel A reports the IPWRA first-stage Multinomial Logit coefficients. Baseline 
omitted category is ‘‘zero intangibles, non-training firms’’. Robust standard errors in 
parentheses, clustered by firm. Asterisks denote significance levels (* at 10%, ** at 
5%, and *** at 1%). Panel B reports raw and IPW-weighted observations by group, 
together with standardized differences and variance ratios for each covariate, relative 
to the baseline category.
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Table 16
Heterogeneity by tangibles — First-stage results and covariate balance.
 Panel A — First-stage Multinomial Logit:
 Tang. > 0, no train Tang. = 0, train Tang. > 0 and train 
 vs. baseline vs. baseline vs. baseline  
 Sales growth 0.039** −0.025 0.042**  
 (0.017) (0.023) (0.018)  
 Dummy individual −0.876*** −1.476*** −2.154***  
 (0.028) (0.055) (0.070)  
 Intangible dummy 1.897*** 0.267 2.091***  
 (0.092) (0.208) (0.118)  
 Export dummy 0.666*** 0.139 0.692***  
 (0.086) (0.173) (0.148)  
 Panel B — Covariate-balance diagnostics:
 Obs: Baseline Tang. > 0, no train Tang. = 0, train Tang. > 0 and train 
 Raw 27,091 10,644 2,188 2,068  
 Weighted 10,585.2 10,472.7 10,488.1 10,445.0  
 Standardized differences Variance ratio
 Raw Weighted Raw Weighted 
 Tang. > 0, no train:
 Sales growth 0.076 −0.124 1.249 0.717  
 Dummy individual −0.469 0.003 1.056 1.000  
 Intangible dummy 0.280 0.008 7.842 1.055  
 Export dummy 0.131 0.002 2.294 1.014  
 Tang. = 0, train:
 Sales growth −0.011 −0.138 0.118 0.806  
 Dummy individual −0.754 0.002 0.897 1.000  
 Intangible dummy 0.060 0.005 1.868 1.031  
 Export dummy 0.049 −0.007 1.420 0.953  
 Tang. > 0, train:
 Sales growth 0.084 −0.120 1.694 0.815  
 Dummy individual −1.120 0.000 0.594 1.000  
 Intangible dummy 0.368 0.014 11.316 1.094  
 Export dummy 0.167 −0.008 2.754 0.948  
Notes: Panel A reports the IPWRA first-stage Multinomial Logit coefficients. Baseline 
omitted category is ‘‘zero tangibles, non-training firms’’. Robust standard errors in 
parentheses, clustered by firm. Asterisks denote significance levels (* at 10%, ** at 
5%, and *** at 1%). Panel B reports raw and IPW-weighted observations by group, 
together with standardized differences and variance ratios for each covariate, relative 
to the baseline category.
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