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ABSTRACT
Ranta, Kristian
The impact of user acceptance in the efficacy of digital therapeutics
University of Jyväskylä, 2019, 63 pp.
Information Systems, Master’s Thesis
Supervisors: Tyrväinen Pasi, Silvennoinen Minna, Jorma Kyppö
The adoption of digital health solutions in healthcare is growing strongly. This is
not surprising since digital health tools and interventions have been shown to
improve healthcare processes, cut healthcare expenditure as well as improve
access and efficacy of care. Digital therapeutics (a subsegment of digital health) are
digital treatment interventions for various illnesses and health conditions which
have been shown to increase care efficacy and improve care delivery in many
known diseases including diabetes, asthma and depression. They are also mostly
void of any side effects in comparison to pharmacological treatments. Digital
therapeutic interventions are dependent on smartphones and computers for their
administration and are often behavioral interventions by nature. Thus, they
present novel and unique challenges from a treatment adherence perspective
compared to traditional treatments.
This master’s thesis is a study of the impact of user acceptance in the
efficacy of digital therapeutic interventions. This thesis consists of a literature
review and of an empirical contribution in the form of a case study analysis which
is based on a patient dataset from a digital therapeutic intervention for depression.
The dataset consisted of 159 patient data records including depressive symptom
reduction data based on a clinically validated depression symptom scale (PHQ-9)
as well as user acceptance and user engagement related measures. The data was
retrospectively analyzed to understand the hypothesized relationship of user
acceptance and the efficacy of a digital therapeutic intervention for depression
symptom reduction. Correlation among different patient groups and their
symptom reduction was analyzed with statistical analyses to observe predictive
factors for depression symptom reduction.
According to statistical analyses, whether patients self-selected the
treatment or were referred to the treatment by a healthcare professional, made a
difference in the efficacy of the treatment (PHQ-9: 45.2% reduction vs. 28.8%
reduction, CI >95%) and greater amount of active engagement and mindfulness
meditation practice during the treatment intervention correlated with depressive
symptom reduction (R^2=0.026, R^2=0.04, CI>95%) presenting a dose-response
relationship.
I conclude that based on the literature review and the case study analysis,
user acceptance and user engagement seem to impact the efficacy of digital
therapeutic interventions.
Keywords: user acceptance, user engagement, digital health, digital therapeutics,
depression, treatment, mental health, mindfulness

TIIVISTELMÄ
Ranta, Kristian
Käyttäjähyväksynnän vaikutukset digitaalisten hoitomuotojen hoidon
vaikuttavuuteen
Jyväskylän yliopisto, 2019, 63 s.
Tietojärjestelmätiede, pro gradu -tutkielma
Ohjaajat: Tyrväinen Pasi, Silvennoinen Minna, Jorma Kyppö
Digitaalisten
hoitoratkaisuiden
käyttöönotto
on
vahvassa
kasvussa
terveydenhuollossa ympäri maailmaa. Tämä ei ole yllättävää sillä näiden hoitojen
on todistettu nopeuttavan hoitoon pääsyä sekä parantavan hoidon
vaikuttavuutta. Digitaaliset hoitoratkaisut ovat digitaalisesti toimivia
hoitointerventioita, joita on viime vuosina kehitetty hoitamaan monia kroonisia
sairauksia. Niiden on todistettu olevan tehokkaita useiden sairauksien hoidossa.
Niiden käytön yhteydessä ei yleensä esiinny sivuvaikutuksia toisin kuin
lääkehoidoissa. Digitaaliset hoitomuodot ovat jakelunsa suhteen riippuvaisia
älypuhelimista ja tietokoneista. Ne ovat usein tyypiltään käyttäytymistapojen
muutokseen tähtääviä interventioita. Näistä erityispiirteistä johtuen niiden
käyttöönottoon liittyy uudenlaisia haasteita.
Tämä pro gradu -tutkielma on tutkimus käyttäjähyväksynnän ja
käyttömyöntyvyyden vaikutuksista digitaalisten hoitomuotojen hoidon
vaikuttavuuteen. Tutkielma koostuu kirjallisuuskatsauksesta sekä empiirisestä
tutkimusosiosta. Empiirinen tutkimus on tapaustutkimus, joka pohjautuu
masennuksen hoitoon kehitetyn digitaalisen hoitomuodon anonyymiin
potilastietoon. Potilastietoihin sisältyi 159 potilastietuetta, jotka pitivät sisällään
masennusoireiden muutoksen perustuen kliinisesti käytettyyn masennusoireita
mittaavaan kyselyyn (PHQ-9) sekä käyttäjähyväksyntää mittaavia mittareita.
Tiedot
analysoitiin,
jotta
ymmärrettäisiin
hypoteettista
käyttäjähyväksynnän, käyttömyöntyvyyden sekä hoidon vaikuttavuuden
suhdetta. Korrelaatiota eri potilastiedoista rajattuihin alaryhmiin, ja kunkin
alaryhmän
saamaa
hoidon
vastetta,
analysoitiin
erilaisilla
tilastoanalyysimenetelmillä, jotta voitaisiin tunnistaa mahdolliset hoidon
vaikuttavuutta ennustavat tekijät.
Tilastoanalyysien tuloksena havaittiin, että sillä hakeutuivatko potilaat itse
hoitoon vai ohjattiinko heidät hoitoon lähetteellä, oli ero hoidon vaikuttavuuden
suhteen (PHQ-9: 45.2% alenema vs. 28.8% alenema, CI >95%). Analyysien
tuloksena havaittiin myös, että käyttömyöntyvyys sekä potilaiden tekemät
tietoisen läsnäolon harjoitteet korreloivat hoidon vaikuttavuuden kanssa
(R^2=0.026, R^2=0.04, CI>95%). Tästä määriteltiin hoidolle annos-vastesuhde.
Lopputulemana totean, kirjallisuuskatsaukseen ja tapaustutkimuksen
tilastoanalyyseihin
perustuen,
että
käyttäjähyväksynnällä
ja
käyttömyöntyvyydellä näyttää olevan vaikutus digitaalisten hoitomuotojen
hoidon vaikuttavuuteen.
Asiasanat: käyttäjähyväksyntä, käyttömyöntyvyys, käyttöönotto, digitaalinen
terveydenhuolto, masennus, mielenterveys, tietoisuustaidot
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INTRODUCTION

The digitalization of healthcare and medicine has really taken off in the past ten
years. Most health systems and hospitals around the world are now actively
implementing digital tools to aid their work in healthcare related
administration and in treating patients (Adler-Milstein et al., 2017)). In the past
5 years several digital solutions to treat e.g. diabetes, asthma, depression,
insomnia and hypertension have been developed by researchers across
different universities and private companies. These digital treatment solutions
have also been referred to as “digital therapeutics”.
“Digital therapeutics, or “digiceuticals,” as some call them, have become a
Holy Grail in some quarters of Silicon Valley, where investors see the
chance to deliver medicine through your smartphone. Andreessen
Horowitz, the venture firm, even predicts digital drugs will become “the
third phase” of medicine, meaning the successor to the chemical and protein
drugs we have now, but without the billion-dollar cost of bringing one to
market. “(Farr, 2017)
Digital therapeutics are largely based on behavioral interventions and behavior
change programs. This means that e.g. to treat hypertension, in addition to
taking anti-hypertensive medicine, people would go through certain behavior
change regimen to lower their blood pressure to more healthy levels, which
could happen e.g. by increasing exercise and reducing salt intake (Payne et al.,
2015).
However, as digital therapeutics are inherently digital solutions, that are
built upon information technology (IT) and information systems (IS), they
require user acceptance from people to be able to function and fulfill their
purpose. IT user acceptance is defined as the reasons that cause people to accept
or reject IT usage (Davis, 1989). In addition to user acceptance of a new
technology, how much a user uses a given system (user engagement), is
important for the system to be able to perform its function. People have to be
able to use digital tools, as well as be able to comprehend their guidance
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towards behavior change, to be able to reap the intended benefits from
these solutions. In addition to being able to use these solutions, people also have
to be willing to use these solutions and therefore it is important to understand
the different motivational factors such as the utilitarian vs. hedonic
motivational reasons (Van der Heijden, 2004), as well as the cultural influences
on user acceptance (Tuunanen & Kuo, 2015). This is why thorough
understanding of IS user acceptance and user engagement are essential for the
successful development and deployment of digital therapeutic solutions in the
future.

1.1 Master’s thesis objective and research question
With this master’s thesis research, I wanted to contribute to this field by
studying how user acceptance impacts the clinical efficacy of digital therapeutic
interventions. I have previously contributed to clinical research related to
feasibility and clinical efficacy of a digital therapeutic intervention for
depression and anxiety. This work has led to two peer-reviewed papers (Goldin
& al., 2019, Economides & al, 2019) where I have been a co-author. These papers
have been published in the Journal of Medical Internet Research (JMIR). With
my master’s thesis, I wanted to specifically understand what kind of a potential
role people’s preconception has in user acceptance as well as what are the
factors that impact the day-to-day user acceptance and engagement with digital
therapeutic interventions. I formulated my main research question as follows:
“What is the impact of user acceptance in the efficacy of digital therapeutics?”

1.2 Structure of the study
This master’s thesis research was structured in the following way. I first
completed a literature review to see what has already been studied and what
could be learned from the existing research. To start answering this question, I
wanted to first understand general IT related user acceptance, especially in
relation to healthcare solutions. I looked at user acceptance in general in
healthcare IS. Then I went deeper into investigating the role of user acceptance
in the efficacy of digital therapeutics. I reviewed several clinical research papers
summarizing clinical efficacy and feasibility of five different DT interventions.
These interventions were intended for the treatment of depression,
osteoarthritis, pre-diabetes and diabetes. After completing the literature review,
I realized how few studies have been published on this topic and how little is
actually known. To better understand the topic, I conducted a case study
analysis based on a relevant digital therapeutic intervention and dataset from a
private company called Meru Health. This dataset was available to me since I
am one of the founders of Meru Health and work at the company as the chief
executive officer.
As conclusions of this research I found out the following information in the
literature review: I found that that there are several potential factors that seem
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to influence the efficacy of digital therapeutics from a user acceptance
perspective. These factors are human support of patients as well as ease-of-use
of a given intervention (e.g. that people do not have to attend physically to
treatment sessions to be able to complete a therapy program). Due to the
limitations of the reviewed literature and this research, whether the clinical
content or a good design of a DT user interface influence the efficacy of a given
intervention, cannot be determined at this time.
In the Meru Health case study analysis, I found out that user acceptance
seems to impact clinical efficacy. I found out that where patients came from to
access the treatment, impacted the treatment effect. In this case patients came
either through their own self-referral or through a doctor referral. The
hypothesis was that the patients coming in through their own self-referral had
a more positive preconception towards the treatment and were proactively
willing to go through it, meaning that there is a likely a stronger (placebo) effect
for this group vs. the group that came through a healthcare professional referral
without such a strong self-selection or preconception towards the treatment. In
the case study analysis, I also found out that user engagement (compliance)
predicted symptom reduction partially: the amount of active days spent with
the intervention was correlated with symptom reduction after the treatment, at
12 weeks. The amount of mindfulness practice during the intervention was also
correlated with symptom reduction in a way that every incremental hour of
mindfulness practice predicted an average 1.4% reduction in the depressive
symptom scale (PHQ-9) which was used to measure depressive symptoms
patients were experiencing.
This study contributes to the research fields of healthcare information
system user acceptance and digital therapeutics by helping to understand what
factors drive user acceptance and how user acceptance plays a role in the
efficacy of digital therapeutic interventions in treating various disease or health
conditions.
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2

LITERATURE REVIEW

Digital therapeutics, or digital medicine in general, is a fairly new category of
medicine and therefore existing research on its adoption is scarce. Nevertheless,
digital therapeutics hold a huge promise to be able to help alleviate the massive
chronic disease burden in the world today (Kvedar, Fogel, Elenko & Zohar.,
2016).
This literature review was conducted to find out what is known in the
existing literature about the research question: what is the impact of user
acceptance in the efficacy of digital therapeutics? The following chapter will
explain the method of this literature review.

2.1 Literature review method
This literature review was conducted to understand what is already known in
the literature about what is the impact of user acceptance in the efficacy of
digital therapeutic treatment interventions. The research process started by
searching online research publication and relevant literature via the University
of Jyväskylä JYKDOK-Finna discovery service. The JYKDOK-Finna service is a
search engine that indexes local university library books and materials as well
as international journals and their digital databases. In addition to JYKDOKFinna, I also used the Google Scholar search engine to find relevant academic
publications.
To search the available literature, I used the following search terms and
keywords: “information technology user acceptance”, “information technology
user adoption”, “information technology user engagement”, “digital
therapeutic”, “digital therapeutics”, “digital health user acceptance”, “digital
health user adoption”.
I went through all available papers and publications found with these key
words and selected the ones that I identified meeting the following criteria:
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•
•
•
•

Contained at least one of the key terms “digital therapeutic(s)”,
“digital health”, “mobile health”, “smartphone application”, “digital
treatment”
Contained text identifying the intervention being developed for
treatment of conditions such as diabetes, pre-diabetes, depression,
anxiety, osteoarthritis
Contained information on the user acceptance (utilization,
engagement etc.) of the given solution
Contained information on the therapeutic effect or clinical
effectiveness and/or efficacy of the given solution

With these search terms, I found 578 articles which I then reviewed (first article
titles and then possibly abstracts if the article seemed relevant) and narrowed
down with the aforementioned search criteria. Most of the papers were not
relevant due the lack of the paper addressing a digital treatment intervention
(digital therapeutic) and its’ clinical use also somehow describing user
acceptance or user engagement related factors. There were e.g. several general
papers describing the digital therapeutic ecosystem and its future possibilities,
which were excluded. At the end there were 6 relevant digital therapeutic
intervention papers that matched the criteria above.
I learned that the available literature is scarce and there are still to date very
few research papers out there (“digital therapeutic” search word in the title of
an article while excluding term “meta” returns 27 results on Google Scholar).
Based on a comprehensive and thorough review of all the available papers I
believe my literature review is adequately good and comprehensive.
Before going through the findings of this literature review on what is
known about the impact of user acceptance on the efficacy of digital therapeutic
interventions, I will go through general IS and IT related user technology
adoption research and its theoretical framework to lay the groundwork for the
literature review and for the Meru Health digital therapeutic intervention case
study analysis.

2.2 General IS and IT related user technology adoption
General IS and IT related user technology adoption has been widely studied. In
1989 Davis, Bagozzi and Warshaw introduced a landmark model called
Technology Acceptance Model (TAM). Technology Acceptance Model is an
information systems theory that models how people adopt new technology. Its
core is based around Perceived Usefulness (PU) and Perceived ease-of-use
(PEOU) which drive user behavior.
In 1991 Icek Ajzen came out with his Theory of Planned Behavior (TPB).
TPB is a psychological theory stating that attitude toward behavior, subjective
norms and perceived behavioral control form the basis of a person’s behavior.
(Ajzen, 1991). This theory has been successfully used to predict wide range of
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health-related behaviors such as drinking, health services utilization,
breastfeeding and substance abuse among other things.
Already in the late 90’s the research began to extend towards information
technology use in medicine. Hu, Chau, Liu Sheng & Tam (1999) studied
specifically telemedicine related user adoption of technology. They studied the
TAM model and how well it explained physicians’ decisions to accept
telemedicine technology in the context of healthcare (Hu, et al., 1999). In the
study they found that TAM was able to reasonably well describe the acceptance
and perceived usefulness was found to be important whereas perceived easeof-use not.
Since then this field of IS has become one of the largest IS research fields
with landmark paper on Unified Theory of Acceptance (UTAUT) by 2003
Venkatesh et al., which includes four core determining factors of intention and
usage and up to four moderators of key relationships. In 2012 Venkatesh, Thong
& Xu updated the framework with a new Extended Unified Theory of
Acceptance (UTAUT2). The UTAUT2 model is based on the earlier version of
the UTAUT model (Venkatesh et al., 2003) but adds hedonic motivation, price
value and habit as new influencing factors to better explain user behavior.
As an additional viewpoint, information systems can be looked at from
three distinctive category perspectives: predominantly utilitarian,
predominantly hedonic and a hybrid combination of these two (Kakar, 2014).
Van der Heijden (2004) explains the nature of these two categories well.
Utilitarian systems are instrumental to the user and their use is normally
productive, goal-directed and task-performance oriented. Extrinsic motivation
can be seen as the main driver for a user to use such a system. Hedonism on the
other hand, is connected to happiness and pleasure and therefore hedonistic
systems are usually linked to home and free-time activities such as games (Van
der Heijden, 2004).
As the aforementioned research points out, there are other than just purely
utilitarian reasons for using IS, especially in the non-professional population.
People are not merely rational beings with rational motives. These acceptance
and motivational drivers become more and more important when consumer
health information technologies are being assessed. Digital therapeutics are
directed to be used by health consumers and not professionals.
Since people are social beings and are strongly influenced by the culture(s)
they belong to and the cultural values that come along with these cultures, it is
important to take this perspective into account when designing and
implementing different IS solutions as it makes a clear difference in user
acceptance (Tuunanen & Kuo, 2015).
The following chapter will review what is known about more consumeroriented IT solutions and their user acceptance.

2.3 User Acceptance of health information technology by
consumers
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Consumer Health Information Technology (CHIT) is a sub-segment of
information technologies that are used by consumers for health or wellness
related purposes. Depending on their exact use, they may be used by healthy
individuals seeking for health-related information or by ill individuals who are
seeking treatment or self-management help (Or & Karsh, 2009). Sometimes also
the term Health Information Technology (HIT) is used in research articles
referring basically to the same set of technologies except with a slightly broader
focus outside of only consumer used HIT.
Blumenthal & Glaser (2007) define HIT as follows: “HIT is an enormously
diverse set of technologies for transmitting and managing health information for use by
consumers, providers, payers, insurers, and all other groups with an interest in health
and health care.” (Blumenthal, & Glaser, 2007)
Kim & Park (2012) again define HIT in a slightly different way: “the
application of information processing involving both computer hardware and software
that deals with the storage, retrieval, sharing, and use of healthcare information, data,
and knowledge for communication and decision making” (Kim, & Park, 2012).
It is important to summarize that these two definitions (CHIT and HIT) are
somewhat different. HIT is referring to general information technology that is
used across the spectrum, at hospitals and at home whereas CHIT is only
referring to specific HIT which has a use case with a consumer. It is therefore a
narrower sub-segment of HIT.
Further on, an important aspect of HIT is informatics, which refers to the
science of information, practice of information processing and engineering
information systems. Health informatics again refer to the cross-section of
computer science, information science and healthcare. “Health informatics tools
include not only computers but also clinical guidelines, formal medical terminologies,
and information and communication systems. As such, the scope of HIT is very broad
and encompasses many aspects of hardware and software, including the computer,
smartphone, Internet, and social network services.” (Kim, & Park, 2012).
As important as informatics are in HIT, they are also very much applicable
to CHIT where consumers benefit from different information processing and
derived conclusions and insights from their personal data.
Also, user acceptance of CHIT is not different from user acceptance of IS in
general. There are known barriers to acceptance which include poor device
usability, insufficient training on how to use the technology, lack of computer
skills, and low self-efficacy (Or & Karsh, 2009). These are very important factors
to be thoroughly understood so that better CHIT solutions can be developed
and deployed. There is very clear evidence that it is not self-evident that CHIT
will be accepted by patients. Actually, several projects and CHIT
implementations have shown that substantial numbers of patients do not accept
CHIT (Jimison, Gorman, Woods, Nygren, Walker, Norris, & Hersh, 2008).
An interesting model was developed by Kim & Park (2012) to improve
understanding of consumer-focused health information technologies adoption.
They developed their model based on another model originally developed by
Yun, (2008), Yun’s model was based on the TAM model (Davis, Bagozzi and
Warshaw, 1989), Theory of Planned Behavior (TPB) (Ajzen, 1991), Health Belief
Model (HBM) by Becker, & Rosenstock (1987) as well as Theory of reasoned
action by Fishbein (1979). Yun’s model and study demonstrated that
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consumers’ cognitive factors such as health concerns, perceived threat, and
Internet self-efficacy affected consumers behavior and actions in seeking health
information on the Internet through perceived usefulness as well as perceived
ease of use. The model, however, is limited to the definition of seeking health
information from the Internet, and thus very likely it cannot extensively and
exhaustively describe behaviors by health consumers using various HITs in
different environments. (Kim & Park, 2012). This is why Kim & Park (2012)
decided to further improve the model to better describe the behavior of
consumers while using various HITs. They built a model called Health
Information Technology Acceptance Model (HITAM) for this purpose.

FIGURE 1 HITAM (Kim & Park, 2012)

Kim & Park (2012) summarized their study and model in the following way:
“This study showed that perceived threat, perceived usefulness, and
perceived ease of use significantly affected health consumers' attitude and
behavioral intention. Health consumers' health status, health belief and
concerns, subjective norm, HIT characteristics, and HIT self-efficacy had a
strong indirect impact on attitude and behavioral intention through the
mediators of perceived threat, perceived usefulness, and perceived ease of
use.”
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2.4 Impact of user acceptance in the efficacy of digital
therapeutics
As the term digital therapeutics (DT) points out, these interventions are
inherently digital in nature. This means that for anyone to use a DT, they would
use some type of a digital technology with a digital user interface.
“Digital therapeutics can be viewed as software functioning as
“medication” that is delivered via the Web. This treatment focuses on
behavioral changes with long-term improvements in contrast to the shortterm gain of taking a pill or other interventions presently used in health
care. A crucial point to achieve the effect of any treatment is compliance.
Using digital therapeutics that utilize the Internet to deliver cost-effective
treatment around the clock has the potential to increase adherence.
Allowing for people to administer their treatment at a suitable time point
probably increases compliance and the likelihood of improved health and
quality of life for patients with chronic conditions. (Dahlberg, Grahn,
Dahlberg, & Thorstensson, 2016)
DT are interesting technologies also because so much data is available from
users, and users can be followed up for a long time even after an active
treatment phase. In normal pharmacological treatments, once initial clinical
trials are over, there’s no data available from the real-world performance of a
given pharmaceutical. With DT, this is exactly the opposite. There’s typically
plenty of outcomes and adherence data available from DT interventions.
(Natanson, 2017)
Due to these aspects of DT it is essential for their performance that users
engage with them and accept them. As it has been discussed in the previous
chapters, healthcare IT that is meant for the consumer’s use is a narrower subsegment of HIT and is defined as CHIT. DT are an even narrower sub-segment
of CHIT. DT are technologies and solutions which are meant to treat a given
condition a consumer has, and so that the consumer him/herself engages
actively with this treatment solution for behavioral or lifestyle change, to
improve or treat the given condition (Dahlberg, Grahn, Dahlberg, &
Thorstensson, 2016). CHIT on the other hand, can also refer to other HIT that
are meant for consumer use but are not necessarily meant to cure or treat a
condition, or induce behavior change in the consumer or the patient.
In the next chapter, I will look at different specific DT interventions to better
understand their acceptance and therapeutic effect characteristics. This will
serve as a basis for further analysis in the findings section which summarizes
different factors affecting the efficacy of DT positively or negatively.

17

2.5 Known characteristics of digital therapeutics user acceptance
and efficacy
A 2016 study by Pinto, Greenblatt, Hickman, Rice, Thomas, & Clochesy (2016)
showed that a digital therapeutic (eSMART-MH) for the treatment of
depression was fairly well received and accepted by young users (n = 60, age
between 18-25, mean age 22). In this study, they looked at critical parameters
(necessity, acceptability, feasibility, fidelity, and safety) of this DT intervention
which is designed for the treatment of depressive symptoms. The study showed
that 54% of people completed the treatment intervention and received beneficial
symptom reduction. The symptom reduction although was not statistically
significant compared to the control group. (Pinto, Greenblatt, Hickman, Rice,
Thomas, & Clochesy, 2016). The research was conducted so that participants
needed to go to a specific clinic location physically for weekly sessions of the
eSMART-MH program to be administered. Therefore, this intervention is not
inherently web-based as it required the physical presence of the patient to be
able to receive treatment although the treatment itself was received via a
computer and a web-interface at the treatment site. There was no healthcare
professional follow-up in between these treatment sessions and the treatment
was administered at the sessions onsite.
Another study by Dahlberg, Grahn, Dahlberg, & Thorstensson (2016),
evaluated a DT intervention for osteoarthritis treatment (Joint Academy). They
showed that the DT had a positive effect on the patients’ pain levels during and
after the program. They could not however clearly determine a causal
relationship, the degree of pain improvement for patients seemed to be
associated with the duration of stay in the program. Of their total patient
population of 53 patients, 36 (68%) registered their pain levels for the full 6
weeks of the program (full program duration). This indicates fairly good
acceptance and adherence to treatment. This intervention was designed so that
patients could use the intervention whenever best suitable for them, at home or
at work, or wherever. The intervention was inherently web-based and relied on
email delivery of new lessons and materials for patients. A physiotherapist was
following-up with the patients via an asynchronous chat feature during the
whole duration of the intervention.
Another web-based digital therapeutic intervention for diabetes prevention
(Omada Health Prevent) was studied by Sepah, Jiang, & Peters, (2015). The
study was looking at the long-term outcomes of a 16-week diabetes prevention
program assessing the impact of the program on body weight and A1c (a blood
glucose-related marker that can be analyzed to predict diabetes risk factors).
The results showed that participants experienced significant reductions in body
weight and A1c, and that these reductions were maintained after 2 years. 155
(70%) out of 220 participants were engaged actively with the program and
completed at least 9 core lessons and were thus categorized as program
completers. This indicates a good adherence to the program and also good
clinical results for participants. This intervention, similar to the Joint Academy
intervention, was inherently a web-based intervention and people accessed it
online and not by going to physically see a healthcare professional for the
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administration of treatment. The Prevent patients were supported by a remote
coach and a peer-group of other patients through the intervention.
In 2008 Quinn, Clough, Minor, Lender, Okafor, & Gruber-Baldini, (2008)
published a study where they studied the efficacy and acceptability of a DT
intervention, which is delivered via a mobile app, called Welldoc for the
treatment of Type 2 diabetes. This was a randomized controlled trial where 30
patients were recruited and randomized into two different groups: study group
and control group. The study group used the Welldoc application and the
control group was receiving treatment as usual. The Welldoc application
software provided real-time feedback on patients' blood glucose levels,
displayed patients' medication regimens, incorporated hypo- and
hyperglycemia treatment algorithms, and requested additional data needed to
evaluate diabetes management. The captured patient data was transferred to
secure servers and was analyzed by proprietary statistical algorithms. The
Welldoc system sent computer-generated logbooks with proposed treatment
regimen plans to the healthcare professionals treating the patients. The
treatment was proven to be effective in comparison to a “Treatment As Usual”
(TAU) group. The adults that used the Welldoc intervention achieved
statistically significant improvements in their A1c. Patient and healthcare
professional satisfaction were clinically and statistically significant. Patients
were supported by a remote healthcare professional during the course of the
treatment (Quinn, Clough, Minor, Lender, Okafor, & Gruber-Baldini, 2008)
A very interesting research paper was published in 2017 by McKenzie,
Hallberg, Creighton, Volk, Link, Abner, & Phinney, (2017). This research study
was evaluating the efficacy and feasibility of a digital therapeutic intervention
for reversing Type 2 diabetes. This intervention was delivered via digital means
(including a smartphone application) taking people through an education
program to: “sustain adequate carbohydrate restriction to achieve nutritional
ketosis as part of a comprehensive intervention, thereby improving glycemic
control, decreasing medication use, and allowing clinically relevant weight
loss.” McKenzie, Hallberg, Creighton, Volk, Link, Abner, & Phinney, (2017).
The digital intervention was proven very effective in the research trial with 87%
of people eliminating or reducing the usage of insulin. 56% of people reduced
their A1c levels below diabetic level. People also experienced 12% of average
weight loss at 6 months. Patients in the program were supported by remote
doctors and health coaches during the intervention. (McKenzie, Hallberg,
Creighton, Volk, Link, Abner, & Phinney, 2017)
In the next chapter, I will discuss these findings and further aim to
determine which characteristics of these different DT interventions made them
acceptable or “sticky” and again which characteristics were responsible for
achieving clinical efficacy in the given treatment context.

2.6 Findings
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In this chapter, I summarize findings from reviewing existing research from the
perspective of which characteristics of DT seem to play a role in patient
engagement and therapeutic effect.
Before going further into the analysis, it is relevant to note that this area is
still very new and there is not a lot of research out there. It is also challenging
to point out what are the exact reasons or modifiers for the efficacy of DT
interventions based on this review of the existing literature. This review pointed
out aspects about these interventions that seem to be significant and play a role
in the clinical efficacy of the intervention but there are also other aspects which
remain unknown. E.g. what effect does the quality of the clinical material have
on the efficacy of a given intervention, which is not currently clearly known or
apparent, based on the existing research.
Some relevant information was not available due to the limited nature of
these reviewed research papers and due to the fact that they are mostly focused
on the clinical efficacy and intervention feasibility evaluation and not focused
on looking at particular characteristics of these interventions that make them
clinically effective. In other words, these studies are mostly about “are these
interventions clinically effective and feasible” vs. “why are these interventions
clinically effective and feasible”.
The following table 1 compares the different characteristics of the
interventions that were summarized earlier.
TABLE 1 Comparison of 5 different digital therapeutic interventions

This comparison table sheds further light onto some of the details of these
interventions and how they may play a role in the efficacy of these
interventions. Based on this data set it seems that human supported solutions
are on average more effective. The comparison table also shows that completion
rates for therapies that are human supported are clearly above the only
intervention (eSMART-MH) that was not human supported outside of the clinic
visits. This seems rational from Van der Hejden’s (2004) perspective where he
argues that extrinsic motivation is an important factor to acceptance (in this case
patient’s sense of responsibility to report back to the observing and/or coaching
person) but that intrinsic motivation is likely to play a role here too (in the way
how modern mobile applications with nice graphical user interfaces are likely
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to be perceived as rewarding to work with without any specific extrinsic
motivation alone).
Based on the research publications, it seems that the more people engage
with a given treatment solution, the more clinically effective it is. There seems
to be a correlation. This seems to further indicate that user acceptance of these
solutions is important and essential to their therapeutic effect and clinical
efficacy.
The following table summarizes factors that seem to either increase or
decrease user acceptance of digital therapeutic interventions. The definition
“purely web-based” in this context refers to interventions and technologies that
are only available via a computer and/or web-browser and not via a native
mobile application which is used on a smartphone.

TABLE 2 Factors of digital therapeutics seeming to impact acceptance

There is existing research showing that disease or condition severity plays a role
in people’s motivation to treatment adherence which again seems to lead to
better efficacy. When people are in desperate need of help with a condition that
is likely treatable, people are likely to adhere better to a possible treatment
intervention, and thus get better clinical results (DiMatteo et al., 2007). This is
also aligned with the “perceived threat” and “health status” constructs in the
HITAM model (Kim, & Park. 2012).
There is also existing supportive research that the quality of the smartphone
application (quality in means of how well designed it is, how easily usable and
intuitive it is for its target population and how graphically pleasing and modern
it is), plays a role in people’s user engagement and adherence (Attfield et al.,
2011).
This again plays well into the widely known finding in the field of IT user
acceptance where, in addition to utilitarian reasons to accept a technology,
hedonistic factors also do play an important role in the user acceptance (Van
der Heijden, 2004). Cho et al. (2009) looked at the role of perceived userinterface design in continued usage intention of self-paced e-learning tools and
also had similar findings that user-interface design influences user acceptance
(Cho et al., 2009).
The literature review findings are discussed in chapter 5. The following
chapter 3 describes the method and a case study dataset that was analyzed. This
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adds to the information learned from the literature review from previously
studied digital interventions to various diseases and health conditions. Since
the existing literature about this topic is very scarce, I decided to conduct a case
study analysis on a digital intervention for depression to better understand how
much and how user acceptance impacts the clinical efficacy of digital
therapeutic interventions. This case study is a comparable digital therapeutic
case with relevant data available on user acceptance and clinical efficacy adding
to the information and understanding that was found during the literature
review.
Based on this literature review and the theoretical background of IT and IS
user acceptance, I formulated my research hypotheses to be around the
preconception of people towards a digital therapeutic intervention (a healthcare
focused information technology). Based on the literature it became evident that
people’s preconception does play an important role in the user acceptance of
digital health solutions (Kim, & Park. 2012).
I also formulated my research hypotheses around the notion that user
engagement (compliance or adherence) during the use of a given digital
therapeutic intervention, would likely play an important role in achieving
therapeutic effect (Dahlberg, Grahn, Dahlberg, & Thorstensson, 2016).

22

3

METHODS

In this chapter I describe the methods that I used, I formulate the hypotheses
and explain the measures that I used for the empirical research in this study. I
also describe the case dataset and its source in more detail.

3.1 Research method
To study the influence of user acceptance related to a digital depression
treatment intervention developed by Meru Health, I used the following
quantitative methods: I chose a quantitative case study method as defined by
Yin (1984) to approach and analyze the acquired data-set, and I used statistical
analysis tools such as linear regression and T-Test to analyze the quantitative
data that was available.
Yin (1984) defines the case study research method “as an empirical
inquiry that investigates a contemporary phenomenon within its real-life
context; when the boundaries between phenomenon and context are not
clearly evident; and in which multiple sources of evidence are used.”
Information technology user adoption and user acceptance have often been
studied with a quantitative approach. User surveys have been a popular
method used in this type of research (Williams et al., 2009). As part of my
master’s thesis research project I got access to a pre-existing dataset from Meru
Health that was a single case patient dataset and contained quantitative
information about user preconception and user engagement (compliance) as
well as the therapeutic effect of the treatment in question.
I found Yin’s (1984) “Case Study Research” approach to be suitable for
this research setting as a framework as it is designed for the analysis of reallife phenomena in a social science setting (e.g. psychological studies) with
possible quantitative data collection and analysis.
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The Meru Health digital therapeutic intervention case data and the case
analysis research is about quantitative analysis of human behavior (usage of a
smartphone app and completing in-built lessons and practices) and its impact
on the treatment effect (reduction of bi-weekly measured depression
symptoms). As a further perspective, case study research has been used
frequently in natural sciences, social sciences and humanities as well as
psychology (Mills et al., 2009; Yin, 2011).

3.2 Hypotheses
Based on the literature review and the theoretical background of IT and IS user
acceptance, the research hypotheses were formulated in the following way.
The general hypothesis of this research was that higher user acceptance will
lead to better treatment effect (more efficacy) of a digital therapeutic
intervention.

FIGURE 2 Hypothesis: relationship of user acceptance and treatment effect

Information technology adoption and acceptance theories contain several
constructs which predict user adoption and user acceptance of an IT-solution or
IT-system. These constructs include perceived usefulness and perceived ease of
use with the Technology Acceptance Model (Davis, 1989) and performance
expectancy, effort expectancy, facilitating conditions, and social influence with
the Unified Theory of Acceptance and Use of Technology (Venkatesh et al.,
2003).
Further, The Theory of User Acceptance of Digital Health Solutions by Kim
& Park (2012) includes constructs such as health status, health belief & concerns,
subjective norm, HIT reliability and HIT self-efficacy which also predict user
adoption and user acceptance.
Based on these theoretical frameworks, the aforementioned constructs and
the Meru Health data that was available for study, I formulated my research
hypotheses around user preconception, and that it would likely positively
contribute to the treatment effect (Kim & Park, 2012). Further supporting this
hypothesis formulation, it is known that positive preconceptions of patients
towards treatments affect health outcomes (Laferton et al., 2017, Constantino et
al., 2011, Rief et al., 2015).
I also included a hypothesis on user engagement (compliance or adherence,
i.e. how often and how much patients used time with the weekly lessons,
practices and therapist interaction) during the use of the Meru Health digital
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therapeutic intervention, and that user engagement would likely play an
important role in achieving therapeutic effect. This hypothesis was based on
what had been learned by Dahlberg, Grahn, Dahlberg & Thorstensson (2016)
with their web-based osteoarthritis treatment where the more users engaged
with the treatment program, the more they reduced their symptoms.
This hypothesis was also based on what is known about the clinically
validated positive effects of mindfulness meditation practices (which are an
integral part of the Meru Health treatment intervention weekly practices) on
depression and on mental health in general (Khoury et al. 2013). It is known
that the more (often) people practice mindfulness, the more they benefit from it
and are likely be able to reduce their depression, or other mental health related
negative symptoms (Creswell, 2017, Parsons et al., 2017).
Hypothesis 1: positive user preconception will increase therapeutic
effect (derived from Technology Acceptance Model (Davis, 1989),
Unified Theory of Acceptance and Use of Technology (Venkatesh et
al., 2003) and Theory of User Acceptance of Digital Health Solutions
by (Kim & Park, 2012)
Hypothesis 2: higher user engagement will increase therapeutic
effect (derived from a digital therapeutic research study on a webbased osteoarthritis treatment (Dahlberg, Grahn, Dahlberg &
Thorstensson, 2016) and several studies on mindfulness meditation
reducing depressive symptoms (Creswell, 2017, Parsons et al., 2017).
Hypothesis 2 a) more active days while undergoing the
treatment will increase therapeutic effect
Hypothesis 2 b) more hours of mindfulness practice while
undergoing the treatment will increase therapeutic effect
Hypothesis 2 c) more frequent chat activity with the therapist
while undergoing the treatment will increase therapeutic
effect

25

FIGURE 3 Hypotheses relationships and anticipated results

3.3 Data collection: Case Meru Health digital therapeutic
treatment
To research the impact of user acceptance in the efficacy of DT interventions, I
studied the existing literature as well as a case dataset (user acceptance, user
engagement and treatment effect data) from a digital therapeutic intervention
for depression treatment developed by a company called Meru Health.
Meru Health is a technology company as well as a healthcare service
provider. Meru Health has offices in Helsinki, Finland and Palo Alto, California.
Meru Health as a company, and the data available from the Meru Health DT
treatment intervention, was chosen as a case-study because this type of data
could help to better understand the research question adding to the information
received from the literature review, and because this type of data was readily
available through the company. Normally this type of data, especially in mental
health, is very difficult to obtain without a proper clinical research setting. In a
traditional clinical trial setting collecting this kind of data would take at least 12 years and would require significant resources to prepare for an ethics
committee approval.
The intention of this case analysis was to look at how user acceptance and
user engagement of the Meru Health treatment intervention affected the
depression treatment effect of the treatment intervention. The intention was to
understand how this information might complement what was learned during
the literature review.
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3.4 Description of the Meru Health clinic and intervention
Meru Health is an online medical clinic operating in Finland and California,
USA. In Finland, Meru Health operates under Valvira license as a Finland-wide
online clinic for mental health and in California Meru Health operates as a
platform connecting licensed therapists to people receiving care.
Meru Health has developed a DT treatment program called Ascend™ for
treating depression. The treatment program is an 8-week program that is
delivered through a smartphone application compatible with iPhones and
Android phones. The Meru Health treatment program is structured around
eight weekly themes and sets of pre-recorded video lessons and therapeutic
practices that patients go through to help reduce depression symptoms and to
learn self-regulatory skills to prevent possible future depression relapse. Three
different screens of the Meru Health Ascend™ program are shown below
(Figure 3).
In the Meru Health program, patients watch several short video lessons
every week, complete therapeutic practices such as audio-guided mindfulnessmeditation or cognitive behavioral therapy practices, have the ability to chat
with a licensed therapist via an in-application chat feature, as well as to interact
with an anonymous peer-group consisting of 10-20 other patients who are going
through the treatment program at the same time.

FIGURE 4 Meru Health mobile application: 3 different screens

People come to Meru Health for treatment usually through referrals from
occupational healthcare clinics and providers as part of their occupational
healthcare services that are provided by their employer organizations. In the
occupational healthcare setting, the referring healthcare professional is usually
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a primary care doctor but can also be a psychologist or a nurse practitioner.
Meru Health also works with other organizations such as Suomen
Mielenterveysseura and Sekasin-chat wherefrom patients can also access Meru
Health treatment services.
In this case study and in this dataset, a significant number of patients came
into treatment via their own self-referral mainly through Facebook
advertisements. These patients did not pay anything for the treatment
intervention but were given free of charge access in exchange for them giving
their feedback to Meru Health for research as well as product and service
development purposes. This was because especially in 2017 Meru Health was
testing and very actively developing the treatment intervention and thus
needed a lot of test patients for feedback and learning. Based on learnings at
Meru Health, recruiting patients through social media has been deemed to be a
quick and cost-effective way to get patients into treatment and to learn how to
improve and further develop the Meru Health treatment intervention.
Meru Health employs licensed therapists who work with every patient
during the treatment program. Every patient gets first matched with a
dedicated licensed therapist. The same therapist then supports and guides the
patient throughout the whole treatment program.
Meru Health therapists use a Clinician Dashboard online software tool for
patient management and communication. The Clinician Dashboard is
connected to an electronic health record for storing all the patient information
and treatment-related data. The Clinician Dashboard is a secure web-based
online application that can be used with basically any web-browser by the
therapists logging in with their personal credentials. The Clinician Dashboard
is shown in Figure 4 below.

FIGURE 5 Meru Health Ascend Clinician Dashboard (Finnish lang. version)
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When a patient is referred to the Meru Health treatment program, the
patient is matched with the next available therapist. After this background
procedure, a licensed therapist contacts the patient and sets up an introductory
call time. This call usually takes approximately 30-40 minutes. The intention of
the call is to further assess patient eligibility as well as to set expectations to
what the treatment program is going to be about, and how much time and effort
it will require to complete. After the introductory call, the patient gets an
invitation via email and can download the Meru Health smartphone
application from the Apple Store or Google Play, to start the treatment program.
During the treatment program, the licensed therapist stays in contact with the
patient very actively through the application using an in-application chat
feature, as well as interacting with people via the anonymous peer-group
feature.
The following table presents the Meru Health digital therapeutic program
structure and weekly content topics.
TABLE 3 Meru Health treatment program weekly themes and content

Weekly Themes

Weekly Content

Before start: Orientation for the
program

video lessons

Week 1: introduction to mindfulness

video lessons and daily practices

Week 2: Mood and motivation

video lessons and daily practices

Week 3: Noticing and interpreting
the reality

video lessons and daily practices

Week 4: worries and thinking traps

video lessons, daily practices and a
game-like puzzle

Week 5: difficult emotions

video lessons and daily practices

Week 6: Self-compassion

video lessons and daily practices

Week 7: Rethinking your life values
and boundaries

video lessons and daily practices

Week 8: How can I best take care of
myself?

video lessons and daily practices

3.5 Research subjects
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For this research, patient data (containing data on user acceptance, user
engagement and treatment effect) from the Meru Health clinic electronic patient
record was extracted and analyzed. The data was anonymized and was fully
de-identified making it impossible to connect any data points from the research
data to any patient files in the electronic patient record.
All patients who were treated at the clinic between 27th February 2017 and
15th of September 2018, and their anonymous data, was selected for this study.
The data consisted of patient demographics data and patient source data (where
the patient referral came from) actual program usage data (how much patients
used the application in various ways during the treatment period) and
symptom reduction data (how much self-reported symptoms of depression
were reduced during the treatment program, i.e. the treatment effect).
This research-setting was a single-arm study-setting with no control group
analyzing real-world data from 159 patients treated at the Meru Health online
clinic between 27th February 2017 and 15th of September 2018.

FIGURE 6 Data extraction procedure

Inclusion criteria for the Meru Health treatment are
● Acute depressive disorder or depressive symptoms without psychotic
features
● Burnout symptoms
● Comorbid anxiety symptoms
● 18 years or older
● smartphone with internet access (iPhone or Android)
Exclusion criteria for the Meru Health treatment are
● Severe suicidal ideation/intentions and/or previous suicide attempts
● Active substance abuse
● Other serious mental disorders: e.g. any psychotic disorder
(schizophrenia, type I bipolar disorder) or severe personality disorder
● Untreated significant trauma
The study data set was restricted intentionally to n=159 from a total data set of
n=301 that was available in the Meru Health database. This is due to the removal
of patient entries of patients who had started the treatment program (but not
completed) and were currently ongoing (n=17), were drop-outs (n=34) and
removal of patient records of patients (n=91) who had either pre- or post-data
missing. After the first months of the program (February-June 2017), the
depression symptom reduction data collection was built into the smartphone
application from being previously administered as a separate survey to patients
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via email. This was done due to poor adherence to responding to these email
surveys. Once they were built into the application, the user response rate went
up from roughly 50% of people filing in all the data points (baseline, during and
after) to about 90-95% of people filling in all the data points.
For this research, it was deemed important to have this pre- and post-data
available to be able to evaluate symptom reduction change over the course of
the program at baseline, at week 8 and at week 12, and to end up with new
information and insights into user acceptance and user engagement and
adherence. From the perspective of user acceptance research, it is important to
understand how people are accepting new technologies and IT-systems. From
the medical research perspective, it is important to understand how effective
new interventions are in reducing symptoms or treating a given condition.
The participants were Finnish people and 82% of them were women. Their
mean age was 32 years old. The characteristics of participants in the research
dataset are summarized in the table below.
TABLE 4 Characteristics of participants

3.6 Measures
This research focused on two main areas of measures to understand the possible
relationship between these two constructs: user acceptance and treatment effect
(depression symptom reduction). The following table outlines the constructs,
their definitions as well as the measures that were used in this study.
TABLE 5 Research method constructs

CONSTRUCT
User Acceptance

DEFINITION
IT user acceptance is
defined as the reasons
that cause people to
accept or reject
information technology
usage (Davis, 1989)

MEASURE
Preconception
Whether people chose to
be treated by Meru
Health themselves or
whether they were
referred by a healthcare
professional
Engagement
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Active Days, during the
program (Being active in
the application either by
completing mindfulness
practices, video lessons
or other practices)
Mindfulness practices /
h, during the program
(Time spent doing
mindfulness practices)
Chat Activity, during
the program (on how
many days during the
program people
engaged in chatting with
the licensed therapist)
Therapeutic effect

Therapeutic effect refers
to the responses(s) after
a treatment of any kind,
the results of which are
judged to be useful or
favorable (Kramer,
2018).

In this case the treatment
effect (depression
symptom) measure was
Patient Health
Questionnaire 9 (PHQ-9)
and its score reduction
(how much the score
decreased for a given
participant during and
after the intervention).
(Kroenke et al. 2001)

These constructs and measures will be further explained in the following
chapters.
3.6.1 Background variables
When a patient starts the Meru Health treatment, in addition to clinical
measures, the following demographic information and data about the patient is
being collected:
• age
• gender
• educational status
• source of referral (where is the patient coming from)
3.6.2 User acceptance measures
In this study, user acceptance was measured as
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1. Time spent doing mindfulness practices (hours) during the entire
treatment program. These practices are audio-guided recordings
helping people practice different mindfulness techniques such as
breath-focused awareness and body scanning.
2. Being active in the application either by completing mindfulness
practices, video lessons or other practices (active days) during the
entire treatment program. Being active by completing various tasks
is a sign of engagement from the participants and leads to
internalization of the teachings of the program.
3. Engaging in chat with a licensed therapist (active days in chat)
during the entire treatment program. Engaging in chat means
either proactively typing messages to a dedicated licensed therapist
or responding to messages sent by the dedicated licensed therapist.
User acceptance was also evaluated by looking at the relationship between
depressive symptom reduction results (PHQ-9 reduction in % between two
groups of people:
1. people who self-referred themselves into the program
2. people who were referred to the program by a healthcare
professional.
The intention with this analysis was to understand whether people’s own choice
(being hypothetically stronger in the self-referral option) affected symptom
reduction vs. when people were more extrinsically guided to take part in the
treatment program (healthcare professional referrals).
3.6.3 Therapeutic effect (depression symptom) measures
Depressive symptom reduction was measured using a standard 9-point selfreported depression symptom survey - Patient Health Questionnaire 9 (PHQ9) (Kroenke et al. 2001). In the Meru Health application, this PHQ-9 survey is
administered every two weeks inside the app as an electronic survey. PHQ-9 is
used widely across large health systems in Europe and in the United States.
PHQ-9 can be self-administered or it can be administered by a clinician to
evaluate depressive symptoms and even to assist in diagnosis of depression or
major depressive disorder. At follow-up visits (after collecting the initial
baseline data point) PHQ-9 can be used to assess treatment response (how much
symptoms reduced) and to evaluate specific patients that may not be
responding to treatment. PHQ-9 is also a valid and reliable measure of
depression symptom severity (Kroenke et al., 2002, Martin et al., 2006)). PHQ-9
is normally administered on paper at e.g. clinics or waiting rooms at health
centers. It is used at primary care and also at psychiatry clinics (Williams, 2014).
A PHQ-9 survey response is scored based on the answers and can be interpreted
according to the following table.
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TABLE 6 PHQ-0 scoring and interpretation (Kroenke et al., 2011)

The PHQ-9 survey was administered inside the smartphone application before
or at the beginning of the program (Baseline) and then on weeks 2, 4, 6 and 8.
Also, data point on week 12 was collected via an email-based survey that was
sent one month after the treatment program had ended to all participating
patients.

3.7 Data analysis
The intention of the data-analysis was to test the hypotheses (H1, H2 a, b and c)
and to understand the relationship of the selected user acceptance metrics with
the treatment effect (depression symptom change) of the Meru Health treatment
intervention.
To understand whether positive user preconception will increase the
therapeutic effect of the Meru Health program (H1), I analyzed the
characteristics of the population and how participating patients came to take
part in the program, and how that was reflected in their 8 and 12-week
treatment effect results (percentage of depression symptom reduction). The
main hypothesis was, that if people self-select to come into a treatment
program, they have a more positive preconception towards the program than if
people were referred to the program by a healthcare professional.
The first hypothesis (positive user preconception will increase therapeutic
effect) was tested in the following way. I divided the patients in the dataset into
two main groups: 1. Patients that had referred themselves into the treatment
program (self-referrals). 2. Patients that were referred to the program by a
healthcare professional (healthcare professional referrals). These groups were
then analyzed by running a T-Test (Student’s T-Test) comparing these two
groups (self-referred vs. healthcare professional referred), to see if they are
different groups from each other and if either group has a stronger symptom
reduction associated with it. T-Test is a widely use statistical test to determine
whether two groups with their averages (means) are different from each other.
To understand whether higher user engagement will increase therapeutic
effect (H2), I firstly analyzed on how many days during the program did
patients engage with the program (completing at least one lesson or practice),
and if more days practiced correlated with more symptom reduction at weeks
8 and 12 (H2 a). This analysis was completed as a linear regression analysis.
Linear regression analysis is a basic and commonly used analysis to determine
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whether certain variable(s) is good at predicting an outcome (e.g. does the
amount of practice predict symptom reduction?) in a dataset.
As a second point, I analyzed whether more total hours of mindfulness
practice while undergoing the treatment increased the therapeutic effect. I
analyzed the amount of hours of mindfulness practice patients completed
during the program and how that correlated with symptom reduction on weeks
8 and 12 (H2 b). This analysis was completed as a linear regression analysis.
As a third point, I analyzed whether more frequent chat activity with the
therapist while undergoing the treatment would increase the therapeutic effect.
I analyzed the amount of active days in chat (on how many days the patient had
engaged in chat with the therapist), and how that correlated with symptom
reduction on weeks 8 and 12 (H2 c). This analysis was completed as a linear
regression analysis.
The data was cleaned and prepared in the following way in a Microsoft
Excel document, so that it would be consistent, and a proper analysis could be
performed without missing data:
• only the patients who had submitted PHQ-9 data for the starting week
(the week when the program starts) were included
• only the patients who had submitted PHQ-9 data for week 8 (the last
week of the active treatment program) were included
• only the patients who had PHQ-9 at Baseline of at least 5 (indicative of
clinical grade depression symptoms) were included
• only the patients who completed the treatment program were included
(“completers” is defined as a patient who at least on 4 weeks out of 8
weeks (50%) has completed at least one lesson or practice). This
limitation of the data set was done because if people dropped out before
completing the program, they did not provide the end of the program
data-point (PHQ-9) that is needed to evaluate the efficacy of the
intervention in symptom reduction.
• the patients who had not input week 12 (1 month after the active
program) data point for PHQ-9 was filled in from their respective week
8 PHQ-9 data point. This method is called “last observation carried
forward” and it is routinely used in analysis of psychological
intervention related symptom data if data is missing (Hamer et al., 2009)
This was the case with 46 out of 159 patients (29%) in this data set.
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4

RESULTS

In the empirical part of this study, I evaluated and tested the main general
hypothesis, that higher user acceptance will lead to better treatment effect (i.e.
more treatment efficacy) of the Meru Health digital therapeutic intervention.
This hypothesis was further divided into two main categories: 1 – positive user
preconception will increase treatment therapeutic effect, 2 – higher user
engagement will increase therapeutic effect. Hypothesis 2 was further divided
into the following sub-categories (2a, 2b, 2c). Hypothesis 2a was that more
active days while undergoing the treatment will increase therapeutic effect.
Hypothesis 2b was that more hours of mindfulness practice while undergoing
the treatment will increase therapeutic effect. Hypothesis 2c was that more
frequent chat activity with the therapist while undergoing the treatment will
increase therapeutic effect.
The hypotheses that were tested, and the results, are described in Figure 7.
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FIGURE 7 Hypotheses results

4.1 Hypothesis 1 - positive user preconception will increase
therapeutic effect
The data analysis results supported this hypothesis (Average therapeutic effect
was 1.59x bigger for self-referral group, p=0,017). When people self-refer
themselves, they are likely more motivated to engage in the treatment vs.
people who are referred by a healthcare professional. Self-referring individuals
likely have a higher positive preconception and motivation towards the
treatment vs. patients who get a referral from a healthcare professional without
any previous information about the treatment. This is a well-known
phenomenon in psychological research and is known as self-selection bias.
“Self-selection bias is the problem that very often results when survey respondents are
allowed to decide entirely for themselves whether or not they want to participate in a
survey. To the extent that respondents' propensity for participating in the study is
correlated with the substantive topic the researchers are trying to study, there will be
self-selection bias in the resulting data. In most instances, self-selection will lead to
biased data, as the respondents who choose to participate will not well represent the
entire target population.” (Lavrakas, 2008)
This phenomenon is at least partially a likely cause for the phenomenon where
self-referred patients achieve better results. They are more motivated and
interested in this specific treatment and have higher user acceptance from the
beginning. This was reflected in the results of the analysis supporting the
hypothesis and showing that positive preconception resulted in better
treatment effect.
The following table outlines the symptom reduction results in each of the
study subgroups (whole study group, self-referral group, healthcare
professional referral group)
TABLE 7 Symptom reduction in the study group and each subgroup
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The following illustration (Figure 8) shows a bar chart type visual
representation of the summary data from Table 7.

FIGURE 8 PHQ-9 symptom reduction at Baseline, at Week 8 and at Week 12

Table 7 and the above Figure 8 show that symptom reduction was bigger for
patients who were able to self-refer themselves to the program (Group 1) and
who likely had a positive preconception towards the treatment intervention vs.
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the patients that got a doctor or other healthcare professional referral to the
program (Group 2).
The self-referral group (Group 1) got on average 39.5% reduction in
depressive symptoms between weeks 0-8 and 45.2% reduction in depressive
symptoms between weeks 0-12. The healthcare professional-referral group
(Group 2) got on average 25.8% reduction in depressive symptoms between
weeks 0-8 and 28.8% reduction in depressive symptoms between weeks 0-12.
This is 1.59x difference in average symptom reduction for the benefit of Group
1 vs Group 2. The healthcare professional referred group had a slightly higher
initial symptom level (PHQ-9 12.4 vs. 13.2) which is likely to indicate that the
healthcare professional referral group consisted of slightly more “difficult”
patients who had more severe depressive symptoms at baseline and possibly
also other co-morbid medical conditions, than the self-referral group. The
difference between the baseline PHQ-9 scores of these groups was however less
than 1 PHQ-9 point which makes it quite small. These observed differences and
their possible implications are discussed more in the Discussion section.
To analyze the validity of this finding, I conducted a T-test to see whether
these two groups were actually different groups (having different
characteristics in a statistically significant way). The T-test pointed out that
these two groups were different groups and the finding was statistically
significant (T test, p<0.05) when looking at the self-referral vs. healthcare
professional-referral groups and symptom reduction at week 8 (p=0.049) and
week 12 (p=0.017).
These statistical analyses showed that in this setting, the likely more
motivated group with a more positive pre-conception towards the treatment
program achieved better treatment effect vs. the group that was referred by a
healthcare professional and who did not likely have any previous interest or
positive attitude towards the treatment program. This finding indicates that
people’s attitude and preconception (user acceptance) seems to play a role in
the treatment effect of this studied DT intervention.

4.2 Hypothesis 2 - higher user engagement will increase
therapeutic effect
To test the second main hypothesis and its first sub-hypothesis 2a, I analyzed
the relationship between active days and treatment effect by running a linear
regression analysis to see if I could find a correlation between amount of
patient’s practice and symptom reduction. Also connected to this hypothesis,
similar to the self-selection bias knowledge, there is pre-existing research
around higher patient adherence leading to better health outcomes in medical
treatments.
“Adherence (or compliance) is the extent to which a person's behavior coincides with
medical or health advice. Recent evidence indicates that patients who adhere to
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treatment, even when that treatment is a placebo, have better health outcomes than
poorly adherent patients” (Horwitz et al., 1993)
The data analysis results indicatively supported hypothesis 2. At 12-weeks after
the intervention, patients who did more practices achieved bigger symptom
reduction with a weak and statistically significant correlation (small effect size).
Chat-activity however, as a sole measure of user acceptance, did not support
this hypothesis. This finding and its possible implications are discussed more
in the Discussion section.
The following graphs outline the relationship between active days (days
when the participant completed at least one practice or lesson) during the
intervention and the achieved symptom reduction at 8 weeks and at 12 weeks.

FIGURE 9 Active practice days vs. PHQ-9 reduction at week 8
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FIGURE 10 Active practice days vs. PHQ-9 reduction at week 12

For this analysis (analyzing correlation between active practice and symptom
reduction between baseline and weeks 8 and 12), I removed 3 (1.9%) outlier
entries from the data set using the interquartile method.
As we can see in Figure 9 (Active practice days vs. PHQ-9 reduction at week 8),
there is no clear correlation (R^2=0.002, p>0.05)) between the number of active
practice days and PHQ-9 symptom reduction at week 8. However, in Figure 10
(Active practice days vs. PHQ-9 reduction at week 12), there is a weak
statistically significant correlation with a small effect size (R^2=0.04, p<0.05)
between active practice days and PHQ-9 symptom reduction at week 12.
To test the second sub-hypothesis 2b, I analyzed the relationship between
hours of mindfulness practice for each patient and PHQ-9 reduction between
baseline and at weeks 8 and 12 by running a linear regression analysis to see if
I could find a correlation.
The following graphs outline the relationship between the amount of
patient’s mindfulness practice in hours (h) during the intervention and
achieved symptom reduction at 8 weeks and at 12 weeks.
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FIGURE 11 Mindfulness practice (h) vs. PHQ-9 reduction at week 8

FIGURE 12 Mindfulness practice (h) vs. PHQ-9 reduction at week 12

As can be seen in Figure 11 (Mindfulness practice (h) vs. PHQ-9 reduction at
week 8), there is no correlation (R^2=0.00, p>0.05) between the amount of
mindfulness practice in hours during the 8-week intervention and PHQ-9
symptom reduction at week 8. However, in Figure 12 (Mindfulness practice (h)
vs. PHQ-9 reduction at week 12), there is a weak statistically significant
correlation with a small effect size (R^2=0.026, p<0.05) between the amount of
mindfulness practice (h) during the 8-week intervention and PHQ-9 symptom
reduction at week 12.
As part of this analysis I discovered that the regression coefficient of the 12week PHQ-9 %-change linear regression model was -1.4% (see Figure 13 below
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– “Medit/h – Coefficients”). This means that for every incremental hour of more
mindfulness (meditation) practice, PHQ-9 percentage change is decreased by
1.4% on average. This finding can be summarized so that every 1 hour of
mindfulness practice reduces the PHQ-9 level by 1.4% on average. Based on this
linear regression model, extrapolating from this relationship, 35.7 hours of
mindfulness practice would on average result in a 50% reduction in the PHQ-9
score. This is an indicative dose-response relationship which is a very useful
piece of information with any medical treatment to inform optimal and safe
treatment (Nordberg et al., 2014).

FIGURE 13 Regression statistics: meditation (h) vs. PHQ-9 reduction week 12

To test the third sub-hypothesis 2c, I analyzed the relationship between chat
activity and treatment effect by running a linear regression analysis to see if I
could find a correlation. The data analysis results did not support this
hypothesis.
Chat activity (on how many days during the 8-week treatment program did
participants chat with their personal dedicated therapist) during the
intervention had a weak negative correlation with PHQ-9 symptom reduction
at 8 weeks but it was not statistically significant (R^2=0.01, p>0.05) and
therefore this finding should not be considered relevant for this research study.
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FIGURE 14 Chat activity vs. PHQ-9 reduction at week 8

The correlation of chat activity with PHQ-9 symptom reduction at 12 weeks was
neither meaningful (R^2=0.007) nor statistically significant (p>0.05)
These results on testing hypotheses 1 and 2 are interesting and indicatively
support the viewpoint and hypotheses that user acceptance (self-selection and
more completed home practices) does impact the clinical efficacy of the Meru
Health DT intervention. This can at least be said when it comes to those people
who went through the program but cannot be generalized to everyone out
there. In other words, if a person who is not motivated to start this kind of a
treatment, and does not adhere to treatment practices properly, is less likely to
see as much symptom reduction. This is an indicative finding in line with the
findings from the literature review which are similar and indicate that user
acceptance and user engagement play important roles in the treatment effect
and efficacy of DT interventions.

4.3 Summary of results
I tested the main general hypothesis, that higher user acceptance will lead to
increased treatment effect of the Meru Health digital therapeutic intervention,
which consisted of the following sub-hypotheses:
1 - positive user preconception will increase treatment therapeutic effect
2 - higher user engagement will increase therapeutic effect (which was
further divided into three sub-categories, 2a, b and c)
All test except one (2c) were statistically significant. The results showed that
user acceptance and user engagement both had a small positive effect on
treatment results at 12 weeks after the start of the Meru Health treatment
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(baseline vs week 12). The effect sizes of these results were small and
statistically significant.
I added anonymous user testimonials in Appendix 2 for further
understanding of how people perceived and benefited from the Meru Health
treatment program. Meru Health has gotten numerous very positive user
testimonials indicating valuable benefits for treated patients.
Next, in the discussion-chapter, I discuss different aspects of these findings
and areas for further research.
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5

DISCUSSION

This master’s thesis research studied whether user acceptance impacts the
clinical efficacy of digital therapeutic interventions. The study consisted of a
literature review and an empirical case study analysis. The literature review
provided support for this hypothesis. The empirical case-study part of this
master’s thesis provided indicative support for this hypothesis with a small but
statistically significant effect size. In this section, the results of this study, further
implications and possible research gaps that were identified are discussed.
The following Figure 15 summarizes which of the hypotheses and subhypotheses were either accepted or rejected as a result of this study.

FIGURE 15 Hypotheses accepted or rejected
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5.1 General reasons for user acceptance
Based on the literature review I concluded that better adherence and user
acceptance of a given DT intervention, is likely to result in better treatment
outcomes. There are several likely factors that influence user acceptance of DT
in a positive as well as in a negative way. Human supported vs. purely
computerized DT interventions seem to lead to better user adherence, and the
use of a mobile application as a delivery method vs. mere web-based solution,
lead to better compliance. Human supported (healthcare) interventions lead to
better user adherence likely because of the accountability that comes from a care
relationship. Especially in mental health-related treatments, this is not a
surprise since there is plenty of research showing that the therapeutic
relationship between the therapist and the patient can affect treatment efficacy
even more than the chosen treatment modality (Ardito et al., 2011).
The use of mobile applications leads to better engagement likely (than webbrowser based solutions) because mobile applications reside mostly on
smartphones which are carried along by people every day, and which people
check on average of 46 times per day (Eadicicco, 2015). This again makes people
commit more time and effort in these solutions vs. the ones that are only
accessible via a desktop or laptop computer at home or at work.
I also concluded that it seems that onsite visits as part of a DT intervention
(digital but not remote) lead to reduction in adherence. This is perhaps due to
the added burden on people to need to commute and travel to clinics and other
places where treatments are administered. Traveling or commuting can become
a nuisance and hinder people from adhering to treatment. Other studies have
observed a similar phenomenon in selected treatments, where e.g. distance
traveled decreased attendance and treatment adherence in a cardiac
rehabilitation program (Daly et al., 2002) and in a mental health treatment
(Gonzalez et al., 2005).
Based on the literature review, DT seem to have characteristics of hybrid
systems, not purely utilitarian and not purely hedonic either. The literature has
not studied them in this way and therefore this is a topic that should be studied
further in the future. Further research is especially needed to better understand
what are the specific factors that make DT interventions clinically effective with
different conditions and within different patient populations.
Further research is also needed to understand more specifically what are
the features and characteristics of these interventions that drive or hinder
acceptance and adoption and what are the external factors that may affect the
acceptance and adoption (e.g. how much a patient’s motivation is impacted by
disease severity). It is also still unclear how much the actual treatment
intervention educational content type or content quality influence the efficacy
of the intervention (e.g. how well psychoeducation videos are produced or of
how high quality they are).
After the literature review, I analyzed the Meru Health case study data to
bring forth new information and understanding on how user acceptance may
impact the efficacy of a specific DT intervention for depression.
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5.2 Self-referred patients experience better treatment outcomes
Based on the findings in the Meru Health case study, the role of preconception
and participant’s personal choice to go through the treatment intervention
made a difference in the efficacy of the intervention. Participants who took part
in the treatment program through their own self-referral achieved 1.59 times
stronger PHQ-9 symptom reduction (on avg. 39.5% at week 8 and 45.2% at week
12) than the ones who came through a healthcare professional (psychologist or
medical doctor) referral (on avg. 25.8% at week 8 and 28.8% at week 12). Perhaps
when people found the treatment themselves and were able to self-evaluate
whether they wanted to take part or not, they had higher motivation and higher
belief in the program. They would most likely not have come unless they
somehow believed that the treatment program could make a difference (the
perceived usefulness factor in the Technology Acceptance Model TAM by Davis
et al. 1992), or that at least they were open-minded people. On the other hand,
the people who came through the healthcare professional referrals did not
necessarily have as much conviction in the intervention but were simply
following the recommendation from the healthcare professional without
necessarily having any prior knowledge or believing in the treatment.
Mandatory adoption and use of IT and in IS has been studied by Brown et
al (2002) as well as Hwang et al. (2016), in settings, which could be argued to be
somewhat similar to a setting where a healthcare professional refers a patient
to a treatment. In Brown et al. (2012) model the primary determinant of use was
ease-of-use, in contrary to the standard Technology Acceptance Model (TAM)
setting where the primary determinant is perceived usefulness (Brown et al.
2002).
On the other hand, people who came through the healthcare professional
referrals had slightly higher symptom severity at baseline (PHQ-9 avg. of 13.2
at baseline for healthcare professional referrals vs. PHQ-9 avg. of 12.4 for selfreferrals), which again could mean that they had also other health conditions or
problems more than the other group. The difference however was less than 1
PHQ-9 which makes it small. Research by Kellett et al. (2005) found out that in
a hospital admission setting, patients that were referred in by a physician were
sicker than self-referred patients (Kellett et al., 2005). It could also be that in
general physician referred patients sought care only at a later stage in their
depression symptom developments. Maybe people who accessed the treatment
via self-referral were coming into treatment at an earlier stage than the ones
who came through a doctor or other healthcare professional referral.
Based on the literature review and this case study analysis, the upfront user
acceptance and preconception do seem to impact the treatment outcomes
participants are getting from the treatment.

5.3 Higher engagement leads to better treatment outcomes
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User acceptance during the intervention (i.e. user engagement or compliance)
was positively correlated with symptom reduction, although not in a
statistically significant way at the 8-week data-point but at the 12-week datapoint. Especially the amount of mindfulness practice during the treatment
program correlated with symptom reduction. For every 1 hour of mindfulness
practice during the 8-week intervention, patients got on average a 1.4%
reduction in the PHQ-9 score. This means that 35.7 hours of mindfulness
practice would result on average in 50% reduction in the PHQ-9 score and 71.4
hours of mindfulness practice would result on average in 100% reduction in the
PHQ-9 score. This finding presents a dose-response relationship which is a
useful model that is especially used in pharmacological treatments to inform
optimal and safe treatment (Nordberg et al., 2014).
Similar results and a dose-response relationship was found in another
depression trial by Dunn et al. (2005) where the treatment for depression was
exercise, and people in the group with higher amount of exercise achieved a
bigger response to treatment than people in the group with lower amount of
exercise. (Dunn et al., 2005)
Also, another study by Bakker et al. (2018) called MoodPrism, studied
whether engagement in mobile phone app for self-monitoring of emotional
wellbeing predicts changes in mental health. Their results showed that people
who were more active users and engaged more, received higher symptom
reduction for depression and anxiety symptoms. Engagement with the
MoodPrism predicted mental health improvements (Bakker et al., 2018).
Mindfulness-based interventions (that are not digital but face-to-face or
group therapy intervention) have been studied widely and one systematic
review of 43 clinical studies with n=1427 participants by Parsons et al. (2017)
looked at the practice-outcome relationship. Parsons et al. (2017) found “a small
but significant association between the extent of formal practice and positive
intervention outcomes for a wide range of participants.” (Parsons et al., 2017). These
studies mostly tracked participant’s engagement on a self-reported paper form,
so the reliability of these findings is not to be taken for granted although the
dataset was very large and is likely to be forgiving to some amount of deviation
or variability in the data.
If we look at these findings from the perspective of Kim & Park (2012)
HITAM model, we can see the model explaining them partially. The HITAM
model study showed that: “perceived threat, perceived usefulness, and perceived ease
of use significantly affected health consumers' attitude and behavioral intention.”. In
this context, we can assume that all these factors (perceived threat, perceived
usefulness and perceived ease of use) probably played a bigger role in the user
acceptance (and thus results) of the self-referral group vs. the healthcare
professional referral group.
Based on these findings the preconception and usage motivation
(engagement) seem to significantly impact the efficacy of behavioral
interventions. Because of this, it would be useful to develop ways to measure
and understand the users’ preconception and motivation better in this kind of
a digital and remote treatment setting.
As part of the literature review, I studied the UTAUT2 model by Venkatesh
et al. (2012) and one of its core constructs is hedonic motivation, as a driver for
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people to accept and use IS. This is also something Van der Heijden (2004) talks
about. So, could there also be a hedonic component here that explains some part
of the user acceptance of the Meru Health intervention, or also other DT
interventions? Especially in this case, because one of the main aspects of the
Meru Health intervention are the various mindfulness-practices which can
sometimes also be perceived as being pleasant or even joyful. As Fredrickson et
al. (2017) have shown, mindfulness meditation increases positive emotions
people experience. This indicates that hedonic motivation could be one factor
for people to come back to the practices in the smartphone application during
the intervention.
It was interesting to see that the patients who used the chat feature most
had an indicative (although not statistically significant) negative correlation
with the chat activity and the symptom reduction. This can maybe be explained
with a notion that people who were more active in chat are perhaps people with
more serious symptoms or more severe issues and thus are reaching out to more
support than other people with less severe symptoms or condition. To further
understand this, I analyzed the quartile (n=40/159) of people with the most chat
activity (on avg. 26.4 active days in chat during 8 weeks) and looked at their
baseline PHQ-9 score which was 13.45 vs. the other (n=119/159) people with
the other three quartiles of lesser chat activity, and found their PHQ-9 baseline
score to be on avg. 12.44. This indicates that this group of patients who were
utilizing the chat feature more were also more severely depressed and thus
perhaps needed more support and help.
I also realized that the amount of healthcare professional referred patients
was significantly higher (48%) in the highest chat activity quartile vs. in the
lower three quartiles (29%). These findings further indicate that people who use
chat the most have also more severe starting point and possibly other health
related-challenges, comorbidities or illnesses.
These findings can contribute to the future design and development of
digital therapeutic interventions making them more efficacious for people
experiencing various health condition or having various illnesses. I also find
this to be an empowering finding as it shows that people can impact their own
health and healing through their own actions. It indicates that we the people
are not just at the mercy of a doctor or a pill to get better from e.g. depression. I
believe that digital therapeutic treatments are the beginning of a whole new
type of medicine and healthcare. They are inherently participatory in their
nature and not passive like most pharmacological treatments. This is an exciting
and inspiring vision for the future of medicine.

5.4 Reliability and validity of findings
To assess the reliability and validity of these empirical study results, I offer the
following viewpoints. First of all, the empirical study dataset was originally
n=301 which then came down to n=159 after removing data-entries which did
not have all the needed data-points for proper analysis of the data. One could
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question whether the patients that had not filled in all the needed data were
somehow different and would have behaved differently had their data been
analyzed. This is not likely, but it is a possibility which cannot be entirely ruled
out within this setting.
As a second point, one could question whether the n=159 was a big enough
of a data set for this analysis. However, all the hypotheses that were accepted
had a statistically significant relationship associated to them. This is at least a
good indicator that there was enough data-points, or that the correlation and
quality of data was high enough. One potential related source of bias was the
“last observation carried forward” -method that was used in the analysis of this
dataset with 46 out of 159 patients (29%). However, the 29% is not the majority
of this data set and the last observations that were carried forward in this
analysis, were only carried forward by 4 weeks (from week 8 to week 12), which
is relatively short time in a population suffering from depressive symptoms.
Another potential factor that would reduce the validity of this study is a
possible self-selection bias: one can argue that the self-referral group likely
suffers from self-selection bias to some extent. But then again, the healthcare
professional referral group likely does not. Therefore, the study sample is at
least to some extent balanced. One thing which cannot be entirely rule out is
that the self-selected (self-referral) patients were more engaged due to their selfselection bias. This is actually likely so. However, it still would not mean that
the people who self-selected themselves, would not have higher user
acceptance. For the reasons discussed earlier, these people had higher user
acceptance at least partially exactly because of this self-selection bias (“I believe
in digital therapies and therefore I chose to participate”). This bias would not
refute the finding that higher user acceptance is correlated with better treatment
effect.
Another possible challenge with the dataset is that it was skewed towards
female participants (82%) vs. male participants (18%) more than is typical in
depression study samples. Typically, in depression related patient samples the
balance is somewhere around 66-75% in favor of female vs. male (Albert, 2015).
Perhaps in this setting digital therapy was more appealing to women than men
even beyond the disease prevalence differences as has been observed in general
populations. I cannot at this time explain the source of this bias, why even more
women participated in this study than expected. However, this bias may not
matter that much in relation to the study question: whether user acceptance
impacts efficacy. Women and men are both anyway also users.
A possible bias factor lies in the age groups of people that took part in this
study. It could be e.g. that with younger people there was higher correlation
between user acceptance and treatment effect. I did not analyze this aspect of
the data as part of this study and cannot therefore rule out this possible bias.
One commonly known challenge with all self-reported data is that people
are not honest with their reporting, or that they are ignorant. There is therefore
inherent bias with any self-report -based data such as the PHQ-9 responses
(Brenner & DeLamater, 2016). This cannot be ruled out with this dataset either.
Again however, it would likely not skew the findings in this research because
one could assume that this bias is evenly distributed and not focused e.g. only
on the ones who were more engaged (and achieved higher treatment effect) vs.
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the ones who were less engaged. This is however a possibility that cannot be
ruled out at this point.
This research study was by no means immune to possible biases and
challenges related to its validity and reliability. Further research should be
conducted with larger datasets and preferably in a controlled setting, to rule out
some of these possible biases. Also, had there been more time to work on this
research dataset, some of the aforementioned biases could possibly have been
ruled out even from this existing dataset with additional data analyses.
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6

CONCLUSIONS

This master’s thesis research studied the impact of user acceptance on the
clinical efficacy of digital therapeutic treatment interventions to various chronic
diseases. It started with a theoretical review of existing user acceptance
literature as well as a formal literature review to understand what has already
been studied on the subject. After the literature review the master’s thesis study
continued with an empirical part where a case study dataset was studied from
a digital therapeutic intervention for depression. The dataset comprised of
symptom data as well as usability and engagement related data which were
then quantitatively analyzed to understand possible relationships and
correlations between user acceptance, user engagement and treatment effect.
Both the literature as well as the case study analysis indicated that there is
a relationship between user acceptance and a clinical treatment effect in a way
that higher acceptance and higher engagement drive higher treatment effect or
treatment efficacy. There were several examples found in the literature of this
phenomenon as well as statistically significant correlations (small effect size)
between user acceptance measures and treatment effect measures in the case
study data analysis.
In the discussion section, both the findings from the literature review as
well as the case study analysis results were discussed to better understand these
phenomena as well as to discuss validity and reliability of the findings. Several
further areas for research were also identified in the discussion. The research in
this field is still in its early days and there is unfortunately little prior research
and material available
This research contributed to the field of IT and IS user acceptance especially
in a healthcare context, and even more specifically in a digital therapeutic
treatment intervention context. This research contributed to better
understanding the current status of existing literature especially around digital
therapeutic treatments and their user acceptance and its relations to their
clinical efficacy, as well as added information in the form of a case study
analysis from a relevant digital therapeutic treatment intervention for
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depression, and the discovered relationship between user acceptance and
treatment effect.
Digital treatments or digital therapeutics are an emerging and fast-growing
area of medicine, healthcare and technology. We are living in exciting times as
never before in history have medicine and IT/IS had such an important
interface and common ground where IT/IS directly influences human health
and chronic disease treatment on a massive scale. It is therefore of utmost
importance to better understand and further develop this field of medicine also
from an IT/IS perspective to maximize the positive impact these technologies
will have on humanity in the future.
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APPENDIX 1 - Patient Health Questionnaire 9 (PHQ-9)
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PHQ-9 Patient Depression Questionnaire
For initial diagnosis:
1.

Patient completes PHQ-9 Quick Depression Assessment.

2. If there are at least 4 s in the shaded section (including Questions #1 and #2), consider a depressive
disorder. Add score to determine severity.

Consider Major Depressive Disorder
- if there are at least 5

s in the shaded section (one of which corresponds to Question #1 or #2)

Consider Other Depressive Disorder
- if there are 2-4

s in the shaded section (one of which corresponds to Question #1 or #2)

Note: Since the questionnaire relies on patient self-report, all responses should be verified by the clinician,
and a definitive diagnosis is made on clinical grounds taking into account how well the patient understood
the questionnaire, as well as other relevant information from the patient.
Diagnoses of Major Depressive Disorder or Other Depressive Disorder also require impairment of social,
occupational, or other important areas of functioning (Question #10) and ruling out normal bereavement, a
history of a Manic Episode (Bipolar Disorder), and a physical disorder, medication, or other drug as the
biological cause of the depressive symptoms.
To monitor severity over time for newly diagnosed patients or patients in current treatment for
depression:
1.

Patients may complete questionnaires at baseline and at regular intervals (eg, every 2 weeks) at
home and bring them in at their next appointment for scoring or they may complete the
questionnaire during each scheduled appointment.

2.

Add up

3.

Add together column scores to get a TOTAL score.

s by column. For every

: Several days = 1 More than half the days = 2 Nearly every day = 3

4.

Refer to the accompanying PHQ-9 Scoring Box to interpret the TOTAL score.

5. Results may be included in patient files to assist you in setting up a treatment goal, determining degree of
response, as well as guiding treatment intervention.
Scoring: add up all checked boxes on PHQ-9
For every Not at all = 0; Several days = 1;
More than half the days = 2; Nearly every day = 3
Interpretation of Total Score
Total Score
1-4
5-9
10-14
15-19
20-27

Depression Severity
Minimal depression
Mild depression
Moderate depression
Moderately severe depression
Severe depression

PHQ9 Copyright © Pfizer Inc. All rights reserved. Reproduced with permission. PRIME-MD ® is a
trademark of Pfizer Inc.
A2662B 10-04-2005
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APPENDIX 2 - Patient testimonials
"Meru Health program was extremely beneficial for me. I learned to think in a completely
new way. Firstly, I learned to let go of negative rumination. Secondly, anxious thoughts
do not paralyze me in the same way they used to before this program. I have learned to
deal with them, and I feel much more free now.”
-

Mari, 28

“The Meru Health mobile therapy provides an effortless way of accessing mindfulnesspractices that support your well-being. With the program you get a therapist, who is with
you throughout the program. You can chat with the therapist about anything that pops
into your mind during the program. The application was a great combination of soul
searching and sharing your thoughts with a therapist. In the mobile therapy, you learn
new ways of operating and thinking, which you can use independently after the program
to make your psychic well-being thrive.”
-

Johanna, 28

“I moved back to Finland last fall after a couple of years abroad and I found myself in a
situation where lot of changes were going on in my life: a new relationship, a new city
and a search for a new job. As the days started getting shorter, I noticed a decline in my
energy levels and my moods started getting alarmingly low. There were days I didn’t
have the strength to leave the house. That’s when I happened to bump into Meru Health
on social media and decided to give it a go. It really paid off. I got invaluable support from
my personal therapist, which helped me to get back on track. The program also gave me a
framework for working towards a better mental well-being on my own. The practices that
I learned during the program were so valuable that I still find myself doing them even
though the actual treatment ended months ago.”
-

Toni, 43

“In the beginning I was very skeptical of how the Meru Health program would suit me,
mainly because of my attitude towards the mindfulness practices. As the program
proceeded, to my surprise. I noticed that I had found new practical ways to deal with
stressful situations and negative thoughts, without drifting away with them. I’ve noticed
that I do not react the same way to anxious thoughts anymore and I can take distance
from my emotions. The program gave me concrete tools I can use to work with anxiety in
the future as well. I experienced shame from being depressed, and I could not talk about
it. I often had to cancel my meetings with my therapist because of my hectic schedule.
Communication through the app was a good fit to my life and I gained a lot from
conversations with my therapist. The program is a great alternative to conventional
methods in the treatment of depression. “
-

Lauri, 29
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“For a longer time, I had been searching for a better way to understand my racing
thoughts, and find ways to build up self-compassion. I used to be very reactive and
feeling this lack of control caused me a lot of suffering.
Meru Health program tackled exactly these things. It gave me practical tools to create
space to choose a more appropriate way of dealing with life’s curveballs. Also, I learned to
deal with
prevalent negative thoughts and fears that can trigger depression and find sources for
self-compassion.
I appreciated the fact that I could follow the program and complete exercises at my
convenience. This combined with the proactive daily support from my personal therapist
made it easy to stick to the program and focus on relevant things. Exercises brought a lot
of understanding in how my mind reacts and how I can take control of it.
The program lasts for a couple of months which is sufficiently long time to see how new
habits can benefit mental health. I have experienced permanent changes in my thinking
patterns thanks to the program. I have even been able to restore better sleeping patterns.
It is great that there is a structured program that helps you to better understand your
own thinking, live a life according to your values and be compassionate towards
yourself.”
-

Annukka, 51

