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1 Introduction

The classic insights of Cooper and John (1988) on strategic complementarities highlight how
firms’ incentives often depend on the actions of others. In practice, however, clean evidence
on the extent, sign, and magnitude of these spillovers has been difficult to obtain. Strategic
complementarities are ubiquitous, yet causal identification is notoriously elusive, since mea-
sures of competitive interaction are typically confounded by simultaneity and unobserved
shocks. Laboratory experiments have demonstrated that coordination can arise in settings
where payoffs hinge on beliefs alone (e.g., Cooper et al., 1990, 1992; Nagel, 1995). But
whether such mechanisms operate in high-stakes, real-world firm decisions remains largely
an open question.

Against this backdrop, we provide a large-scale field experiment testing for strategic com-
plementarities in innovation among firms. We focus on the adoption of advanced technologies.
More specifically, we study two automation technologies that have seen rapid growth in recent
years: Al and robotics. Investments in advanced technologies are both costly and consequen-
tial, as they require skill upgrading and organizational change, yet they have the potential
to raise productivity, expand sales, and increase firm market values (Babina et al., 2024).
Indeed, some policymakers regard these advanced technologies as transformative and as key
drivers of growth and industrial competitiveness.

Our empirical evidence is based on Italy—a well-suited context for this research question
for at least two reasons. First, it provides rich data on past adoption and the opportunity
to conduct an experiment with firms. We leverage a long-standing firm survey conducted by
the Bank of Italy—the Survey of Industrial and Service Firms (INVIND, from the Italian
acronym). This survey is ideal because it has tracked the diffusion of advanced technologies
for years, providing the data needed to compute the information treatments. Additionally,
we were able to embed an information experiment into this survey. Second, Italy is a devel-
oped economy with both a strong presence and considerable growth potential in advanced
technologies. Indeed, it is one of Europe’s largest industrial economies: its manufacturing
base is extensive, ranking second in Europe after Germany, and the country is among the

leading producers of industrial robots.



Our research design is inspired by models of strategic interaction under incomplete in-
formation, including Cooper and John (1988), Angeletos et al. (2007), Angeletos and Pavan
(2004), and, more recently, Huo and Takayama (2025). Through the lens of those models,
firms face uncertainty when choosing actions—in our application, how much to invest in
a new technology. Firms do not observe the true productivity of the technology; instead,
each firm receives a private signal. These models also allow for strategic considerations: a
firm’s optimal investment depends not only on the technology’s productivity but also on
the adoption choices of its competitors. As a result, firms care about competitors’ adoption
decisions for at least two reasons. First, there is a direct competitive motive—if competitors
adopt, a firm wants to adopt as well to avoid falling behind its rivals. Second, there is an
indirect learning motive—by observing competitors’ adoption choices, a firm can infer infor-
mation about the private signals those competitors have received regarding the technology’s
productivity.!

Our tailored survey experiment was embedded in the 2025 wave of the INVIND sur-
vey. These data provide a unique opportunity to measure the beliefs firms hold about their
competitors’ adoption decisions—and to identify their causal effects on firms’ own adoption
behavior. The experiment first elicited firms’ beliefs about the share of competitors that
had already adopted advanced technologies. We then provided half of the sample, randomly
selected, with a signal about adoption among comparable firms—firms in the same sector and
size class. Next, we elicited expectations about competitors’ future adoption—as of 2027.
We can measure whether information about competitors’ current adoption affects expecta-
tions about their future adoption. Most importantly, we also measured firms’ own intended
adoption plans for the future, enabling us to identify the causal effect of expectations about
competitors’ adoption on firms’ own adoption plans.

Our research design offers several advantages. First, the Bank of Italy’s long history
with INVIND ensures high-quality data and large samples, thereby delivering the statistical
power necessary to rigorously test our hypotheses. Second, because the information treat-

ment is randomized, we can cleanly identify the causal impact of beliefs about competitors’

! Appendix A provides a simple model, adapted from Angeletos and Pavan (2004), that formalizes these
two channels in our specific context.



innovation, ruling out spurious correlations that plague observational studies. Third, we can
resurvey the same firms a year later and link the INVIND data to administrative records—
such as electronic invoices and balance-sheet data—as well as to other survey data.

We begin by summarizing current adoption patterns and recent trends. Italy has expe-
rienced solid growth in the use of advanced technologies. As of 2025, around 28% of Italian
firms used Al in some form. Although somewhat below the European Union average, this
adoption rate is broadly comparable to other European countries (Baumann et al., 2026).
Robotics adoption was also significant, with 23% of Italian firms using robotic technologies
in 2025. While both robotics and Al are automation technologies and their 2025 adoption
rates are relatively similar, there are important differences between them. Robotics is a more
established technology, with some firms having adopted it decades ago and using it exten-
sively. In contrast, Al is a newer technology: most firms adopting Al have done so only
recently, and many are still using it experimentally. Moreover, robotics remains more deeply
entrenched in specific sectors such as manufacturing.

We document substantial gaps between beliefs about competitors’ adoption rates and
the information we provided. Relative to the signal we provided, a strong majority of firms
underestimated competitors’ adoption, although some firms did so by a much larger margin
than others. On average, prior beliefs fell 24.5 pp below the signal. Firms updated their beliefs
significantly in response to the information, indicating that respondents paid attention to it.
Consistent with Bayesian learning, the direction and strength of belief updating vary with
the direction and magnitude of prior misperceptions.

Moreover, we observe significant effects of the information on firms’ stated plans to adopt
robotics. On average, the information treatment increased the intention to adopt robotics by
6.5 pp. This average effect is not only statistically significant (p=0.039) but also significant in
magnitude, corresponding to a 17.3% increase relative to the baseline. We further provide two
key robustness checks. First, we show that the effects on expectations and adoption plans
are concentrated among firms that most strongly underestimated competitors’ adoption.?

Second, we find no effects on pre-treatment outcomes, such as current adoption, elicited

2As explained in Section 3.5, due to concerns about potential contamination, we use predicted rather
than raw prior beliefs in this and the subsequent analyses.



before the information-provision stage.

Using a two-stage least-squares (2SLS) model, we estimate the firms’ reaction function:
a 1 pp increase in the share of competitors expected to adopt advanced technologies causes
a 0.732 pp increase in the firm’s intention to adopt robotics by 2027. The steepness of
the reaction function highlights the strength of strategic complementarities in technology
adoption, suggesting that firms’ decisions are highly interdependent.

In contrast to the effects on adoption plans for robotics, we do not find significant effects
on Al adoption. This lack of effect holds both in the full sample and in the subsample of firms
with the largest belief underestimates. This difference should be interpreted cautiously: due
to power limitations, we cannot rule out modest effects on Al adoption. With that caveat in
mind, we discuss some potential explanations for why the treatment effects may have been
weaker for Al adoption. First, the baseline level of Al adoption is quite high, leaving less scope
for any treatment to increase it further. Second, Al is newer and often used experimentally,
which may lead firms to respond more cautiously to information about peers’ adoption.

The treatment effects we document could operate through at least two mechanisms:
competition—firms may want to avoid falling behind their rivals—and learning—firms may
learn about their own potential productivity gains by observing competitors’ adoption deci-
sions. Because these mechanisms are closely intertwined, disentangling them is challenging.
However, we provide suggestive evidence on their relative strength in two ways. First, we
conduct a heterogeneity analysis. Intuitively, the competition channel should be more pro-
nounced for firms that face stronger competitive pressures —in the extreme case, a perfect
monopolist would have no rivals to fall behind, shutting the channel down completely. Using
administrative data, we split the sample according to firms’ market shares and we observe
that the effects are concentrated among firms with below-median market shares. Although
these results should be interpreted cautiously because of their limited precision, they suggest
that the competition channel plays a stronger role. Second, in the 2026 follow-up survey, we
asked firms to rate their agreement with two statements designed to capture the learning and
competition channels. The responses are consistent with the heterogeneity analysis: both
channels appear to be at play, although the competition channel appears to be relatively

more important.



The 2026 follow-up survey also allows us to assess whether stated adoption plans translate
into actual adoption. Firms’ intended adoption in 2025 predicts their actual adoption one
year later, supporting the validity of adoption intentions as an outcome. At the same time,
adoption is slow: only a minority of the firms that planned to adopt by 2027 had done so
by early 2026. Consistent with the baseline effect on intentions, the estimated treatment
effect on actual adoption one year later is positive. However, the estimate is imprecise and
statistically insignificant, as the slow pace of adoption and the smaller follow-up sample leave
us underpowered to detect an effect of the expected magnitude.

We discuss some policy implications of our findings. In recent years, Italy—Ilike other EU
members—has implemented financial incentives to spur innovation, particularly in digitiza-
tion, robotization, and AL.?> Our evidence on the presence of significant information frictions
suggests an additional policy lever that could complement financial incentives. Consistent
with this view, the estimated effects of the information treatment are larger among firms that
did not benefit from the Transition 4.0 programme, although the difference between groups
is statistically insignificant. Governments could deploy information campaigns to better in-
form firms about the productivity of new technologies and the adoption behavior of their
competitors. While further research is needed to determine the design and impact of such
campaigns, their relatively low cost makes them a potentially cost-effective complement to
financial-incentive policies. Additionally, the steep reaction function we find underscores that
policies or shocks affecting some firms can generate large aggregate effects through strategic
spillovers in adoption decisions.

Our study relates to and contributes to several strands of the literature. Most importantly,
it connects to the literature on strategic complementarities. On the theoretical side, this
literature builds on foundational work on coordination games and global games, dating back
to Cooper and John (1988) and Bulow et al. (1985). A theoretical framework closer to our
application is provided by Angeletos and Pavan (2004), who apply these games to investment
and technology adoption. Subsequent research has made substantial advances, including
extensions to multiplayer contexts, in which each agent takes the average reaction function

of others as given; see Weintraub et al. (2008) and the concept of mean-field games in

3For a discussion on how public funding can spur innovation, see Azoulay et al. (2019).



Cardaliaguet et al. (2019).

While theoretical advances in this area continue to emerge, progress on the empirical
front has proved more challenging. Causal identification is difficult: when adoption choices
are correlated among competitors, it is hard to disentangle whether this reflects strategic
complementarities or shared exposure to correlated shocks. The seminal paper by Bloom
et al. (2013) tackles this challenge by exploiting changes in federal and state tax incentives for
research and development. To document adoption spillovers in robotics, Bilgin et al. (2025)
uses an identification strategy that leverages firm-level input-output VAT network data from
Turkey. Lin (2023) studies strategic complementarities in the adoption of electronic medical
records by U.S. hospitals, using an instrumental-variable strategy that leverages cross-market
spillovers within hospital systems. We contribute to this literature with an identification
strategy based on experimental variation, which requires minimal assumptions.*

Our study also relates to the broader literature on innovation and the adoption of new
technologies. Most closely related is the contemporaneous work of Menkhoff (2025), who
shows that providing German firms with information about Al productivity gains and indus-
try adoption rates increases their beliefs about Al’s productivity potential and their adoption
of these technologies. Hill and Stein (2025) study how competition to publish first shapes sci-
entists’ research decisions. Abebe et al. (2025) randomize two interventions among Ethiopian
firms to assess the role of competition in firms’ investment in management training, finding
that firms in this setting do not feel threatened by competition.” We contribute to this liter-
ature by providing evidence that firms’ misperceptions about competitors’ adoption can be
a significant source of underinvestment.

More broadly, our study contributes to the literature using surveys and randomized in-
formation provision for causal inference in macroeconomics (Coibion and Gorodnichenko,
2026). For example, using a large survey of New Zealand firms, Coibion et al. (2018) show
that managers are poorly informed about aggregate conditions and that their misperceptions

shape their pricing, employment, and investment decisions.

4While examining a setting different from innovation, our approach is methodologically related to Coibion
et al. (2021), who provide experimental evidence on the role of higher-order beliefs about inflation in firms’
pricing decisions.

5Other related studies include Comin and Hobijn (2010), Atkin et al. (2017), Gupta et al. (2024), Ben-
civelli et al. (2025), Kalyani et al. (2025), and Diirnecker et al. (2026).



The rest of the paper is organized as follows. Section 2 describes the institutional setting
and data. Section 3 presents details about the design and implementation of the experiment.
Section 4 discusses technology adoption and misperceptions about competitors’ adoption.
Section 5 documents the effect of the information treatment on firms’ beliefs. Section 6
presents the effects of the information on firms’ own adoption plans. The last section con-

cludes.

2 Institutional Context and Data

2.1 Italian Firms

We focus on the context of Italian firms. Italy is a developed economy with both a strong
presence and considerable growth potential in advanced technologies. Italy is one of Europe’s
largest industrial economies—its manufacturing base is extensive, ranking second in Europe
after Germany. In robotics, Italy’s industrial sector is the third-largest user of robots in
Europe—and the first if the automotive industry is excluded (Bank of Italy, 2024). Italy is
also a major producer and exporter, leading Europe in the number of robot and automation
suppliers.® AI adoption is also growing among Italian firms but remains below the European
Union average in both manufacturing and services.” Finally, Italy is implementing a plan of
subsidies for firms investing in advanced technology—the National Recovery and Resilience

Plan, which is funded through the EU programme NextGeneration EU.

2.2 The INVIND Survey

The INVIND questionnaire includes a section that remains constant each year, covering
general information about the firm and its structure, investment, employment, turnover,
operating results, capacity utilization, and financing. It also contains a variable section that

changes annually, focusing on different thematic areas. For this study, we collaborated to

SItaly has 655 companies, followed by France with 628 and Germany with 540 (HowToRobot, 2023).

"According to the EU survey on ICT usage and e-commerce in enterprises (2025 wave), the share of
firms with at least 10 employees adopting Al technologies is 13.5% for the EU and 8.2% for Italy (European
Commission, 2025).



design a dedicated module featuring an information-provision experiment. A key advantage
for this experiment is that past waves of the INVIND survey included questions on the
adoption of advanced technologies—allowing us to construct the information necessary for
our intervention.®

Each survey wave recruits a large sample of about 4,000 firms. Since a light-touch infor-
mation treatment like the one in our study is expected to have modest effects, we require this
type of large sample to have sufficient statistical power to detect plausible treatment effects.
The surveys are conducted annually between February and May. Anecdotally, responses are
provided by or completed with assistance from managers responsible for the firm’s planning
and operations—typically an owner-manager or chief executive officer in small and medium-
sized firms and a chief financial officer or similar executive in larger firms (De Marco et al.,
2021). Unfortunately, the survey does not explicitly record the roles of the individuals in-
volved in completing the questionnaire.’ It does, however, include one question that can
serve as a rough proxy: “Did a company manager, or someone working closely with one,
assist you in answering any of these questions?” About 54% of firms answered yes.'”

Some of the questionnaires are completed with the assistance (in person or over the
phone) of officers from the Bank of Italy’s branches, which likely improves the overall quality
of responses. Once collected, the survey data undergo exhaustive quality checks to ensure
consistency and reliability—see Appendix B for more details. The survey has a long track
record dating back to 1972 and adheres to best practices in survey design and testing. Past
validation studies show, for example, that INVIND responses align closely with national
accounts data (Caprara et al., 2024) and balance-sheet records (D’Aurizio and Papadia,
2016).

Since 2002, the survey has been representative of the population of non-financial firms
with at least 20 employees headquartered in Italy, selected through a stratified sampling

method.!* The survey data also include sampling weights to account for selection proba-

8These questions on adoption of advanced technologies have appeared in several waves since 2016.

9 According to responses to a question at the end of the survey, 38% of firms reported that the questionnaire
was filled out by one person, 29% by two people, 22% by three people, and the remainder by more than three
people.

190ne caveat is that if the manager is the only respondent, that person might answer negatively because
the manager completed the questionnaire directly.
'More detailed information about the methodology of the survey can be found in Bank of Italy (2017).



bilities. Following common practice with INVIND data (Guiso and Parigi, 1999; Cingano
et al., 2016; Bottone, 2025), all results presented in this paper are reweighted unless stated
otherwise.

The INVIND survey has a panel component: over the past ten years, 83% of firms have
participated in at least two consecutive survey waves. We therefore included a short follow-
up module in the 2026 survey wave. This follow-up survey had a few different goals, which

are described in more detail in Section 3.2 below.?

2.3 Balance-sheet Data

We merged the survey responses with balance-sheet data at the firm level.'® The Company
Accounts Data Service (CADS) is a proprietary database maintained by Cerved Group, an
information provider and one of Europe’s major credit rating agencies. The database con-
tains detailed balance sheet and income statement information for nearly the full universe of
Italian limited liability companies since 1993. Firms are legally required to file these financial
statements with their local Chambers of Commerce, and Cerved compiles and harmonizes
these filings to construct CADS, which is updated annually.

The most recent data available correspond to fiscal year 2024. We use CADS to construct
pre-treatment measures of firms’ market shares and industry concentration. Specifically, we
define firm-level market shares as the ratio of a firm’s net revenues to the total net revenues

4

of all firms operating in the same sector.!* Using these market shares, we compute the

Herfindahl-Hirschman Index (HHI) for each sector, defined as HHI; = zfﬁl m?;, where N;

Z?]’

is the number of firms operating in sector j and m, ; is the market share of firm ¢ in sector j.

12 Additionally, in the future, we may be able to estimate treatment effects on additional outcomes using
administrative datasets. For example, we could use data on domestic invoicing and customs records to
measure robotics adoption by identifying whether a firm purchased robots from domestic or foreign suppliers.
Unfortunately, because these administrative datasets become available only after a lag of one or more years,
access to the data may take some time.

13In addition to the balance-sheet data, our intention was to merge the survey responses to other ad-
ministrative sources (e.g., domestic and customs transactions) to estimate treatment effects on additional
outcomes. However, these datasets may become available only after a several-year lag, so it may take years
before we can use them for this purpose.

HSector definitions can be constructed at different levels of granularity. In most of the analysis, we adopt
the same 11-sector classification used to compute the signals for the experiment.



3 Research Design

3.1 Survey Design

The survey instrument for our tailored module in the 2025 wave is provided in Appendix F
and described below.!?

We focus on the adoption of two important types of automation technologies that have
experienced rapid growth in recent years: Al and robotics. The 2025 module begins by
defining predictive and generative Al (hereafter, Pred.-Al and Gen.-Al, respectively), as
well as robotics. We ask some questions separately for Pred.-Al and Gen.-Al rather than
combining them into a single question on Al because Gen.-Al is more recent and expanding
rapidly, and we wanted to measure its growth separately.

We began by asking firms whether they had adopted each of these three technologies.
Mimicking the question format from previous survey waves, we used a scale that distinguishes
between experimental, limited, and extensive use.'¢

We then elicited beliefs about competitors’ adoption of advanced technologies. Specifi-
cally, we asked: “In your opinion, what is the share of companies similar to yours in terms
of sector and size, potentially your competitors, that are currently using robotics and/or
artificial intelligence (generative and/or predictive AI)?” Subjects could choose from bins of
10 pp: below 10%, between 10% and 20%, and so on, up to above 90%. We refer to the
response to this question as the prior belief. In the following analysis, we use the midpoints
of each bin (e.g., 5% for the first bin, 15% for the second, etc.).

Immediately after eliciting the prior belief, half of the firms were randomly assigned to
receive information about the share of competitors that had adopted advanced technologies.
We refer to this information as the signal. To calculate the signal, we used responses from
the previous wave of INVIND. For reference, Appendix H includes the survey module on

advanced technologies from the 2024 wave. We calculated the share of firms that reported

5For a copy of the full questionnaire—including our module as well as all other sections—see Bank of
Ttaly (2025).

16 As a complementary measure, we also asked firms to report the share of their total 2024 investment that
was directed toward these advanced technologies.

10



having already adopted AI or robotics or that planned to do so by the end of 2024.}7 We
divided the 2024 respondents into cells based on sector and firm size, then calculated the
adoption share within each cell. For sectors, we used the INVIND taxonomy consisting of
11 sectors.'® For size, we split firms into those with fewer than 50 employees and those with
50 or more.!? This procedure resulted in 22 distinct sector-size cells. The average number of
respondents per cell was 154. The corresponding signals for each sector-size cell used in the
information treatment are reported in Table C.1.

Returning to the 2025 module, after the information-provision experiment, firms were
asked to report their expectations about the share of competitors that will be using these
technologies by 2027. This question, which we refer to as the posterior belief, was posed
to all respondents, regardless of whether they received information or not. These posterior
beliefs allow us to assess whether firms adjusted their expectations about future competitor
adoption in response to the information provided about current competitor adoption.

After eliciting the posterior belief, we asked respondents about their own intentions to
adopt each of the three advanced technologies (Pred.-Al, Gen.-Al, and robotics) by 2027.%
The goal is to test whether the information treatment affected firms’ plans to adopt advanced
technologies themselves.

As with all new questions included in the INVIND survey, the items from our module
were tested by the Bank’s branches through small pilot studies to assess whether they were

easy to understand and whether the information was generally accessible to respondents.

ITMore precisely, we calculated the share of respondents who did not answer “not currently used and not
expected to be introduced by December 2024” to either question TEC5N or TEC11N from the 2024 wave.

BSector classifications in INVIND follow the Italian Statistical Institute’s taxonomy, Ateco 2007. The
sectors included in the analysis are listed in Figure 1.

19We faced a data-availability limitation: although the 2024 survey asked for the exact number of employ-
ees, only the binary classification for fewer or more than 50 employees was readily available when implementing
the 2025 experiment. In any case, this split at 50 employees is a reasonable choice, given the trade-off be-
tween granularity and precision: using finer groups would provide more detailed information but at the cost
of smaller sample sizes and thus lower precision.

20We used the same scale as for baseline adoption, distinguishing between no adoption, experimental,
limited, or extensive use.
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3.2 Follow-up Survey

All the firms who responded to our baseline survey were invited to participate in another
survey wave one year later, in 2026. We included a short module in that survey, which we
refer to as the follow-up survey. This module included a few questions specifically designed
for this project. A copy of the full survey instrument is attached as Appendix G and is
summarized below.

We included a key pair of questions intended to provide suggestive evidence on the rel-
ative strength of the competition and learning channels. The question began with “With
reference to advanced technologies (e.g. Al, robotics), to what extent do you agree with the
following statements?” The question then provided two statements—the order of which was
randomized to address any potential ordering effects. One statement was intended to assess
the presence of the learning channel: “The use of these technologies by other non-competitors
(e.g. foreign suppliers or companies active in markets other than Italy) indicates their effec-
tiveness and increases the likelihood of our company adopting the same technologies.” The
other statement was intended to assess the presence of the competition channel: “The use of
these technologies by our competitors increases the likelihood of our company adopting the
same technologies, in order not to lose competitiveness.” For each statement, the respondent
could indicate a value between 1 and 5, where 1 means “fully disagree” and 5 means “fully
agree.” Whether firms agree more with one statement than the other can provide suggestive
evidence on the relative importance of the competition and learning channels.

Additionally, the follow-up survey included some questions similar to those from the base-
line survey—for example, one question on the adoption of advanced technologies. The goal of
including these questions was twofold. First, from a descriptive perspective, we can measure
how firms’ intended adoption at the end of the baseline survey relates to their adoption levels
twelve months later. Second, we can measure treatment effects on the outcomes measured
one year later.

Lastly, the follow-up questionnaire contained additional questions included by the Bank
of Italy for purposes outside the scope of the study but that we use for descriptive analyses.

These include questions on the specific types of generative Al tools currently used by the

12



firm, the business functions in which Pred.-Al and Gen.-Al are primarily employed, and
firms’ assessments of how Al adoption has affected, and is expected to affect, productivity,

employment, and investment over the previous and following three years.

3.3 Survey Implementation

A total of 3,983 firms participated in the 2025 survey wave. Because the questionnaire was
relatively long, not all firms completed every module. The questions on Al and robotics were
placed in the middle of the survey and were not mandatory. As a result, about 900 firms did
not answer the key questions in our module, including those on current adoption and prior
beliefs. This leaves us with an analysis sample of approximately 3,080 firms. For consistency,
unless explicitly stated otherwise, all analyses use this respondent sample.

All firms that participated in the 2025 survey were invited to take part in the 2026
follow-up survey. Among the 3,080 firms in the main analysis sample, 80% completed the Al
module in the follow-up survey. Response rates were balanced across experimental groups:
the response rate was 79% in the control group and 80% in the treatment group, with no

statistically significant difference.

3.4 Descriptive Statistics and Randomization Balance

Column (1) of Table 1 reports descriptive information about the subject pool in our baseline
survey. The average firm is 40 years old and employs 96 workers; however, more than half of
the firms have fewer than 50 employees. This pattern is typical of Italy and Europe, where
firms are predominantly small and firm entry rates are low.

For the randomization balance check, columns (2) and (3) of Table 1 present average pre-
treatment characteristics by control and treatment groups. For each characteristic, column
(4) reports the p-value from a test of the null hypothesis that the means are equal between the
two groups. Table 1 shows that, consistent with successful random assignment, pre-treatment
characteristics are balanced across treatment and control groups.

Our main outcome of interest is whether a firm intends to adopt advanced technologies

by 2027. To gauge baseline levels, we examine average intended adoption in the control

13



group: 48% intend to adopt Pred.-AI by 2027, 52% intend to adopt Gen.-Al, and 37.5%
intend to adopt robotics. These expected adoption rates are well above current adoption
levels. For reference, column (2) of Table 1 shows that among firms in the control group,
16.6% had already adopted Pred.-Al, 25.0% had adopted Gen.-Al, and 23.0% had adopted
robotics. Firms with Al and robotics use are usually larger, more investment-intensive and

export-oriented (see Appendix B.3 for more details).

3.5 Imputation of Prior Beliefs

One potential concern is that when individuals are provided with information, they may “go
back” and change their answers to earlier questions, particularly the one on prior beliefs. That
is, due to social desirability bias, individuals may not want to appear ignorant and might
therefore attempt to correct previous answers if given the chance. In online surveys, this
concern can be fully mitigated by simply preventing respondents from returning to previous
questions. For example, if a respondent learns that competitors’ adoption rates differ from
what they guessed in the prior-belief question, they cannot go back to change that initial
response.

Unfortunately, the survey’s delivery method did not allow us to implement this standard
mitigation measure for all respondents. For about 5% of subjects, the survey was completed
through an in-person visit from an interviewer, which effectively prevented respondents from
revising their prior beliefs after receiving the information treatment. For the remaining 95%,
however, this safeguard was not in place. Respondents typically accessed the survey through
an online platform, either completing the questionnaire directly on the platform (web self-
administered) or by downloading and filling out a PDF version (remote self-administered).?!
As a result, after reading the information, respondents could easily edit their earlier answers—
most importantly, their prior belief. Due to constraints in the survey structure, the prior-
belief question was placed immediately before the information provision, making it both easier
and more tempting for respondents to revise their initial guess if it appeared inaccurate.

Whether prior beliefs were contaminated is straightforward to test empirically. Under the

21Some firms (around 30%) began completing the questionnaire with assistance from Bank of Italy per-
sonnel via telephone but later continued it on the online platform.
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absence of contamination, the distribution of prior beliefs should be indistinguishable between
the treatment and control groups. By contrast, if treated subjects revised their prior beliefs
after receiving the information, we would expect the treatment group’s prior beliefs to be
more accurate than those of the control group. The data suggest no contamination of prior
beliefs among the 5% of firms that responded via in-person visits, but some contamination
among the remaining firms—for details, see Appendix C.

This does not mean that the prior-belief question is useless. Such responses are typically
used for two purposes. The first is to characterize the distribution of prior misperceptions.
For this purpose, we can simply restrict the analysis to the control group, who did not receive
any information and thus faced no risk of contamination.

The second use of prior beliefs is for heterogeneity analysis. Intuitively, when presented
with information, individuals should adjust their posterior beliefs upward, downward, or
not at all, depending on whether their prior beliefs were below, above, or equal to the
information. Even if some contamination exists, this heterogeneity analysis can still be
conducted properly by using imputed prior beliefs. Specifically, using the control group—
where contamination is not possible—we estimate a model that predicts prior beliefs based
on pre-treatment firm characteristics. We then apply the estimated parameters to predict
prior beliefs not only for the control group but also for the treatment group.?? These imputed
priors are then used to perform the heterogeneity analysis. The results of this imputation
method, presented in Appendix C, show that the imputed prior beliefs, as intended, are

statistically indistinguishable between the treatment and control groups.?

22For consistency with the measurement of raw prior beliefs (defined as the midpoints of ten bins), we
round the estimated priors to the midpoint of the corresponding decile. For example, an imputed prior belief
of 17% is rounded to 15%.

23Even when using raw prior beliefs, their inherently subjective nature implies that they are measured
with noise, introducing attenuation bias. The imputation process adds further noise, thereby amplifying this
bias and working against our results.
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4 Technological Adoption and Misperceptions

4.1 Level and Trends in the Use of Advanced Technologies

Figure 1 presents descriptive evidence on the levels and trends in the use of advanced tech-
nologies.?* Panels (a) and (c¢) correspond to the results on Al adoption. Earlier modules in
the INVIND survey did not ask adoption questions separately for Pred.-Al and Gen.-Al, so
these panels focus on Al adoption in general.?®> Panel (a) shows current usage in 2025, based
on responses from the 2025 wave. Around 28% of firms reported using Al that year. Usage
intensity varies widely—most firms employ Al experimentally or in a limited capacity, while
the remainder use it extensively. There is also notable variation across sectors: the lowest
adoption rates are observed in Textiles, Clothing, and Footwear (14%), and the highest in
Real Estate and Other Services (48%).

As additional descriptive evidence, we included at the beginning of our module a question
on the share of total investment devoted to advanced technologies in 2024. Among firms that
adopted Gen.-Al, Pred.-Al, or robotics in a limited or experimental way, the median share of
total investment allocated to advanced technologies was 2.5%. Among firms with extensive
use of Al technologies, the median share was 4.4%, while among firms with extensive use of
robotics it was considerably higher, at 15.5%.

Panel (c) of Figure 1 depicts the evolution of Al usage over time. Al adoption has
accelerated sharply: the average annual increase rose from 0.5 pp in 2018-2020 to 2.3 pp
in 20202024, and then to 14 pp in 2024-2025.26 These Al adoption rates measured in our

24For further descriptive analysis of advanced-technology adoption, see Bencivelli et al. (2025), which uses
data from the 2024 INVIND wave.

25For a breakdown of results by predictive and generative Al, see Appendix D.1.

26The corresponding raw increases over each period are: 1 pp in 2018-2020, 9 pp in 2020-2024, and 14 pp
in 2024-2025.
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survey are broadly consistent with those reported in other data sources.?” Moreover, our data
on expected adoption indicate that this exponential growth will continue, with the share of
companies intending to adopt Al expected to double by 2027 (reaching 56%).

Panels (b) and (d) of Figure 1 mirror panels (a) and (c) but depict robotics adoption
instead of Al adoption. In 2025, around 23% of firms used robots—a rate comparable to Al
adoption. However, there are notable differences between the two. First, robotics adoption
varies much more across sectors: for example, Basic Metals and Engineering and Other
Manufacturing exhibit the highest 2025 adoption rate (48%), while Transport, Storage, and
Communication show the lowest (5%). Second, the trajectory of robotics adoption differs
from that of AIl. Robotics uptake has been more stable, showing only modest growth in 2024
and with slower expansion projected through 2027. Robot usage is also more entrenched:
while the share of firms adopting Al is similar to that of firms adopting robots in 2025, the
former is primarily experimental, whereas the latter displays a substantially larger share of

extensive use.

4.2 Misperceptions about Competitors’ Adoption

Panel (a) of Figure 2 presents the results on perceived competitors’ adoption of advanced
technologies. Specifically, it shows the distribution of perception gaps in the control group.
The x-axis measures the difference between the signal—our best guess for the “true” adoption
rate—and the firm’s corresponding prior belief. This histogram is constructed using the raw
prior beliefs rather than the imputed ones, as the analysis is restricted to the control group
and thus free from contamination concerns. Positive x-axis values indicate underestimation,
negative values indicate overestimation, and a value of zero corresponds to accurate priors.

Only a small share (2%) held accurate priors (within £2.5 pp of the truth), and a similarly

27 According to the 2025 wave of the EU survey on ICT usage and e-commerce in enterprises, 13.5% of
EU firms and 8.2% of Italian firms with at least 10 employees have adopted Al technologies. Among large
enterprises (more than 249 employees), these shares rise to 41.2% and 32.5%, respectively. Similarly, the
2025Q2 Survey on the Access to Finance of Enterprises (SAFE) reports that 34% of European firms have
invested in AI technologies at some point, with the figure reaching 47% among large firms. Differences across
surveys likely reflect variations in question design and sampling. In particular, the EU ICT survey covers all
firms with more than 10 employees, whereas INVIND focuses on relatively larger firms (over 20 employees),
which tend to exhibit higher adoption rates. Moreover, the SAFE survey includes firms that have invested
in Al at any point in the past, even if they are not currently using or investing in such technologies.
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small share (4%) overestimated adoption by at least 2.5 pp. The vast majority (93%) under-
estimated competitors’ adoption by at least 2.5 pp, with many underestimating by a large
margin and some by as much as 50 pp or more. On average, prior beliefs underestimated
actual adoption by 24.5 pp, and the Mean Absolute Error was 26.2 pp.?® Firms with larger
prior misperceptions tend to be larger, more often manufacturers, more likely to export, and
less likely to invest in advanced technologies (see Appendix B.3 for more details).

When interpreting the evidence from Panel (a) of Figure 2, one caveat should be kept in
mind. To measure true misperceptions, one would ideally compare prior beliefs to the actual
adoption rates. In our case, however, the true adoption rates are not perfectly observable.
Instead, we rely on a signal that is subject to some measurement error, since it is computed
using a finite sample of respondents and therefore affected by sampling variation. More-
over, as is common in the measurement of beliefs, prior beliefs themselves may also contain
measurement error—for example, due to some subjectivity in the wording of the question.?’
Consequently, some of the gaps shown in Panel (a) of Figure 2 may partly reflect measure-
ment error in the signal and in the prior beliefs. Nonetheless, given the large magnitude of
these gaps, our preferred interpretation is that measurement error is unlikely to fully explain
these patterns and that they largely reflect genuine misperceptions.

Our finding that firms hold misperceptions about factors relevant to their decision-making
is consistent with a growing body of evidence showing that firms—even large ones—can hold
substantial misperceptions. For instance, Cullen et al. (2026) show that firms misperceive
the wages offered by other employers. Similarly, Kim (2025) shows that firms are often
uninformed about their competitors’ prices. Finally, Coibion et al. (2018) use survey data to
document significant misperceptions about macroeconomic conditions, such as inflation and

economic growth.

28The signal about the current adoption in 2025 was computed using survey responses from the 2024 wave.
In the treatment message, we explicitly mentioned that the signal was based on responses to the last survey:
“The findings of the last survey...”. In 2024, the question asked firms whether they had adopted or were
planning to adopt by December 2024. Because the 2025 wave was conducted between February and May 2025,
one could argue that the signals we provided slightly underestimate true adoption rates, to the extent that
adoption likely continued to increase between January and May 2025. However, that mismatch is probably
negligible in magnitude, and would only imply that the degree of underestimation is even larger—further
reinforcing the main message.

29For example, different respondents may interpret differently what “similar to yours in terms of sector
and size” means.
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Given the substantial misperceptions about competitors’ adoption of advanced technolo-
gies, we can discuss some of their potential sources. One likely contributor is the exponential
growth of these technologies: without actively seeking information, firms’ beliefs can quickly
become outdated. Another source of misperceptions is friction in information diffusion. On
the one hand, firms may have incentives to publicize their technological adoption—for ex-
ample, to signal innovation to customers or demonstrate growth potential to investors. On
the other hand, firms may prefer to conceal adoption to preserve a competitive edge.? In
practice, these frictions mean that information about technological adoption often travels
through informal networks rather than formal disclosures. For instance, related evidence
suggests that information diffuses among firms through informal networks of executive board

members (Faia et al., 2026) and business owners (Cai and Szeidl, 2018).3!

5 Effect of the Information Treatment on Firms’ Be-
liefs

To model belief updating, we apply the simple Bayesian learning framework from Cavallo
et al. (2017). Let s;; denote firm i’s belief about the share of competitors that have adopted
advanced technologies up to 2025, and let s;;1; denote the expectation about the share of
firms that will adopt the technology in the future. We assume that firms form their future

expectations by projecting their perceptions about the past:

Sigr1 =N+ B+ S, (1)

where [ captures the degree of pass-through from perceived past adoption to expected future
adoption. In this context—characterized by a period of sustained growth in adoption rates—

it would be natural to expect 8 > 1. In other words, firms anticipate that future adoption

39Whether firms share information about innovation or other strategic decisions depends on the trade-off
between losing customers and internalizing the benefits of mutual learning—see for example Stein (2008).

31A further factor may be broader uncertainty about productivity, which is often higher in the early stages
of a technological breakthrough—such as Al-—and tends to decline as data accumulate; see Crawford and
Shum (2005) and Farboodi et al. (2019).
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rates among competitors will exceed current levels.*?

Let T; be an indicator variable equal to 1 if the individual was randomly chosen to
receive a signal and 0 otherwise. We start with the case in which the individual receives the
information (7; = 1).

In this case, the firm’s posterior belief about current adoption, s;;, may depend on the

firm’s prior belief about current adoption (s},) and on the signal (s/,) received via the experi-

ment. Based on the assumptions of a Bayesian learning model with Gaussian distributions,®?
after observing the information the individual is expected to update beliefs about past adop-

tion as follows:

si,t:a~szt—|—(1—a)'sgt it T, =1, (2)

where a € [0, 1] is the weight assigned to the new information relative to the prior belief,
which depends on the accuracy of the prior belief relative to the accuracy of the signal. If

we combine equations (1) and (2) we obtain the following expression:

Sitp1 =n+a- - (sft — s?,t) +5 - sﬁt if T, =1 (3)
| —
Prior Gap

The key prediction from the model is that, for individuals who received information,
the belief update should be a linear function of the prior gap. Intuitively, respondents who
overestimated the true share of adopters should revise their belief downward upon receiving
the signal; those who underestimated should revise it upward; and those who were already
accurate should exhibit no updating. Note also that the strength of this belief updating is
given by the product of the two key parameters: the learning weight (o) and the degree of
extrapolation (/).

32Whether we expect 3 to be above, equal to, or below 1 is context specific. In particular, it depends on
whether the variable being forecasted is expressed in levels or in growth rates. For example, in the context
of home price expectations, we would expect future price levels to exceed current levels, implying 8 > 1.
However, if the variable being forecasted is the growth rate of prices, we might expect 8 = 1 (if growth is
expected to continue at the same pace) or § < 1 (if mean reversion is expected).

33These assumptions include that the priors and the signal are normally distributed, and the variance of
the prior and the signal is independent of the prior’s mean. See Section C of Cavallo et al. (2017) for further
discussion.
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One possible concern with estimating equation (3) directly is that individuals may ap-
pear to adjust their beliefs toward the signal for reasons unrelated to actually receiving the
information. For instance, simply being asked the same question twice could prompt them
to reflect more carefully, revise their earlier response, or fix typographical mistakes, which
would mechanically bring their second answer closer to the truth. To separate genuine learn-
ing effects from these spurious sources of updating, we rely on the randomized assignment of

information and estimate the following specification:

Sige1 =Y +71 15 - (Sﬂ - S?,t) + 72 (Sg:t - S?,t) +73 S?,t + €t (4)

Intuitively, the key parameter is ~;, which measures whether the slope between belief
updates and prior gaps is stronger for individuals who received information (7; = 1) than for
those who did not (7; = 0). In terms of equation (3), this parameter 7, identifies the product
a - B. In turn, v, identifies the degree of spurious learning, while 3 identifies the parameter
B. Thus, by taking the ratio %, we can separately identify the parameter «.

The results for the effects of the information on belief updating are presented in panel (b)
of Figure 2. The y-axis represents the posterior belief (s;:41) and the x-axis represents the
imputed prior misperceptions (sz:t — S?Vt). As predicted by the simple learning model of equa-
tion (4), the treatment and control groups exhibit significantly different slopes. Moreover,
this figure reports the estimates for parameters § and « from estimating equation (4). The
estimated [ is large (1.19) and statistically significant (p<0.001). The fact that 5 is above
1 indicates that, on average, firms anticipate strong growth in the adoption of advanced
technologies between 2025 and 2027—a reasonable expectation given the exponential growth
observed in recent years.

In turn, the estimated « is positive (0.28) and statistically significant (p < 0.001). This
estimate suggests that subjects placed significant weight on the signal, implying that subjects
both understood the information and regarded it as trustworthy and relevant. Moreover, the
magnitude of the weight can be compared with that reported in other experiments. For
example, Cavallo et al. (2017) find that, when forming inflation expectations, the average

Argentine respondent assigns a weight of 0.432 to the inflation signal. Similarly, Fuster
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et al. (2022) find that, when forming home-price expectations, the average subject assigns
a weight of 0.380 to the signal. The weight in our study (0.28) is somewhat lower than in
these other contexts (0.432 and 0.380), though not dramatically so. There are two potential
explanations that could, individually or jointly, account for this difference. First, relative
to the other studies, subjects in our setting may perceive the signal as less precise. The
other studies rely on information derived from large samples—such as the Consumer Price
Index—whereas our signal is based on a smaller sample of respondents from a previous survey
wave. As a result, subjects in our context may reasonably infer that the signal is noisier and
therefore place less weight on it. Second, part of the difference may reflect attenuation bias,
as prior beliefs in our study are imputed—and therefore noisier—whereas in the other studies

they do not need to be imputed.

6 Effect of the Information Treatment on Firms’ Own

Future Adoption Plans

6.1 Intention to Treat Estimates

Panel (a) of Figure 3 reports the average treatment effects across several outcomes. The first
outcome is the expected share of competitors adopting advanced technologies by 2027. The
treatment raises this expectation by 8.0 pp (p<0.001), from 19.2% to 27.3%. This result is
intuitive: because individuals tend to underestimate competitors’ adoption, providing them
with accurate information about actual adoption leads them to revise their beliefs upward—
both about current adoption and, in turn, about expected future adoption.

The other three outcomes reported in panel (a) of Figure 3 correspond to the intention to
adopt Pred.-Al, Gen.-Al, and robotics, respectively.?* For robotics, we find that, relative to
the control group, the information treatment increased the intention to adopt by 6.5 pp. This
effect is both statistically significant (p = 0.039) and economically meaningful, representing

6.5

a rise from 37.5% to 44.0%—a 17.3% increase (= zz%). In contrast, we find no significant

34In the baseline specification, we distinguish between intended use and no intended use, regardless of
intensity. For transparency, Appendix D presents the main result separately by intensity level.
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effects on the intention to adopt Al technologies: the estimated impacts are close to zero
(2.3 pp for Pred.-Al and -0.1 pp for Gen.-Al) and statistically insignificant (p=0.478 and
p=0.985, respectively). These null results, however, should be interpreted with caution, as
the estimates are imprecise and do not rule out modest positive effects—we discuss this issue
in greater detail at the end of this section.?”

One caveat to keep in mind when interpreting the effects of information on robotics
adoption is the possibility of experimenter-demand effects. For example, after learning that
competitors’ adoption rates are higher than expected, some respondents may feel pressure to
report greater adoption intentions themselves. This explanation appears unlikely, however,
because we find effects for robotics but not for AI, and it is unclear why experimenter demand
would influence responses for one technology but not the other.

To assess whether these findings are real or spurious, panel (b) of Figure 3 reports a series
of falsification tests. It mirrors panel (a) but uses pre-treatment outcomes instead of post-
treatment ones. Since the treatment had not yet been administered, we expect no effects
on these pre-treatment outcomes. The first pre-treatment outcome is the (imputed) prior
belief. As expected, the difference in prior beliefs is close to zero (0.1 pp) and statistically
insignificant (p = 0.777). The other three pre-treatment outcomes correspond to the current
adoption of Pred.-Al, Gen.-Al, and robotics technologies. For robotics, the effect is negligible
(-0.1 pp) and statistically insignificant (p = 0.971). Similarly, for Pred.-Al and Gen.-Al, the
effects are small (3.3 pp and 0.1 pp, respectively) and statistically insignificant (p = 0.180
and 0.978).

Next, we examine heterogeneity in treatment effects by prior beliefs. Intuitively, firms
that more strongly underestimated their competitors’ adoption should update their beliefs
more sharply in response to information and, as a result, exhibit a stronger increase in
their intention to adopt. Indeed, this is exactly what we find. Figure 4 presents these
results, effectively splitting panel (a) of Figure 3 into two groups: firms with prior gaps
below versus above the median. The below-median group includes a mix of firms that either

somewhat overestimated or underestimated competitors’ adoption, with prior gaps ranging

35For instance, although the point estimates are close to zero (2.3 pp for Pred.-AI and -0.1 pp for Gen.-Al,
respectively), the corresponding 90% confidence intervals cannot rule out effects of up to 7.8 pp and 5.4 pp,
respectively.
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from -21.3 pp to 24.1 pp. The above-median group consists of firms that most strongly
underestimated competitors’ adoption, with prior gaps ranging from 24.2% to 57.7%.

Panel (a) of Figure 4 shows that, as expected, the effect on posterior beliefs was highly
heterogeneous with respect to prior gaps: 3.1 pp (p=0.147) for the below-median group versus
13.1 pp for the above-median group, with the difference of coefficients being statistically
significant (p<0.001). Consistently, panel (d) of Figure 4 shows that the treatment effects
on the intention to adopt robotics were also highly heterogeneous: 2.7 pp (p=0.584) for
the below-median group versus 11.7 pp for the above-median group, and the difference is
statistically significant (p<0.001).

For individuals with above-median prior gaps, we find a large effect on robotics adoption
(panel (d)). By contrast, for Pred.-Al and Gen.-Al adoption, we do not find significant effects
within this same subgroup. Panels (b) and (c) of Figure 4 show that, even among individuals
with above-median prior gaps, the effects of information were close to zero (-0.5 pp for Pred.-
AT and 1.0 pp for Gen.-Al) and statistically insignificant (p = 0.895 and 0.780, respectively).
For completeness, Figure 5 presents the heterogeneity analysis for the falsification outcomes.
Specifically, it replicates panel (b) of Figure 3, splitting the sample into below-median and
above-median prior gaps. The estimated differences are small and, in all but two of the eight
comparisons, statistically insignificant at conventional levels.*°

Since the treatment did not increase planned Al adoption even among those with above-
median prior gaps, this might appear at first glance to be a null effect. However, this result
should be interpreted with caution, as the estimates are imprecise and therefore do not allow
us to rule out modest positive effects on AI adoption. For instance, although the point
estimates from panels (b) and (c) of Figure 4 are close to zero (-0.5 and 1.0 pp, respectively),
the corresponding 90% confidence intervals cannot rule out effects of up to 5.4 pp and 6.9 pp,
respectively. In other words, we cannot rule out Al adoption effects roughly half as large as
those observed for robotics adoption (11.7 pp).

While we cannot rule out positive treatment effects on Al adoption, the evidence suggests

36The two exceptions are imputed prior beliefs among firms with above-median prior gaps (0.6 pp,
p=0.062)—a difference that is economically negligible—and current use of robotics in the same subgroup
(5.3 pp, p=0.064). Given the large number of falsification tests we conduct, some are expected to be signif-
icant just by chance. Across the twelve comparisons reported in panel (b) of Figure 3 and in Figure 5, we
expect 1.2 differences significant to be significant at the 10% level just by chance.
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that they were probably weaker than the corresponding effects on robotics adoption. We can
offer some plausible explanations for this difference. The first relies on differences in baseline
adoption rates. In the control group, intended Al adoption is higher than intended robotics
adoption—37.5% for robotics versus 48.0% and 52.0% for Pred.-Al and Gen.-Al, respec-
tively. The substantially higher baseline rates for AI may simply leave less room for further
increases. A second factor may be that, at the time of the experiment, robotics was a more
established technology than AI, with a much longer history of adoption and more extensive
rather than experimental use. As a result, if a firm learns that robotics adoption is higher
among competitors, the perceived urgency to respond may be greater. Indeed, responses to
a question in the follow-up survey are consistent with this interpretation. Most firms report
that Al adoption has produced little or no measurable improvement in productivity over the
past three years, although they are considerably more optimistic about its expected effects
over the next three years. Additionally, another survey shows that firms face challenges that

may be unique to Al adoption, such as a lack of skills or limited applicability.?”

6.2 From Ex-Ante Intentions to Ex-Post Adoption

One caveat to keep in mind is that treatment effects on intentions may translate only slowly
into actual adoption, or not at all. The adoption of advanced technologies is typically a
gradual process, involving multi-year investments and training. Thus, even when intentions
are strong, adoption may take time to materialize. Moreover, even when firms intend to
adopt, implementation may fail to occur for a variety of reasons: stakeholders may slowly
forget about the information treatment, lose enthusiasm, face higher-than-expected costs,
encounter financing constraints, or be unable to find individuals with the required skills.
Although we cannot trace the full adoption funnel, some of the data from the follow-up
survey can provide suggestive evidence.

First, we find some evidence that stronger adoption intentions predict higher future adop-
tion. Figure 6 presents this evidence by combining responses from the baseline and follow-up
surveys. The sample consists of firms that responded to both waves and reported not using

robotics in 2025. Among firms not using robotics in 2025, 23.0% intended to adopt it by

37For more details, see Appendix D.1.
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2027, while the remaining 77.0% did not. One year later, adoption rates were higher among
firms that had planned to adopt by 2027 than among those that had not: 19.3% versus
5.2%. Figure 6 also shows that the intensity of adoption intentions is positively correlated
with ex-post adoption: firms that intended extensive use adopted at higher rates than those
that intended limited use, which in turn adopted at higher rates than those that intended
experimental use.

On the other hand, Figure 6 shows how slow robotics adoption can be. Although some
firms that intended to adopt by 2027 had already done so by the beginning of 2026, they
were a minority (19.3%). Even among those with the strongest adoption intentions (39 firms
planning extensive use), only 28.1% had adopted robotics by 2026. This likely reflects a
wide range of factors, such as stakeholders losing interest, unexpected costs or financing
constraints, or challenges in finding suppliers.

Given the low adoption rate, we are underpowered to detect treatment effects on adop-
tion one year later. As a back-of-the-envelope calculation, at baseline we found that intended
adoption increased by 6.5 pp. If only 19.3% of that adoption was expected to have mate-
rialized at follow-up, we would expect an effect on adoption at follow-up of just 1.25 pp
(= 6.5-0.193). However, we are underpowered to detect effects of this magnitude. Moreover,
the analysis of follow-up outcomes presents additional practical challenges. First, only a
subset of firms responded to the follow-up survey, reducing the statistical power to detect
significant effects. Second, we provided the information only once, and its effects on beliefs
may decay over time. For example, other information experiments document that most ef-
fects decay within a few months (e.g., Cavallo et al., 2017); this decay could be even stronger
in our case because we follow up a full year later. With those caveats in mind, we find a
positive effect on adoption of 2 pp, in line with the expected magnitude of 1.25 pp described
above, but the effect is imprecisely estimated and thus statistically insignificant. However,
we find a large positive effect (13.3 pp, p=0.071) among firms with the strongest adoption
plans—see Appendix E for more details. One possible interpretation is that the information
treatment may have affected adoption among firms with the strongest plans to adopt, but

that a one-year horizon is too short to detect effects in the full sample.
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6.3 2SLS Model

The results presented above capture intention-to-treat effects of providing information, which
are not the same as the effects of expectations. To measure the latter, we employ a simple
2SLS model commonly used in information-provision studies (e.g., Cavallo et al., 2017; Cullen
and Perez-Truglia, 2022; Giaccobasso et al., 2025). Our main outcome of interest, a{yt 41, Is an
indicator equal to 100 if individual ¢ intends to adopt technology j by 2027, where j can be
Gen.-Al Pred.-Al, or Robots. We aim to estimate a regression of future adoption (a{»‘,t 41) on
the expected future adoption of competitors (s;;+1). Conceptually, this is the reaction func-
tion that relates a firm’s own adoption choice to competitors’adoption —Appendix A provides
a simple framework that formalizes this. However, because beliefs may be endogenous, such
a regression would not necessarily identify a causal effect. To obtain causal identification, we
use the following 2SLS model that exploits only the exogenous variation in posterior beliefs

generated by the randomized provision of information:

ag,tﬂ = 1po + U Sipq1 + U2 - (Sijjt - S(i),t) + 13 - Sg,t + Xithx + ¢ (5)

The endogenous variable is s;;41 and the excluded instrument is T; - (s7, — s7,).%* X; is
a vector of additional control variables, such as the firms’ current adoption status and basic
characteristics.”

We can illustrate the intuition behind the 2SLS model with a simple example. Consider
a pair of firms with the same prior gap. For instance, suppose the two firms underestimated
competitors’ 2025 adoption rate by 10 pp. Through random assignment, one firm receives

information about the adoption rate, while the other does not. Suppose the uninformed

38Formally, the exogeneity assumption is E [(s], — s¥,) - T; - € | X;] = 0, where X;; is a vector that includes
{s;{t — sg“ s?7t, X;}. In plain English, we assume that heterogeneity in the effects of information is driven
solely by differences in prior misperceptions, and not by heterogeneity in other unobserved factors that are
correlated with those misperceptions.

39The full set of controls includes the following: indicator variables for the firms’ current adoption; the
firms’ age and geographical area; an indicator variable for being an exporter; turnover and number of employ-
ees (standardized within sector-size cells); the share of total investment over turnover; the share of investment
in advanced technologies (AT); an indicator variable for having benefited from or expecting to benefit from
tax credits for capital goods under the Transition 4.0 programme; an indicator variable equal to 1 if the
firm had or expects to receive orders linked to the National Recovery and Resilience Plan; and two variables
capturing the firms’ attention in answering the survey (the number of people involved in completing the
questionnaire and whether any manager participated in the process).
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firm continues to underestimate future adoption by 10 pp. By contrast, the informed firm
finds the information persuasive and thus underestimates future competitor adoption by only
2 pp. In this case, the information provision can be interpreted as an 8 pp positive shock
to the expected adoption rate of competitors. Now suppose that, relative to the firm that
did not receive the information, the firm that received it has a 6 pp higher probability of
adopting Al in the future. Taking the ratio of these two effects implies that, for each 1 pp
increase in perceived competitor adoption, a firm’s own adoption probability increases by
0.75 pp (= g). This analysis focuses on a pair of firms that underestimated competitors’
adoption by 10 pp, but in practice few respondents fall exactly into this subgroup, so this
ratio cannot be estimated precisely. However, the same logic can be applied to pairs of firms

that underestimated by other margins or even to firms that overestimated, and the results

can then be averaged across all groups. This is what the IV regression is intended to do.*’

6.4 2SLS Results

Table 2 reports the results from the 2SLS model. Each column corresponds to a separate
regression using the same data and specification, with the only difference being the dependent
variable. In column (1), the dependent variable equals 100 if the firm expects to adopt
predictive Al by 2027. In column (2), it equals 100 if the firm expects to adopt generative
Al Column (3) corresponds to robotics adoption. Each column reports the 2SLS estimate
(Panel (a)), as well as the corresponding first-stage results (Panel (b)) and reduced-form
results (Panel (c))."!

When the dependent variables are the intentions to adopt predictive Al and generative
AT (columns (1) and (2)), the 2SLS coefficients are positive but small (0.015 and 0.060) and
statistically insignificant. By contrast, when the dependent variable is the intention to adopt

robotics (column (3)), the 2SLS coefficient is positive, large (0.732), and statistically signifi-

40For additional details on the 2SLS framework, see Cullen and Perez-Truglia (2022). A caveat is that
the 2SLS estimate recovers a Local Average Treatment Effect (LATE)—the average effect of beliefs for firms
whose posteriors shift in response to the information intervention. By design, this estimate assigns greater
weight to firms with larger initial misperceptions and, conditional on those misperceptions, to those that
adjust their beliefs more strongly when exposed to the signal.

41The slight differences in the number of observations across columns (1)—(3) reflect differences in missing
observations across the three outcomes.
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cant (p<0.001).* Taken together, these 2SLS estimates corroborate the evidence discussed
above that higher expected competitor adoption increases firms’ intentions to adopt robotics
but has no effect on intentions to adopt predictive or generative Al.

A common concern in the estimation of 2SLS models is weak-instrument bias (Stock
et al., 2002). Given the strong effect of the treatment on belief updating documented in
Section 5, this is unlikely to be a concern in our application. However, for a formal as-
sessment, the bottom of Table 2 reports the Kleibergen-Paap rk Wald F-statistics for each
2SLS specification—a standard measure of instrument strength.*® Following the guideline of
Staiger and Stock (1997), F-statistics of 10 or higher indicate that weak identification is not
a serious concern. Our reported values are well above this threshold, confirming that weak
instruments are not a concern.

The 2SLS estimate makes the magnitude of the effects easier to interpret. Equation (5)
can be interpreted as a reaction function: how much more likely a firm is to intend to adopt
a technology when it believes that a larger share of competitors will adopt it as well.** More
specifically, the 0.732 estimate from column (3) of Table 2 indicates that a 1 pp increase in
the expected share of competitors adopting advanced technologies causes a 0.732 pp increase
in the firm’s probability of intending to adopt robotics by 2027. For an even more intuitive
interpretation, we can also express this effect as an elasticity. The average firm in the control
group expects 19.2% of its competitors to adopt advanced technologies and has a 37.5%
probability of intending to adopt robotics. Thus, a 1 pp increase in the expected share of

1

competitors adopting advanced technologies corresponds to a 5.21% (= 153) increase relative

to the baseline, and the corresponding 0.732 pp increase in the probability of intended robotics

adoption corresponds to a 1.95% (= %) increase relative to that baseline. Taken together,
1.95

5.21) between expected competitor adoption and firms’

these imply an elasticity of 0.375 (=
own intended robotics adoption. In other words, a 10% increase in expected competitor

adoption would increase the firm’s probability of intending to adopt robotics by 3.75%.

42Consistent with these findings, the reduced-form results (panel (c) of Table 2) show significant effects of
the information treatment on intended robotics adoption (column (3)) but no significant effects on intended
adoption of either form of AI (columns (1) and (2)).

43 Although the conventional rule of thumb is based on the Cragg-Donald statistic, which assumes ho-
moskedastic errors, Baum et al. (2007) recommend using the Kleibergen-Paap statistic as its robust counter-
part.

44n our conceptual model in Appendix A, the corresponding reaction function is given by equation (A.4).
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6.5 Heterogeneity Analysis and Causal Mechanisms

Ceiling Effects. One feature of the empirical design may lead us to understate the true
magnitude of the effects. The key issue is that the dependent variable is subject to a ceiling
effect. For firms that have not yet adopted the technology, the intervention can raise the
probability of future adoption. By contrast, for firms that have already adopted it, there
may be little or no scope for the intervention to increase adoption further. Put differently,
these firms are likely to continue using the technology regardless of whether they receive the
intervention.

The relevant evidence is presented in columns (4) and (5) of Table 2, which estimate
the specification from column (3)—which focuses on future robotics adoption—separately
for two groups: column (4) corresponds to the 77% of firms that had not used robotics in
the past, while column (5) corresponds to the 23% that reported some prior use of robotics,
whether experimental, limited, or extensive.*> The results point to a substantial ceiling effect.
Among firms with no prior robotics use, the estimated effect on future robotics adoption is
large (1.070) and statistically significant (p<0.001). By contrast, among firms with prior
robotics use, the estimated effect is much smaller (0.170) and statistically insignificant (p
= 0.270). The clearest indication of this ceiling effect is the baseline mean in column (5),
which is 97.3%. In other words, among firms that had already adopted robotics, 97.3% are
expected to continue using it in the future, leaving very little room for any treatment—
whether informational or otherwise—to increase adoption further.

This ceiling effect could also be relevant for the AI outcomes. Intuitively, the small
estimated effects on Al adoption might reflect a similar ceiling effect and could otherwise
have been larger. For brevity, we present these additional results in Appendix D.3. However,
they do not alter the interpretation of the evidence discussed above. Even when we restrict
the sample to firms with no prior Al adoption, the 2SLS estimates for Al adoption remain
close to zero and statistically insignificant.

Manager Involvement. Another feature of the empirical design that may lead us to

understate the true magnitude of the effects is the role of the survey respondent. Whether

45These shares, like all others reported in the paper, are calculated using sample weights. As a result,
they may not match the unweighted numbers of observations reported at the bottom of Table 2.
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information affects the firm’s future behavior depends critically on the decision-making au-
thority of the person responding to the survey and thus receiving the information. Effects
are more likely if this person can influence technology-adoption decisions. By contrast, if
the survey is completed entirely by someone with no meaningful authority over such deci-
sions (e.g., an assistant or accountant), the information is unlikely to affect the firm’s future
adoption.

As explained in Section 2.1, although we do not know the identity of the individuals in-
volved in completing the survey, one survey question provides a proxy for whether a manager
was involved. The relevant evidence is presented in columns (6) and (7) of Table 2, which
estimate the specification from column (3)—which focuses on future robotics adoption—
separately for two groups: column (6) corresponds to the 44.5% of firms reporting that a
manager was not involved in completing the survey, while column (7) corresponds to the
remaining 55.5% of firms reporting that a manager was involved. We find that this hetero-
geneity is strong and in the expected direction. Among firms in which a manager was involved
in the survey, the estimated effect on future robotics adoption is large (1.223) and statisti-
cally significant (p<0.001). By contrast, among firms in which a manager was not involved,
the estimated effect is much smaller (0.230) and statistically insignificant (p=0.370).¢

Financial Incentives. The next heterogeneity analysis examines how information in-
terventions may interact with existing financial incentives. The Italian Transition 4.0 pro-
gramme introduced subsidies to support firms investing in advanced technologies and inno-
vation, with the aim of increasing technology adoption. The treatment effects of information
documented above suggest that information campaigns could serve as an additional policy
lever to foster technology adoption. A natural question, then, is how the effects of an infor-
mation campaign relate to those of more traditional financial incentives. More specifically,
would an information campaign primarily affect the same firms that were reached by these
subsidies, or would it instead be more effective among firms that do not benefit from financial

incentives? This distinction matters for policy design. For instance, if information campaigns

46Whether the manager was involved may also matter for the AI outcomes. In principle, the small
estimated effects on Al adoption could be stronger once attention is restricted to firms in which a manager
participated in the interview. For brevity, we report these additional results in Appendix D.3. However, the
conclusions remain unchanged: even when limiting the sample to firms with managerial involvement, the
2SLS estimates for AI adoption are still close to zero and statistically insignificant.
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are more effective among firms not reached by subsidies, they could complement traditional
financial support by broadening the set of firms that adopt.

The results of this additional heterogeneity analysis are reported in the last two columns
of Table 3. Specifically, columns (6) and (7) split the sample according to whether the firm
either used, or expected to use by the end of 2025, the tax credit for capital goods under
the Transition 4.0 programme. We construct this measure from the following question in the
2025 wave of INVIND: “Have you used the following incentives for new investment in capital
goods in 2024, or do you plan to use them in 20257” Respondents were asked about two
types of incentives; the one relevant for our analysis is the second, labeled: “Tax credit for
capital goods under the Transition 4.0 programme (new tangible and intangible capital goods
for the technological and digital transformation of production processes.)”

This Transition 4.0 incentive applied to 35.8% of firms in our sample. The estimates
suggest that the effect of information is substantially stronger among firms that did not
benefit from the incentive. For these firms, the coefficient is 0.918 and highly statistically
significant (p<0.001). By contrast, among firms that did benefit from the incentive, the
coefficient is 0.420—roughly half as large—and statistically insignificant (p=0.112). These
results should, however, be interpreted with caution. Because receipt of the financial incentive
was not randomized, the comparison may partly capture other differences between firms that
did and did not benefit from the programme. Moreover, the difference between the two
coefficients is estimated imprecisely and is itself statistically insignificant (p=0.143). Even
so, the pattern is suggestive: it indicates that information about competitors’ adoption may
be especially valuable for firms not reached by standard financial incentives and may therefore
serve as a complementary policy tool for broadening technology adoption across a wider set
of firms.

Competition versus Learning. The effect may operate through at least two underlying
causal mechanisms: competition—where firms seek to avoid lagging behind their rivals—and
learning—where firms infer their own potential productivity gains from competitors’ adoption
decisions. Indeed, the simple model in Appendix A shows that this effect can be decomposed
into two additive components, each corresponding to one of these mechanisms. Because these

mechanisms are closely intertwined, disentangling them is challenging. A firm that learns that
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a competitor has adopted may be compelled to adopt both because it has gained information
about the technology’s returns and because it fears losing business. Nevertheless, we can
provide suggestive evidence through a heterogeneity analysis. Intuitively, the competition
channel should depend on the degree of competition in the market. In the extreme case of
a perfect monopolist, a firm could still learn from the adoption decisions of other firms, but
the competition channel should be completely absent.

This additional heterogeneity analysis is presented in Table 3. Column (1) reproduces
the baseline result from column (3) of Table 2, which corresponds to the effect on intended
robotics adoption. Columns (2) through (7) of Table 3 use the same specification as column
(1) but are estimated on different subsamples.?” In columns (2) and (3), we split the sample
according to whether a firm’s market share is below or above the sample median. We use
balance-sheet data from CADS to compute firm-level market shares, defined as each firm’s
share of total revenues among all firms in the same sector. More precisely, column (2)
corresponds to firms with below-median market shares, while column (3) corresponds to
firms with above-median market shares. For reference, the average market share in column
(3) is almost nine times as large as the corresponding average in column (2). The 2SLS
coefficient is substantially larger for firms with lower market shares than for firms with
higher market shares: 1.264 in column (2) versus 0.112 in column (3). This difference is
not only economically large, but also statistically significant (p=0.015). The fact that the
effects are stronger for firms with lower market share suggests that the competition channel
may play a significant role. Moreover, this result is largely consistent under an alternative
specification: if we calculate market shares using more granular sectors (4-digit instead of
the broad 11-sector classification) by using electronic invoicing data instead of balance-sheet
data, we find consistent evidence—results reported in Appendix D.3. On the other hand, this
heterogeneity should be interpreted with caution because market share was not randomized
and the analysis is therefore subject to the usual omitted-variable concerns. That is, firms

with lower market shares may respond more strongly not only because of their market share,

4TThe sample splits reported in columns (2)—(5) may appear uneven even though the median is used
as the splitting criterion. This is because the number of observations reported at the bottom of Table 3
is unweighted, whereas the median is calculated with sample weights. In addition, for the HHI, 22% of
observations are exactly at the median; these observations are classified as above the median.
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but also because of other firm characteristics correlated with market share, such as firm size.

Columns (4) and (5) of Table 3 examine the same heterogeneity through an alterna-
tive measure of market structure. Using balance-sheet data from CADS, we compute the
Herfindahl-Hirschman Index (HHI) for each of the 11 sectors and then split the sample ac-
cording to whether sectoral HHI is below the median (column (4)) or above the median
(column (5)). For reference, the average HHI in column (5) is four times as large as the
average in column (4). The results are imprecisely estimated and therefore inconclusive. On
the one hand, the estimated effects are statistically significant in less concentrated markets
but statistically insignificant in more concentrated markets. On the other hand, this pattern
appears to be driven largely by lower precision in the estimates for more concentrated mar-
kets. These results should again be interpreted with caution because market concentration
was not randomized. Moreover, the findings are quite sensitive to the measure of market
concentration: they change substantially when we use a more granular definition based on
electronic invoicing data—see Appendix D.3.

To provide further suggestive evidence on the relative strength of the learning and com-
petition channels, we use responses to two questions introduced in the 2026 survey. These
questions asked respondents about their agreement with one statement capturing the com-
petition channel and another capturing the learning channel. The results are presented in
Figure 7.*® Although the figure presents the results in a fixed order, the order of the two
questions was randomized to avoid question-ordering effects.”” Panel (a) shows that the
distribution of agreement is broadly similar across the two statements, though it is shifted
somewhat to the right for the competition statement relative to the learning statement. Our
preferred interpretation, consistent with the heterogeneity analysis, is that both the compe-
tition and learning channels are at play, but that the competition channel may be somewhat
more important. To provide a more direct comparison of the relative strength of the two
channels, Panel (b) shows the distribution of the gap between agreement with the compe-
tition statement and agreement with the learning statement. Most firms (65.3%) reported

equal agreement with the two statements; a minority (5.9%) agreed more strongly with the

48Due to an implementation issue with this question, the figure is based on a subsample of respondents.
The results are similar in the broader sample; see Appendix E for details.
“9For an analysis of the effects of order randomization, see Appendix E.
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learning statement; and a larger minority (28.8%) agreed more strongly with the competition

statement.

7 Conclusions

This study provides causal evidence on whether firms’ innovation decisions exhibit strategic
complementarities. Using a large-scale survey experiment embedded in the Bank of Italy’s
INVIND survey, we examine how firms update their beliefs about competitors’ adoption of
advanced technologies and whether these revised beliefs affect their own intended adoption.
We document widespread underestimation of competitor adoption, substantial belief updat-
ing in response to information, and effects on intended robotics adoption—but no significant
effects for AI. The effects on robotics adoption are robust to a wide range of checks and
falsification tests.

To better assess the magnitude of these effects, and guided by a model of strategic in-
teraction, we estimate a 2SLS specification that recovers the slope of the firm’s reaction
function. The steep reaction function highlights the strength of strategic complementarities
in technology adoption, suggesting that firms’ decisions are highly interdependent: a 1 pp
increase in the share of competitors expected to adopt advanced technologies raises the firm’s
own intended robotics adoption by 0.732 pp. We also provide suggestive evidence that the
competition channel plays an important role, as the effects are concentrated among firms
with lower market shares.

We end with a discussion of the policy implications. In recent years, Italy—alongside
other EU countries—has introduced several initiatives aimed at fostering innovation, with a
particular focus on advanced technologies and digitalization. Following the pandemic, the EU
approved a € 750 billion recovery fund for eligible national projects under the NextGenera-
tionEU (NGEU) plan. Within this framework, Italy launched the Piano Nazionale di Ripresa
e Resilienza (PNRR), its National Recovery and Resilience Plan, allocating € 191.5 billion in
planned investments plus € 30.6 billion from a complementary national fund. The PNRR di-
rects substantial resources toward modernizing public administration—including cloud com-

puting, digital identity, and online public services—while also enhancing digital skills and
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offering tax incentives to encourage firm-level innovation. A specific set of subsidies, un-
der the Transition 4.0 programme, is devoted to supporting firms that invest in advanced
technologies or innovation.

One implication of our findings is that, because firms’ adoption decisions are interdepen-
dent, the effects of financial incentives may extend well beyond the firms that receive them
directly. When one firm’s adoption affects the expectations and incentives of others, policies
that induce some firms to adopt can generate substantial spillovers. Our results also point
to an important role for information policy. As a complement to financial incentives, govern-
ments could use information campaigns to increase firms’ awareness of both the productivity
benefits of new technologies and the extent to which peer firms are adopting them. Although
more research is needed to refine the design of such interventions and to evaluate their ef-
fectiveness, their low implementation cost suggests that they could be a highly cost-effective
way to promote technological diffusion. Indeed, our heterogeneity analysis shows that the
effects of our information treatment were strongest among firms that did not benefit from
the Transition 4.0 programme. This suggests that information campaigns could broaden
the reach of government intervention by influencing firms that are not directly affected by

existing financial-incentive programs.
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Figure 1: Intensity and Evolution of Usage of Advanced Technologies
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(b) USE oF RoBOTICS, BY INTENSITY
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Notes: Panels (a) and (b) use the 2025 INVIND survey and report the intensity of predictive or generative AI use (panel (a)) and robotics use (panel (b)) at the time of
the interview (questions TEC5N1, TEC5N2, and TEC11N). Panels (¢) and (d) use the 2018, 2020, 2024, and 2025 survey waves and report the share of firms already using
AT or robotics in those years. The 2024 figures shown here may differ from the information treatments described in Table C.1 because the latter also include firms that
were not yet using these technologies but expected to adopt them by the end of 2024. The bars for expected use in 2027 are based on questions TEC27A, TEC27B, and

TEC27C in the 2025 survey wave and are computed using only control-group firms.



Figure 2: Distribution of Prior Beliefs and Belief Updating
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- Notes: The figure is based on the INVIND survey conducted in 2025. Panel (a) shows, for the control group, the empirical distribution of the gap between prior
beliefs and the information that firms would have seen if treated. The first and last bins group observations whose gaps are below -15 and above 45, respectively.
Panel (b) displays a binscatter of posterior beliefs about competitors’ adoption of advanced technologies (questions TEC26A and TEC26B in the survey module)
against the imputed gap between prior beliefs and the information treatment, controlling for the level of prior beliefs. « indicates the learning weight and 3 the
degree of extrapolation from the information received, as obtained in equation (3). Standard errors are reported in parentheses. The p-value for the difference
between the two groups is obtained using the procedure described in Cattaneo et al. (2024).
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Figure 3: Treatment Effects on Posterior Beliefs, Intention to Adopt Advanced Technologies by 2027, with Falsification Tests
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Notes: The figure is based on the INVIND survey conducted in 2025. Panel (a) presents posterior beliefs about competitors’ future adoption of advanced technologies

(questions TEC26A and TEC26B in the survey module) and intentions to adopt advanced technologies by 2027 (questions TEC27A, TEC27B, and TEC27C). Panel
(b) presents imputed prior beliefs about competitors’ current use of advanced technologies (question TEC24 in the survey module) and firms’ current use of these
technologies (questions TEC5N1, TEC5N2, and TEC11N). Imputed prior beliefs are based on the estimates presented in Table C.2. Labels above the bars report
estimated percentages. For each outcome, the figure reports the difference between treated and control firms, expressed in percentage points, together with the

p-value from a test of equality of means. The figure reports 90% confidence intervals.
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Figure 4: Treatment Effects on Posterior Beliefs and Intention to Adopt Advanced Technologies by 2027, by Prior Gaps
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(b) PRED.-AT FUTURE ADOPTION
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Notes: The figure is based on the INVIND survey conducted in 2025. The graphs present posterior beliefs about competitors’ future adoption of advanced technologies

(questions TEC26A and TEC26B in the survey module) and intentions to adopt advanced technologies by 2027 (questions TEC27A, TEC27B, and TEC27C), by

imputed prior gap (below or above the median) and treatment group. The imputed prior gap is based on the imputed prior, using the estimates presented in Table

C.2. Labels above the bars report estimated percentages and the corresponding number of observations. For each outcome, the figure reports the difference between

treated and control firms, expressed in percentage points, together with the p-value from a test of equality of means. The figure reports 90% confidence intervals.
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Figure 5: Falsification Tests: Treatment Effects on Prior Beliefs and Current Adoption, by Prior Gap
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(b) CURRENT USE OF PRED.-AI
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Notes: The figure is based on the INVIND survey conducted in 2025. The graphs present imputed prior beliefs about competitors’ current use of advanced technologies
(question TEC24 in the survey module) and firms’ current use of these technologies (questions TEC5N1, TEC5N2, and TEC11N), by imputed prior gap (below or
above the median) and treatment group. The imputed prior gap is based on the imputed prior, using the estimates presented in Table C.2. Labels above the bars
report estimated percentages and the corresponding number of observations. For each outcome, the figure reports the difference between treated and control firms,
expressed in percentage points, together with the p-value from a test of equality of means. The figure reports 90% confidence intervals.
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Figure 6: Relationship between Ex Ante Intention to Adopt Robotics (2025) and Ex Post Adoption (2026)
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Notes: The sample includes firms surveyed in both the 2025 and 2026 INVIND waves. The figure shows the proportion of firms that had not yet adopted robotics in
2025 but reported having already adopted it by the time of the 2026 interview. Firms are grouped along the x-axis according to their planned intensity of robotics
adoption in 2027, as reported in the 2025 wave.
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Figure 7: Distribution of Learning, Competition, and their Gap
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Notes: The figure is based on the 2026 INVIND survey and a subset of firms that were also interviewed in the previous year and responded to the AI module and
questions TEC28AA, TEC28AB, TEC28BA, and TEC28BB. Panel (a) shows the empirical distributions of responses to the learning and competition questions.

Answers range from 1 to 5, where 1 means fully disagree and 5 means fully agree. Panel (b) shows the distribution of the gap between the score assigned to the

competition question and the score assigned to the learning question.



Table 1: SUMMARY STATISTICS AND RANDOMIZATION BALANCE

All Control Treatment p-value

(1) (2) (3) (4)

Firm Age 40.389  40.293 40.480 0.884
(0.383)  (0.536)  (0.547)

Number of Employees in 2024 96.005 96.071 95.941 0.986
(11.136) (11.849)  (18.647)

Geographical Area: North (%) 57.289  57.382 57.201 0.954
(0.892) (1.270)  (1.253)

Geographical Area: Center (%) 21437  21.139 21.722 0.829

(0.740)  (1.048)  (1.044)
Geographical Area: South and Islands (%)  21.273  21.479 21.077 0.847
(0.738)  (1.054)  (1.033)

Manufacturing Firms (%) 39.281  38.021 40.480 0.397
(0.880)  (1.246)  (1.243)

Turnover (Million euros) 42,718  44.337 41.176 0.510
(5.154) (7.132)  (7.431)

Share of Investment on Turnover 0.067 0.064 0.071 0.528
(0.007)  (0.005)  (0.014)

Exporters (%) 52.927 53.045 52.814 0.945
(0.900)  (1.281)  (1.264)

Current Use of Pred.-AI (%) 18.294  16.615 19.893 0.180
(0.697)  (0.956) (1.011)

Current Use of Gen.-AI (%) 24997  24.956 25.037 0.978
(0.780)  (L.111)  (1.097)

Current Use of Robotics (%) 22.968  23.013 22.924 0.971
(0.758)  (1.081)  (1.064)

Share of Investment in AT 6.740 6.476 6.992 0.531
(0.260)  (0.361) (0.374)

Number of People Involved in the Survey 2.127 2.138 2.116 0.756
(0.025)  (0.035)  (0.037)

Manager Involved (%) 54.011  53.494 54.503 0.760
(0.898)  (1.281)  (1.261)

Transition 4.0 Programme (%) 35.831  35.062 36.563 0.625

(0.864) (1.225)  (1.219)
National Recovery and Resilience Plan (%) 12.894  14.996 10.891 0.064
(0.604)  (0.917) (0.789)

Observations 3,079 1,518 1,561

Notes: The table presents summary statistics for firm characteristics, location, and survey responses from the
INVIND survey conducted in 2025. Column (1) reports the full sample, columns (2) and (3) the control and

treatment groups, and column (4) the p-value from an equality-of-means test. Standard errors are reported

in parentheses.
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Table 2: 2SLS ESTIMATES: EFFECTS OF EXPECTED COMPETITORS’ ADOPTION ON OwWN FUTURE ADOPTION

Robotics
Previous use Manager present
Pred.-AI Gen.-AI Robotics No Yes No Yes

(1) (2) 3) (4) () (6) (7)

PANEL (a): 2SLS REGRESSIONS

Exp. AT Adoption by Competitors 0.015 0.060 0.732***  1.070**  0.170 0.230  1.223*
(0.233)  (0.225)  (0.209)  (0.283)  (0.157)  (0.281)  (0.357)

PANEL (b): 2SLS: FIRST STAGE
T* Prior gap 0.343***  0.342"  0.341™*  0.344™*  0.348"* 0.397"**  0.290***

(0.028)  (0.028)  (0.028)  (0.035)  (0.049)  (0.041)  (0.041)

PANEL (¢): REDUCED-FORM REGRESSIONS

T;* Prior gap 0.005 0.021 0.250***  0.368***  0.059 0.091  0.355"*
(0.079) (0.076) (0.070) (0.094)  (0.052)  (0.107)  (0.098)
Observations 3,075 3,077 3,073 1,949 1,124 1,217 1,749
Dep. Var.: Baseline Mean 48.0 52.0 37.5 19.6 97.3 34.0 38.1
Kleibergen-Paap Wald F-statistic 134.7 132.8 132.6 87.4 46.7 96.6 48.5

Notes: Panel (a) presents the results of the 2SLS model specified in equation (5) and discussed in Section 6.3. The dependent variable is a dummy equal to 100 if
firm ¢ intends to use predictive Al, generative Al, or robotics by 2027. Panel (b) presents the first-stage results associated with the 2SLS model, i.e., the effect of the
variable T; - (s}, — s?,) on posterior beliefs about competitors’ future adoption of advanced technologies (s;¢41). Panel (c) presents the corresponding reduced-form
results, capturing the effect of T; - (s7Tt - S?,t) when it is not used to instrument for posterior beliefs. Columns (4) and (5) split the sample according to whether
the firm reported using robotics at the time of the interview. Columns (6) and (7) split the sample according to whether a manager was involved in completing the

questionnaire. All standard errors are bootstrapped.
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Table 3: HETEROGENEITY BY MARKET CONCENTRATION AND PUBLIC INCENTIVES: EFFECTS OF EXPECTED COMPETITORS’ ADOPTION

ON OwN FUTURE ROBOTICS ADOPTION (2SLS)

Market Share

Herfindahl-Hirschman Index

Public Incentives

Total  Below Median Above Median Below Median Above Median No Yes
(1) (2) 3) (4) () (6) (7)
PANEL (a): 2SLS REGRESSIONS
Exp. AT Adoption by Competitors 0.732*** 1.264*** 0.112 0.579** 0.539 0.918*  0.420
(0.209) (0.358) (0.236) (0.233) (0.396) (0.284)  (0.276)
PANEL (b): 2SLS: FIRST STAGE
T;* Prior gap 0.341%* 0.327** 0.327%* 0.273** 0.375%* 0.335"**  0.334***
(0.028) (0.048) (0.033) (0.034) (0.054) (0.039)  (0.036)
PANEL (¢): REDUCED-FORM REGRESSIONS
T;* Prior gap 0.250%** 0.413*** 0.037 0.158** 0.202 0.307***  0.140
(0.070) (0.116) (0.078) (0.080) (0.138) (0.101)  (0.091)
Observations 3,073 908 2,165 1,130 1,943 1,594 1,479
Dep. Var.: Baseline Mean 37.5 314 43.4 30.9 44.3 26.1 59.3
Het. Var. Mean 0.0018 0.0153 0.0017 0.0070
Kleibergen-Paap Wald F-statistic 132.6 46.3 86.4 27.9 121.2 68.2 81.4

Notes: The table presents the results of the 2SLS model specified in equation (5) and discussed in Section 6.3. The dependent variable is a dummy equal to 100 if
firm ¢ intends to use robotics by 2027. Market shares and HHI are based on balance-sheet data from CADS. Column (1) replicates column (3) of Table 2. Columns
(2) and (3) split the sample according to whether the firm’s market share in its sector lies below or above the weighted median across sectors. Columns (4) and (5)
split the sample according to whether the Herfindahl-Hirschman Index (HHI) of the firm’s sector lies below or above the median. The HHI of a given sector j is
defined as HHI; = Zf\r:]l m2., where N; is the number of firms operating in sector j and m;; is the market share of firm i in sector j. Columns (6) and (7) split the

150

sample according to whether the firm used or expected to use by the end of 2025 the tax credit for capital goods under the Transition 4.0 programme. In columns

(2)—(5), the sectoral classification follows the same taxonomy reported in Table C.1. All standard errors are bootstrapped.
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