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A B S T R A C T   

Drawing on Appraisal Theory, this study explores the psychological impact of technology adoption during the 
first year of the COVID-19 pandemic on UK Higher Education (HE) employees. Using sentiment analysis, we 
analyse approximately 9000 tweets focusing on technology use in UK HE between March 2020 and February 
2021, leading to the identification of significant changes in perceptions and feelings. Followingly, we undertake 
52 in-depth online qualitative surveys (employing a laddering approach) from UK HE employees to better un-
derstand the emotional and psychological consequences of technology adoption. The results highlight four 
distinct phases based on the functional and emotional impact of technology: secure, scrutinize, streamline, and 
sustain. We observe that several distinct positive (e.g., empowerment and self-efficacy), and negative (e.g., 
isolation and stress) psychological consequences emerge in each phase, which are concomitant with the tran-
sition from an emergency/rapid to planned/proactive technology adoption and integration. This study offers a 
framework demonstrating the impact of technology adoption on employee emotions and how these emotions 
change during the transition from rapid to planned technology adoption. Thus, given the importance of emotions 
within organizations, the implications of our work offer valuable insights for organizations transitioning from 
emergency to planned technology adoption in the future.   

1. Introduction 

In the context of global pandemics and epidemics, the COVID-19 
crisis has brought about one of the most historically noteworthy, 
rapid, and forced changes to the behaviour of individuals in many so-
cieties (Pillay, 2021). Over a period of two months in early 2020, many 
countries used legal powers to prevent citizens from leaving their 
homes, predominantly relying on technology to work, socialize, and 
relax. Throughout society, this rapid change had a profound psycho-
logical impact, effecting the mental health of individuals (Serafini et al., 
2020), the ways that businesses operate and, by extension, the global 
economy (Sarkodie and Owusu, 2021). Within peoples' working lives, 
there has been significant disruption and an increased dependence upon 
technology to sustain industries. In this paper we focus on the Higher 
Education (HE) sector in the United Kingdom, to explore the psycho-
logical impact of this (rapid) technology adoption. 

Unlike other industries, UK HE can be considered a more ‘traditional’ 
sector, with a somewhat antiquated approach to technology adoption. 

Despite many universities claiming to be technologically advanced, 
prior to the pandemic, face-to-face teaching and physical engagement 
and processes remained an important part of their operations and the 
learning experience they strive to offer (Daumiller et al., 2021; Thomas, 
2020). The COVID-19 pandemic rapidly and radically changed the way 
technological innovation was adopted and used in the HE sector. During 
the first months of the pandemic, many innovative solutions were 
swiftly introduced, enabling HE institutions to maintain their operations 
while striving to retain an offer which was valuable. Nevertheless, these 
developments have been received with scepticism by many key stake-
holders, including students and university staff, not least with regard to 
quality and value, but also the psychological impact resulting from the 
rapid adoption of these innovative solutions (e.g., Bedenlier et al., 2020; 
Oliveira et al., 2021). 

In the HE learning and teaching context, scholars are keen to high-
light the different approaches to online teaching. Rapanta et al. (2021) 
remind us of the distinction between emergency remote teaching (ERT) 
and online learning and teaching (OLT), in that the former is, by 
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definition, reactive and a temporary shift; there is a lack of preparation 
before the teaching is undertaken (Hodges et al., 2020). By contrast, OLT 
is far more planned and carefully designed to combine a range of 
pedagogical tools (e.g., synchronous, asynchronous, and independent 
study activities) (Anderson, 2008). While the future vision for HE in 
terms of the balance between face-to-face and OLT is still being debated, 
there is growing consensus that ‘normal’ (i.e., pre-pandemic) practices 
need to be updated (Roy, 2020). 

Several recent studies examine the impact of the pandemic on the HE 
sector from the perspectives of both staff and students within specific 
countries or regions (e.g., Ashour et al., 2021; Daniels et al., 2021; 
Daumiller et al., 2021; Marek et al., 2021; Scherer et al., 2021). Largely 
these studies find mixed, and in some cases, contradicting results in 
terms of confidence with technology. Moreover, some research (e.g., 
Iglesias-Pradas et al., 2021) reports that adopting technology facilitates 
positive impacts in teaching. Conversely, other studies (e.g., Aguilera- 
Hermida, 2020) find that the rapid transition to online learning is a 
negative experience for most students, due to issues such as limited in-
teractions and self-motivation. Our paper is situated within this 
emerging narrative; however, it is unique because we focus specifically 
on the emotional and psychological impact that this technology adop-
tion had on HE employees. 

More specifically, the current study contributes to existing literature 
as it focuses on the under-researched area of the psychological and 
emotional impact of employee technology adoption. Although earlier 
studies investigate the impact of technology adoption on teaching and 
the student experience, to date very little research has focused on the 
impact of technology adoption on employee emotion. Therefore, our 
research aims to contribute to theory and practice of technology adop-
tion in business, by exploring the emotional and psychological impact of 
rapid technology adoption on employees, and investigating how this has 
changed over time as technology adoption became more proactive and 
planned. To achieve this, employee perceptions regarding technology 
adoption in the HE sector in the UK are explored to identify any changes 
during the first year of the pandemic. Further, the nature and the drivers 
of these changes in perception are examined in more depth, to under-
stand the functional and the psychological consequences of technology 
adoption. 

Our study is very timely because there are significant pressures on 
educational institutions, as well as on organizations and businesses in 
other sectors (in the UK and elsewhere) regarding the adoption of 
technology, as a result of several factors, including the pandemic, 
Brexit,1 and changes in customer preferences and behaviour. Thus, 
research on the psychological impact of technology adoption, both from 
an emergency/reactive perspective and a planned/ proactive perspec-
tive is key, as it provides organizations with a way to navigate these 
emergent challenges while considering the mental health and psycho-
logical wellbeing of employees, which can affect the performance of the 
organization as well as the satisfaction and retention of its employees. 
The remainder of this paper will be structured thus: in Section 2 we 
review the extant literature and theory that underpins our work. In 
Section 3 we explore the methods that have been employed, before 
presenting and discussing our findings in Sections 4 and 5 respectively. 
Finally, we conclude with the paper's key contributions and our theo-
retical model in Section 6. 

2. Theory and literature review 

Investment in IT technology has played both an emergency and a 
strategic role in the HE sector during the COVID-19 pandemic (Mittal 
et al., 2021; Rapanta et al., 2021), as employees were required to rapidly 
embrace and use digital technologies introduced by their institutions in 
order to continue engaging with their professional and academic 

activities. Nevertheless, technology adoption is not always followed by 
positive outcomes for the organization and its various stakeholders, 
including its customers and employees. The effectiveness of technology 
in supporting an organization's processes and goals is affected by several 
factors, such as the technical characteristics of the technology itself, but 
also employee-related factors including their knowledge, attitudes and 
emotions (Melián-González and Bulchand-Gidumal, 2017). From this 
perspective, a better understanding of employees' technology adoption 
offers clear benefits to managers and IT developers (Ramaswamy and 
Ozcan, 2018). As such, this paper explores the impact that introducing 
technology during the pandemic had on the emotions of UK HE em-
ployees, and how it has changed over time as organizations (and em-
ployees) had more time to reflect and strategically plan the use of 
technology in the workplace. The aim of the study is to explore these 
(positive and/or negative) emotions and how they may have changed 
over time, to enable the development of more effective technology 
adoption strategies within organizations. 

2.1. Emotions and technology adoption 

Over the past couple of decades, the role of emotions in the accep-
tance and adoption of technology has been acknowledged in academic 
literature. According to Bagozzi et al. (1999, p. 184) emotions can be 
defined as. 

a mental state of readiness that arises from cognitive appraisals of 
events or thoughts; has a phenomenological tone; is accompanied by 
physiological processes; is often expressed physically (e.g., in ges-
tures, posture, facial features); and may result in specific actions to 
affirm or cope with the emotion, depending on its nature and 
meaning for the person having it. 

Therefore, emotions are affected by specific events and situations 
that individuals face, and can influence their behaviour and the ways 
they react and adapt to the demands of their environment (Beaudry and 
Pinsonneault, 2010). 

Researchers argue that in addition to the cognitive aspects of tech-
nology adoption, such as the ones explored through Affordance Theory 
(Gibson, 1979), the technology acceptance model (Davis, 1989), and the 
unified theory of acceptance and use of technology (Venkatesh et al., 
2003), emotions can positively or negatively affect the use and adoption 
of technology (Brown et al., 2004; Venkatesh, 2000). For instance, re-
searchers have indicated that feelings of excitement, arousal and plea-
sure can positively influence technology adoption (e.g., Hedman and 
Gimpel, 2010; Kourouthanassis et al., 2015), while fear and anxiety can 
negatively affect the willingness to use new technologies (Hohenberger 
et al., 2017; Venkatesh and Brown, 2001). Furthermore, in addition to 
their direct impact on the adoption of new technologies, emotions can 
also affect the rational evaluations of the perceived benefits and costs of 
technology, which can positively or negatively affect technology adop-
tion (Featherman et al., 2021). 

From an organizational perspective, research has demonstrated that 
when new technologies are introduced in an organization, employees 
can experience strong emotions that determine their adoption behav-
iours (e.g., Wood and Moreau, 2006). For example, Zheng and Mon-
targot (2021) use Coping Theory to explain how employees and 
managers need to address anger and fear triggered by new technology in 
the workplace, as they can have significant negative effects on its long- 
term adoption. In their work, Stam and Stanton (2010) use elements of 
Regulatory Focus Theory and Affective Events Theory to investigate the 
relations between employee emotions and technology change in the 
workplace. The authors argue that employees' emotions surrounding the 
deployment of the new technology can affect their responses to tech-
nology adoption (e.g., resistance to change or rejecting the new system). 
More recently, Mamun et al. (2020) employ the Expect-
ation–Confirmation Model to investigate IT use in the workplace, 
explaining that emotions are of paramount importance for the 1 A portmanteau for Britain's exit from the European Union (EU). 
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employee's continued use of IT. 
Despite the meaningful insights coming from this stream of research, 

extant literature suggests that emotions not only influence, but can also 
be influenced by, the use and adoption of technology. To date, however, 
only a limited number of studies examine how adoption of new tech-
nologies can trigger emotional reactions from users. Existing research 
indicates that adopting new technologies may result in different emo-
tions and feelings; from rage, anxiety, anger, sadness, and desperation, 
to happiness and relief (Kay and Loverock, 2008; Pozón-López et al., 
2021). Lee et al. (2011) use Mehrabian and Russell's (1974) Stimulus- 
Organism-Response framework to explain how evaluating the attri-
butes of high-technology products can result in positive emotions such 
as pleasure and arousal. Additionally, Manika et al. (2021) describe how 
adopting pro-environmental technologies can trigger the feeling of 
pride, and influence conservation behaviours. On the other hand, Mar-
ikyan et al. (2020) explain how negative disconfirmation of expectations 
following use of technology can result in feelings of anger, guilt and 
regret, and trigger coping mechanisms aimed at subduing these negative 
emotions. In their research, Mick and Fournier (1998) identify an 
interesting paradox associated with the impact of technology adoption 
on emotions. The authors explain that although technology can facilitate 
feelings of control, freedom, competence, efficiency and fulfilment, in 
other cases it may have the opposite effect, as it enables individuals to 
realize needs that were previously unnoticed, and increases dependency 
on technology, which may result in feelings of disorder, incompetence, 
inefficiency and isolation. 

From an organizational point of view, emotions have detrimental 
consequences for the employees as well as for the organization, 
including employee dissatisfaction and poor performance, work avoid-
ance, lower work quality, and higher staff turnover (Cho et al., 2017; 
Moreo et al., 2020). Therefore, research on the impact of technology on 
employee emotions should feature more prominently in the technology 
adoption studies. To date, however, little research has focused on this 
aspect (Beare et al., 2020). Additionally, as technology adoption in HE 
during the pandemic was initially reactive, rapid and compulsory (due 
to lockdown and social distancing regulations) and mandated by the 
institutions (as they were introducing different technologies to support 
their day-to-day activities), employees were more restricted in their 
technology adoption and use, which may have affected the impact that 
this technology had on their emotions. Furthermore, studies suggest that 
emotions are not static but can change over time (Maguire and Geiger, 
2015). This is also true in the context of technology adoption, as the 
impact of technology on users' emotions transcends the initial adoption 
of technology and may vary given their experiences and interaction with 
new technologies. This is particularly relevant in technology adoption 
during the pandemic, as employee emotions, following the rapid intro-
duction of technology during the initial stages of the pandemic, may 
differ compared to the later evaluations of and emotional reactions to 
the more planned and strategic adoption, use and integration of these 
technologies within organizations. To date, however, there is very 
limited research on how employee emotions may change in the time 
following the initial adoption and use of new technologies in the 
working environment. 

The above discussion presents a number of different theoretical 
‘lenses’ which have been adopted in the past to explore the links be-
tween the use of technology and the users' emotions and feelings. Within 
our study, Appraisal Theory has been adopted as it can provide a 
meaningful lens to explore the impact of technology on emotions (pos-
itive and negative) not only at the early stages of the pandemic, but also 
later when the use of technology in HE was more planned and strategic. 
Appraisal Theory has been adopted by several studies in the past as one 
of the key theories to explore individuals' emotional responses to specific 
events. Unlike other theories that focus on negative emotions (e.g., 
Coping Theory), Appraisal Theory offers insights on how emotions (both 
positive and negative) are triggered, following an individual's appraisal, 
interpretation, and evaluation of a situation (Frijda et al., 1989; Lerner 

and Keltner, 2001; Roseman and Smith, 2001). More recently in tech-
nology adoption, several studies exploring the impact of emotions on 
technology adoption have used Appraisal Theory as an effective 
framework to explore the nuances underlying distinct emotional states 
(Ding, 2021; Zheng and Montargot, 2021). 

According to Appraisal Theory, cognitive appraisals of emotions are 
based on a two-stage process: primary and secondary appraisals, which 
can result in discrete emotions (Frijda et al., 1989; Lazarus, 1991; Lerner 
and Keltner, 2001). These appraisals refer to: a) evaluating the consis-
tency of the situation with the individual's motives, goals and wellbeing 
(primary evaluation); and b) the level of control that the individual has 
over the situation and outcomes (secondary evaluation). Therefore, 
positive emotions arise when individuals appraise a situation as goal- 
congruent: they believe that the situation or event will allow them to 
achieve their goals. On the other hand, negative emotions stem from 
goal-incongruent situations/events, which impede the potential of the 
individual to achieve their goals (primary appraisal), and also when the 
individual is concerned about their ability to control or cope with the 
situation (secondary appraisal). 

In addition to the above, these primary and secondary evaluations 
can be continuous, that is, a situation may be repeatedly appraised and 
re-evaluated with respect to an individual's goals or level of control 
(Folkman and Lazarus, 1985; Scherer, 1993). Therefore, Appraisal 
Theory offers a useful approach to explore emotions not only in the 
initial stages of technology adoption but also in the longer-term. By 
employing Appraisal Theory our study addresses gaps in the existing 
literature by exploring employee evaluation and (primary and second-
ary) appraisal of technology adoption in HE, and the impact this 
appraisal has on their emotions over time, from emergency technology 
adoption during the first months of the pandemic, to the more planned 
and strategic adoption stages that followed. 

To achieve our research objectives, this study employs an innovative, 
two-step methodological approach to collect and analyse data, 
combining sentiment and qualitative data analysis. This approach relied 
on unstructured data from social media coupled with sentiment analysis 
techniques and qualitative data to explore in-depth the emotional 
impact of technology adoption over a longer period of time. Details on 
our methodology are provided in the next section of our paper. 

3. Methods 

3.1. Overview 

The storage and analysis of online content, into structured mean-
ingful information, can provide valuable insights into people's percep-
tions, attitudes and behaviour (Devine et al., 2021; Jabbar et al., 2019). 
Currently, online data such as blogs, websites and social media infor-
mation are rich sources of data which can be used to inform business 
strategies (Dahooie et al., 2021). However, as data becomes increasingly 
complicated and the need for data processing becomes a necessity 
(Jabbar et al., 2019; Liang and Liu, 2018), applying machine-learning 
techniques becomes imperative (Syam and Sharma, 2018). Extant 
literature suggests the use of sentiment analysis is gathering pace and 
many researchers utilize it to explore people's behaviour, perceptions 
and emotions in different contexts. For instance, Neogi et al. (2021) have 
employed sentiment analysis to understand the reactions of public 
farmers towards new laws imposed by the government, while Choi et al. 
(2020) develop an approach based on sentiment analysis to identify 
time-evolving product opportunities and manage customer complaints. 
Nevertheless, one of the limitations of existing research using sentiment 
analysis is that results are very quantitative and do not provide an in- 
depth analysis of the phenomena. 

For our research, first we utilized sentiment analysis and text mining 
on user-generated content from Twitter (Wang et al., 2022), using a 
range of tools including Python and WordNet, to ascertain the links 
between technology adoption and emotions. Next, we launched an in- 
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depth online qualitative survey to allow UK HE employees to provide 
more in-depth insights into the psychological and emotional impact of 
technology during our analysis time frame. We will now discuss these 
methods in more detail, before moving on to present our findings. 

3.2. Step 1 – Sentiment analysis 

Sentiment analysis is defined as a method (or process) to ascertain 
individual perceptions and/or behaviours as a positive or negative 
construct (Da Silva et al., 2014; Phan et al., 2020). 

In this paper we view sentiment analysis as an essential tool in 
extracting information about perceptions, feelings and emotions relating 
to technology adoption in the UK HE sector. Within this, we use a 
corpus-based tool in Python to help analyse the data. The tool we utilize 
is WordNet and is hosted, maintained, and developed by Princeton 
University.2 Utilizing corpus tools such as WordNet within sentiment 
analysis can offer meaningful insights into the perceptions, feelings and 
behaviours of different stakeholders and can potentially play an 
important role in the development of proactive, forward-thinking 
organizational strategies. As such, sentiment analysis has become an 
important tool among marketers and business practitioners to gauge 
consumer behaviour, understand brand reputation, and to develop so-
cial media analysis (Domingo et al., 2020; Liu, 2019). 

Although there are many different platforms that individuals engage 
with to express their opinions, feelings and perceptions, Twitter has 
been recognized by earlier studies as a popular platform within aca-
demic and professional circles, as it is a commonly used platform to 
broadcast professional information, academic opinions and scientific 
tweets, rather than as a platform for personal communication and in-
teractions among individuals (e.g. Neiger et al., 2013; Vainio and 
Holmberg, 2017; Yu et al., 2019). As such, it is a very popular platform 
within the target group of our study. Therefore, the choice of Twitter as 
the source of data for our sentiment analysis ensured access to sub-
stantial, relevant information from our target group: HE employees in 
the UK. 

However, the development of sentiment within an organizational 
context is not without its challenges. Using Twitter as an example, from 
a technical perspective the issue of sentiment itself is problematic, as 
neutral tweets are very common and, in many scenarios, outweigh the 
positive and negative sentiment (Da Silva et al., 2014). Researchers also 
suggest that on some social media platforms, like Twitter, the user- 
generated content can be very short, thus creating limited sentiment 
cues and creating issues in developing relationships between data (Acker 
and Kreisberg, 2019; Kitchens et al., 2018). In the current research, by 
carefully selecting the filters, keywords and timeperiods examined, we 
tried to ensure that sufficient and relevant data were collected for our 
sentiment analysis, as described in the following section. 

3.2.1. Preparing the data set 
As previously outlined, sentiment analysis is designed to detect 

emotions, perceptions and opinions based on user context; this is ach-
ieved by classifying content into positive, negative or neutral categories. 
Data classification is a popular approach in organizing and shaping big 
data in preparation for analysis (García-Gil et al., 2017). As with all data 
sets there are limitations which are offset by the quality of the data, 
especially in relation to user activity and behaviour (van Dieijen et al., 
2019). The volume of data being created and collected (on a daily basis) 
demonstrates the uniqueness of the data set, but also its complexity as an 
unstructured data source (Jabbar et al., 2019). Twitter offers breadth 
and depth of data, and combined with its ease of access and availability, 
it is an ideal source to conduct analysis from both B2B and B2C 
perspectives. 

Thus, in this paper we utilized classification approaches to ascertain 

user sentiment through a Twitter data set. We downloaded the data set 
through TweetBinder, an online repository which harvests Twitter data 
via its Application Programming Interface (API). The key aspect of the 
data harvesting is the design of a search query which can provide a large 
enough data set to measure sentiment. To this end we utilized the 
Boolean Twitter query outlined in Fig. 1 to download the required user 
opinions. 

This query was executed with date sequencing from 18th February 
2020 (one month before the UK lockdown) until 12th July 2021, 
encompassing the lockdown period and the start of the vaccine rollout. 
The output of such an approach resulted in 9122 tweets being harvested. 
The authors subsequently undertook a process of cleaning the data by 
removing irrelevant and unnecessary information and old columns 
(Jabbar et al., 2019). The key variable at this point was creating a more 
concentrated data set which encompassed the lockdown period for the 
relevant target group in our study. Thus, we refined the data set to 
encompass tweets during 1st March 2020 until 28th February 2021, 
which resulted in 8396 tweets. 

3.2.2. Approach to data cleansing 
Sentiment analysis is a technical procedure, while Python is a pop-

ular coding language utilized by many software developers to conduct 
data analysis. While the data we have was rich in depth, dates, and 
content it still required data processing to get to a stage where sentiment 
could be ascertained. We outline the process in Fig. 2. 

Thus, to extract sentiment from the data set we utilized Python 3.9 
with the Spyder 5.0.5 Integrated Development Environment (IDE). To 
organize and prepare the data set we utilized NLTK 3.6.3 (Natural 
Language Toolkit) which includes the WordNet lexical database. The 
NLTK is an open-source tool which is equipped with a suite of libraries 
and programmes for processing the English language within Python. The 
WordNet database encompasses a corpus module, available to in-
dividuals to develop sentiment. In Python we imported the necessary 
libraries required for the first stage of the data processing by importing 
NLTK and CSV (comma-separated values). These two methods allowed 
the authors to import the data from a CSV file into a Python list. 

The next stage of the process was to tokenize the text into meaningful 
smaller values. Tokenization is crucial in separating the tweets (which 
are imported as paragraphs) into smaller portions for easier analysis and 
depth. These smaller portions are referred to as tokens and can be 
analysed in a more logical manner. However, even after tokenization the 
volume of data remained high; this included data which had limited 
value, and thus needed to be removed. Accordingly, the next stage in the 
data processing was to remove ‘stop words’ from the data set. A stop 
word is defined as a common word (e.g., determiners such as ‘the’ and 
‘an’) which has no real meaning to the overall sentiment. They can 
occupy a significant amount of space in the running of the code; sub-
sequently, an increased volume of stop words, within a large data set, 
can cause ‘run time’ issues when executing. NLTK has a stop word 
import facility (from nltk.corpus import stopwords) allowing the author to 
conduct a ‘running test’ on the data and remove words which can 
encumber sentiment. The remaining data was then cleaned for ‘noise 
reduction’ in the form of hashes and URLs using ‘ReGex’, a regular 
expression in Python which is used to detect patterns. The data were 
then ready for the sentiment analysis using NTLK and WordNet. 

3.3. Step 2 - online qualitative survey 

Although the sentiment analysis allowed for exploring HE em-
ployees' perceptions and feelings towards technology adoption and 
identifying any changes during the first year of the pandemic, a more in- 
depth investigation was required to enable a better understanding of 
these perceptions (positive or negative), and the psychological and 
emotional factors that influenced them, as well as the drivers behind any 
changes in employee emotions. 

In order to explore the depth of impact of rapid technology adoption, 2 See https://wordnet.princeton.edu/ 
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an exploratory qualitative approach was selected. A structured quali-
tative survey consisting of open-ended questions was issued to a sample 
of UK HE employees. The first part of the qualitative survey employed a 
Critical Incident Technique (CIT) aimed to identify positive and negative 
experiences with technologies adopted during the first year of the 
pandemic. The CIT is a well-established methodological tool, used by 
researchers to capture factual stories and accurate information about 
situations and events that respondents consider important, by allowing 
them to describe actual experiences in their own words (Reynolds and 
Harris, 2005; Stitt-Gohdes et al., 2000). Moreover, critical incidents are 
easy to remember and can provide accurate information on real events 
that created either the most negative or the most positive effect on the 
overall experience (Grove and Fisk, 1997). In our study, respondents 
were asked to describe any first-hand positive, and then any first-hand 
negative experiences with technology encountered during the first 
year of the pandemic. They were also asked to provide as much detail as 
possible on the specific technologies, why they were adopted and when, 
and how they were introduced and used during the pandemic. 

Following the identification of the positive and negative experiences 
with technology, and in line with Appraisal Theory, the second phase of 
the research used a detailed laddering approach to explore, in more 
depth, how the technologies affected employee emotions and the impact 
they had on their ability to achieve their goals. The laddering approach 
has been adopted by several authors to explore different cases of tech-
nology adoption, such as wearable technologies (Adapa et al., 2018), use 
of mobile payments (Sankaran and Chakraborty, 2020), technology 
resistance (Heinze et al., 2017), and continued use of technology 
(Ambrose et al., 2020). In our study, respondents were asked laddering 
questions for each of the reported positive and negative experiences 
with technology, allowing them to describe in depth the functional and 
psychological consequences of adopting the reported technologies, 
following their appraisal of the situation over time. A ‘hard’ laddering 
approach was employed to collect this information: data were collected 
using a structured survey. The method was preferred to ‘soft’ laddering 
(which most commonly utilizes in-depth interviews), because ‘hard’ 
laddering minimizes interviewer bias and social pressure on re-
spondents, especially around sensitive topics such as emotions (Apos-
tolidis and Brown, 2021; Apostolidis and McLeay, 2016; Grunert and 
Grunert, 1995). Additionally, hard laddering could be used to collect 
data from a larger number of respondents, as it is more cost- and time- 
efficient compared with soft laddering (Henneberg et al., 2009; Rus-
sell et al., 2004) and could be used as part of an online survey to enable 
data collection during the pandemic and lockdown periods. Also, hard 
laddering has been used in technology adoption studies (e.g., Park et al., 
2019). 

An example of the qualitative survey questions can be seen in Ap-
pendix A. The laddering technique was initiated following the CIT 
questions which focused on employees' positive and negative experi-
ences with rapid technology adoption during the pandemic. This part of 
the survey allowed us to answer our first research question on employee 
perceptions regarding technology adoption in the HE sector. Each 
respondent used two different ‘free text’ boxes to provide specific and 

detailed information about the technology reported in their critical in-
cidents descriptions (one for positive and one for negative experiences). 
These responses formed the basis of the subsequent laddering questions, 
as respondents were then asked about the functional impact of this 
technology adoption on their work and the quality of the service they 
provided. Next, respondents were asked questions related to the 
emotional impact of these technologies. More specifically, respondents 
were asked to describe in as much detail as possible, how adopting these 
technologies made them feel. This enabled us to evaluate the psycho-
logical impact of adopting these technologies. Finally, in line with our 
research objectives, respondents were asked to provide a detailed 
explanation of any changes in these feelings/emotions during the 
COVID-19 pandemic period, which allowed us to investigate not only 
the nature of but also the drivers behind these changes in emotions and 
perceptions. For every question, respondents were provided with free 
text boxes to provide information separately for the positive and the 
negative experiences, and were encouraged to provide details and jus-
tifications for all their responses. 

By adopting this laddering approach, to focus on the functional and 
psychological consequences of technology adoption, for the emergency/ 
reactive and for the more planned/proactive stages of technology 
adoption, respondents were able to move down the ladder of abstraction 
and provide more in-depth insights into their recent experiences (Gru-
nert and Grunert, 1995). Based on existing studies, we developed and 
pretested the laddering survey (including a detailed explanation of the 
process) for our study with a subset of our target respondent group. They 
had the opportunity to provide comments on the length, comprehen-
siveness and appropriateness of the online survey prior to its launch. The 
survey closed by collecting information pertaining to respondents' per-
sonal details and their position and level of experience as HE employees. 

The survey was uploaded to an online platform and links were 
distributed through large electronic UK-based HE forums and social 
media pages, inviting HE employees to participate in a short survey. 
Over a period of two months, 66 surveys were collected, of which 52 
provided useable, in-depth data. All respondents had experience with 
HE during the pandemic and had reported positive and negative expe-
riences with technology adoption. Thematic analysis and coding were 
performed in line with the relevant technology adoption and employee 
emotions literature as summarized in the literature review, to identify 
the relevant themes relating to technologies adopted, their conse-
quences and any changes respondents perceived during the first year of 
the pandemic. NVivo 11 software was used to assist data analysis, and 
identify themes and links between themes. 

4. Data analysis and findings 

4.1. Step 1 – Social media and sentiment analysis 

We began by performing some basic analysis to understand the un-
derlying elements of the data prior to the sentiment analysis. We first ran 
a frequency distribution on the whole data set, finding 11,736 samples 
of words, and 173,973 outcomes all included. 

#HigherEducation OR #HE OR #BlendedLearning OR #HybridLearning AND #Covid OR
#Covid19

Fig. 1. Boolean Twitter query.  
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Fig. 2. Data cleansing process.  
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The sentiment analysis of our data indicated that perceptions to-
wards technology in the UK HE sector during the pandemic had changed 
several times during the period March 2020 – February 2021 (see. 

Fig. 3). For instance, our sentiment analysis demonstrated that the 
initial general positive trend in sentiment (March – May 2020) was 
followed by an extended period of increase in neutral sentiment (June – 
July 2020). This in turn was followed by a period of rapid increase in 
negative perceptions towards technology (August 2020 – mid-October 
2020). However, this changed in the months that followed (mid- 
October 2020 – February 2021) when an extended period of almost 
steady increase in positive perceptions was observed. 

To understand better the findings of our sentiment analysis, we 
developed a word cloud (. 

Fig. 4) from social media data, incorporating the top 50 keywords 
from the full data set. 

This step of the analysis demonstrated clearly that technology had 
been discussed in the context of the COVID-19 pandemic, in relation to 
the students' experience, the impact on HE and the potential of HE in-
stitutions and members of staff to achieve their goals. For instance, it can 
be seen how the “Virtual” and “International” aspects of “Education” 
and “Research” are some of the most commonly referenced terms on the 
areas of HE that have been affected by the introduction of technology. 
However, it can also be observed that, in addition to the functional 
consequences of technology adoption, particular focus is also given on 
the psychological impact, as terms such as “Relief”, “Stress” and “Crisis” 
also have a prominent presence in our word cloud. This finding suggests 
that, in addition to the nature and quality of the service provided, 
technology adoption can have both positive and negative impacts on 
employee psychology and emotions. This also highlights the importance 
of exploring in more depth, not only the functional consequences, but 
also the psychological and emotional consequences, to identify factors 
that may be responsible for the disparity in emotions, and explore 
whether employee emotions have changed during the pandemic period. 
Building on the findings of this stage of the analysis we decided that a 
more in-depth, qualitative investigation of employee perceptions was 
required to understand better the functional, emotional and psycho-
logical consequences that drive these changes in sentiment, and impact 
on the quality of their work, their wellbeing and their job satisfaction. 

4.2. Step 2 – Online qualitative survey 

After identifying the changes in sentiment, the second step of our 
work allowed us to explore in depth the functional and emotional con-
sequences that triggered these changes. In terms of sociodemographic 
characteristics, our sample was diverse enough to capture the opinions 
and views of a wide range of people (see Table 1). Respondents ranged in 
age and gender, with most respondents (approximately 80 %) aged be-
tween 25 and 55 years old, while female respondents made up 55.8 % of 
the sample. More respondents (approximately 55 %) had over 10 years 
of working experience in HE. 

As the analysis of the qualitative data and the classification pro-
cedure are largely subjective, two researchers familiar with thematic 
analysis and the relevant literature coded the incidents independently. 
Incidents were read and sorted until similar incidents and functional and 
psychological consequences were assigned to distinct, meaningful cat-
egories, and links between themes were clearly drawn. Sorting 
continued until satisfactory intragroup homogeneity and intergroup 
heterogeneity were reached, that is, each judge considered that in-
cidents in one category were more similar to each other than incidents in 
another category. Disagreements between the judges were discussed and 
resolved mutually. 

4.2.1. Types of technology adopted 
When analyzing the CIT data, three distinct types of technology were 

identified more frequently by the participants as having been rapidly 
adopted by HE institutions in the wake of the COVID-19 pandemic in the 
UK (and the months that followed), enabling organizations to cope with 
the challenges caused by the pandemic and the lockdown and social 
distancing regulations that followed. More specifically, HE employees 
discussed how universities had introduced: 

• Teaching and assessment technologies (such as Blackboard Collab-
orate, Zoom and digital classroom technologies) to support the stu-
dents' learning and replace face-to-face sessions;  

• Communication and collaboration technologies (such as Skype for 
Business, Zoom and MS Teams) to enable communication and 
teamwork between members of staff and/or students. Some of these 
technologies had also reportedly been used for research purposes, 
data collection and online (virtual) conferences; 

Fig. 3. Sentiment analysis graph.  
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• File storage, sharing and management (Moodle, Dropbox, OneDrive) 
to enable management and sharing of documents and information 
among members of staff and/or students. 

Both positive and negative experiences were discussed as critical 
incidents regarding both the emergency (rapid) and the more proactive 
(planned) adoption of these technologies, and were explained further in 
the laddering stages of the survey. Interestingly, information from our 
respondents corroborated the findings of the sentiment analysis as it 
suggested that the emotional consequences of technology adoption 
changed over time, which supported the changes between periods 
identified in the sentiment analysis. For example, according to our 
participants: 

It has been an emotional rollercoaster, initial uncertainty and stress 
was replaced by eagerness once we became more confident with the 
new technologies, until the university decided to change the way 
they do things and use a different approach to online delivery and 
assessment – claiming it was for consistency and to improve the 
student experience, although all they were trying was to save money. 
After spending all the time and effort in learning how to do things 
one way, we had to go back to square one and redesign our modules 
and assessments. […] Now at least we know which system we have to 

use, so I guess I feel better about that, but it's upsetting when you 
have to do everything twice. [Respondent 16]. 

As such, the findings of this stage of the research will be presented by 
phase as identified in the sentiment analysis (see Section 4.1) and dis-
cussed by our respondents. 

4.3. Four phases of technology adoption 

4.3.1. First phase (Secure) 
During the first months of the pandemic, respondents reported that 

the rapid adoption of the aforementioned technologies had several 
positive functional consequences as it helped them safely perform their 
daily tasks and achieve their short-term goals. More specifically, re-
spondents associated rapid technology adoption with the ability to 
perform their work activities (such as teaching, research and meetings) 
without compromising their health and safety. Additionally, improve-
ments in efficiency due to technology adoption were reported since the 
early stages of this period; respondents argued that technology adoption 
allowed them to save time, work on multiple tasks and organize and 
attend events and sessions online, which provided them with an efficient 
and secure way to collaborate and connect with others. For instance, 
respondents argued: 

Personally, I did not find it a difficult transition and find lots of el-
ements of working remotely very useful for the type of work that I do. 
[Respondent 31]. 

Online teaching was not perfect, but at least allowed those of us with 
health conditions to safely teach our students […] Definitely better 
than the alternative – having to catch the bus to Uni with dozens of 
people not wearing masks, sit in an office with 4–5 other people and 
teach in lecture theatres of 150–200 students during a pandemic. 
[Respondent 23]. 

In addition to the improvements in efficiency and health and safety, 
respondents explained how this rapid adoption of technology resulted in 
a steep learning curve that enabled employees to improve their tech-
nological skills and confidence quickly, which they considered an 
additional functional benefit: 

Fig. 4. Full data word cloud.  

Table 1 
Sample background information.   

N Percentage 

Gender 
Male  23  44.2 % 
Female  29  55.8 % 
Age 
18–25  2  4.6 % 
26–35  11  21.1 % 
36–45  20  38.5 % 
46–55  11  21.1 % 
56–65  8  15.4 % 
Employed in HE 
1–5 years  8  15.7 % 
5–10 years  13  25.5 % 
Over 10 years  20  58.8 %  
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A massive and all-round improvement in relevant skills – for staff and 
students, born out of necessity and key in terms of employability for 
students and for delivery of our learning and teaching strategy for 
staff. [Respondent 8]. 

Using the laddering approach, respondents were able to link these 
functional consequences to psychological/emotional consequences. 
Specifically, respondents were able to link the positive functional con-
sequences of improved efficiency, skills development and safe working 
conditions to feelings of empowerment, security, excitement and accom-
plishment related to adopting new technologies and developing new 
skills. According to our participants, this positive psychological impact 
also affected their overall performance and wellbeing and improved 
their engagement with the new technologies: 

I think I was one of those people that were actually happy with 
moving all our meetings to online. I felt safer working from home 
during the pandemic and I was actually quite happy not having to 
commute one and a half hours every day, and I was able to do so 
much more in a working day, so I was quite relieved when the email 
came through that we are going fully online – both times. [Respon-
dent 27]. 

I was excited at first. Having the opportunity to work some days from 
home was ideal for me and helped me focus more on my research. 
[Respondent 51]. 

On the other hand, the rapid technology adoption also had several 
negative functional consequences which affected the employees. Re-
spondents reported extensively on how this rapid adoption of unfamiliar 
technologies created challenges for employees and resulted in additional 
requirements for employee time and effort (e.g., for training, prepara-
tion or familiarizing themselves with the new technologies) as not 
everyone had the required knowledge or experience. Similarly, issues 
relating to limited access to equipment and software that would allow 
employees to use the adopted technologies were reported as an outcome 
of rapid technology adoption: 

I think a lot of colleagues found the move to meetings being online 
problematic and a number of individuals had issues with Zoom. 
[Respondent 6]. 

It also took the University some time to furnish me with the requisite 
tech to do my job (laptop, 2nd monitor, keyboard/mouse, ergonomic 
chair), so this meant I had to use my own computer and equipment 
for a while and this has resulted in me suffering with exacerbated 
musculoskeletal issues. [Respondent 11]. 

Additionally, the use of technologies to replace personal interactions 
initially had a negative impact on the quality of communication, while 
the efforts to compensate for the lack of physical contact by introducing 
several different channels of communication resulted in channel/plat-
form fragmentation, which in turn led to confusion, loss of productivity 
and additional work for the employees: 

We realised that the sudden increase in student emails was because 
the School has asked staff members to use so many different channels 
to communicate with our students to compensate for the lack of face- 
to-face interactions, that pieces of information were shared on many 
different channels. This led to confusion and students have given up 
on looking for all this information in different places and they were 
emailing their questions to their tutors instead. [Respondent 44]. 

We have used multiple platforms at times and this can be confusing. 
Teaching online requires a different approach and it can be some-
times more difficult to engage students. […] Although in some cases 
it saved some time (e.g. from commuting), not being able to interact 
personally with students and colleagues had an adverse impact on 
the quality of the service. […] Students had more questions that were 

going unanswered and creating too many new channels of commu-
nication further confused students and increased the time and effort 
required from staff to create and maintain that channel of commu-
nication that introducing new platforms actually had a negative ef-
fect on student and staff satisfaction. [Respondent 52]. 

These negative functional consequences of technology adoption 
during the first period affected employee psychology and emotions. 
Respondents argued that the rapid adoption of unfamiliar technology, 
the lack of personal interaction and the communication fragmentation, 
as well as the additional work (in terms of time and effort) led to feelings 
of fear of use of technology, frustration, apprehension and stress. For 
example: 

Initially I was very nervous of using the technologies and feared 
mostly about the loss of personal contact with my peers and staff 
members. But I think everyone had this fear. I also was not very 
technology confident, so I had to learn very quickly as we were under 
pressure to deliver a major project when COVID-19 struck. 
[Respondent 9]. 

Deciding to move to recorded student presentations (instead of face- 
to-face presentations) as part of the assessment. This decision was 
taken as a way to minimize the impact of COVID on the student 
experience. Unfortunately, recording team presentations has proven 
to be very challenging and stressful both for students and staff and 
had a negative impact on student satisfaction and their overall 
learning experience. It also meant that members of staff had to put in 
a lot of additional work to make sure they answer all student ques-
tions on time and resolve any issues. [Respondent 50]. 

4.3.2. Second phase (Scrutinize) 
Differentiating from the first phase, HE employees discussed a sec-

ond phase of technology adoption, when they reportedly had the op-
portunity to reflect on the technology introduced during the first period, 
and identify strengths and areas for improvement as they were planning 
their future activities. The adoption of different technologies during this 
reflection and planning stage provided people with the opportunity to 
try and test different tools, platforms and approaches in a less stressful 
environment (compared to the first phase) and identify ways to improve 
their performance in the ‘new normal’. Furthermore, the technology 
adopted facilitated group discussions and sharing information regarding 
the use of technology, best practice, and things to avoid based on expert 
advice and peer employee experiences over the previous months, sup-
porting feelings of confidence and self-efficacy: 

After the initial weeks of panic, I had the time to look into the 
different software we had access to and try a few things […] I am not 
very tech savvy, so wasn't always successful, but I had a few Zoom 
meetings with people that had used them before and they were able 
to walk me through setting them up for my own courses […] so didn't 
feel completely useless. [Respondent 21]. 

On the other hand, during this second phase of technology adoption 
the first issues relating to employees' resistance to engaging with the 
new technologies were reported, as respondents described employees' 
feelings of frustration, isolation and fatigue due to the additional work-
load, continuous use of technology, lack of physical contact and multi- 
tasking. In addition to the impact of technology on their own feelings 
of fatigue and isolation, respondents reported a general employee 
resistance and lack of engagement with technology during this period, 
which made collaboration and communication even more challenging, 
and further worsened the negative psychological impact of technology 
adoption in this phase: 

Continuously being in front of a screen is not healthy for long periods 
of time. Screen fatigue, eye strain and headaches and also not moving 
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about enough, insufficient breaks, can also impact negatively on 
posture. Can feel isolated. [Respondent 44]. 

One negative I would see would be the lack of engagement from 
some staff members. This has resulted in others having to pick up the 
slack. When in the office and face to face it is easier to discuss and 
determine the reason why work is not completed on time or at all. 
[…] So from that perspective some elements of work were not 
effective. [Respondent 9]. 

As can be observed from the above quotes, the lack of employee 
engagement had a negative impact on employee psychology as they 
reported feelings of frustration, isolation, helplessness and fatigue. 

4.3.3. Third phase (Streamline) 
Following the reflection phase of technology adoption, respondents 

clearly discussed a separate phase where technology adoption had a 
distinct impact on employee emotions. Respondents argued that 
adopting the technology became less of an emergency and more planned 
in the period following the first few months of the pandemic, there was 
an increasing attempt by universities to streamline the use of technology 
and strategically incorporate specific technologies to support their ac-
tivities; moreover, to improve the learning experience and satisfy (e.g., 
through different synchronous and asynchronous channels) the large 
group of students not fully satisfied with their experiences with the 
technology adopted thus far. From a functional perspective this more 
strategic adoption of technology meant less ambiguity and uncertainty. 
Additionally, in many cases this meant adoption of technologies that 
employees were familiar and confident with, and had access to the 
required equipment, training and support, which improved their 
perceived efficiency, reduced uncertainty and stress and had resulted in 
strong feelings of empowerment, confidence and relief: 

Having our teaching and meetings online helped me get some peace 
of mind […] The more we used online software the more I realised 
how much easier it is to finish certain things when working online. 
[…] Collaborating with others is a lot easier online. [Respondent 4]. 

Sigh of relief really […] At least all my efforts of finding how to set up 
my teaching online did not go to waste. [Respondent 14]. 

Interestingly, however, efforts towards a more strategic adoption of 
technology in this phase also created several challenges as they had a 
substantial negative effect on functional and psychological conse-
quences. Specifically, several respondents reported how the efforts of 
the HE institutions to streamline, organize and make consistent the use 
of technology involved in their processes, and their efforts to satisfy the 
students and the lack of personal interaction, meant additional use of 
technology but also less flexibility in their technology (in terms of the 
nature and the extent of the adopted technology). This led to the re-
ported adoption of suboptimal technologies that limited the employees' 
potential to achieve their objectives and also respond to changes in the 
environment (pandemic waves, regulations, technology failures). This 
lack of control increased frustration and feelings of helplessness for many 
employees. Furthermore, the additional technology adoption to support 
work activities at this stage prolonged the continuous use of technology 
and lack of personal interaction which further amplified feelings of 
isolation and fatigue: 

As time went on, students missed the social aspects of learning and 
being on campus and we, in response, increased the number and 
format of synchronous activity but ensuring that ILOs [Intended 
Learning Outcomes] could still be achieved via asynchronous 
learning for those less able to engage with the synchronous. 
[Respondent 6]. 

Also the recent efforts of the University to micro-manage what 
technology we should use and how, regardless of the nature of the 
module or the kind of relationship and rapport we want to establish 

with students feels very limiting. Students and myself were feeling 
very comfortable using Zoom for our seminars, but we were asked to 
change to a different platform, which is not as good for the purposes 
of our workshops. [Respondent 17]. 

4.3.4. Fourth phase (Sustain) 
Following the first three phases of technology adoption, respondents 

discussed the impact of technology during the final few months of the 
first year of the pandemic. A more positive impression was communi-
cated as employees reportedly familiarized themselves further with the 
technologies and the new ways of performing their tasks, and improved 
their skills and confidence. In this fourth phase, respondents recognized 
the flexibility and the improved efficiency that technology adoption 
could allow in certain aspects of their job: 

For me, the most positive aspects of this technology adoption are 
Team meetings and the flexibility to adopt new ways of working and 
rethink old ways of doing things. I find the most positive change has 
been shorter and more action focussed meetings. […] I still enjoy the 
flexibility of working from home and adopting new technologies 
however I am missing the social interaction now and look forward to 
seeing colleagues face to face. The main feeling that has changed is 
that working from home feels normal and so it will be a change now 
to transition back to being on campus and hybrid working. 
[Respondent 31]. 

I'm very easy with a lot of the technology now and glad that we will 
continue to have some webinars to ensure access for all students. 
Also our lectures are all to be recorded which is great. Face-to-face 
teaching will be all workshop and seminar stuff. This is great, we 
have been questioning the value of traditional lectures for years but 
it took a pandemic to kill them off! I really like having office hours 
online. Student attendance is much better if they can call you from 
wherever they are. [Respondent 12]. 

Staff capacity for using technology in their learning and teaching has 
improved dramatically and, like everywhere, at a much faster pace 
than would have been possible otherwise. Anecdotal evidence sug-
gests that many staff will embrace a more blended delivery model as 
we exit COVID-19 and as per the School's Learning and Teaching 
Strategy, but whether this transpires remains to be seen. [Respon-
dent 6]. 

Flexibility and increased efficiency were associated with positive 
psychological consequences, mainly feelings of happiness, self-efficacy 
and empowerment. Therefore, respondents identified the aspects of the 
adopted technology they were willing to maintain in the longer term, in 
the ‘new normal’ following the pandemic. 

Conversely, respondents also recognized that technology adoption in 
the long term needs to take into consideration the negative functional 
and psychological consequences, mainly relating to feelings of isolation, 
stress and fatigue (due to the over-use of technology and the additional 
workload created as a result of technology adoption). Finally, feelings of 
fear were also reported as a negative emotional consequence of tech-
nology adoption in this phase. Nevertheless, unlike the reported feelings 
of fear and stress of technology adoption in the previous phases, in this 
period the fear was related less with the use of new and unfamiliar 
technologies and more in terms of technology/network failure, as most 
activities relied heavily on those. 

I think initially most of the stress came from the uncertainty due to 
the unfamiliar software/platforms/technology. Later on as the 
technologies were implemented and used there was more fear about 
technology or network failure. Stress levels decreased overall but any 
initial excitement for the adoption of new technology was quickly 
transformed to tiredness and exhaustion from having to engage with 
so many new technologies. [Respondent 52]. 
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I do still worry about the lack of personal contact and feel that it is 
hard to continue to be engaged online all day every week. It is 
exhausting and workload has increased as a result of COVID. 
[Respondent 8]. 

Whilst I do miss face-to-face contact with colleagues, from a well-
being perspective, I would prefer a blended approach going forward. 
Screen fatigue is real though! [Respondent 10]. 

4.4. Enablers of positive and negative emotional consequences 

A further interesting finding from our qualitative data analysis was 
that the nature of emotions (e.g. positive or negative) could change 
during these phases, even for the same employee. This meant that 
emotions were not stable, and employees appraised the impact of 
technology on their potential to achieve their goals (primary appraisal) 
and their control over the situation (secondary appraisal) differently 
throughout the first year of the pandemic, which had an impact on their 
feelings and emotions. For example, initial excitement for technology 
adoption was replaced by stress and fear of technology failure, partic-
ularly in cases where respondents had limited control, and later by fa-
tigue and feelings of isolation and helplessness, as the following example 
demonstrates: 

I remember clearly how excited I was when we were told that we 
could teach and meet online […] I felt that working from home was 
safer and I could accomplish more […] It [technology] has not al-
ways been reliable which resulted in a lot of double doing, working 
over weekends and making sure that contingencies are in place […] 
Now I am happy when I get to go to the office and see other people. 
[Respondent 18]. 

In relation to the impact of technology adoption during these four 
phases, as well as the interphase changes in emotions, respondents 
acknowledged the importance of effective training and support, access 
to required equipment, and flexibility and control over the adopted 
technologies. Additionally, participants reported how technology 
adoption became more effective (and they felt more positive about it) 
when in addition to introducing new technologies, the processes and 
activities of the HE institutions changed to reflect the changes from the 
pre-pandemic situation. For example, respondents explained how suf-
ficient and timely (official and unofficial/peer) support and guidance 
improved employees' technological skills and confidence, and had 
limited the negative psychological impact and facilitated positive 
emotions: 

I would say that the most positive experience throughout the 
pandemic was with using MS Teams for staff and student meetings. 
Although people were allowed to use different platforms if they 
wanted to, from the very beginning we were encouraged to use MS 
Teams to organize meetings with students, and we consistently used 
MS Teams for departmental/RC [Research Centre] meetings. We 
were offered training on how to create teams, share files etc. and this 
ended up saving us a lot of time, money and effort. [Respondent 6]. 

Furthermore, effective communication between employees and HE 
institutions was considered key in limiting the negative functional and 
psychological impact of technology adoption and improving employee 
perceptions and attitudes towards technology. For example: 

The attitude of the university towards the staff was condescending 
and from a few managers borderline bullying. I think this was 
probably caused by the nervousness of senior management in the 
face of very hard decisions. I found it dispiriting and my trust in the 
university's management has not recovered. [Respondent 13]. 

5. Discussion 

Contributing to existing literature on technology adoption, the cur-
rent study explored the emotional and psychological impact of (rapid) 
technology adoption on HE employees, using the UK HE sector in the 
first year of the COVID-19 pandemic as a context where the introduction 
of technology was initially rapid and reactive (Hofer et al., 2021). This 
was particularly interesting as, unlike other studies that have examined 
technology adoption, it allowed us to explore the transition from the 
emergency/rapid adoption of technology in early 2020 to the more 
planned and carefully designed adoption in the months that followed, 
and the changes in employee emotions during this process (Rapanta 
et al., 2021). 

By employing a sentiment analysis of social media content (tweets), 
supported by a collection of primary qualitative data using the CIT and 
laddering techniques, our study was able to identify not only the 
changes in sentiment and perceptions towards technology in HE, but 
also explore in depth the nature of these emotions and the triggers 
behind any changes. First, our social media (Twitter) data analysis 
offered some very useful insights into one of the most controversial 
topics in the HE industry during the pandemic, as it allowed us to 
explore perceptions towards technology adoption during the first year of 
COVID-19 in the UK. The sentiment analysis clearly indicated that 
feelings and perceptions towards technology adoption changed during 
the time frame of our research. A closer look at the social media infor-
mation suggested that in addition to the much-debated impact on the 
nature of the HE service and students' engagement, learning experience 
and academic performance (e.g., Camilleri and Camilleri, 2021; Iglesias- 
Pradas et al., 2021; Rapanta et al., 2021), the impact of technology 
adoption on employee emotions and feelings was also evident. Our 
wordcount analysis of the social media information highlighted the links 
between technology adoption and a number of different emotions, 
which further highlighted the importance of exploring this aspect of 
(rapid) technology adoption, as emotions could affect employee satis-
faction, wellbeing, performance and quality of work (e.g., Cho et al., 
2017; Moreo et al., 2020). 

Building on the findings of the sentiment analysis, the current study 
adopted Appraisal Theory (Lazarus, 1991) as a lens to explore the 
impact of technology adoption over a period of 12 months. Unlike 
previous studies, Appraisal Theory allowed us to explore this impact 
over a longer period of time. By adopting the Appraisal Theory lens, an 
online qualitative survey was developed utilizing the CIT and laddering 
techniques, which allowed us to explore the primary and secondary 
appraisals of employees during the rapid/mandatory – and then the 
more planned and strategic – periods of technology adoption. The 
findings of our CIT and laddering qualitative data analysis suggest the 
existence of four phases in technology adoption and the transition from 
emergency to planned technology adoption, which reflect and explain 
the changes in sentiment during this period. 

The first phase covered rapid technology adoption and was defined 
by a diversity of feelings. The employee appraisal of technology adop-
tion in this phase resulted in a positive evaluation of the situation. The 
most commonly reported positive feelings and emotions included 
empowerment, security, excitement and accomplishment as employees 
acknowledged the improvements in efficiency and safety, as well as their 
own skills and knowledge that technology adoption offered at this stage. 
This corroborates the arguments by Lee et al. (2011) who suggest that 
technology adoption can lead to feelings of pleasure and arousal. 

Interestingly, our findings in this first phase also support the tech-
nology adoption paradox first identified by Mick and Fournier (1998), as 
although positive functional and psychological consequences are 
attributed to the adoption of emergence technology, several negative 
appraisals of the situation are also reported. More specifically, corrob-
orating findings from earlier studies (Kay and Loverock, 2008; Pozón- 
López et al., 2021; Wood and Moreau, 2006) relating to emotions during 
the early stages of technology adoption, emotions such as fear of use of 
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technology, frustration, apprehension and stress, are associated with the 
rapid adoption of unfamiliar technologies. In many cases, this is sup-
ported by a secondary appraisal of the situation. Although the necessity 
of technology is recognized by the employees, the unfamiliar technology 
and limitations in training and access to support and equipment during 
this phase negatively affected feelings of control and coping with the 
situation which resulted in negative emotions. As such we named this 
first phase ‘Secure’, given the links between technology adoption and 
health and safety, and securing the institutions' operations. 

Following the first phase, our qualitative data findings indicated a 
second more ‘reflective’ phase, as technology adoption moved from 
‘rapid’ to ‘planned’ and the use of technology enabled people to try and 
test different tools and communicate and share solutions, best practices, 
and challenges. In many cases, this reportedly improved control over a 
negative situation (secondary appraisal) and led to positive feelings of 
confidence and self-efficacy. Nevertheless, in this case the first signs of 
feelings of technology fatigue, isolation and helplessness were reported, 
as employees negatively appraised the extensive use of many different 
technologies to replace face-to-face interactions. This is in line with 
arguments of previous authors who suggest that fatigue (due to the 
increased use of technology), social isolation and loss of control can be 
some of the negative outcomes that individuals may attribute to the 
extensive adoption and use of technology (Lee et al., 2003; Meuter et al., 
2003; Mick and Fournier, 1998; Ratchford and Barnhart, 2012; 
Thompson et al., 2005). In our sentiment analysis, this reflection phase 
seemed to coincide with a drop in the positive sentiment being replaced 
by an increase in the neutral sentiment, which could support our argu-
ments. Therefore, we have given this phase the title ‘Scrutinize’. 

The third phase of technology adoption discussed by respondents in 
our qualitative survey clearly discussed a move towards a more strategic 
adoption of technology by HE institutions and employees. During this 
phase, the reported limited control of employees over the technology 
adopted and how it would be used resulted in feelings of frustration and 
helplessness, indicating a negative secondary appraisal. On a primary 
appraisal level, the prolonged period of technology use was considered 
as impeding the achievement of employee goals, and increased feelings 
of fatigue and isolation. This resulted in several cases of technology 
resistance from employees as they reportedly refused to engage with the 
technologies adopted by the institution, which made collaboration and 
communication even more challenging. This supports arguments by 
earlier scholars who purport that new technologies are often met with 
resistance by employees, which can affect negatively the use of tech-
nology and the organization processes (Smart and Desouza, 2007; Zheng 
and Montargot, 2021). This further highlights the importance of 
exploring the impact of technology on employee emotions (Zheng and 
Montargot, 2021). This was also evident in the sentiment analysis as 
there was a clear and consistent drop in positive sentiment. This time, 
however, it was followed by a strong increase in negative sentiment 
during the same period. As has been discussed, one of the main chal-
lenges faced in this phase of technology adoption was the attempt of 
organizations to streamline their strategies, which in many cases resul-
ted in loss of control and employee resistance; thus we have identified 
this phase ‘Streamline’. 

The final phase discussed by participants followed the attempts for 
more strategic introduction and adoption of technology than in the 
previous phase. In this context, participants discussed how in addition to 
technology adoption, several institutions had adapted their processes 
and management to fit this new normal, creating a more conducive 
environment for effective integration of technology. This strategic 
adoption of technology was positively appraised by employees and 
resulted in feelings of happiness, empowerment and self-efficacy, which 
can positively influence adoption and acceptance of technology (Lee 
et al., 2003). This was supported by the sentiment analysis and the clear 
increase in positive sentiment which was evident in the last few months 
of our data period. Furthermore, having appraised their experiences 
with technology in the previous phases, in the fourth phase participants 

identified specific favoured technologies and/or tools they would adopt 
in the longer term, considering them beneficial to help them achieve 
their goals. Simultaneously, participants were also able to critically 
evaluate the adoption of technologies in the long term, supporting the 
amplified negative effect that any failures in technology would have, as 
well as the increased fatigue due to long-term use of technology. As 
participants discussed technology adoption in this phase, and its benefits 
and challenges in the longer term, we have titled this phase ‘Sustain’. 

By combining the findings of the sentiment analysis and the thematic 
analysis of our qualitative survey data, Fig. 5 presents the different 
phases in technology adoption identified in our discussion. While in 
Fig. 5 we utilize the X axis combined with dashed lines to represent the 
date at which the phases ‘change’, we recognize that these are not fixed 
points in time. Given the nature of our qualitative work, we are using 
this graph to highlight the emergent phases on the continuum of time. 
The dashed nature of the line means that we recognize that the time for 
each phase (and overall) is fluid, and may be different depending upon 
the HE institution, country, or the broader situation in which (rapid) 
technology is occurring. 

In addition to identifying the four phases based on employee emo-
tions following the appraisal of technology adoption and use, our find-
ings allowed us to examine the factors that could influence secondary 
appraisals. That is, a closer investigation of our CIT and laddering data 
allowed us to identify the factors that may strengthen or challenge 
perceived coping and control of a negative experience with technology 
adoption. More specifically, our participants highlighted that sufficient 
and timely training and support, adjustment of organizational processes 
to reflect the ‘new normal’ in HE, access to required equipment and 
meaningful two-way communication with the organization could in-
crease perceived control over a negative situation. Additionally, 
empathy from the organization could improve perceived ability to cope 
with the situation. Therefore, we called these factors enablers, as they 
could support positive secondary appraisals even in the case of goal- 
incongruent (negative) events by improving employee control and 
coping. Fig. 6 summarizes the findings of our study. 

6. Conclusions 

Given the important role of emotions in technology adoption, 
employee satisfaction and performance, the current study contributes to 
the existing literature by exploring the impact of technology adoption on 
employee emotions in HE as technology adoption moved from emer-
gency (rapid) to planned (designed) during the COVID-19 pandemic. To 
achieve this, a two-step methodological approach was employed to: a) 
explore sentiment and any changes in perceptions towards technology 
adoption during the first 12 months of the pandemic; and b) identify the 
functional and emotional consequences of technology adoption that 
influence these perceptions. The findings of our analysis identified four 
phases of technology adoption during this period, each one with distinct 
characteristics in terms of the impact of adoption on employee emotions. 
Additionally, our study identified the factors that can support more 
positive emotions by improving control and employee coping. 

Our findings contribute to existing academic literature in many 
different ways. First, our study focuses on the under-researched area of 
the psychological and emotional impact of technology adoption. 
Although earlier studies have investigated the role of certain emotions 
(e.g., fear, stress, excitement, hype) in relation to technology adoption, 
to date very little information has been shared about the impact of 
technology adoption on employee emotion. As previous studies have 
emphasized the importance of employee emotions for organizational 
performance, job satisfaction, employee commitment and turnover in-
tentions, we believe that our paper makes a strong contribution to 
existing knowledge in this area. 

Furthermore, by exploring the period from the initial emergency 
technology adoption to the later more planned stages, our research 
demonstrates how emotions and feelings can change during this process. 
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To the best of our knowledge, this is the first study that investigates the 
changes in psychological and emotional consequences during the tran-
sition between emergency and planned technology adoption. As emer-
gency technology adoption is an increasingly common phenomenon in 
organizations, due to the pandemic but also other external and internal 
factors (e.g., development of disruptive technologies, increasing 
competition), it has attracted growing interest from academics, practi-
tioners and policymakers. Thus, we believe that our findings make a 
valuable theoretical contribution as they provide a new ‘lens’ based on 
Appraisal Theory, that can be used to explain the psychological impact 
of technology adoption as a multi-stage phenomenon, contributing to a 
very topical area of research. 

Finally, by developing a framework that defines the different phases 

from emergency to planned technology adoption based on employee 
emotions as well as the factors that can enable (or impede) positive 
psychological consequences, we create a strong link between the psy-
chology, technology adoption and business management research areas 
that offer several opportunities for further academic research. 

6.1. Managerial and practical implications 

By providing a better understanding of the emotions involved in the 
different phases of technology adoption, our findings can support busi-
nesses that must deal with the challenges of emergency technology 
adoption and help them make the transition to planned adoption more 
easily. The identification of the four phases of this process and the 

Fig. 5. Sentiment analysis and the four phases of adoption.  

Fig. 6. Impact of technology adoption on employee emotions.  
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emotional and psychological consequences, although derived from 
employees in the HE sector, are also applicable in other contexts where 
emergency technology may be adopted. Our findings suggest that by 
identifying effective ways of supporting the transition to a more stra-
tegic integration of technology, managers can encourage use of tech-
nology, reduce employee resistance, support business processes, and 
improve employee satisfaction and wellbeing. Additionally, by using our 
qualitative data to identify several enablers of positive emotions, we 
argue that our findings can inform practitioners how to strategically 
manage technology adoption to avoid negative emotions that may affect 
employee satisfaction and performance. For instance, by offering 
empathy and meaningful communication, managers can reduce 
employee resistance to technology adoption, while adjusting the pro-
cesses to support more meaningful integration of technologies can 
reduce negative emotions and support feelings of empowerment and 
self-efficacy. 

6.2. Limitations and further research 

As with all research, this study also has certain limitations. First, 
although Twitter was chosen due to its popularity in academic and HE 
professional circles, it must be acknowledged that there are other social 
media platforms that could be used by HE employees to express their 
opinions and perceptions about technology adoption. Although the 
preference of academics and professionals to use Twitter to disseminate 
information and opinions, due to its broadcasting nature, has been 
acknowledged by researchers, its more restrictive nature (maximum 280 
characters per tweet) compared to other social media platforms may 
mean that sentiment analysis may be less impactful. Nevertheless, the 
number of tweets that we were able to retrieve from the Twitter platform 
(almost 9000 tweets), means that Twitter remains one of the dominant 
platforms for people in HE. 

We also argue that another limitation in this paper is our current use 

of sentiment analysis. We have mainly focused on using sentiment 
analysis and text mining to analyse the Twitter data. While this is 
appropriate and rigorous, there is an argument that the data could be 
analysed with a different sentiment perspective. In the current approach 
the focus is on emotion detection, looking at positive, neutral and 
negative tweets. A further step is to develop this approach in more detail 
and consider aspect-based sentiment analysis. In such a scenario re-
searchers would break down the tweets even further, allowing for the 
analysis of each tweet and its key aspects, which are mentioned in a 
positive, neutral and negative manner. By focusing on the aspects of the 
tweet in correlation with our text-mining approach there is the possi-
bility of creating advanced analysis which could gather tweet sentiment 
but also specific aspects of the tweet, providing a richer analysis of the 
data. 

A further limitation surrounds our choice of using an online quali-
tative survey that adopted CIT and laddering techniques. Although this 
allowed us to explore in depth the impact of technology adoption using 
information from a range of HE employees, the overall number of re-
spondents (52) relative to the total number of UK HE employees pro-
vides opportunities for researchers to expand our qualitative sample. 
Further, this area of research would also benefit from studies that 
employ quantitative methods which can build on the in-depth findings 
of this study, to capture the opinions and perceptions of more employees 
to validate our findings. Finally, although our research focused on the 
adoption of technology by HE employees, future studies could include 
different stakeholders, such as students, as this would allow investiga-
tion into how technology adoption affects both employee and student 
emotions and influences student satisfaction and the student learning 
experience. 

Data availability 

Data will be made available on request.  

Appendix A. Qualitative survey questions
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