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Abstract

The adoption of artificial intelligence (AI) among Spanish firms has increased significantly between 2024 
and 2026, although with substantial heterogeneity. While small and medium-sized firms continue to use AI 
primarily on an experimental basis, large firms use it more intensively, with persistent differences across 
firm sizes and sectors. The impact on employment remains limited, although improvements in productivity 
and investment are already emerging. AI-adopting firms are characterised by higher productivity, higher 
wages, and a larger share of intangible assets, pointing to complementarities between AI adoption and 
skilled human capital. Barriers to adoption vary across firms: resource constraints and the perception of 
limited usefulness are predominant among non-adopters, while a smaller group of firms faces technical 
or regulatory barriers.

Keywords: artificial intelligence, AI, technology, firms, EBAE, Central Balance Sheet Data Office.

JEL classification: O33, L25, D22, J24.



Resumen

La adopción de la inteligencia artificial (IA) en las empresas españolas ha aumentado de forma significativa 
entre 2024 y 2026, aunque con gran heterogeneidad. Mientras las pequeñas y medianas empresas 
mantienen un uso mayoritariamente experimental, las grandes empresas muestran una utilización más 
intensiva, además de persistir en las diferencias por tamaño y sector. El impacto sobre el empleo es aún 
limitado, pero ya se observan mejoras en la productividad y la inversión. Las empresas adoptantes destacan 
por tener mayor productividad, salarios más altos y mayor peso de activos intangibles, lo que refleja la 
complementariedad con el capital humano cualificado. Los obstáculos a la adopción de la IA varían entre 
las empresas: entre las no adoptantes predominan las restricciones de recursos y la percepción de baja 
utilidad, mientras que un grupo más reducido enfrenta barreras técnicas o regulatorias.

Palabras clave: inteligencia artificial, IA, tecnología, empresas, EBAE, Central de Balances.

Códigos JEL: O33, L25, D22, J24.
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1 Introduction

In recent years, artificial intelligence (AI) has become a prominent topic in economic and business discussions. The 

rapid development of new tools, particularly generative AI, has raised expectations about its potential to transform 

production processes, reshape how firms organise their work and affect productivity and employment. Yet despite 

this growing interest, more empirical evidence is needed on how firms are putting these technologies to use, how 

much they use them, what barriers they face and what effects they report. Business surveys are particularly valuable 

here. They offer insight into the spread of AI from firms’ own perspective and offer a useful addition to the overall 

body of available evidence.

This paper examines how Spanish firms use AI, drawing on the responses to a particular set of questions 

on the subject in the Banco de España Business Activity Survey (EBAE) for 2026 Q1. 

These data, along with the fact that they can be compared against the 2024 findings (Fernández-Cerezo, 

Hidalgo e Izquierdo, 2025), make it possible to track recent developments in AI adoption and reveal the main 

patterns by firm size, sector and type of use.  

The analysis of the survey is supplemented with data from the Banco de España’s Integrated Central 

Balance Sheet Database (CBI). This allows for a more in-depth exploration of the differences between AI adopters 

and non-adopters and to examine more systematically the factors associated with the likelihood of adoption in 

relation to certain production, organisational and financial characteristics.

This joined-up approach sheds light on the factors shaping the spread of AI across Spanish firms and 

where gaps in uptake may emerge. It highlights the role of firms’ capabilities in this process and offers insights that 

are useful for economic analysis and designing policies to help them adopt this technology.

https://www.bde.es/f/webbe/SES/Secciones/Publicaciones/InformesBoletinesRevistas/BoletinEconomico/25/T2/Fich/be2502-art06.pdf
https://www.bde.es/f/webbe/SES/Secciones/Publicaciones/InformesBoletinesRevistas/BoletinEconomico/25/T2/Fich/be2502-art06.pdf
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2 How firms use AI

2.1 Recent trends in AI adoption

The EBAE findings show a substantial increase in the use of AI over the past two years. In 2026 Q1, between 30% 

and 35% of small and medium-sized enterprises (SMEs) reported using predictive or generative AI. This was roughly 

double the proportion in 2024 (an increase of 16 percentage points, pp) (Chart 1.a). Among large firms, the share 

using these technologies rose by nearly 17 pp to around 70% of those surveyed. Despite these leaps, a sizeable gap 

in AI use remains between SMEs and large firms, much as it did in 2024.

Adopting AI usually involves a learning curve. Firms tend to start by experimenting, before gradually 

integrating it fully into their production processes and using it more intensively. Among SMEs, the increase in 

generative AI use since 2024 has been split almost equally between occasional use (up 8.4 pp) and moderate or 

intensive use (up 8.5 pp) (Chart 1.b). Large firms are already further along this path. Their progress since 2024 

has mainly been towards more intensive use, with the share reporting moderate or intensive use rising by 14 pp. 

AI adoption has increased across sectors. However, the largest increases have been in those that were 

already using AI more intensively in 2024, thus widening the gap seen two years ago. Accordingly, information and 

communication continues to lead the way. In 2026, almost 60% of firms in this sector use predictive or generative 

AI, compared with around 40% two years earlier. Professional and scientific activities come next, with uptake of 

close to 50%. The sectors that lagged furthest behind in 2024 (agriculture and construction) have also stepped up 

their adoption of AI, particularly generative AI. Almost 30% of firms in these sectors now use it, nearly 20 pp more 

than two years ago.

2.2 Barriers to adopting AI

The increase in AI adoption is consistent with firms reporting fewer barriers than in 2024. Broadly speaking, 

fewer firms cite any of the obstacles covered by the survey, with the decline somewhat more pronounced 

among SMEs. The largest falls came in the shares of SMEs citing high costs (18 pp), a lack of skilled staff (16 

pp) and uncertainty surrounding legal consequences (16 pp). For large firms, the biggest falls were in the shares 

citing uncertainty surrounding legal consequences (16 pp), ethical considerations (15 pp) and high costs (15 

pp) (Chart 1.c).

Across sectors, firms generally viewed the various barriers to AI adoption as less significant in 2026 than in 

2024. Implementation costs and the lack of skilled staff saw the sharpest declines. In the accommodation and food 

service activities sector, the shares of firms citing these two barriers fell by around 29 pp and 28 pp respectively. In 

agriculture, the decline in the share citing high costs was particularly marked, at 26 pp. Concerns about regulation 

and the legal implications of these technologies also eased significantly. In non-market services, for example, the 

share of firms pointing to regulatory obstacles as a significant barrier fell by more than 30 pp, while the share citing 

uncertainty about the legal consequences dropped by around 28 pp. Taken together, these findings suggest that 

firms see AI adoption as less challenging than before. Nevertheless, the lack of skilled staff remains the main 

obstacle, cited by around half of firms. That share exceeds 55% in sectors such as industry and energy, transport 

and agriculture.
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2.3 How AI is changing the way firms work

For the first time, the 2026 EBAE included questions on how adopting AI may be changing the internal workings 

of Spanish firms. Specifically, questions were included relating to four areas: i) the factors behind AI deployment 

in firms; ii) the observed effects so far on employment, investment and productivity; iii) firms’ expectations for the 

future path of the aforementioned variables and the most affected job profiles; and iv) the organisational impacts 

associated with AI adoption.

SOURCE: Banco de España Business Activity Survey.
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First, the results shed light on what drives firms to incorporate AI into their production processes. Among 

firms already using AI, the main reasons for adoption relate to improving the quality or reliability of processes (32.5% 

for predictive AI and 30.7% for generative AI), automating tasks previously carried out by staff (21.5% and 27.0% 

respectively) and improving production processes that are already automated (25.2% and 20.9%). Fewer firms cite 

aims such as expanding their range of goods or services, cutting costs or increasing output or sales (Chart 2.a).

SOURCE: Banco de España Business Activity Survey.
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Second, incorporating AI into production processes can affect variables such as staffing levels, productivity, 

costs and investment. Most of the firms surveyed report that the introduction of AI has had no significant effects 

in the last three years (close to 89%), while the percentage of firms that reduced or increased headcount was close 

to 6% in both cases (Chart 2.b). The effects are somewhat more pronounced among firms that make greater use 

of AI. Among intensive users of generative AI, around 13% report having increased their workforce, while close to 

10% report having reduced it. Among moderate users, around 8.5% report an increase in staff numbers and 7.0% a 

reduction.

For productivity and investment, a sizeable share of firms (more than 25%) report increases over this same 

period. The impact is positive for both SMEs and large firms, but somewhat smaller for SMEs. This difference could 

be related to smaller firms being at an earlier phase in the use of these technologies. Consistent with this, the 

effects on productivity and investment are greater the more intensively firms use AI. For example, more than 60% of 

firms using generative AI report productivity gains over the past three years, as well as increases in investment. This 

share falls to around 40% among firms that use these tools moderately. The share is lower still among firms that 

use generative AI only occasionally, with around 14% reporting productivity gains and close to 18% reporting higher 

investment. Only a small share of firms report declines in productivity or investment, regardless of how intensively 

they use AI.

Lastly, the impact in terms of spending on external services such as marketing agencies, translation services 

and legal advice is somewhat more uneven. Close to 21% of firms increased their spending and around 11% saw it 

decrease. Here too, the share reporting higher spending rises with the intensity of AI use. Among intensive users of 

generative AI, around 39% report having increased spending on these services, while 13% report having reduced it. 

Looking ahead to the next three years, large firms expect AI to have a greater positive impact on productivity 

and investment than SMEs do. Specifically, 61% of large firms expect productivity gains as opposed to 27% of 

SMEs. The gap is slightly wider for investment: 69% of large firms expect it to rise, compared with 30% of SMEs. 

Expectations of a positive impact are highest in sectors that rely most heavily on knowledge and technology. Around 

45% of firms engaged in information and communication and in professional, scientific and technical activities 

expect productivity gains. These sectors also have the highest shares of firms expecting investment to rise. 

Expectations are more modest in sectors such as accommodation and food services, construction and agriculture, 

where around 25% of firms anticipate productivity gains. 

The types of jobs that firms expect AI adoption to affect most also vary considerably with firm size. Most 

SMEs (83%) expect no change in jobs involving repetitive or routine tasks, while a relatively sizeable share of large 

firms (44%) expect the number of these jobs to fall. By contrast, jobs with a higher analytical content could benefit, 

especially in large firms, where employment in this type of occupation is expected to increase by around 20%. 

Managerial posts are overall set to be the least affected by AI adoption (Chart 2.c). 

Lastly, incorporating these technologies poses important organisational challenges, particularly in terms 

of training, internal reorganisation and task reallocation. Over the next three years, the majority of large firms 

(79%) plan to step up training and hire more specialised staff (62%), compared with only 35% and 17% of SMEs, 

respectively. Both groups also recognise the need to reallocate tasks internally, albeit to varying extents (57% and 

21%, respectively). Training needs and the associated organisational changes appear to be greater among firms 

anticipating larger AI-related productivity gains and higher investment.
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Overall, the use of AI technologies has risen markedly between 2024 and 2026 across both SMEs and 

large firms. This increase appears to have been underpinned by a broad-based decline in the barriers to AI adoption 

perceived by firms. Nevertheless, adoption remains uneven across firm sizes and sectors: the gap between SMEs 

and large firms persists, while sectoral disparities have widened.

At present, firms are adopting AI primarily to improve the quality and reliability of processes and to further 

automate tasks, rather than to increase output or cut costs. As for the effects observed so far, firms’ responses 

point to a limited impact on employment in the last three years, with a sizeable share of firms, especially larger firms, 

reporting growth in productivity and investment. Looking ahead, firms expect these effects to intensify, accompanied 

by organisational changes and greater training needs, albeit to markedly different degrees depending on firm size.

These descriptive findings reveal broad patterns in AI adoption, both in the intensity of use and in 

heterogeneity across firm sizes and sectors. These differences may partly reflect variation in  firms’ capabilities and 

resources, which are correlated with firm size and sector as well as with the likelihood of adoption.

To explore these mechanisms in greater depth, the next section builds on the survey evidence by linking 

firms’ EBAE responses to their balance sheet data drawn from the CBI. By comparing firms within the same sector 

and controlling for size, this approach helps determine to what extent the observed heterogeneity in AI adoption 

patterns is associated with firm characteristics such as productivity, average remuneration, intangible asset intensity 

and financial position.
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3 �Firm characteristics and AI adoption: evidence from balance sheet data

This section examines whether AI adoption patterns reflect differences in firm characteristics such as 

productivity, workforce composition, intangible asset intensity and financial position. To this end, individual 

EBAE responses are linked to firm-level data from the Banco de España’s CBI for the 2023 financial year,1 

the latest information available, although this introduces a time lag relative to the 2026 EBAE responses. The 

findings in this section should therefore be interpreted as associations between firms’ prior characteristics and 

subsequent AI adoption, rather than as contemporaneous or necessarily causal relationships.

3.1 Characteristics of firms adopting AI

Using CBI data, a comparison can be drawn between the balance sheet profiles of firms that have adopted AI and 

those that have not within the same sector. Four variables are considered: (i) total factor productivity (TFP), as a 

measure of the firm’s overall efficiency; (ii) average wage per employee, as an indicator of the skills composition 

of the workforce; (iii) the share of intangible assets in total productive capital; and (iv) the debt ratio.2 The four 

variables are normalised at the two-digit sector level of the Spanish National Classification of Economic Activities 

(CNAE), so that a value of zero represents the typical firm in each sector.3 

The most pronounced difference between AI adopters and non-adopters can be observed in the stock 

of intangible assets. Firms using AI have an appreciably higher share of intangible assets than their peers in the 

same sector (Chart 3.d), supporting the view that AI builds on firms’ existing stock of intangible capital. Firms that 

have already invested in software, databases or proprietary algorithms can deploy AI tools at a lower marginal 

cost. The TFP distribution also shifts to the right among adopters (Chart 3.a), whose mean is around 4 log points 

above the sectoral average, compared with a slightly negative mean for non-adopters. Although the distributions 

overlap substantially and many non-adopters are more productive than the median adopter, the gap is visible both 

in the group means and in the top tail of the distribution.

Adopters also pay higher wages (Chart 3.b), approximately 4 log points above the sectoral mean, consistent 

with a more skilled workforce that is better placed to integrate AI tools into day-to-day tasks. By contrast, debt 

ratios are broadly similar across the two groups (Chart 3.c): both distributions are centred around the sectoral 

mean, suggesting that, within sectors, adopters cannot be distinguished from non-adopters on the basis of their 

financial position.

1 �The CBI contains information on the financial statements of more than 800,000 Spanish non-financial corporations for each financial year. This 
analysis uses CBI data for 2023, the latest financial year for which balance sheet data are available. Since the EBAE survey round used here 
was conducted in February 2026, the financial data predate the survey responses by approximately two years. The balance sheet variables 
should therefore be interpreted as indicators of firms’ structural characteristics around the time they were making their AI adoption decisions, 
rather than as contemporaneous measures. EBAE responses are matched to CBI data at firm level using the tax identification number.

2 �According to the Spanish General Chart of Accounts, intangible assets include capitalised software, development expenses, acquired intangible 
assets such as patents, trademarks, goodwill and administrative concessions. Accordingly, the share of intangible assets (defined as intangible 
assets relative to total productive fixed assets) is an imperfect indicator of a firm’s stock of digital and technological capital, for two reasons: 
first, because some components (notably goodwill and concessions) are not directly related to digital capacity and, second, because it excludes 
internally developed intangible assets that have been recognised as expenses rather than capitalised. The debt ratio is defined as interest-bearing 
debt relative to total assets.

3 �TFP is estimated at the two-digit CNAE sector level, following the methodology of Wooldridge (2009). For TFP and the average wage, normalisation 
consists of subtracting the sectoral mean of the log-transformed variable, so that the values are expressed in log-point deviations (approximately 
percentage points). For the debt ratio and the share of intangible assets, normalisation consists of subtracting the sectoral mean and dividing by 
the sectoral standard deviation.
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SOURCES: Banco de España Business Activity Survey and Banco de España Integrated Central Balance Sheet Database.

a Each panel shows the density of the distribution, the interquartile range, the group median and mean, according to the degree of adoption. TFP and average wage 
per employee are expressed as log deviations relative to the sectoral mean at the two-digit CNAE sector level. The debt ratio and share of intangible assets are 
standardised within each sector.
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To quantify these associations while simultaneously controlling for the four variables, as well as firm 

size and age, Chart 4 presents the average marginal effects estimated from logistic regressions of AI adoption.4 

The continuous balance sheet variables are standardised (mean 0, standard deviation 1), making the coefficients 

directly comparable: each represents the change in the probability of adoption, in percentage points, associated 

with a one-standard-deviation increase in the variable. The baseline specification defines adoption broadly: a firm 

is classified as an AI adopter if it reports any use, whether experimental, moderate or intensive, of predictive or 

generative AI. The adopter category therefore encompasses very different degrees of technological integration. 

TFP emerges as the strongest predictor among the continuous variables: a one-standard-deviation increase is 

associated with a 6.3 pp higher probability of adoption. Average wage has the second-largest effect (4.6 pp per 

standard deviation), consistent with the role played by workforce skills in the adoption of these technologies. The 

share of intangible assets follows closely (4.1 pp), reinforcing the complementarity between AI and existing digital 

capital. The effect of the debt ratio is economically and statistically insignificant (0.8 pp).

These associations should be interpreted with caution. As noted above, the analysis does not establish 

the direction of the relationships. For instance, the link between productivity and adoption may operate in both 

directions: more productive firms may find it easier to adopt AI, but early adoption may also have contributed to 

4 �The dependent variable takes the value of 1 if the firm reports any use of AI (experimental, moderate or intensive) and 0 otherwise. Four 
specifications use different definitions of adoption: any AI, i.e. the use of predictive or generative AI; predictive AI only; generative AI only; and 
both types simultaneously. All continuous balance sheet variables (log TFP, log average wage, debt ratio, share of intangible assets and firm age 
expressed in logarithms) are standardised to have a mean of 0 and a standard deviation of 1 before estimation, so that the average marginal 
effects are expressed in common units and can be compared across variables. The large firm indicator is included as a binary variable. All 
regressions include sector fixed effects at the two-digit CNAE level. Standard errors are clustered at the sector level.

SOURCES: Banco de España Business Activity Survey and Banco de España Integrated Central Balance Sheet Database.

a  Average marginal effects of the logit estimation. The continuous variables are standardised (average 0, SD 1); each coefficient represents the effect of an 
increase of a standard deviation on the probability of adoption. All the specifications include sector fixed effects at the two-digit CNAE sector level. 
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productivity gains (Brynjolfsson, Rock and Syverson, 2021). Similar considerations apply to the share of intangible 

assets and workforce composition.

3.2 Barriers to adoption and firm characteristics

As documented in the preceding sections, approximately 70% of firms report that they have not yet adopted AI tools. 

The EBAE asked these non-adopters to identify their main barrier to adoption. Chart 5.a groups their responses into 

four categories: resource constraints (high implementation costs or a lack of skilled staff); technical readiness 

(incompatibility with existing systems or insufficient data availability); regulatory and ethical concerns, and perceived 

lack of relevance (the firm sees no useful application or is unfamiliar with AI systems). Resource constraints are 

the predominant barrier, reported by 61% of non-adopters, followed by perceived lack of relevance (18%), technical 

readiness (11%) and regulatory or ethical concerns (8%).

The perceived barriers correspond to the observable differences in firm characteristics. Chart 5.b shows 

the mean of each normalised variable within each sector for adopters (black diamonds) and for each group of non-

adopters, with the dashed line at zero representing the sectoral mean. Groups further below this line display larger 

negative deviations from the sectoral mean. TFP and average wage are expressed as log deviations (percentage 

points), while the debt ratio and the share of intangible assets are expressed as standard deviations within each 

sector. Two broad patterns emerge.

Firms reporting resource constraints or perceived lack of relevance display the largest gaps relative to 

adopters. Both groups pay wages well below their sectoral mean (by 6 and 7 log points, respectively), whereas 

adopters pay 4 log points above it, resulting in an overall wage gap of approximately 10 log points. Their holdings 

of intangible assets follow a similar pattern: both groups are below the sectoral mean, while adopters are above 

it, with overall gaps of around 0.17 standard deviations. Despite reporting very different barriers (one group states 

that it cannot afford AI, while the other sees no useful application), their balance sheets are remarkably similar. Both 

appear to lack the workforce skills and complementary digital assets that facilitate AI adoption.

By contrast, firms citing technical readiness or regulatory barriers resemble adopters more closely in terms 

of human capital. Firms in the technical readiness group have the smallest wage gap relative to adopters among 

all non-adopter groups (around 5 log points), while firms with regulatory concerns pay wages close to the sectoral 

mean (Chart 5.b). These firms appear to have the workforce capabilities needed to adopt AI, but face specific 

obstacles such as shortcomings in data infrastructure or regulatory uncertainty.

The share of intangible assets presents a somewhat different picture. All non-adopter groups hold fewer 

intangible assets than adopters, but the gap is largest for firms citing regulatory or ethical concerns (approximately 

0.19 standard deviations below adopters). Debt ratios vary across groups, but the differences are generally 

imprecisely estimated, with wide confidence intervals that make it difficult to draw firm conclusions.

These patterns suggest that barriers to AI adoption are not uniform across the distribution of firms. For 

most non-adopters – those citing resource constraints or perceived lack of relevance (which together account 

for almost 80%) – the gap relative to adopters extends well beyond financing to encompass productivity, workforce 

skills and digital capital. For the smaller group held back by technical or regulatory barriers, the characteristics 

examined are closer to those of adopters.
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SOURCES: Banco de España Business Activity Survey and Banco de España Integrated Central Balance Sheet Database.

a Firms are classified according to their main reported barrier to AI adoption. N = 2,684 non-adopters.
b The markers indicate the group mean; the horizontal bars show 95% confidence levels. TFP and average wage per employee are expressed in log deviations 

relative to the two-digit CNAE sector-level mean. The debt ratio and the share of intangible assets are expressed as standard deviations across sectors. The 
dashed line at zero represents the sectoral mean.
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4 Conclusions

Analysis of EBAE data highlights several features of recent AI adoption among Spanish firms. First, the 

use of these technologies has grown significantly between 2024 and 2026, among both SMEs and large firms, 

although it remains highly heterogeneous. While AI use is still predominantly experimental among SMEs, more 

intensive use is observed among large firms.

From this descriptive perspective, significant differences persist across firm sizes and sectors of 

activity. The gap between SMEs and large firms has not narrowed appreciably, while sectoral differences have 

widened, with AI use increasingly concentrated in more knowledge-intensive sectors. As regards the effects 

observed to date, the impact on employment appears limited, while a sizeable share of firms report increases 

in productivity and investment.

Second, combining EBAE data with balance sheet information allows the relationship between AI 

adoption and firm characteristics to be examined. On average, adopters have higher productivity, pay higher 

wages and have greater intangible asset intensity, but no significant differences are observed in their relative 

financial position. These associations should be interpreted with caution, as the analysis does not establish 

causal relationships.

The analysis of barriers to adoption supports this interpretation. For most non-adopters, the main 

obstacles relate to resource constraints and the perception of limited usefulness, alongside gaps in productivity, 

workforce skills and digital capital. Conversely, a smaller group of firms face technical or regulatory barriers 

despite being closer to adopters in terms of the characteristics examined.

Third, these findings have implications for the design of economic policies aimed at fostering the diffusion 

of AI in the business sector. The aggregate impact of these technologies will depend not only on the breadth of 

adoption, but also on the intensity of use and firms’ ability to develop complementary assets, such as skilled 

human capital, organisational capabilities and digital assets.

From this standpoint, training policies, support for the digitalisation of internal processes and the 

reduction of technical or regulatory barriers can all play an important role in broadening the pool of firms able to 

integrate AI effectively. Without progress in these areas, there is a risk that the diffusion of these technologies 

will widen existing gaps between firms rather than foster convergence in productivity.
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