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Technology adoption expectations in the face of temporal
uncertainty: an analysis of survey data from manufacturing firms
Inna Lola and Murat Bakeev

Institute for Statistical Studies and Economics of Knowledge, Centre for Business Tendency Studies, HSE University,
Moscow, Russian Federation

ABSTRACT
The paper studies the link between yearly behavioural expectations and
technology adoption decisions of entrepreneurs and managers in the
temporal context. According to our hypothesis, the expectations of
managers are of a heterogeneous nature, possessing both backward-
looking and forward-looking properties, and the external conditions
may influence the severity of these properties in the expressed
expectations. In the paper, three types of correlations are analyzed in
the framework of regression analysis, that is, a link between past and
present expectations (the ‘inertial’ mechanism), a link between present
expectations and current levels of technology adoption in an industry
(the ‘adaptive’ mechanism), and a link between present expectations
and future levels of technology adoption (the ‘forward-looking’
mechanism). The main conclusion of the work is that radical external
unforeseen shocks strongly decrease inter-temporal links between past
expectations and present expectations and behaviour, which are
represented by the inertial and forward-looking mechanisms
respectively, and promote a link between current behaviour and the
present expectations, which is represented by the adaptive mechanism.
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1. Introduction

At first glance, one of the obvious ways to measure proliferation potential of technology adoption in
manufacturing is to collect data on intentions, which are held by entrepreneurs and managers of
firms. The empirical literature, mostly based on various modifications of the theory of reasoned
action, generally confirms that there is a strong causal link between the behavioural intentions
and the actual behaviour of agents (Lortie and Castogiovanni 2015). However, many authors note
that in the case of technological intentions, this link can be noticeably weaker, which leads to the
so-called ‘intention-behavior gap’ (Moghavvemi et al. 2015; Bhattacherjee and Sanford 2009; Ven-
katesh et al. 2003). For this reason, Venkatesh et al. (2008) suggested using a concept of behavioural
expectations instead of behavioural intentions, since it better takes into account the role of external
factors in transforming intentions into real actions, as well as the presence of uncertainty, lack of
information, and the possibility of unforeseen events.

Even though the problem of the intention-behaviour gap has already been analyzed in the litera-
ture in many contexts, one of its aspects, it seems, has so far been bypassed in empirical papers,
namely, the long-term connection between the intentions and behaviour in different environments
in terms of the presence of unpredictable external shocks. When intentions and expectations are
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expressed at the level of large organisations or industries and concern time-consuming large-scale
transformations, they can remain unfulfilled for long time. As a result, here arises an additional tem-
poral aspect of the gap. Following Venkatesh et al. (2008) and so relying on the concept of behavioural
expectations, we aim at analyzing the link between technology adoption expectations expressed in
one year and behaviour in a subsequent year in order to see how the link can differ in different periods.

The paper is based on data from annual surveys of manufacturing firms in Russia in 2018–2020.
We have at our disposal the results of surveys of firm managers from 23 sectors of the manufacturing
industry regarding the current implementation and intentions for the following year of 7 (2018) to 19
technologies (2019–2020) in their enterprises. Over three years, 3,030 firms were surveyed in total
(on average, about 1,000 firms per year). An analysis of links between expressed expectations of
technology adoption in a next year and the actual levels of technology adoption in that year aggre-
gated at the industry level is carried out to address the outlined research problem.

The technologies considered in our questionnaire include most of the core elements of Industry
4.0 mentioned in the literature, in particular, the Internet of Things (IoT), additive technologies, artifi-
cial intelligence (AI), data analytics, etc. (Raj et al. 2020; Oztemel and Gursev 2020; Klingenberg,
Borges, and Antunes 2019; Frank, Dalenogare, and Ayala 2019). However, the list used is not
limited to these technologies; for example, there are such technologies as the digital workplace
and ‘green’ manufacturing. Despite the emphasis on Industry 4.0 technologies, which are currently
at the forefront of technological development in the manufacturing industry, our research interest
has more to do with general industry patterns of technological expectations, rather than specific fea-
tures of the implementation process of individual technologies. Technologies can be used in pro-
duction in various ways, and the degree of their implementation at different enterprises may
differ, which makes it difficult to analyze the organisational and technical patterns of technology
implementation at enterprises in our case. Nevertheless, we believe that the format of our study
is appropriate for identifying more global industry patterns of the diffusion of some basic technology
practices in terms of their link with expectations.

First, based on our data, we assess the fulfilment of expectations in two aspects: in terms of the
differences between the sectors under consideration and in terms of differences between the tech-
nologies. For this, groups of sectors and technologies with various levels of fulfilment of technology
adoption expectations are distinguished by calculating annual ‘expectation fulfillment indices’ in
2018–2019 and 2019–2020, specially developed for this study. This preliminary stage describes quan-
titatively the examined links between expectations and actual behaviour for separate manufacturing
industries and the examined technologies.

Second, we evaluate a set of regression models designed to shed light on the temporal aspect of
the process of forming technology adoption expectations of entrepreneurs and company managers
in the face of the uncertainty associated with unforeseen shocks. We do not aim to propose a model
that fully explains this process. In particular, we do not examine the roles of the determinants of the
formation of expectations, such as attitudes and subjective norms, nor do we touch upon the per-
ceived benefits. The purpose of the model building is to analyze the relationship between expec-
tations that were already formed in a certain period, and expectations and real levels of
technology adoption in the subsequent period, namely, not fundamental reasons for the expec-
tations and behaviour, but their inter-temporal correlation.

We assume that from a temporal point of view, expectations may have forward-looking proper-
ties, predicting relatively effectively the level of technology adoption in the next period, and back-
ward-looking properties, being an extrapolation of the already established dynamics for future
periods. Both of these interpretive logics can be traced back to the economics literature, which
offers theories based on the hypothesis of rational expectations and various models of adaptive
and extrapolative expectations (Pesaran and Weale 2005). We partly rely on the conceptual ideas
from this literature in order to analyze the designated research problem. The presence or absence
of predictive power in expectations, expressed in their forward-looking property, in various con-
ditions will indicate whether we should rely on these data in these conditions.
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Using regression analysis of panel data, we examine to what extent the technology adoption
expectations of entrepreneurs and managers have forward- and backward-looking properties with
the latter divided into ‘inertial’ and ‘adaptive’ mechanisms in non-crisis (2018–2019), pre-crisis
(2019–2020) and crisis (2020–2021) periods in relation to the COVID-19 crisis, which can be con-
sidered a large-scale unpredictable external event. Despite the fact that the lack of data for 2017
and 2021 limits the possibilities of analysis to a significant extent, it seems to us that important con-
clusions can still be drawn.

2. Literature review and conceptual framework

In the information technology management literature, a huge variety of technology adoption
models is employed. Most of them are based on a common basis, that is, the theory of reasoned
action (TRA), which originates in Fishbein and Ajzen (1975). TRA relies on the concept of behavioural
intention in order to explain the unobservable connection between the actual behaviour and behav-
ioural attitudes of agents. As Conner and Sparks (2005, 171) put it, behavioural intention is an agent’s
‘motivation in the sense of her or his conscious plan, decision or self-instruction to exert effort to
perform the target behaviour’.

Whereas the focus of TRA is to study the role of behavioural intentions as specific psychological
points in decision-making, the subsequent theories developed on its basis mostly aimed at analyz-
ing factors influencing the formation of behavioural intentions, and also the determinants of the
actual behaviour in addition to intentions. These are the theory of planned behaviour (TPB)
(Ajzen 1991), decomposed theory of planned behaviour, (Taylor and Todd 1995), the technology
acceptance model (TAM) (Davis, Bagozzi, and Warshaw 1989), technology acceptance model 2
(TAM2) (Venkatesh and Davis 2000), unified theory of acceptance and use of technology
(UTAUT) (Venkatesh et al. 2003) and technology acceptance model 3 (TAM3) (Venkatesh and
Bala 2008). In particular, TPB incorporates considerations of perceptions of control over perform-
ance (perceived behavioural control, PBC), which is the perception of the difficulty of enacting a
behaviour, as a predictor of the behaviour along with the intentions, while decomposed TPB intro-
duces the determinants of the intentions formation, which are attitudes and subjective norms.
Models from the TAM family analyze in a deeper way factors that affect the behavioural attitudes
of agents in the context of technology adoption, highlighting perceived usefulness and perceived
ease of use. TAM2, UTAUT and TAM3 are the extensions of the original TAM model, which propose
many various external variables and moderators as determinants of the perceived ease of use, per-
ceived usefulness and perceived behavioural control during different stages of technology
implementation.

However, according to Venkatesh et al. (2008, 485), UTAUT model has several limitations, which
may lead to the behavioural intention being ‘unstable, inaccurate, and less predictive of behavior.’
First, the intentions may not reflect the influence of external factors on the ability to perform behav-
iour. Second, uncertain and unforeseen events may cause changes in the intentions making the pre-
vious intentions irrelevant. There are various solutions to this problem in the literature, such as
differentiation between strong and weak intentions (Bhattacherjee and Sanford 2009) or introducing
the precipitating events as triggers that lead to the transformation of the intentions into actions
(Moghavvemi et al. 2015). Venkatesh et al. (2008) themselves suggested using the concept of expec-
tations instead of the intentions, empirically demonstrating the superiority of the latter in predicting
real behaviour. Expectations take into account the uncertainty of agents’ opinions regarding the
possibility of performing certain actions and are based on several cognitive mechanisms that
reduce this uncertainty. In particular, Venkatesh et al. (2008, 486) speak about the ‘mental simu-
lation’ mechanism that is based on imagining future scenarios for the development of events, as
well as the ‘extrapolation tactics,’ which in its turn takes the forms of the assumption-based reason-
ing and the statistical estimation. They involve predicting future events based on beliefs about the
current state of the world or extrapolating past and present data trends respectively.
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The proposal to use expectations rather than intentions paves the way to the economics litera-
ture, which also explores the problem of expectations, and in particular, technological expectations.
At the formalised level, the role of expectations in technological development in the economics lit-
erature was first actively explored in the 1970s and 1980s (Rosenberg 1976; David and Olsen 1984;
Ireland and Stoneman 1986). It was mainly theoretical research, and the collection of empirical data
on expectations through surveys was not widely used due to the traditional distrust of economists in
this way of measuring expectations (Pesaran and Weale 2005). For our study, an important aspect of
the approach developed within this area of research is the presence of alternative models of the for-
mation of expectations, namely, models based on the hypotheses of rational and different types of
extrapolative expectations. Whereas the former assumes taking into account all available infor-
mation about the future, the latter in one form or another presuppose the presence of a bias in
future estimates relative to the past values of the parameters. In part, we can suggest that the
rational expectations model and the extrapolative expectation model respectively correspond to
the mechanisms for forming expectations through mental stimulation and extrapolation tactics in
Venkatesh et al. (2008).

Despite the suggested result that expectations perform better than intentions, it is obvious that
they also cannot predict future behaviour perfectly. In this sense, in our opinion, the problem of tem-
poral uncertainty formulated by Venkatesh et al. (2008) remains relevant, and an empirical analysis is
needed of how accurate a source of information is technological expectations in different conditions.
Such analysis has not yet been undertaken in the literature, but it can help to gain a more complete
picture of the relevance of the uncertainty problem.

According to our assumption, expressed yearly technology adoption expectations may depend
on the expectations that have been already formed previously and so far remain unfulfilled (the iner-
tial mechanism), may react towards changes in a current adoption level of the technology in the
industry (the adaptive mechanism), and may relate to novel determinants of future behaviour
(the forward-looking mechanism). The forward-looking mechanism corresponds to the rational com-
ponent of expectations and the mental simulation mechanism that is mentioned above, demonstrat-
ing the ability of managers to predict their behaviour in a subsequent period based on unique
information about the future, not current dynamics. At the same time, the adaptive mechanism cor-
responds to the logic of extrapolation of present information, while the inertial mechanism can be
associated with the extrapolation of past information and the bias relative to the past information.
Thus, in conceptual terms, we rely on a research framework, which presupposes a potential combi-
nation of different logics of expectation formation that are discussed above, treating the latter as
heterogeneous phenomenon. Consequently, the relevance of the forward-looking mechanism will
be indicative of the predictive power of data on managers’ technological expectations, which
goes beyond the information that can be already obtained from the available information about
the current trends in technology implementation.

3. Data and methods

3.1. Data selection and preparation

Since 2018, the ‘Statistics of Russia’ autonomous non-profit association affiliated with the govern-
ment statistical office has carried out annual pilot business tendency surveys of manufacturing
enterprises in Russia by order of the Institute for Statistical Studies and Economics of Knowledge
of Higher School of Economics (ISSEK HSE), which are devoted to monitoring digital activity and
the dynamics of technological transformation in Russian manufacturing. This is a part of a long-
standing project devoted to monitoring the business climate, which is conducted at the Centre
for Business Tendencies Studies, ISSEK HSE. Details of the methodology and some elements of
primary data, as well as aggregated monitoring results are published on the websites of the
project and the centre.1
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Survey questionnaires are filled in by respondents (heads or managers of enterprises) who have
the necessary level of competence in relation to the questions asked in the questionnaire. Tradition-
ally, business tendency surveys are used to analyze the temporal dynamics of various aggregated
economic parameters, such as demand, output and the economic situation, as well as the composite
aggregates formed on their basis, including the Business Confidence Indicator, the Economic Senti-
ment Indicator. However, the Pilot Survey Program launched in 2018 to measure the sectoral digital
technology adoption of manufacturing enterprises, makes it possible to collect annual data on
various technological parameters of enterprises, including information on the current level of adop-
tion of and expectations for next year for the introduction of a large pool of advanced technologies.
We use these data in our paper.

Territorial bodies of the statistical association carried out the selection of organisations for con-
ducting surveys independently. The number of surveyed enterprises with a 100% response rate in
2018–2020 was 1,041, 1,025 and 964 enterprises respectively, which are geographically concentrated
in the same thirty regions of Russia.2 The sample is representative for all units of observation, stra-
tified, and is representative of the main economic parameters of production activity in thirty regions
of Russia.

Unfortunately, it is not possible to identify individual respondents who participated in the survey
in different years. Because of this, intertemporal analysis based on such data requires aggregation. In
this article, we resorted to aggregation at the industry level (23 manufacturing industries in total).

As part of the aggregation procedure, for each industry, we calculated proportions of survey par-
ticipants who gave positive answers about whether a certain technology had been implemented at a
given point in time or whether the technology was expected to be introduced in the next year. We
used the values of these shares of positive answers from the total number of surveyed firms in the
industry as the studied variables.

We considered the following technologies, as indicated in the questionnaire:

. Artificial intelligence technologies (neural networks and machine learning)

. Additive technologies (3D printing)

. Internet of Things (IoT)

. Cloud computing

. Digital workplace

. ‘Green’ manufacturing technologies (100% utilisation and recycling, etc.)

. Big data analytics

. Robotic production / automated lines (available only for 2019–2020)

. Service bots (available only for 2019–2020)

. Subtractive technologies (available only for 2019–2020)

. Sensors for data collection, environmental monitoring (available only for 2019–2020)

. Low-power Wide-area Networks (LPWAN) (only available for 2019–2020)

. Near Field Communication (NFC) technologies (only available in 2019–2020)

. Radio frequency identification (RFID) technologies (available only for 2019–2020)

. Big data processing (available only for 2019–2020)

. Blockchain (available only for 2019–2020)

. Cybersecurity technologies (available only for 2019–2020)

. Digital twins (only available for 2019–2020)

. Virtual and augmented reality (available only for 2019–2020)

Several technologies, as indicated in the list, were not available in 2018. We decided to include
them where there are data on them available, and in those cases, we calculated the results in two
versions – with and without including the technologies unavailable in 2018.
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3.2. Preliminary analysis using indices

The first part of the study consisted in ranking industries and technologies according to the criterion
of the fulfilment of last year’s expectations, for which we used a specially developed index (‘expec-
tation fulfillment index’), which was calculated using the following formula:

f ab
i =

tab
i

(tab
i�1 + eab

i�1)
, i [ {2019, 2020}

where tab
i is the share of enterprises in industry b that have adopted technology a in year i; eab

i�1 is the
share of enterprises in industry b, whose managers in year i � 1 expected the introduction of tech-
nology b in next year; f ab

i is the expectation fulfilment index for technology a in industry b in year i.
Accordingly, for the index in 2019, values are available for only 7 technologies, and in 2020 for 19
technologies. The number of industries did not change throughout the survey – 23 manufacturing
industries, representing high-, medium- and low-tech segments.

After calculating the indices for each industry-technology pair, the following formula was used to
calculate their average values for both technologies and industries:

f a
i =

�Ni
b=1 f ab

i
M

, f b
i =

�M
a=1 f ab

i
Ni

where M is the number of industries (equal to 23); Ni is the number of technologies for which the
index value in year i is available (7 for the 2019 index, 19 for the 2020 index).

The resulting industry and technology averages were presented in the results section as appro-
priate matrices. The constructed indices reflect the ratio of expectations formed in the previous
year with an increase in the real level of technology adoption in the industry in the current
year. Accordingly, the closeness of the index value to 1 indicates a relatively accurate fulfilment
of expectations, while its low values indicate a weak fulfilment, and high values above 1 indicate
an excess of the increase in the level of adoption over the expectations formed in the previous
year. Since we are working with aggregated industry values, our results also reflect the ratios of
aggregated parameters at the level of industry groups of enterprises, i.e. they are not necessarily
identical to the dynamics at the level of individual enterprises, although, to a large extent they are
close to it. At the stage of preliminary analysis, we use these indices to rank industries and tech-
nologies from the point of view of the fulfilment of intentions, that is, they mainly have a descrip-
tive function.

3.3. Regression analysis

The second part of our study was based on a regression analysis of variables affecting the level of
expectations for technology adoption. A standard OLS linear regression form was used to evaluate
the following models:

e2018 = t2018 + D2019�2018 + industry + tech + 1 (1)

e2019 = e2018 + D2019�2018 + D2020�2019 + industry + tech + 1 (2)

e2020 = e2019 + D2020�2019 + industry + tech + 1 (3)

where ei is a quantitative variable reflecting the share of enterprises in the industry, whose managers
expect the introduction of a certain technology in year i in the short term; ti is a quantitative variable
reflecting the share of enterprises in the industry that have implemented a certain technology in year
i; Di�j is a quantitative variable reflecting the increase (decrease) in the share of enterprises in the
industry that have introduced a certain technology in year i compared to year j; industry is a categ-
orical variable representing the industry; tech is a categorical variable representing technology; 1 is a
random model error.
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Accordingly, model (1) analyzes the determinants of expectations formed in 2018 and first
realised in 2019 – before the crisis; model (2) analyzes the determinants of expectations formed
in 2019 before the crisis and realised in 2020 during the crisis; model (3) analyzes the determinants
of expectations formed in 2020 during the crisis, which should be fulfilled in 2021.

As it was discussed in the previous section, three possible mechanisms of influence on the
level of expectations in the inter-temporal perspective are assumed. First, this is the inertia of
expectations already formed in the previous period – this ‘inertial’ mechanism is tested in
models (2) and (3) by including the explanatory variables e2018 and e2019 respectively. Due to
the lack of data for 2017, model (1) lacks a variable reflecting the inertial factor in the formation
of intentions.

Secondly, this is the adaptation of expectations to the dynamics of technological changes in the
industry in the current period (the ‘adaptive’ mechanism). It is assumed that managers respond to
such dynamics and can adjust their expectations accordingly. This mechanism is tested in models (2)
and (3) by including the explanatory variables D2019�2018 and D2020�2019, respectively. Due to the lack
of data for 2017 in model (1), when checking the impact of this mechanism, the variable of the
increase in the share of enterprises that introduced technology was replaced by the share of enter-
prises that adopted technology in 2018 (t2018).

Third is the ‘forward-looking’ mechanism, which represents the new knowledge available to
managers about the planned implementation of technologies in a next year. In models (1) and
(2), this mechanism is tested by including the explanatory variables D2019�2018 and D2020�2019,
respectively. Unfortunately, at the time of writing, we do not yet have data for 2021, so this factor
is not taken into account in model (3).

4. Results

Tables 1 and 2 present the results of calculating the fulfilment indices. Figures 1 and 2 contain visu-
alisations of the same results.

It can be noted that in the technological and in the sectoral context in 2019 there was a slight tilt
towards the increased realizability of expectations – the indices are mostly more than 1. Nevertheless,
in 2020 there is a serious weakening of this dynamic.

Table 1. The distribution of technologies by sectoral average of the expectation fulfilment index in 2019 and 2020 (absolute
value and rank).

Technology

2019 2020

Index Rank Index Rank

Additive technologies (3D printing) 2.61 1 1.06 7
‘Green’ manufacturing technologies (100% utilisation and recycling, etc.) 2.59 2 1.07 6
Internet of Things (IoT) 2.58 3 0.98 12
Artificial intelligence technologies (neural networks and machine learning) 2.56 4 0.94 13
Digital workplace 1.91 5 0.99 11
Cloud computing 1.72 6 0.85 15
Big data analytics 1.36 7 1.13 3
Radio frequency identification (RFID) technologies – – 2.52 1
Subtractive technologies – – 1.23 2
Digital twins – – 1.13 3
Blockchain – – 1.12 4
Sensors for data collection, environmental monitoring – – 1.08 5
Low-power Wide-area Networks (LPWAN) – – 1.08 5
Virtual and augmented reality – – 1.03 8
Cybersecurity technologies – – 1.02 9
Near Field Communication (NFC) technologies – – 1.00 10
Big data processing – – 0.92 14
Robotic production / automated lines – – 0.85 15
Service bots – – 0.84 16
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Table 2. The distribution of sectors by the technology average of the expectation fulfilment index in 2019 and 2020 (absolute value and rank).

Sector

2019 2020
2020* (excluding new

technologies)

Index Rank Index Rank Index Rank

Metallurgy 4.07 1 0.55 21 0.52 22
Wood processing, wood and cork products, except for furniture,

straw products and plaiting materials.
3.37 2 1.57 3 1.23 5

Rubber and plastic products 3.24 3 0.99 12 0.80 16
Other finished manufacturing products 3.18 4 1.20 8 0.99 10
Other vehicles and equipment 3.06 5 0.65 19 0.63 18
Printing activities and copying of information carriers 2.97 6 0.66 18 0.58 19
Other non-metallic mineral products 2.88 7 1.35 7 1.14 7
Machinery and equipment not included in other categories 2.25 8 0.83 16 0.70 17
Leather and leather products 2.22 9 0.15 22 0.04 23
Repair and installation of machinery and equipment 2.21 10 1.39 6 1.17 6
Medicines and materials used for medical purposes 2.13 11 0.96 14 0.87 13
Coke and petroleum products 2.09 12 0.67 17 0.57 20
Food products 2.06 13 0.97 13 0.84 14
Electrical equipment 1.83 14 1.11 10 1.03 9
Wearing apparel 1.82 15 1.83 2 1.95 2
Chemicals and chemical products 1.63 16 0.96 14 0.92 12
Furniture 1.57 17 1.51 4 1.40 3
Drinks 1.56 18 1.12 9 1.04 8
Paper and paper products 1.44 19 0.64 20 0.54 21
Finished metal products, except for machinery and equipment 1.43 20 1.03 11 0.96 11
Motor vehicles, trailers and semi-trailers 1.31 21 0.86 15 0.83 15
Textiles 1.25 22 2.83 1 2.99 1
Computers, electronic and optical products 1.11 23 1.41 5 1.34 4
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The most stable dynamics can be found in the case of Big data analytics, while AI, IoT, ‘green’ and
additive technologies experienced a significant decline. In 2020, RFID was a salient outlier with an
abnormally high level of expectation fulfilment in comparison to other technologies, which were
very similar in terms of the absolute value of the index.

Figure 1. The distribution of technologies by the sectoral average of the expectation fulfilment index in 2019 and 2020 (authors’
calculations).

Figure 2. The distribution of sectors by the technology average of the expectation fulfilment index in 2019 and 2020 (authors’
calculations).
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Among the industries, textiles was the only noticeable example, where a significant increase in
expectation fulfilment was experienced. The largest drop in the fulfilment level of technological
expectations in 2020 was observed in metallurgy, the production of other vehicles and equipment,
leather production, and printing activities.

Tables 3–5 show the results of the regression analysis.
The results indicate that all of the factors we have identified – inertial, adaptive and forward-

looking – can really play a role in the formation of technological intentions. However, these
factors are not always significant. The most stable factor is the adaptive factor; it was significant
in 2018, 2019, and 2020. In 2020, it was the only significant factor, since the pre-crisis intentions
formed in 2019 were irrelevant for the new ones in 2020, while 2021 data were not yet available
for checking of the forward-looking factor relevance.

In 2019, expectations formed in 2018 had a significant impact, exerting some inertial effect.
However, from the point of view of influence, the adaptative factor in 2019 was more important,
and the forward-looking factor was not significant. At the same time, in 2018, the forward-looking
factor was the most significant in terms of influence.

5. Discussion

5.1. Theoretical implications

Following Venkatesh et al. (2008), we used the concept of behavioural expectations instead of the
intentions, since the former is expected to express better the influence of uncertain externally
driven future changes in respondents’ estimates. Our results showed that in conditions of low

Table 4. Results of regression analysis – temporal determinants of expectations for technology implementation in 2019.

Variables Model

e2018 2.71***
(0.126)

D2019�2018 3.91***
(0.094)

D2020�2019 0.63
(0.056)

industry 0.02
(0.002)

tech �0.37
(0.002)

constant 0.9
(0.04)

R-squared 0.1884

***p < 0.01.

Table 3. Results of regression analysis – temporal determinants of expectations for technology implementation in 2018.

Variables Model

t2018 3.73***
(0.087)

D2019�2018 4.26***
(0.049)

industry �1.4
(0.001)

tech 4.18***
(0.001)

constant 1.98**
(0.022)

R-squared 0.2225

***p < 0.01, **p < 0.05.
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uncertainty, technological expectations can really serve as one of the explanatory factors that allow
predicting the future level of technological development. Nevertheless, their explanatory power is
not strong enough, and in most cases, yearly expectations do not predict the future level of technol-
ogy adoption with high accuracy, which is evidenced by both the low accuracy of the models and
the significant scatter of the calculated indices.

Inter-industry and inter-technological analysis showed that the fulfilment of expectations is
characterised by a high spread, at least within the framework of the three-year dynamics available
to us. Many technologies are being implemented in the logic of sharp leaps, rather than gradually,
which can be facilitated by both institutional changes and the effect of network externalities. In this
context, it would be interesting to trace the further evolution of the technological expectations of
managers in relation to them, which would allow an analysis of the cycles of excitement and disap-
pointment at the level of individual industries, continuing the existing research in this area (see, for
example, Kriechbaum, Prol, and Posch 2018). In addition, a possible direction for further research
may be testing hypotheses regarding technological and industry specific features of the formation
of intentions and expectations. Particularly, we may be interested in a more detailed and long-term
study of the technological and sectoral factors influencing the ‘smoothness’ of the formation and
implementation of technological intentions.

In our sample, we dealt primarily with nascent technologies, and this could be very different if we
were dealing with established technology practices and products in the industry. Industry 4.0 tech-
nologies have already been explored in the literature on technology adoption intentions and expec-
tations in various research contexts (e.g. IoT – Seetharaman et al. 2019; 3D printing – Wang, Jiang,
and Zhang 2020, a large list of technologies in Závadská and Závadský 2020). In particular, the
main finding of Závadská and Závadský (2020), who also conducted their research based on
surveys of company managers from the manufacturing sector, displays a great inter-industry varia-
bility in terms of the Industry 4.0 adoption expectations.

In addition, we contribute to the empirical measurement of various theoretical models of
expectation formation prevalent in economics. Au and Kauffman (2005) introduced the ideas
of rational expectations and adaptive learning in the context of information technology adop-
tion, showing how different enterprises with initially heterogeneous expectations about the
potential value of a technology come to a simultaneous decision to introduce innovation in
case of network externalities. Angeles (2008) and Au, Kauffman, and Riggins (2006) used this
theoretical framework to analyze cases of RFID adoption and electronic billing respectively.
The model suggests that there should be not a uniform introduction of technology, but an
abrupt adoption by clusters of firms. This logic can explain the observed ‘jumps’ in the
values of the intention fulfilment indices for such technologies. Depending on how strong the
network externalities are, the intertemporal connections between the indices will be smoother
or more spasmodic.

Table 5. Results of regression analysis – temporal determinants of expectations for technology implementation in 2020. Models
with new technologies added (#1) and removed (#2).

Variables Model 1 Model 2

e2019 �0.67
(0.05)

0.06
(0.072)

D2020�2019 6.65***
(0.022)

8.25***
(0.047)

industry 3.16***
(0.002)

1.91*
(0.002)

tech �4.35***
(0.001)

�1.56
(0.001)

constant 8.43***
(0.022)

4.86***
(0.032)

R-squared 0.1345 0.3194

***p < 0.01, *p < 0.1.
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5.2. Practical implications

Various sources can cause the weakening of the forecast element in expectations, but in this
paper we first of all showed that external shocks and uncertainty are an important source,
forcing businessmen to rely primarily on the extrapolation of the current situation. As D’Auria
and De Smet (2020) point out, in the context of business leaders’ response to the coronavirus
outbreak, effective responses there are not drawn up in advance. Hence, we come to the
added complexity of assessing, as Závadská and Závadský (2020) do for 2025 based on 2016/
2017 data, future levels of technology adoption based on managerial intention and expectation
surveys, since their accuracy can vary greatly from year to year depending on the external
environment.

Entrepreneurial expectations from business tendency surveys are used in different contexts, for
example, to predict future employment (Lehmann and Weyh 2016), inflation (Ang, Bekaert, and
Wei 2007), and gross domestic product (Hansson, Jansson, and Löf 2005). The findings generally indi-
cate that models with expectation data included perform better in terms of forecast accuracy than
standard autoregressive models. Apparently, this is achieved through what we call the rational,
forward-looking component of expectations. As our results indicate, the effectiveness of such
models can still differ significantly, at least in the case of forecasting technology adoption.

This finding emphasises the temporal heterogeneity of data on technological expectations,
which can be associated with qualitatively different sources of formation, and, accordingly,
require different attitudes towards themselves. From a practical point of view, this result is impor-
tant, empirically indicating the need to take into account the external situation in which data on
technological expectations are collected, and also the specific technologies in question, which is
not always taken into account in the discussion of technological expectations. On the one hand,
this suggests that managers need to be wary of technological forecasts from academic, business,
or statistical sources based on the expectations of industry participants, on the other hand, it
encourages a deeper empirical analysis of the relationship between expectations and real behav-
iour in different external conditions where there is a significant time gap between the formation of
the former and the implementation of the latter. It is also plausible to assume that firms are het-
erogeneous in terms of the accuracy of predictive estimates inherent in technological expec-
tations, and different factors may be associated with the characteristics of firms that put them
in a stronger position than others in terms of the predictive power of expectations and expressed
intentions.

6. Conclusions

Our results suggest that given a relatively stable market environment and a low level of uncer-
tainty, technological expectations can be partially relied on as a marker of probable future
changes in the industry, which has an advantage over forecasts based on the extrapolation of
current dynamics. However, under conditions of increased uncertainty, they cease to be such a
marker with a comparative advantage. The local knowledge of insiders in these circumstances
does not overwhelm the knowledge of outside observers. Besides, in conditions of low uncer-
tainty, past expectations may retain their influence, but in the salient event of turbulence, man-
agers begin to rely only on the current dynamics of technological change, mostly abandoning old
expectations.

Our study is the first attempt to look at the technological expectations of enterprises over time
from the point of view of their consistency in the face of changing external conditions. The
results obtained need expansion and additional evidence, however, it seems to us that the proposed
approach can be an interesting alternative to the existing ones, allowing to consider the trajectories
of changing technological expectations in the intertemporal perspective and in conditions of
sudden external shocks.
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Notes

1. URL: https://www.hse.ru/monitoring/buscl/, https://issek.hse.ru/dep_conres/
2. Krasnodar Krai, Krasnoyarsk Krai, Primorsky Krai, Stavropol Krai, Khabarovsk Krai, Arkhangelsk Oblast, Vladimir

Oblast, Volgograd Oblast, Vologda Oblast, Nizhny Novgorod Oblast, Irkutsk Oblast, Tver Oblast, Kemerovo
Oblast, Samara Oblast, St. Petersburg, Leningrad Oblast, Moscow, Moscow Oblast, Novosibirsk Oblast, Rostov
Oblast, Sverdlovsk Oblast, Smolensk Oblast, Tula Oblast, Tyumen Oblast, Chelyabinsk Oblast, Republic of Bash-
kortostan, Republic of Dagestan, Republic of Tatarstan, Udmurt Republic, Republic of Sakha.
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