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ABSTRACT

1

Supporting personal health with Decision Support Systems (DSS)
and, specifically, recommender systems (RS) is a promising and
growing area of research. Integrating the user in the loop is vital
in such health systems due to the complexity of recommendations,
gravity of the decisions and the reliance on user autonomy. However, for such a purpose, to the best of our knowledge there exists no
profound or comprehensive framework nor model to guide system
designers, to exploit the full potential of integrating users in the
system’s reasoning process by design. In this paper, we present a
multifaceted user integration framework in personal health-related
DSS and RS. This framework, with three main components, has
been derived from an iterative mixed-methods development and
evaluation procedure, including expert workshops and extensive
multidisciplinary literature reviews. Users are accordingly integrated into the whole process from system reasoning until decision
making through the following actionable design strategies: (1) Empower: Enabling them to understand the result generation and
implications, (2) Encourage: encouraging them to question and reflect system outcomes and to get involved in the generation process
and (3) Engage: enabling them to take an active role by facilitating
and providing opportunities for user control. The framework offers support to designers of personal health-related DSS and RS in
properly integrating users into their systems.

Personal health is a growing research topic and refers to personalized solutions for the wellness of an individual. It is about the ability
of active and conscious user choice to be healthy by taking control
of their health [24] and focuses mostly on health promotion and
preventive measures. Decision support systems (DSS) and health
recommender systems (RS) can help users make such decisions,
for example in a health-related behaviour change, such as lifestyle
changes. With the recent growth of health RS and an increased
awareness towards their potentials for cost-effective and universally accessible healthcare [22], the importance of DSS and RS in
e-health has become more and more apparent.
In the health domain, these systems however face additional challenges. A few examples of these challenges include the complexity
of the problems and data with a strong influence of confounding
variables, difficulties of measuring and high level of uncertainty,
need for autonomy, further ethical aspects and privacy. A more
in-depth discussion of those challenges is provided in [20, 21]. Since
decisions and suggestions here are, for the most part, considered as
high-stakes, misleading, inadequate, or incorrect suggestions could
be considered as failure and even cause harm.
Integrating users in the loop, i.e. the whole process from system
reasoning until decision making, has the potential to reduce some
of these challenges [20]. Indeed, user integration contributes to
several goals: It may help to achieve a better fit of the results,
prevent systematic over-trust or distrust, foster user autonomy,
strengthen compliance, improve the perceived level of decision
support a system provides and most of all lead to better decisions.
In other words, user integration in DSS and RS for personal health,
is a key component for the success of such health systems.
User integration in our view is a multifaceted effort [20, 21]. More
precisely, it includes three demands. 1) Empower: Users should
be provided with the opportunity to understand and interpret the
system’s reasoning and the generated decision options (i.e. how,
why and based on what information or assumptions these options
were generated) as well as their consequences and implications.
2) Encourage: They should also be encouraged to question, verify
and reflect, the system result and to get involved in the generation process. 3) Engage: Finally, they should be enabled, invited
and motivated to exert influence on the system and control the
process. Without any actionable guideline, it is difficult to consider and design for proper and profound user integration, due to
interdisciplinary and complex nature of the health domain.
In light of these requirements, shortcomings and challenges, this
paper presents a conceptual framework for integrating users in
personal health DSS and RS. This framework addresses these three
facets of Empower, Encourage and Engage as its core aims. Our user
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integration framework, which is derived from rigorous interdisciplinary literature reviews and expert workshops, serves both as
a practical tool and guideline for practitioners and researchers to
plan, design and implement the user integration in personal-healthrelated DSS and RS and for health promotion.

2

RELATED WORK

The main focus of RS in its early years has been on accuracy of
algorithms as a means to satisfy system effectiveness [19]. Late
2000s and early 2010s, several researchers had already raised concerns over having only an algorithmic perspective to choice satisfaction [28, 29, 41] and provided frameworks for a user-centric
evaluation of RS. Nowadays, user integration and experience is an
actively growing and integral part of most RS and DSS as interactive
systems, addressing issues, such as system transparency, user trust,
preference elicitation, visualisations and explainability.
Focusing on the health domain outlines the role of the user as
a key player during generation and presentation of decision options or recommendations even more. To address this important
role, user integration has been discussed in general frameworks of
health DSS and RS, however in an abstract level. Schäfer et al. [43]
outlined users’ persuasion, empowerment by guiding their decisions and trust by explanation or expert involvement as examples
of challenges and attempts of building health RS. Calero Valdez
et al. [9] identified three main steps in their abstract framework of
health RS: understanding the domain, evaluation and inception. In
this framework, understanding the domain is about the scope of
recommendations and their users, context, data and stakeholders.
Inception step is where a health RS is designed and built through
preferably user-centric techniques and participatory design between experts and users. Investigating the potential of health RS
through a literature review, Cheung et al. [11] relied on a user experience model [12] and categorized these systems or programs by
their efficiency, effectiveness, trustworthiness and enjoyment.
Apart from the health domain, prominent work on explanation
of recommendation significantly contributes to user integration.
For example, Tintarev and Masthoff [50] examined explanations of
recommendations with an overview of several relevant aspects of
user interaction and integration, such as design and presentation of
recommendations, types of preference elicitation, various styles of
explanation, goals and metrics, such as transparency, scrutability
and effectiveness. Lim and Dey [33] developed a design space for
achieving intelligibility in context-aware applications, addressing
information demand, question types, explanation about certainty
and opportunity of control. From a more practical perspective,
Wang et al. [53] propose a framework, which is designed to help
designers of Explainable AI (XAI) systems select appropriate XAI
features based on human reasoning. This framework, for instance,
includes explanation goals, causal explanations, visualisations, to
name a few. All of these works contain overlaps with elements of
our framework and contribute to user integration. However, their
scope focuses on specific aspects of user integration.
Summing up, existing work are mostly either abstract with no
actionable strategies, or constrained in the scope by which user
integration has been realized. As a consequence, one has to go
through an intensive effort to identify, plan and design for the

Herrmanny and Torkamaan

user integration for every health RS and DSS. The present work
addresses these challenges by presenting a conceptual framework
for user integration.

3

FRAMEWORK DESIGN PROCESS

To have an easier flow over the method and the resulting framework,
this section introduces the proposed framework’s main structure
and briefly presents its design process; which is described in detail
in sections (4, 5).

3.1

Framework Preview

The framework has a hierarchical structure and consists of four
levels of abstractness with three core aims on the very top level.
The three core aims, essential prerequisites for successful and comprehensive user integration, are:
(1) Empower: The user is enabled to understand, interpret and
assess the system’s output, its basis and generation and its
implications.
(2) Encourage: The user is encouraged to question, verify and
reflect the system result and to get involved in the generation
process.
(3) Engage: The user is enabled, invited and motivated to exert
influence on the system and control the process.
All three core aims, regardless of the system or problem specifics,
have to be fulfilled. In contrast, elements in lower hierarchy of
the framework are conceptualised as alternative strategies and
techniques to achieve the corresponding core aim and may be
realized depending on the requirement of the health DSS or RS.
Figure 1 depicts this structure with some exemplary content. We
advise to read the framework from inside out. For example: To
achieve user integration, one aim is to empower users. This can be
achieved (among others) through transparency of result generation.
This in turn can be achieved through insight into algorithm. This
can be realized by supporting exploration of the algorithm.

3.2

Process

The idea of developing a solution-focused framework builds upon
previous work [20, 21], which identifies major problems in personal
health DSS and RS as well as the potential of user integration with
three main components. Such a solution-focused framework [35, 39]
can guide system designers in implementing its components in realworld applications. The framework was formed as the result of two
interdisciplinary expert workshops and literature reviews. Starting
with the workshops, structure and content of the framework were
developed, elaborated and verified. We then conducted interdisciplinary literature reviews to verify the completeness of the initial
framework. During the whole design process, we constantly updated the framework and adjusted its detailed structure, elements
and labels.

4

EXPERT WORKSHOPS

We conducted two expert workshops to generate the content and
structure of the framework. For one of the workshops, we used
a top-down approach, focusing on the core levels as a starting
point. The other one was conducted bottom-up, focusing a very
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Core Aim
Abstract Strategy

Concrete Strategy
Implementation Technique

Figure 1: A preview of the framework structure and its elements.
concrete level at the beginning. Both workshops were conducted
independently1 and with just a few days between them. The second
workshop did not build on the results of the first. The moderator
(one of the authoring researchers) was the same for both workshops.
Each workshop lasted about 3 hours.

4.1

Top-Down Approach

Four attendees (+ moderator and minute-taker) attended the workshop. All attendees were university researchers, with the following
backgrounds (one person each): cognitive science; computer science
with focus on personal-health technology; computer science with
focus on interactive recommender systems; applied philosophy /
ethics with focus on personal-health technology. The procedure
was as follows: The starting point was a presentation of the problem
to be solved and the general idea of the framework. Specifically this
included the application domain of the framework (recommendations in personal health); characteristics of the application domain
(many confounding variables, high uncertainty of the result); and
approach (user integration in the loop).
After that, the three core aims were presented to the workshop
participants. A few examples were given to illustrate the ideas of the
elements, using three levels of abstractness as an example. The next
step was a brainstorming session. All participants were asked to
write down on sticky notes everything that came to their mind about
how to integrate the user in the recommendation process having
the presented core elements in mind. They were explicitly told, not
to care about the level of abstractness. In the next step, ideas were
1 Participating

experts were different except one person. To avoid bias, she was instructed to only provide input that would not influence the other participants for the
background of the results of the first workshop. Specifically this meant to hold back
when elaborating the structure of the framework.

merged jointly accompanied by a discussion with all participants.
Therefore, all sticky notes were arranged on a whiteboard in a twodimensional space representing the core categories and the levels
of abstractness. Similar or identical ideas were combined into one
or clustered to a new category on a higher level of abstractness.
Additionally, it was discussed whether the proposed core aims
were adequate and sufficient and the proposed number of levels of
abstractness is sufficient.

4.2

Bottom-Up Approach

Similar to the previous workshop, there were four researchers as
attendees: a cognitive scientist, a computer scientist with focus on
interactive recommender systems and two computer scientists with
focus on health recommender systems and behaviour change support systems. The procedure was similar to the one of the top-down
workshop with some important exceptions: After the introduction
to the problem and the general idea of the framework, there was
no presentation of the core elements. The task for the brainstorming part was to think about and write down a) problems which
may lead to inadequate, inaccurate or uncertain recommendations
and b) ideas how these problems can be solved or minimized by
integrating the user in the loop. The brainstorming session was
followed by a discussion and clustering session on the whiteboard
as in the first workshop.

4.3

Outcomes

Each workshop resulted in a sophisticated multi-level structure
containing various elements. In short, the brainstorming phase of
the top-down workshop resulted in 37 ideas, i.e. potential framework elements. Further ideas emerged during the discussion and
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clustering phase. In total, 58 potential framework elements were
generated. All of them could be assigned to one of the framework’s
core aims and were arranged in three levels of abstractness with
group consensus. The following second-level categories emerged
from the top-down workshop:
• Encourage: present uncertainty / error / confidence; ask
for feedback; transparency of recommendation; self-efficacy
regarding recommendation; reflection through retrospection;
reflection through alternative; provide feedback elements;
explanation of consequences of all interaction / transparency
of interaction / influence;
• Empower: transparency; present uncertainty / error / confidence; no overburdening of the user through technical
details; test explainability; transparency of recommendation
• Engage: manipulation; explanation of consequences of all
interaction / transparency of interaction/influence; ask for
feedback; provide feedback elements; no overburdening of
the user through technical details; possibility to directly
manipulate the result; indirect result manipulation.

During the bottom-up workshop, participants identified 14 problems and generated 40 potential framework elements. Clustering
these elements with group consensus resulted in four levels of abstractness. Regarding the core categories, clustering also resulted in
three categories. Two of them reflected the general ideas of Encourage and Engage, although named differently. The idea of Empower
was also part of the structure, on the second level. The following first- and second-level categories emerged from the bottom-up
workshop:
• Motivational Elements / Compliance (general idea of Encourage) which might be achieved by “interaction design”
and “explanation/learning” (general idea of Empower)
• Opportunities to make Modifications (general idea of
Engage) with the subcategories “providing possibility to
personalize and weighting context-factors” and “interaction
with the recommendation result”
• System Evaluation with the subcategories “system preevaluation” and “system runtime evaluation”. As an alternative it was discussed to create a core category called “Interaction” including “interaction design” and “interaction with
the recommendation result”.

The elements from both workshops were combined and integrated into a new version of the framework through an iterative
process. In the first iteration, ten elements were excluded, which
did not fit into the scope of the framework or were semantically
duplicates. One element was split into to two. In the following
iterations, the structure and categories of each framework level
were aligned step by step and we further checked whether each
element contributes to user integration with the goal of improving
the system.
In total there were about eight iterations of refinement and adaptions to get to a consistent and elaborated version of the framework.
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5

LITERATURE REVIEWS

As our focus of research lies in the intersection of health and computer science (including subdomains such as HCI, Persuasive Technology, Decision Support Systems, Interactive Recommender Systems, Explainable AI), we conducted a two-fold literature analysis,
focusing the problem from two perspectives: Analysing computer
science literature (ACM Digital Library and Springer Link) and
health-related literature (PubMed database). The review of computer science literature aimed at identifying the state of the art
of interactivity and user integration, whereas the PubMed search
results reflect the state of the art of health-related DSS.
For several reasons, we decided not to use the same search terms
and inclusion/exclusion criteria for both literature analyses. First
of all, limiting the search in the health domain to user integration
or in the computer science domain to health, would not provide
a realistic picture of the state of the art of in either. For example,
a highly relevant technique of user integration in the computer
science domain could have been easily missed if they were not
originally designed for the health domain or if the emphasis of the
publication was on the method or technique. Second, some words
are domain-specific, i.e. might have a different meaning in different
domains. Finally, irrelevant results, retrieved by the main search
terms, are very different depending on the platform, therefore we
had to choose different excluding terms.

5.1

ACM Digital Library and Springer Link

This literature review covers the period from 2009 until end of 2019
and aims at identifying relevant interaction concepts, approaches,
or techniques for user integration in HCI, Decision Support Systems,
Interactive Recommender Systems, Persuasive Technology and Explainable AI. An exploratory search with several keywords resulted
in a total of 763 papers (ACM DL: 566, SpringerLink: 196). This
review included work that contains any kind of system approach,
prototype, or implementation; an algorithm for recommendation,
decision support or decision aid; and techniques for active user
integration. We excluded work that did not offer any kind of influence to the user (e.g. only justifying an unchangeable algorithmic
decision); any user interaction or integration that went beyond
simple input; or did not provide information on user interaction.
No restrictions regarding the application domain were made.
Through a step-by-step review process, papers then were included or excluded starting with titles and abstracts only review
(123 remaining papers: ACM DL: 99 + SpringerLink: 24), followed
by full texts review (20 remaining papers: ACM DL: 17 + SpringerLink: 3). We further added 7 additional papers that were mentioned
as references of the included papers, but were not retrieved by our
structured exploratory keyword search. In the end, we identified
27 papers relevant for the framework.

5.2

PubMed

The exploratory search within the PubMed database, covers the
period from 2009 until mid of 2020, resulted in a total of 476 initial
papers. Papers with following criteria were included: any kind of
technical system approach, prototype or implementation; an algorithm for recommendation, decision support or decision aid; any
kind of user integration (at least low level or even passive through
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Empower
Encourage
Engage

Computer Science

PubMed

26 (96%)
23 (85%)
22 (81%)

10 (77%)
9 (69%)
12 (92%)

Table 1: Number of papers assigned to each core aim of the
framework per review

explanation) as long as the final decision is up to the user; and is
related to personal health, wellness, wellbeing, healthy life style, or
personal health-related decisions. We excluded work that addresses
only experts; provides just general health education or monitoring
without any kind of supporting interpretation (e.g. personalized
risk estimation) as a basis for decision support; or does not provide
information on user interaction. A step-wise process similar to the
previous literature review resulted in a 149 papers after title and
keyword screening, 60 papers after abstract screening and finally,
13 papers remained after a full-text assessment 2 .

5.3

Outcomes

Both literature reviews resulted in a total of 40 papers with almost
half of them being published in the past two years. After analyzing
these papers in details, these papers could be easily assigned to our
framework (resulted from the expert workshops) for the most part.
We could classify all implementations we found in the literature
into the framework and assign them to superordinate elements.
In a few cases, we created new additional elements based on the
literature, merged elements and did some re-structuring. In particular, the literature review contributed the most to the concrete
solution-focused implementation level of the framework. Table 1
shows the number of papers that were categorized by their contribution in each core aim. Most included papers contributed to
more than one core aim. In both reviews, there was no extreme
over- or under-representation of any core element. The final framework is summarized in table 2 with papers of the literature review
mapped to their framework elements. Next section describes the
final framework in detail.

6

DESCRIPTION OF THE FRAMEWORK

The user integration framework starts with three core elements and
a variety or subordinate elements. Its elements are arranged in four
levels with decreasing abstractness, which guides system designers
by providing a set of concepts, strategies up to concrete implementation techniques for user integration and therefore, can be used
flexibly. As depicted in figure 1 and introduced in section 3, the three
core elements, Empower, Encourage and Engage, are at the very top
level of abstraction or heart of the model, called Core Aims. The
next level is a set of Abstract Strategies (AS) to achieve the core aims,
which are broken down to Concrete Strategies (CS) in the following level. At the bottom level, which is the most concrete one, for
each concrete strategy several Implementation Techniques (IT)
can be used. These implementation techniques or principles give
suggestions on how to implement these strategies in an application.
2 For

details of keyword search queries for both literature reviews and the list of the
papers please visit https://intsys.info/reviewUserIntegration.

UMAP ’21, June21–25, 2021, Utrecht, Netherlands

Note that in practice, a single interface element often contributes
to more than one strategy or even core aim, which can also be seen
from the results of the literature reviews.
In the following, we explain all framework elements, putting
emphasis on the very bottom level, the concrete implementations,
as the framework is solution-focused for practical use. Table 2
supports the framework description as it gives an overview of all
elements of the framework and its structure. We recommend to
follow the textual explanations in parallel with the structure of the
framework from this table.

6.1

CORE AIM: EMPOWER

The user should be enabled to understand, interpret and assess the
system’s output, its basis and generation and its implications.
AS: Transparency of Result Generation
Learning how the system result is generated addresses user’s understanding and ability of evaluating it.
CS: Insight into Algorithm
Providing insight into the algorithm of used method is an important
strategy for achieving transparency and can be achieved as follows.
IT: Explain algorithm. Introduce the user in the calculation of the
algorithm in adequate depth and avoid a black-box approach. For
example, in addition to the recommendation, Alonso and Casalino
[5] also show the rule base of the algorithm and executed rules.
IT: Visualise algorithm. Provide an explanative visual representation of the used algorithm. For example, basic steps of the algorithm
are explained by visualising the nodes and connections in the context of collaborative filtering [44].
IT: Support exploration of algorithm. Provide exploration opportunities, such as interactive simulations, explorable diagrams, or
comparison of results of different input values, with the potential to
contribute to a better understanding of the of the system’s reasoning. For example, the music recommender MoodPlay [6] visualises
the algorithm’s latent space, containing mood and artist. Users can
interactively change distances and thus weights, which has a directly visible effect on the resulting recommendations.
CS: Insight into Considered Variables
Offering the user information about the variables and values used
in the calculation also contributes to transparency and may be realized using the following techniques.
IT: Show input variables. Provide the user insight into the features
used as input for the system’s calculation. For example, in their
music RS MusicBot [25] has a separate area in the interface with tips
for tuning the recommendation by audio features, music categories
etc. The available features are listed for each tuning opportunity.
IT: Show input values. Give the user insight into the concrete
(feature) values that go into the calculation, such as user input,
measurements, predictions or derived values. For example, in a
shopping recommender Lamche et al. [32] show the system-derived
user preferences in a very transparent ways.

Core
Aim
Insight into algorithm

Transparency of Result
Generation

Empower

Support of Interpretation and
Assessment

Transparency of
Limitations

Encourage

Awareness of
influence

Facilitation of
Interaction

Opportunity for User
Control

Engage
Opportunity of
manipulation

Opportunity of result
feedback and critique

System feedback

Comfort of interaction

Opportunities of
influence

Awareness of user’s
competence

Quantification of
uncertainty

Information about
uncertainty

Support of qualitative
interpretation

Support of quantitative
assessment

Reference

Causal explanation

Insight into considered
variables

Concrete Strategy

Abstract
Strategy

[27, 42]
[2, 3, 5, 27, 31, 32, 40]
[1–3, 5, 7, 8, 16, 25, 26, 32, 34, 40, 44, 52, 54]

show source of input values
show open user model
justify result

[6, 8, 14, 27, 34, 40, 44, 45, 52]

support exploration of active influence of participation

[2, 3, 27, 31, 32]

[31]

Table 2: The User Integration Framework

let user modify algorithm

[2, 27]

let user exclude data sets from calculation

[20, 21, 48]

[6, 8, 14, 27, 31, 34, 40, 48]

let user modify weight of input values

[8, 34, 40, 52]

[2, 3, 5, 6, 8, 14, 15, 25, 27, 32, 34, 44]

let user provide or correct input values

let user select or combine different algorithms

[14, 31, 34, 40, 52]

let user select input variables

let user manipulate result

[2, 8, 15, 46]

let user define user goal

let user modify result as feedback

[6, 25, 31, 32, 36, 44]

ask user about source of bad fit

[2, 3, 8, 45]

let user rate fit of recommendation

[2, 3, 25, 31]

let user accept or reject result
let user choose between alternative results

[6, 8, 27, 34, 44, 45, 52]

[21, 27]

intervene in case of wrong adjustments
immediately adjust result

[2, 3, 15, 25]

guide interaction

[6, 7, 21, 25, 32, 34, 40, 46]

[2, 3, 6, 8, 14, 15, 25, 27, 31, 32, 34, 36, 40, 44, 45, 48, 52]

present opportunities of influence

consider usability and user experience

[15, 21, 27]

indicate need for reflection and user participation

[16, 20, 46]
[14]

present or quantify result improvement

quantify result probabilities

[5, 20, 46, 48]

quantify algorithm uncertainty
[48]

[27]

inform about sources of uncertainty

quantify result uncertainty

[5, 16, 20, 21, 25, 42, 46, 48]

[1, 2]

provide relevant domain knowledge
inform about existence of uncertainty

[21]

present implications of result

[5, 7, 46, 48]

show comparative values (present risk and tradeoffs for different options)
[2, 7]

provide reference or examples

show intermediate posterior probabilities (e.g. personal risk)

[8, 14, 16, 36, 54]
[7, 14, 16, 20, 26, 46]

provide anchor value

show prior probability (statistical probability; frequency)

[20, 21, 36]
[20, 21, 36, 48]

present range

[36, 46, 48, 54]

[31, 34, 40, 48, 54]

show weight of input variables

show real outcomes

[1–3, 5–8, 14–16, 25–27, 31, 32, 34, 40, 44, 48, 54]

show input values

[5, 54]

[1–3, 5–8, 14–16, 25–27, 31, 32, 34, 40, 44, 48, 54]

show input variables

contrast difference between cases (Why not?)

[6, 8, 14, 27, 34, 40, 44, 52]

support exploration of algorithm

[5, 42]
[5, 16, 44]

explain algorithm
visualise algorithm

Computer Science

Implementation

[47]

[37]

[10, 13, 18, 23, 37, 38, 47, 49, 55]

[10, 13]

[17]

[10, 13, 17, 38]

[10, 30, 49]

[4]

[13, 38, 55]

[10, 47, 55]

[10, 13, 17, 30, 37, 38, 55]

[4]

[55]

[4, 55]

[49]

[38]

[38, 49, 55]

[4, 51, 55]

[4, 18, 51, 55]

[4, 55]

[4, 55]

[4, 55]

[23]

[4, 55]

[30, 49]

[23, 30, 37, 38, 47, 51, 55]

[30, 55]

[37]

[4, 23, 30, 37, 38, 47, 49, 51, 55]

[4, 23, 30, 37, 38, 47, 49, 51, 55]

PubMed
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IT: Show weight of input values. Inform the user, if input values
are not equally weighted in the calculation. For example, in the
movie recommender MyMovieMixer [34] the weights of all input
variables are indicated by slider positions and can easily compared
among each other.
IT: Show source of input values. Inform the user about where
input variables and values are derived from, e.g. user input, sensors, external sources. For example, the system HIIT SCINET for
explorative search tasks [27] makes and communicates a distinction
between user input and system suggested search terms.
IT: Show open user model. Give the user insight into the knowledge and assumptions the system has about him/her and his/her
preferences. For example, in a behaviour change support system,
the user model includes patient data and identified risk factors for
cardiovascular disease [51]. This profile data can be accessed by
patients and physicians.

IT: Provide anchor value. Give an anchor value to support the
user in assessing which choices are realistic or meaningful. For
example, in the before-mentioned work, the initial slider position
on an adjustable range for physical activity goal selection serves as
an anchor [21].
IT: Provide reference values or examples. Show reference values
supporting the user in interpretation of the content of the system
output, such as official health recommendations, or examples from
comparable users or situations. For example, a food RS displays the
deviation of the user’s nutrient intake from the Dietary Reference
Intakes [23].

AS: Support of Interpretation and Assessment
To empower the user, it is also important to strengthen his/her
ability to judge, whether a suggestion is realistic or well-fitting or
not and to assess the consequences and impact of his/her decision.

IT: Show comparative values. Provide comparative numerical
values of different options, such as scores or probability indicating
the fit of the recommended items. It supports users’ interpretation
or the system outcome by showing, how superior one option is
to another. For example, in a DSS for recruiters [26], a score is
provided for each applicant, expressing to what extend he/she fulfils
the requirements of a job. Scores of the applicants can be compared,
as displayed on the same page.
IT: Show general probability. Indicate the general statistical probability (i.e. not individual), statistical frequency or general statistical
risk for options the user has to decide on. For example, in addition
to recommending a career goal, a career goal RS system provides
statistical information, such as: “20% of people who had QA Engineering roles [. . . ] went on to become a Senior Software Test Engineer”
[2][p. 605].
IT: Show individual probability. Indicate the user’s individual
probability or individual risk. For example, in a system that supports men in decision making regarding prostate cancer screening,
the user’s personal risk is estimated after answering questions about
risk factors, e.g. cancer in the family [4].

CS: Causal Explanation
Providing insight into why a suggestion is made and is superior to
others (in contrast to how it was generated), addresses support of
interpretation and assessment and can be realized as follows.
IT: Justify result. Explain the reasons, why a specific result was
generated, e.g. by providing information on criteria fulfilled or
referring to training data. For justification, the algorithm does not
need to be explained. For example, the recommendation of a daily
walk is explained with “because you are not a gym member and you
do not have friends” [1][p.177].
IT: Contrast difference between cases or options. Answer the question “why not” [53], by showing why a different (than the calculated)
outcome was discarded. If the system makes no recommendation
(e.g. decision aid systems), present the pros and cons for different options or juxtapose evidence data. For example, Alonso and Casalino
[5] show a decision tree with the traversed path highlighted, so
that it gets obvious why no other path has been traversed.
CS: Reference
Providing any kind of reference or value for orientation also targets interpretability and assessability. This concrete strategy can
be realized as follows.
IT: Show real outcomes. Present actual outcome values (such as
past achieved physical activity) to the user for the purpose of orientation. Work that uses historical data (exclusively) for motivation
or as a progress indicator does not fulfil this aim. For example, a
fantasy baseball game shows former results of in order to support
evaluating a system recommendation regarding future performance
of a team [48].
IT: Present range. Give a range instead of a discrete value or
item. The range can serve as a point of reference due to its limiting
character. For example, a physcial activity DSS presents a range
from which to the user can select an activity goal [21].

CS: Support of Quantitative Assessment
Providing system-sided numerical valuation may help users in interpretation and their individual assessment. It can be realised through
the following implementation techniques.

CS: Support Qualitative Interpretation
Providing content-related information is another way to facilitate
interpretation of the system outcome and the decision options. It
can be implemented using the following techniques.
IT: Present implications of decision. Inform users about the practical behavioural consequences or effects of the decision. This entails
to facilitate interpretation and assessment of the recommendation
or available options. For example, in the DSS Joint Calc on joint
surgery decisions, Zotov et al. [55] provide information about estimated health improvements and recovery time after surgery to
support decision making.
IT: Provide relevant domain knowledge. Give users all domainspecific information that is needed for understanding and assessing
the system result. For example, in a DSS about cancer screening, the
screening process and advantages and disadvantages of different
procedures are explained [4].
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6.2

CORE AIM: ENCOURAGE

The user should be encouraged to question, verify and reflect the
system result and get involved in the generation process.
AS: Transparency of Limitations
Emphasising the limitations and shortcomings of the system and its
outcome aims at avoiding over-trust in the system and at fostering
reflection.
CS: Information about Uncertainty
Telling the user about the system’s uncertainty targets at fostering
awareness of the system’s limitations. Communication of uncertainty can be realised as follows.
IT: Inform about existence of uncertainty. Informs the user that
the system is not perfect and system results contain uncertainty.
For example, a system for fertility prognosis, indicates uncertainty
by displaying the prediction accuracy and by providing a graphical
comparison of the fertility prognosis (based on predicted time of
ovulation) and the fertility (calculated based on measured ovulation)
[46].
IT: Inform about sources of uncertainty. Inform the user about
where the uncertainty arises, for instance, measurement or input
errors, missing data or the algorithm itself. For example, the system
HIIT SCIENET [27] flags search terms that may no longer be up-todate and could consequently be a source of bad recommendation fit.
CS: Quantification of Uncertainty
Indicating the extend of the system’s uncertainty through parameters, such as error, accuracy, precision, confidence etc., also aims at
increasing the awareness of the system’s limitations.
IT: Quantify algorithm uncertainty. Provide a numerical value for
the uncertainty of the used method. For example, in a RS for healthy
diet, the prediction of the learning method’s accuracy over-fitting
test model is shown to the users [38].
IT: Quantify result uncertainty. Provide a numerical value for
the uncertainty of the system outcome that, besides the method’s
uncertainty, also includes other sources of uncertainty (e.g. poor or
uncertain data quality, measurement inaccuracies, sparse data and
confounding variables). For example, in the work of Sowah et al.
[49], the presented uncertainty value refers to the quality of the
photo, which serves as an input parameter for the calculation.
IT: Quantify result probability. Display calculated risks or provide probabilities comparing alternative options. As a rule of thumb,
probability values, in contrast to uncertainty, cannot be changed
nor improved by the user’s action, but they can promote reflection. For example, in a quiz game, five answer suggestions were
displayed with the score sorted in descending order (i.e., the "safest"
answer in first place) [16].
AS: Awareness of Influence
Being aware of the possibility of influence can also contribute to
not accepting the recommendation without reflection.
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CS: Awareness of User’s Competence
Emphasising or demonstrating that the user can add value to the
system and its calculations contributes to making the user aware
of his/her potential influence. It can be implemented as follows.
IT: Present or quantify result improvement. Provide information
about the improvement of the result through the user’s participation. For example, in the route RS SeRIES [14], a recommendation
considering user input can be compared with the generic recommendation. A user study showed that participants used this to
evaluate the effect of their specifications and modifications in the
recommendation process.
IT: Indicate need for reflection and user participation. Communicate of the importance or necessity of user participation. This
element is about explicit indications (on concrete aspects), instead
of implicit indications, such as presenting uncertainty. This element
does not include the mere request for user input, such as preference
elicitation. For example, in a DSS regarding prostate cancer screening, users are asked to weight several pros and cons, which are
then compared with their stated overall preference regarding the
screening [4]. If they do not match, users are notified and referred
to the system’s information section.
CS: Opportunities of Influence
Indicating the possibilities to exert influence is also an essential
aspect of making the user aware of his/her potential influence. It
can be realised as follows.
IT: Present opportunities of influence. The user is shown how
he/she can influence the recommendation process and the result.
For example, besides input elements in introductory questionnaire,
the DSS JointCalc [55] gives users a hint, that the calculated score
can be changed. On click, he/she can see the options and input
elements.
IT: Support exploration of active influence. Give users the opportunity to try out the interaction opportunities and their effects, to
encourage him/her to interact with the system. For example, in the
DSS SetFusion [40], the user can explore the effect of his/her manipulations, as results are permanently updated in a Venn diagram as
well as in a recommendation list. Both show which of the elements
the user interacted with contribute to the system result.

6.3

CORE AIM: ENGAGE

The user should be enabled, invited and motivated to exert influence on the system and control the process.
AS: Facilitation of Interaction
An easy, fluent and convenient system use may contribute to motivating the user to interact with the system.
CS: Comfort of Interaction
Designing the interaction in a user-centred manner aims at facilitating the interaction and engaging the user and can be achieved
as follows.
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IT: Consider usability and user experience. Attach importance to
good usability and user experience to encourage the active participation of the user. For example, the DSS JointCalc [55] has been
designed under consideration of common usability principles and
up-to-date interaction elements with a responsive design. Moreover,
the systems displays a feedback element for an ongoing usability
evaluation.
IT: Guide interaction. Guide the user through the interaction
process. For example, a conversational agent guides the user by
first asking about his/her motivation for using the system with
providing answer options, tells him/her about the next steps he/she
could do in the interaction and asks for preferences or feedback at
appropriate times [2].

several feedback variables of the music piece (e.g. speed, volume,
danceability) and of the performer.
IT: Let user modify result as feedback. Allow the user to directly
make changes to the calculated result (instead of, e.g. to the input
values) and use this for coming calculations. Using the modification
of the result as feedback for the algorithm was not used in the literature reviewed. An example could be to allow the user to adjust the
level of recommended physical activity and use this information
for future recommendations.

CS: System Feedback
Providing system feedback to the user also supports fluent interaction and can be realised through the following techniques.

IT: Let user define user goal. Leave it up to the users themselves to
decide on the goal that the algorithm should support. For example,
in a food RS users can choose whether their goal is weight lost or
healthy living [15].
IT: Let user select input variables. Allow the user to choose from
various available input variables or even add his/her own ones. For
example, the movie RS MyMovieMixer [34] allows users to select
from a range of facets (e.g. actor, duration, genre), which ones they
like to use.
IT: Let user provide or correct input values. Give users the opportunity to specify and/or change values of the input variables for
the calculation. For example, in the DSS SMILY [8], that supports
doctors in diagnosis by searching for similar medical images, users
can specify relevant images, a relevant region of the image and a
clinical concept (e.g. glands, nuclear staining) as input.
IT: Let user modify weight of input values. Allow users to weight
the input values for the calculation. For example, the route RS
SeRIES [14] allows users to weight their preferences, such as POIs.
IT: Let user exclude data sets from calculation. Give users the
option to exclude single records - typically from their history from the calculation if an input variable includes multiple records
(e.g. tracked activity of a specific week). For example, a career RS
allows users to exclude a former job position, e.g. if they didn’t like
it and don’t want the recommendation be based on it [2].
IT: Let user modify result. Allow the user to directly make changes
to the result after the system’s calculation. For example, an DSS
suggesting activity goals provides the recommendation on a slider,
so that the user can adjust it [21].
IT: Let user select or combine different algorithms. Allows the user
to combine different calculation methods. For example, in the RS
TalkExplorer [52] users can choose between or combine a tag-based
and a content-based agent.
IT: Let user modify algorithm. Provide the opportunity that the
user can directly influence and make changes on the algorithm.
For example, Kulesza et al. [31] state that users can influence the
distance metric and thus the algorithm.

IT: Intervene in case of wrong adjustments. Signal to the user when
possibly incorrect or inconsistent entries are made or actions are
taken. This is to support the user in the interaction. For example, the
system HIIT SCINET for explorative search [27] makes estimations
about search terms that might no longer be relevant or incorrect
and highlights them to be edited or marked as still relevant.
IT: Immediately adjust result. Directly and automatically update
the system’s result as soon as the user makes entries or takes actions.
For example, user input and modifications in the RS MyMovieMixer
[34] lead to a direct recalculation and update of the proposed movies,
which are presented on the same page as the input elements.
AS: Opportunity for User Control
Providing the user with possibilities to control the system is essential to enable him/her to be actively involved in the process.
CS: Opportunity for Result Feedback and Critiqe
Feedback mechanisms and opportunities, as described in the following, contribute to user control over the system and the process.
IT: Let user accept or reject result. Provide the opportunity to
accept or reject the system’s result and use this feedback to improve
the calculation. For example, in the MusicBot [25] system users
can either like the suggested track or reject it by tapping "next",
based on which the system makes assumptions about the user’s
preferences.
IT: Let user choose between alternative results. Give users the option to choose between different results and use this to improve the
calculation. For example, a movie RS [45] updates recommendations
based on movies the user assigned to a shortlist.
IT: Let user rate fit of recommendation. Allow the user to criticise
the result through ratings that are taken into account in further
calculations. For example, like many others, Nguyen et al. [36] use
star ratings as feedback elements to improve the recommendation.
IT: Ask user about source of bad fit. Allows users to indicate why
a recommendation does not fit so that the system can take this
into account in subsequent calculations. For example, the music RS
AuPair [31] asks users for both, a song rating and for the reason
they like or don’t like the song. Therefore, the system provides

CS: Opportunity for Manipulation
Besides feedback, also further interaction possibilities contribute
to user control and can be implemented as follows.

6.4

How to apply the framework

With its structured design and practical elements, the framework
provides a foundation and inspiration for system developers in designing their systems. It can also be used to enrich existing systems
with elements for user integration. It is designed for flexible use
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and we do not want to impose any restrictions on the way it can be
used (apart from the limitations inherent in the system). However,
we would like to describe three potential usage scenarios.
The Exclusionary Way. The framework is used in a mind map or
tree representation. Designers go through the framework from the
root to the leaves. They remove all elements (and sub-elements if
existing) that are not relevant or not applicable in the case of their
specific system. At the end, they get a selection of implementation
techniques that are of interest to them. Then, they decide on how
to implement them in their specific system.
The Shortcut Way. The framework is used in a mixed order. First
designers select a core aim, then jump to the implementation techniques, in order to select candidates that fit to the system to be
developed. Afterwards they check if all relevant abstract strategies
are considered.
The Creative Way. In order not to limit creativity and not to be
influenced by the proposed implementation techniques, it is also
possible to use only the general structure of the upper levels to
develop own ideas for their implementation.
In the same manner, the framework might also be used in usercentred development as a co-design tool.

7

CONCLUSION, LIMITATIONS AND
OUTLOOK

We proposed a multifaceted framework for user integration in personal health DSS and RS. This framework, has been derived from
an iterative mixed-methods development and evaluation procedure, including an extensive multidisciplinary literature review
and expert workshops. Users are accordingly integrated into the
whole process through the following actionable design strategies:
(1) Empower: enabling them to understand the result generation
and implications, (2) Encourage: encouraging them to reflect system outcomes and to get involved in the generation process and
(3) Engage: enabling them to take an active role by facilitating and
providing opportunities for user interaction.
The framework provides a structured, powerful and comprehensive tool for system designers. During the development, we
focused on the practical use of the framework as our main goal.
Therefore, qualitative methods were intentionally preferred over
quantitative approaches, which are common, for example, in questionnaire development. The literature review was designed to be as
exploratory as possible rather than being confirmatory or a thorough assessment of the literature. Having this goal in mind, to
achieve a reasonable balance between workload and benefit, most
steps of the literature reviews were conducted by one researcher.
Definition of search terms was done jointly by two researchers. Despite intensive literature review, the framework does not claim to
be complete. Also, a different structure, clustering elements based
on different criteria, might work as well as the proposed one.
To provide an outlook, as a proof of concept, we develop and
empirically evaluate example applications using the framework.
They will be subject of future publications.
Despite the main application scenario, to support designers in
selecting appropriate user integration techniques, variants of using
the framework are imaginable. It could be used as a creativity tool,
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providing a framework for collecting ideas that go beyond the implementation techniques already integrated in the framework. We
want to stress that our framework should not be understood as an
evaluation tool, if only because proposed implementations are conceptualised as alternatives. Nevertheless, handled carefully, it might
serve as kind of assessment tool for personal health DSS, providing
a foundation for assessing to what extend each aspect of user integration is considered in the systems. Also, the framework integrates
elements from various domains on the lower levels, which might
be re-used in even other domains. However, the framework as a
whole with its core aims, hierarchy and composition is constructed
to explicitly meet the specific demands of personal-health DSS and
RS and is, to the best of our knowledge, unique in that.
There are further aspects in health-related systems with high
relevance which are not subject of the presented framework. We
want to explicitly stress that the framework’s focus does not mean
that they should be handled as separate issue nor an afterthought.
Although they cannot be discussed in detail here, we want to at
least mention some of them. When applying the framework, system
designers should carefully consider potential bias (e.g. confirmation
bias or customisation bias) [9,48], prevention of overburdening
users (e.g. if algorithms are complex), the cost-benefit ratio between
expected improvement and user effort, emotional impact [46] and,
last but not least, take care of privacy and ethical aspects.
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