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Abstract. Communication in healthcare can improve therapy adher-
ence and patient engagement. Research into healthcare-oriented Nat-
ural Language Generation (NLG) systems suggests that tailoring to
user profile can improve overall effectiveness. However lots of systems
adopts a single or small group of user profiles, thus overlooking that
user subsets may have different needs and that these could evolve over
time. In this paper we conceptualize a framework that can produce cus-
tomised healthcare reports by extracting meaningful data insights and
producing a final text which varies in content and terminology accord-
ing to the user profile and traits. The dietary domain will be used to
show a working example.
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1 Introduction

Communication is of critical importance in healthcare. It is crucial between
clinicians as its absence can cause medical errors [1], frustration between
team members [2] and ultimately affects patient safety [3]. At the same
time communication between specialists and patients has been highly corre-
lated with therapy adherence [4] and better health outcomes [5]. Healthcare
communication includes textual data [6] which can be expensive and time
consuming to produce manually. Natural Language Generation (NLG) is the
software-driven process of transforming data into a text [7] [8], thus offering
an alternative to handwriting, allowing the scheduled production of medical
reports and reducing manual intervention by clinicians. Many healthcare-
related tasks have been addressed by exploiting NLG [9], including report
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automation, decision support, behavioural change. NLG systems can include
a tailoring phase which is defined as changing text characteristics in order
to better reach certain individuals, thus delivering customised content [10].
Research has shown that tailoring can potentially improve NLG healthcare
system effectiveness. [11]. Some systems achieve tailoring by modeling one
ideal user type, which in real-world can be unrealistic. Moreover, even in the
case in which different user profiles are exploited, these are typically fixed.
We argue that this excludes some interesting dynamics. A user could de-
velop new behaviours or acquire previously absent knowledge which could
make another profile more suitable for them. Motivated by the PhilHumans
consortium (https://www.philhumans.eu/) goals under which this paper was
born, namely the establishment of advanced and innovative patient-health
devices interactions, we illustrates the conceptualization of a system that
profiles the user based on various characteristics to produce a tailored re-
port. The profiles contains some traits that the user can change in order
to always get the most suitable report. The structure of this paper is as
follows: section (2) details relevant works in literature, concerning NLG in
healthcare; section (3) models the framework and shows its workflow with a
simulated example; section (4) discusses future developments.

2 NLG in healthcare

The literature describes a wide range of systems that exploit NLG tech-
niques to address specific healthcare tasks. This section includes some rel-
evant studies, distinguishing those which involve more sophisticated user
profiling and those which doesn’t.

2.1 Single-user tailored systems

Some NLG systems produces some sort of "general" text that does not in-
volves subjective reader choices in order, content or terminology decisions.
typically, such texts inherently assume that a single "ideal user" model can
lead to an overall satisfactory text that fits any given reader. Some early
works include trauma related reports carberry1997generating and clinicians
documentation [12]. Other works investigated pervasiveness and the psy-
chological component of tailoring [13]. There were studies regarding the
Neonatal Intensive Care Unit (NICU) system which aimed to extend the au-
dience [14] to include parents [15] via the introduction of an affective el-
ement; text quality improvement by domain expert intervention [16] was
inspected as well.

These types of systems simplify user profiling, leading to "standardized" re-
ports that cannot be modified according to individual reader needs. In some
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cases this makes sense, as some healthcare subdomains follow a standard-
ized and inflexible communication form, hence limiting the usefulness of tai-
loring. Other domains, such as diet coaching, could instead take advantage
of user characteristics in order to produce more focused and engaging text.

2.2 Multiple-user tailored systems

Several works have investigated tailoring reports with a wider user profiling
i.e. reports built ad-hoc for specific user groups. Tailoring effectiveness was
investigated or conceptualized in various dynamics: mammography recom-
mendation [17]; content enrichment by clinicians [18]; patient clustering for
quality of life perspectives text generation [19]; smoking cessation letters
[20]; health-risk oriented driving conduct reports [21]. Such systems focus
on the user’s needs, thus allowing the generated text to be customised ac-
cordingly. However we want to point out that the reader preferences could
evolve over time, given freshly acquired knowledge about the domain or just
natural user interest progression. An example could be a patient which ini-
tially focuses on a single aspect of their therapy but then asks further detail.

3 Proposed framework

This section details the proposed system at a conceptual level. In order to
clarify the approach functioning a simulated working example will be pro-
vided. Behavioural change in nutrition domain will be considered. That is
the generation of text reports that inform the reader about the key points
of their eating habits in order to encourage the end users to perform a be-
havioural change in order to improve their diet and lifestyle.

3.1 Architecture
The system architecture consists of three main components:

- Data Analysis Module: responsible for processing, aggregating and
interpreting the user’s raw data in order to obtain a series of insights
that will form the report’s backbone.

- User Modeling Module: responsible for interpreting the user’s pref-
erences and needs, in order to obtain a tailored and coherent report
structure.

- Planning and Realisation Module: terminal part of the architecture
that produces the final text, filtered and tailored according to the needs
of the reader.

The Data Analysis Module (DAM) deals with data reading, computation
and interpretation. Although it may contain some semantic information (such
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as named entities), it doesn’t go further and it is not actively involved in the
generation of natural language. This allows the system to keep the Data
Layer isolated from NLG logic, as this is suggested practice in the refer-
ence architecture [22]. User Modeling Module (UMM) contributes to doc-
ument planning and micro-planning. It stores user information/preferences
and communicates them to the Planning and Realisation Module (PRM),
which finalizes document planning, micro planning and performs realisation.

3.2 Data Analysis Module

The first step in generating the report is extracting the data that the user
might care about. These data will be filtered later according to its profile,
but within this component every possible insight should be extracted. DAM
implementation should vary according to each given domain but a mockup is
given in the following subsection to clarify the overall logic. The mockup re-
gards diet coaching and takes an existing data source to extract the insights.

DAM for dietary coaching

The source of the data for for the example will be MyfitnessPal [23], a popu-
lar calorie counter app which relies on a detailed food database. Once a free
account has been created and the app has been filled with data, it can be
scraped accordingly, allowing the developer to obtain:

- calories: in terms of ideal daily intake, daily/average excess or shortage,
days in which the user went closer/further to/from the target

- nutrients: in terms of individual target for each nutrient, daily/average,
top N problematic nutrients and responsible foods.

It should be kept in mind that DAM implementation should include domain
expert contribution. For example evaluating nutrient excess or shortage is
not trivial and should be guided by dieticians or nutritionists. The result of
this first phase could be a structured file , for example in JSON format, that
will then be used by the Planning and Realisation Module to extract the data
of interest: we will refer to this as "Insights spec".

DAM simulated output

The following is a simulated example of an Insights spec for an imaginary
user, considering calories balance and 5 nutrients (fat, protein, carbohy-
drates, sugar and sodium). The mockup is provided in JSON form:
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"calories" : [
{"perc_shift" : 4},
{"effects" : ["weight increase", "slow digestion", "sleep

disorders"1},
{"clos_d" : [
{"day" : "Monday"}, {"shift" : -2}]
i
{"far_d" : [
{"day" :"Friday"}, {"shift" : 30}]

1,

"abn_nutrients" : [
[{"name" : "sugar"},
{"perc_shift" : 100},
{"food" : "Coca-Cola"},
{"anomaly_eff" : ["pale skin", "anxiety", "fatigque"]l},
{"recovery_eff" : ["weight loss", "less dental plaque", "

higher perceived energy"]},
{"suggestions" : "replace sugary drinks with tea or coffee"
H,
[{"name" : "sodium"},
{"food" : "Pringles chips"},
{"perc_shift" : 50},
{"anomaly_eff" : ["nausea", "headache", "seizure"l},
{"recovery_eff" : ["memory improvement", "less bloating", "
lower blood pressure"]}]

{"suggestions" : "avoid salty snacks and opt for fruits"}]

]

Fig. 1: Simulated Insights spec in diet coaching domain

The file only stores data regarding the patient’s eating habits: all other
personal information is stored within the UMM. The two top-level elements
of the file are "calories" and "abn_nutrients" which contain information
about the caloric and nutritional balance respectively. They both share the
key "perc_shift" which refers to eventual excess/shortage assumptions (in
percentage form). The calorie part of the mockup contains the "effects"
key and the days in which the user came closer to/further from the ideal
value (clos_d / far_d) along with related percentage. Inside the nutritional
section of the JSON there’s an array containig the two most abnormal nu-
trients, that is the two nutrients which presents the most severe devia-
tion from the ideal value. In this case it contains sugar and sodium, with
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the respective shifts. Moreover for every nutrient there’s a set of adverse
effects (anomaly_eff) like in the previous part, but with additional ones
(recovery_eff) which are related to the opposite scenario. Finally each nu-
trient contains the suggestions field which provides a way to help fixing the
problem. Their use regards the report tailoring and shall be clarified in the
next sections. Overall the file shows that there’s a slight anomaly in calo-
rie intake (+4%) and a consistent anomaly in terms of sugar (+100%) and
sodium (+50%) assumption.

Insights
DATA Data Analysis Module spec

Fig. 2: Conceptual scheme of the Data Analysis Module

A

3.3 User Modelling Module

Some application domains, such as the dietary one, can contain heteroge-
neous user sets. Therefore it is unrealistic to expect a standard report struc-
ture to always be satisfactory. Different users could be interested in differ-
ent kinds of nutrients, could care to different degrees about small changes,
or report frequency. Furthermore numeracy and literacy can influence the
reading capabilities [24] of certain users, thus introducing the need of a
simplification strategy. The UMM stores user preferences and communicate
them to the PRM:

- Insights subset: which insights should be selected.
- frequency: report delivery frequency
- technical level: whether a simplification should be adopted or not.

The above information should be provided by the user, for example with a
form. Hence a data collection phase is necessary in which the user compiles
it, so that the system can tailor the text accordingly. The following subsec-
tions show a mockup form.

User data collection for dietary coaching

This first section of the form provides the UMM a way to communicate to
DAM the data that are necessary to calculate user’s calories/nutrients goals.
This kind of inter-framework co-operation is not mandatory: for example, in
case DAM scrapes MyFitnessPal, these type of data is requested by the app
during user registration and is thus readily avaiable.
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Physical details
Name: Pau/
Gender:

¥ Male

[0 Female

Age: 26
Height (cm): 183
Weight (Kg): 86

Phisycal activity level:
U Sedentary (Little to no exercise)
i Light (exercise/sport 1-3 days a week)
U Moderate (exercise/sport 3-5 days a week)
[J Active (exercise/sport 6-7 days a week)
[1 Heavy (very hard exercise / physical job / 2x
daily training)

Fig. 3: Physical user data form mockup

User engagement via report tailoring
The following mockup asks for personal traits in order to understand how to
customize the text for readibility/engagement optimization.

User experience details

1) In short what are the reasons for you to use this
system?

I want to lose weight and gain self-confidence

2) Highest level of education:
Primary School

3) Are you interested in getting informed about your
calorie intake?

¥ Yes

0 No
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4) What kind of nutrients are you interested in get-
ting informed about?

[J Carbohydrates

[0 Protein

[] Sugar

[J Fat

[0 Sodium

¥ All of the above

5) Are you interested in minimal changes in your
calories/nutrients intake (you should consider this
option if you're following a really strict diet)?

O Yes

BTNO

6) Which one of the following sentences do you find
to be more understandable?
[J Your calorie assumption is 25% more than
what it should be.
Your calorie assumption is around a quarter
more than what it should be.

7) Are you interested in knowing possible conse-
quences of your eating behaviour (such as adverse
effects)?

IZf Yes

[0 No

8) How frequently would you like to know about your
progress?

[0 Daily

v Weekly

[0 Monthly

O Other: every ___ days/weeks

Fig. 4: Experience customization form mockup

The whole questionnaire is designed in order to apply various tailoring
techniques [25]. 1) increases engagement by exploiting the descriptive feed-
back mechanism, which inserts user’s personal needs into the text. This can
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be combined with other tailoring strategies the makes the final text less
"artificial" and more personal. These includes:

- Identification: putting the recipient’s name into the text

- Raising expectation: emphatising that the report has been written
specifically for them

- Content matching: inform the user that specific suggestions has been
formulated based on their own personal data.

2) is does not involve tailoring but regards a future development that will
be better clarified later in the paper. 3) and 4) regards content selection
by checking which data are relevant to the user. For example a diabetic
patient could be more interested in sugar, while a bodybuilder could want
to track proteins. 5) regards slight value anomalies: previous Insights spec
contained a 4% calorie excess which is generally neglibigle for the common
user but could be important for others. An example could be a bodybuilder
preparing for a competition, which typically have to follow really strict eat-
ing programs. 6) assesses users numeracy/numerical preferences by letting
them choose between a sentence that contains the pure numerical value,
and one is converted into a more ("a quarter more") readable information.
This allows to obtain this information without explicitly asking users to as-
sess their own numeracy, which could be stressful. 7) addresses those users
that could feel frightened by reading adverse effects. 8) is used for report
delivery frequency.

UMM sample output

The result of UMM processing should be a structured file that PRM uses to
construct the final text. It should contains the user traits and specify them
with a proper encoding. Below is a possible UMM output, (JSON format):

"username" : "Paul",
"motivation" : "I want to lose weight and gain self-confidence

n
’

"calories" : "true",
"excluded_nutrients" : [],
"precise_reporting" : "false",
"low_numeracy" : "true",
"report_effects" : "true"
"freq" : "w"

Fig. 5: Simulated UMM output based on previous form
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It can be seen that the JSON doesn’t keep any of the information regard-
ing age, sex, weight etc... which are meant to be delivered to the DAM in
a similar structure. Therefore only those information that are necessary to
tailor the text are kept, in order to be fed to the PRM. From now on the
result of the UMM will be called "Tailoring spec".

Changing user profile

As stated before, the user preferences could change over time, either tem-
porarily or permanently. In this case the user must be provided with a tool
that allows them to edit his/her choices accordingly. Ideally this could be
achieved by storing the user preferences on a database, and presenting
them on a related web-page. Here the user could change any given detail
in order to update his/her profile and obtain a different report.

Tailoring
User Modelling Module - spec

Fig. 6: Conceptual scheme of the User Modelling Module

3.4 Planning and Realisation Module

The last component of the system receives the Insights and Tailoring spec
from DAM and UMM. Toghether these two files allow the PRM to filter the
insights and re-elaborate them to achieve the ideal text structure. Two sub-
components are exploited to improve text quality:

- Variation: used to choose from several equivalent frames to express a
concept. If this component is used, it is possible to randomize the choice
in order to make specific components of the report less predictable, and
to obtain a less monotonous reading experience.

- Quantifier: responsible for paraphrasing numerical data into verbal con-
cepts to facilitate understanding. Using this component a data like "125%"
can be substituted by a more understandable "a quarter more".

The Variation Component works quite simply: the component shuffles be-
tween compatible frames. As an example, the following is the mockup output
of three possible iterations of the Variation Component:
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Hi Paul, this is your weekly diet report.

Greetings Paul, the following is your weekly diet re-
port.

Hi Paul, let’s see how you did during this week.

Fig. 7: Three examples of frame variation for a generic greetings message

The Quantifier ideally works with some kind of data structure that maps
numerical thresholds to the respective semantic aliases. A couple of imple-
mentation requirements arises as well: for each mapping there should be a
certain tolerance, hence values such as 155% will still fall as "about a half
more". Moreover, the case in which a value falls between two elements but
outside of both tolerances must be handled. A possible solution could be
to provide a mid-translation, by putting "between" and the two mappings.
For example, consider a 63% value that falls between 50% ("half") and 75%
("three quarters") and a 5% tolerance.This results in two ranges [45-55%]
and [70-80%] that doesn’t include the given value. The translation would be
"between a half and three quarter".

Insights spec
Planning a Realisation Module
\._/\ Report
Quantifier Variation g
component component
Tailoring spec

Fig. 8: Conceptual scheme of the Planning and Realisation Module

Final report sample in dietary domain

The following is a mockup showing tailored report. It follows the data and
user preferences that were proposed in the previous sections. Tailoring strate-
gies are highlighted into the report. Namely:

identification
descriptive feedback

raising expectation
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- this is your weekly diet re-

port. You told us that you want to lose weight and
gain self confidence . So we wrote this in order
to help you out.

You did a great job on calories; you had some
problems with sugar and sodium.

Going a bit deeper, Monday was your best day!
You calories were about perfect then. Friday gave
you some problems, as you ate about a third more
than what you should.

Your sugar consumption is around twice more
than what it should be, and much of it came from
Coca Cola. We know it’s hard to change what you
eat, but sugar excess is bad for your health and can
cause pale skin, anxiety and fatigue. Try having less
sugary foods as it would turn in weight loss, less
dental plaque and more energy.

Your sodium consumption is around a half more
than what it should be. A lot of it came from Pringles
chips. Keep in mind that sodium excess can lead
to nausea, headache and seizures. Less salty foods
means memory improvement, less bloating and lower
blood pressure.

. Regarding sugar, you could replace
sugary drinks with tea or coffee. Also sodium will
definitely be lower if you avoid salty snacks and opt
for fruits instead.

Fig. 9: Full report sample

It can be seen how UMM impact on the final results. All the DAM in-
sights were kept, according to user choice. The 4% calorie excess is ignored
(as requested) and substituted by "you did a great job on calories", while
the side effects of eating behaviours are kept. The numeracy of the user is
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addressed, as there’s no numerical data inside the text. The report adopts a
generally positive accent, in line with Affective-NLG (A-NLG) strategies [26].
This is aimed at boosting user confidence, by lightening the weight of wrong
behaviours (as in "you had some problems" when dealing with significant
nutrient excesses) and reinforcing the positive ones ("you did a great job on
calories").

Changing user preferences

For sake of completeness suppose that the user changes its preferences.
We’ll consider the case in which Paul realises that reading about eating
behaviour effects stresses him; moreover he will become very precise and
picky, thus deciding that he wants to see the actual numbers and every
minimal change. Then he proceed to change his previous choices regard-
ing these characteristics and this results in a change of the Tailoring spec,
which structure is now the following:

"username" : "Paul",
"motivation" : "I want to lose weight and gain self-confidence

n
’

"calories" : "true",
"excluded_nutrients" : [],
"precise_reporting" : "true",
"low_numeracy" : "false",
"report_effects" : "false"
"freq" : "w"

Fig. 10: Updated Tailoring spec based on user change

Overall the structure is almost the same, but the value of the Llow_numeracy
key is now "false" in order to disable the Quantifier; precise_reporting
changed to "true" so that the values are not rounded; report_effects is
now "false" to avoid frightening the user with potential adverse effects. The
following is another mockup that shows how the report would look like:
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- the following is your weekly diet re-
port. We know that you want to lose weight and

and gain self confidence . So we wrote this in order

to help you out.

You did a great job on calories, with just a slight
overeating once in a while (4% on average); you had
some problems with sugar and sodium.

Going a bit deeper, Monday was your best day!
You calories were about perfect then, with just a little
shortage (2%). Friday gave you some problems, as
you ate about 30% more than what you should.

Your sugar consumption is around 100% more
than what it should be, and the main culript seems to
be Coca Cola.

Your sodium consumption is around 50% more than
what it should be. A lot of it came from Pringles chips.

We know that following a diet is stressful but
reducing sugar and sodium will help you reaching
your goals.

. Regarding sugar, you could replace
sugary drinks with tea or coffee. Also sodium will
definitely be lower if you avoid salty snacks and opt
for fruits instead.

Fig.11: Full report sample (2)

All the changes have been addressed, as it can be seen in the mockup.
The minimal values are now exposed (4% in average calories and 2% in Mon-
day details). Moreover it can be seen how the adverse effects are completely
gone, and just replaced by a generic advice that changing eating habits will
"help you reaching your goals". Lastly it can be seen how some frames of
the report are different. Here the variation have been used, like "You told
us that you want to lose weight..." that became "We know you want to lose
weight...". Another example is "We know that changing what you eat..." that
now is "We know that following a diet is stressful...". The rest of the report
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look pretty much identical.

Additional considerations: document planning and realisation
The previous mockups adopt the following fixed order for its elements:

- An introduction that greets the user

- informations regarding the calorie assumption

- informations regarding nutrients assumption, optionally including side
and behavioural-change effects.

- suggestions on how to correct wrong behaviours.

The justification for this choice is related to the fact that NLG systesm com-
monly adopts chronological ordering when dealing with document summa-
rization. In our case there’s a lack of text corpus, which means that the in-
formations doesn’t have a timestamp to refer to. We argue that, in the case
of calorie apps like MyFitnessPal, the app workflow can be compared to the
chronologic appearance of a corpus. When the user logs into the app the
first information that is showed is the calorie balance, followed by the nutri-
ents details. Hence the reason of the chosen order. The second detail that
must be addressed is the text generation technique. The proposed frame-
work is conceptual, hence this detail hasn’t been definitely chosen but our
guess is that the better choice would be a rule and template-based system.
This is because of: the mentioned lack of a corpus on which a machine learn-
ing system could be trained; the robustness of templates compared to E2E
and other rather new techniques, as works like [27] and [28] evidenced; the
characteristic of template and rule-based systems to be fine-tuned to meet
specific criteria depending on the domain, which is typically not as easy to
achieve with technologies like neurals architectures; the fact that accuracy
4 is of paramount importance in health care.

4 Future Developments

The following are some of the ideas regarding the possible future develop-
ments of the proposed framework:

4.1 Clinical team inclusion

User engagement is one of the key points of the system. A possible way to
improve it could be to study a possible link between the system itself and the
clinical team behind the user’s therapy. This would make the approach less
"artificial", turning it into a link between patient and specialist and allowing

* https://ehudreiter.com/2019/09/26/generated-texts-must-be-accurate/
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communication between the parts within the report itself. An example could
be a specialist-generated message at the end of a report about a therapy
that is progressing positively such as

Nurse Smith is very pleased at your progress, and
sends her congratulations.

4.2 Stress monitoring introduction

In the context of diet reports, the idea of monitoring user stress is being
considered. This involves two main casistics, which are detailed in the next
two subsections.

Stress influence on eating habits

Several studies have shown a possible correlation between stress and vari-
ous food related issues like food choices [29], metabolism [30] and obesity
[31]. Statistical analysis in the NeuroFAST project ° dataset showed a cor-
relation between stress and coffee assumption [32]; moreover, executing a
preliminary analysis on the same dataset (during framework conceptualiza-
tion) hinted at the possible existence of a stress-eating correlation. Monitor-
ing this factor can be critical in helping the user improve his/her lifestyle.

Stress influence on text comprehension

It is known that stress impacts working memory negatively and therefore
hampers reading abilities and text comprehension [33], [34]. This leads to
the hypothesis that a stressed user could face reading difficulties, thus lead-
ing to the need of a simplified report. Further investigation in such a phe-
nomenon is left for the future.

4.3 Reporting therapy change and progresses

The proposed mockups consider data related to one week only. This is very
limiting in an area where the entire system should be focused on the recog-
nition of users’ behavioural change. Therefore it is of critical importance to
expand the system in this direction, adding suitable methodologies to com-
pare different data series. In this way it could becomes possible to track user
progress and focus the content of the report on the most critical ones.

> https://neurofast.gu.se/
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4.4 Applying the system to other domains

The mockup examples considered the dietary domain, but framework’s gen-
erality opens up possible developments in other healthcare topics. One of
these could be the obstructive sleeping apnea (OSA). In this context, the ef-
fectiveness of Continuous Positive Airway Pressure (CPAP) as a treatment
has been demonstrated in several studies such as [35], [36], but at the same
time it has been observed that patients struggles to meet adherence crite-
ria that would allow them to experience long term benefits. Some effective
adherence improvement methodologies are avaiable, which showed signifi-
cant influence on adherence in 1-3 months therapy period [37], still there’s
a need to keep patient adherence as high as possible. Moreover, stress have
been linked to bad CPAP adherence [38], and this represents a further rea-
son for introducing this parameter into the system. Sleep quality improve-
ment has been already suggested as a well fitting domain for NLG [9] and
user-tailored messages showed some promising results in CPAP [39].

4.5 User clustering

UMM mockup contained a question addressing education level that isn’t
used in tailoring. That information is actually based on the hypothesis that
education level could be related to reading preferences of the individuals,
and could allow the system to cluster the different users together in order
to use a reduced form that asks less information and then tries to obtain
the remaining ones with clustering based on common criteria (one of which
could be education level).
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