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Introduction
Design research is currently exploring collaborations with data 
scientists. It is to develop new data-driven design approaches 
for understanding user needs and prototyping design outcomes 
by using large-scale data and analyzing them using smart 
technologies such as machine learning (Bourgeois & Kleinsmann, 
2023; Cooper, 2019; Giaccardi et al., 2016; Speed & Oberlander, 
2016; Verganti et al., 2020). This new development builds on 
an emerging need for designers who work more and more on 
societal challenges. Moreover, this type of collaboration builds 
on a rich tradition in design (Andreasen, 2011; Cross, 2018) in 
improving design research and practice through innovations 
in technology-driven design approaches. Such data-driven 
design approach through data scientist collaboration is a hybrid 
intelligence approach, that uses the complementary strengths of 
human (in our case, designers, and data scientists) and machine 
intelligence (Dellermann et al., 2019; Kamar, 2016), that uses 
machine learning to analyze a large scale user dataset, and uses 
human’s competences to interpret the analysis outcome.

Healthcare, one of societal challenges that designers work 
on, is an impactful domain to explore such data-driven design 
approach (Tsekleves & Cooper, 2017), through data scientist 

collaboration. The design discipline is already increasingly 
recognised as a valuable contributor to addressing patient-centred 
views in the development of new healthcare solutions (Bate & 
Robert, 2006; Høiseth & Keitsch, 2015; Mullaney et al., 2012). 
The designers’ challenge is to work for vulnerable user groups 
(e.g., patients) in a context that is most often unfamiliar to them. 
It is their task to address and represent the experiences of user 
groups (at a community level) in such a way that it can well-inform 
the creative design processes of solution finding (Daalhuizen et 
al., 2019; Stolterman, 2021). Designers use the patient journey 
map as the premier tool for developing and communicating 
these patient perspectives (Carayon et al., 2020; McCarthy et al., 
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2016). The patient journey map is a visual tool that explicates 
patients’ perspectives on their experience of their care path (i.e., 
touchpoints with healthcare services, staff, and organizations).

The current methods for patient journey mapping are, 
however, highly labor intensive in terms of the time required 
for data collection from patients and analysis. Besides, these 
traditional journey maps are criticized (mainly by healthcare 
researchers and workers) for not being representative. Designers 
cannot generate the quantification of and correlations between the 
identified experience moments or touch-points. Given the above 
problems, this article explores a novel approach for patient journey 
mapping using existing databases of patient stories from online 
patient communities (community-level data). These databases 
provide a source for tens of thousands of first-hand patient stories 
about their care path and illness experiences. The approach is 
explored following two procedures of text mining techniques 
that allow for the inclusion of data from a broader population. In 
Study 1, we apply supervised machine learning, based on topic 
classification, to analyze stories written by cancer patients on a 
peer-to-peer social platform of the Canadian Cancer Society. In 
Study 2, we apply unsupervised machine learning, based on topic 
modeling, to analyze stories from patients belonging to a British 
online community for head and neck cancer that can be found on 
the website of Macmillan Cancer Support. 

These two studies taught us that analyzing online patient 
stories with machine learning techniques can lead to patient 
community journey maps based on community-level data that 

still maintain a highly qualitative and inspirational feel to inspire 
designers in their research. In addition to these traditional qualities 
of a patient journey, we also identified the frequency in which 
a particular experience occurred, interesting co-occurrences 
between experiences, and an ideation of possible new data types 
to be collected and provided for patients.

Notably, our approach is the result of a close collaboration 
between data scientists and designers. As such, our article 
contributes to a current fundamental discussion of design 
research and methodology about how data-driven methods 
and smart technologies could improve the design process and 
its outcomes (Bourgeois & Kleinsmann, 2023; Cooper, 2019; 
Giaccardi et al., 2016; Speed & Oberlander, 2016; Verganti et 
al., 2020). In particular, our approach provides a generic map 
of tens of thousands of online patient stories providing valuable 
insights to include collective patients’ perspectives in a healthcare 
design process. First, the generic map provides insights into the 
institutional arrangement of health experiences. The institutional 
arrangement refers to how social rules, norms, meanings, symbols, 
and cultures are created, diffused, and adopted (Scott, 1995). 
Patient experiences are highly integrated into the health system and 
society at large. Therefore, considering an institutional arrangement 
in the design process is crucial in developing successful design 
output. Second, a generic journey map provides designers with 
a benchmark in terms of interdependencies and the contexts of 
experiences. Such an example enables designers to identify the 
unique characteristics of individual patients compared to average 
trends (benchmark points). However, this can only be achieved 
when we understand what the average experience of people is and, 
thus, what rare conditions are. Third, involving tens of thousands 
of patient perspectives in design research increases the acceptance 
of design knowledge from health researchers and practitioners. It 
is only at this (community-level) scale that design research (often 
individual-level) and health research (often population-level) can 
start to have meaningful conversations about patient experiences. 
Therefore, our article aims to develop a design approach that can 
inspire other designers to understand large user group experience 
and to adapt it to their practices, be this within or outside patient 
journey mapping or the healthcare domain.

In the following sections, we will first discuss the 
characteristics of the patient journey map, online patient stories, 
and machine learning. This is followed by Studies 1 and 2, which 
present the approach used to analyze online patient stories, based on 
supervised (topic classification) and unsupervised (topic modeling) 
machine learning techniques and apply the analysis result to the 
traditional journey mappings. Finally, we will discuss and critically 
evaluate the use of our approach and provide our conclusion.

Background

Patient Journey Mapping 

A patient journey map is a specific application of customer 
journey mapping that visualizes the sequence of all events and 
touchpoints (i.e., before, during, and after) that a customer 
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experiences in interacting with a service or product (Richardson, 
2010; Zomerdijk & Voss, 2010). When such journey mapping is 
focused on the experience of a patient during their interaction 
with various formal and informal healthcare services provided 
under healthcare settings (Carayon et al., 2020; Carayon & 
Wooldridge, 2020; McCarthy et al., 2016; National Academies of 
Sciences, Engineering, and Medicine et al., 2018), it is called a 
patient journey map. The patient journey map is an effective tool 
for including patient-centric perspectives to improve the quality 
of the care path by investigating and visually expressing various 
behavioral, social, and psychological factors that can affect the 
experience of patients in regard to health services (Kushniruk et 
al., 2020; Manchaiah et al., 2013; Wheelock et al., 2014). 

In the current patient journey mapping approach, designers 
face a critical difficulty in expressing the complexity of the 
journey when representing a broader patient population in terms 
of interdependencies, constraints, perspectives, and the contexts 
of the experiences (Carayon et al., 2020; McCarthy et al., 2016; 
Rodrigues et al., 2021). This difficulty stems from the limitations 
of the current data collection and analysis methods. The 
conventional data collection method for constructing a journey 
map is often qualitative data collection, e.g., multi-disciplinary 
meetings, interviews, or ethnography (Ben-Tovim et al., 
2008; Madathil et al., 2020; Trebble et al., 2010). The labor 
intensiveness of qualitative data collection limits the number 
of patients explored to, at most, ‘tens’ of patients, which limits 
the full representation of a broader patient population. Further, 
qualitative thematic analysis is the conventional data analysis 
method used for constructing a patient journey map (Ben-Tovim 
et al., 2008; Madathil et al., 2020; Trebble et al., 2010). This also 
limits the number of patients studied because of the intensive time 
and procedural effort required for the analysis.

In this paper, we therefore explore a novel approach in 
two procedures that can add value to patient journey mapping 
by innovating data collection methods using large datasets of 
existing online patient stories and by the use of machine learning 
in text mining as a data analysis method. 

Online Patient Stories 

Online patient stories are a valuable, largely available, and 
relatively accessible source that reflects the experiences of patients 
regarding their care paths through self-narrations about their daily 
experiences of living with their illness and undergoing treatment 
services (e.g., experience, emotion, psychological suffering, and 
the need for support). These online patient stories result from 
Web 2.0, where large groups, i.e., online communities. (Preece 
& Maloney-Krichmar, 2003) with common interests share their 
experiences through intense interactions (Pramanik et al., 2020). 
The patient stories are written with the intention of asking questions 
of peers and care providers, as well as merely sharing experiences 
among peers (Pramanik et al., 2020). These stories provide a 
unique and rich database of patient experiences, which often also 
include both satisfaction and challenges with healthcare services 
and teams, or discussion regarding other determinants of health, 

such as social, cultural, and behavioral factors (Chakraborty & 
Church, 2021; Kilaru et al., 2016; Tran & Lee, 2017), that are not 
captured in a hospital database (Botto et al., 2019). 

The advantage of machine learning technology is that it 
permits analysis scalability given the vast amount of data that 
can be collected from social media, chat logs, online forums, 
and blogs (after appropriate privacy protection and permission). 
Although employing machine learning for patient story analysis 
still requires qualitative analysis work, such as building 
initial journeys and labeling topics, it requires less effort than 
conventional journey mapping given the same amount of patient 
experience to be analyzed. This means that massive data from 
online stories can be analyzed with a reasonable effort. 

Online patient stories for patient journey mapping exhibit 
three characteristics that assist us in overcoming the difficulty of 
representing a broad patient population: 

• A continuously growing, large-scale dataset: Online patient 
stories exist on a large scale (e.g., tens of thousands of stories 
on social platforms), which adds quantity to the journey maps. 
Further, new and existing users continuously generate new 
additional content.

• Patient-driven qualitative experience data: Online patient 
stories are driven and written from the patient’s motivation 
to share their experiences with others, which increases the 
reliability of the data because the patients on social platforms 
can describe their experience more spontaneously, sincerely, 
and extensively. This overcomes the risk of formal studies, 
for example, interviews, that ask specific questions and are 
prone to giving socially desirable answers (Beusterien et al., 
2012; Verhoef et al., 2014). 

• Low-cost data collection method: Using online stories is a 
relatively low-cost (time- and effort-efficient) method for 
large-scale data collection (Dellarocas, 2003); user data 
are collected without the time and effort spent to set up the 
studies (e.g., patient recruitment and time to collect data). 
With adequate retrieving technologies and paying attention to 
ethical considerations, thousands of in-depth experiences of 
patients can be collected in a considerably shorter amount of 
time compared to that when employing conventional methods.

However, the use of online patient stories continues to 
have several limitations that need to be focused on. These include 
that the patients analyzed still do not represent the entire patient 
population (Huppertz & Otto, 2018; Klein et al., 2018). There is still 
the likelihood of selection bias arising from biased and one-sided 
content, and self-selection bias is possible in that patients’ stories 
may be influenced by previous content (Li & Hitt, 2008). 

Further, nation- and illness-specific patient organizations 
often host and provide online space to share stories and 
communicate between patients and caretakers. The stories on the 
platform can be specific to a nation’s health system, for instance, 
as expressed by the role of general practitioners and the health 
insurance for specific types of illness. Thus, combining various 
platform data sources will be challenged by platform-specific 
characteristics pertaining to national health systems. 
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Therefore, we use this analysis result only as inspirational 
material, not as evidence of patient behavior. To explore the 
behavioral aspects with the least bias, we need to supplement 
patients’ online story analysis results with other studies that have 
adequate patient sampling methods, such as systematic and stratified 
methods. In summary, exploring ways of using online patient stories 
for patient journey mapping is important to advancing the use of 
patient experience mapping. Table 1 summarises the advantages 
and limitations of online patient story use.

Machine Learning in Text Mining
Machine learning is a form of artificial intelligence (AI) that 
mimics how humans learn in broad scalability (Jordan & Mitchell, 
2015; Verganti et al., 2020). The algorithms used in machine 
learning detect or predict patterns within large amounts of data, 
thereby unveiling hidden insights automatically (Murphy, 2012). 
The online patient stories used in this study comprise written 
sentences without any predefined data format. The extraction 
of meaningful patterns, through machine learning algorithms, 
from such unstructured text is called text mining (Hotho et al., 
2005). We explore machine learning for text mining to add novel 
perspectives to patient journey mapping by accessing larger-scale 
opinions and contexts of patients. This approach allows designers 
and researchers to efficiently utilize the value of online patient 
stories (McRoy et al., 2018; Murphy, 2012). 

There are two types of machine learning approaches: 
supervised and unsupervised learning (Murphy, 2012). Supervised 
learning predicts patterns within the data using the labeled 
(training) datasets created by humans (e.g., designers). In text 
mining, designers and researchers use supervised learning to build 
the classifier that learns how meaning is to be established (i.e., how 
designers labeled and categorized datasets). The learned classifier 
classifies data using the most probable label from the pre-defined 

labels created by the designers. At this stage, the supervised 
machine learning algorithm (i.e., the classifier) also enriches and 
quantifies the meaning (by generating patterns). Thus, the good 
performance of supervised learning requires a training dataset 
with a large number of and high-quality labeled text. Yet, creating 
such a training dataset (e.g., by manually labeling text documents) 
requires a significant amount of labor.

Unsupervised learning, on the other hand, discovers 
clusters or patterns within unlabeled datasets. Unsupervised 
learning does not provide an explicit explanatory description of 
the pattern’s meaning. In text mining, designers and researchers 
use unsupervised machine learning to build an algorithmic 
model that allocates the unlabeled text dataset to the required 
number of different clusters. To make the clustering meaningful, 
designers and researchers need to uncover and interpret the 
potential reasons for the resultant clustering. Consequently, 
designers and researchers who do not have sufficient knowledge 
about the context of the data analyzed may find it challenging to 
contextualize the patterns (i.e., interpret the meaning) generated 
from unsupervised machine learning.

In this article, we explore both supervised and unsupervised 
machine learning techniques to study how patterns arising from 
such techniques support the development of patient journey maps. 
It means that we use hybrid intelligence, utilise the complementary 
strengths of humans (designers and data scientists) and machine 
learning (Dellermann et al., 2019; Kamar, 2016). In supervised 
machine learning, designers create meaning from a small part of 
large dataset and machine learns the patterns of the meaning and 
applies this to the rest of the large dataset. In unsupervised machine 
learning, machine generates the patterns and humans create the 
meaning (interpret) from the pattern. Table 2 illustrates the different 
procedural approaches of supervised and unsupervised learning for 
patient journey mapping as a form of hybrid intelligence.

Table 1. Advantages and limitations of using online patient stories as a user data collection method for patient journey mapping. 

Advantages Limitations

Continuously growing large-scale dataset Selection bias

Patient-driven qualitative experience data Self-selection bias

Low-cost data collection method Lacking contextual cues

Table 2. Different procedures taken by researchers—supervised and unsupervised machine learning for patient community 
journey mapping. 

Machine learning types Initial step Follow-up step

Supervised 

Designers and researchers label the dataset using a part of 
the given dataset (create meaning). This leads to the first 
and rough identification of patient’s experience topics for 
patient journey mapping.

Machine learning (classifier technique) learns how the designers 
have labeled the dataset. After learning, it assigns other 
unlabeled datasets to one of the most probable labels. Machine 
learning techniques (another technique) can further quantify and 
reveal correlations in the patients’ experience topics. 

Unsupervised
Machine learning allocates the entire dataset (patient 
experiences) into an adequate number of clusters that do 
not have a specific contextual label.

Designers and researchers interpret, contextualize, and label 
each cluster of experience topics (create meaning). It leads 
to another set of information lists identified, related to patient 
experience to be added on patient journey mapping.
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Studies for Approaching Patient 
Community Journey Mapping through 
Data-Driven Techniques 
We present two studies to explain the potential value of using online 
patient stories with machine learning to create patient community 
journey maps: Study 1 creates a general cancer journey based on 
supervised machine learning, and Study 2 creates a head and neck 
cancer journey based on unsupervised machine learning. Each 
study comprised three steps: preparation, analysis, and creation of 
additional patient experience information on the patient journey 
map; these three steps are summarised in Figure 1.

We also considered the ethical and privacy concerns of 
using online patient stories for both studies. Although data on 
social platforms are considered publicly available data (Moreno 
et al., 2013), we believe that designers and researchers should 
inform platform developers or the authors of the stories about 
the research. We sought guidance from the university’s human 
research ethics committee in this regard so that ethical and 
privacy concerns were met and the study design was subsequently 
approved by the University Human Research Ethics Committee. 
Based on the committee’s advice, we removed all direct (e.g., 
name, address, zip code, telephone number, voice, and picture) 
and indirect identifiers (e.g., institutional affiliations, occupation, 
and geographic region) before analyzing the data. Further, we 
informed the platform developers (via email) about the research.

Study 1: Supervised Machine Learning  
(Topic Classification) to Develop a Patient 
Community Journey

Step 1 ‘Preparation’: To Decide Data and Construct 
an Initial Journey Map

The first step required determining and preparing the dataset for 
the study. To do so, designers searched for an online platform to 
collect data that matched the requirements of our research. The 
designers identified whether the platform had stories written by 
the target audience of the study (in our case, cancer patients), 
had a large number (tens of thousands) of stories for effective 
and useful machine learning analysis, and which were written in 
English to be understandable by all the researchers in determining 
the types of online patient stories analyzed. Designers and data 

scientists used patient stories from the Canadian Cancer Society 
(https://cancerconnection.ca/) social platform. It has a Forum 
section comprising eleven sub-sections, wherein patients discuss 
their care-path experiences (see Appendix 1). Each sub-section 
has threads that include the first posts and replies to the posts 
(see Appendix 2). We did not distinguish between the two and 
considered each as independent individual stories. Thus, each post 
is a story unit included in our study. 

The posts on this platform were mainly online patient 
stories about themselves: reflections about their daily life at home 
and in the hospital, descriptions of experiences and contexts of 
being diagnosed, undergoing treatment, and living with cancer 
(e.g., concerns, symptoms, treatment, coping strategies, barriers 
to change). Included posts were requests for information related 
to their care trajectory, emotional and social support, and sharing 
their health status or other experiences. The stories were mainly 
created by patients (peer-to-peer), and sometimes also by family 
members (caretakers). 

Some patients or family members specify their health 
status in their posts or their personal profiles (e.g., which cancer 
type or stage of cancer development they are experiencing). 
However, we did not include data about personal health 
status. Even though such data would allow us to correlate care 
path experience to health status we did not want to include 
such personal health data in the analysis to avoid the use of 
identifiable information. (This was also recommended by our 
ethical committee). The data we used are the posts created from 
December 2010 to November 2020.

One lead designer and six master design students 
constructed the initial patient journey map based on a thematic 
analysis (annotation) of 137 stratified, randomly sampled posts 
from all 11 sub-sections of the platform. The lead designer was 
experienced with data-driven pattern design projects over the past 
three years before being involved in this case. She supervised 
the six design students involved in this process who had no 
previous experience with data-driven design approaches before 
this particular design study. They applied a sentence-by-sentence 
analysis approach (separating posts based on punctuation) to 
inspect the types of experience topics mentioned in each post. 
Since each post contained multiple sentences with different topics, 
it was sufficient to analyze them on a sentence level to identify all 
patient story topic categories within each post. A data scientist 
explored together which document level of text analysis is most 

Step 1 Preparation

• Decide types of online 
story data to use

• Ethical approval on 
data use

• Construct an initial 
journey map

Step 2 Analysis

• Extract patients' 
experience topic 
categories by 
machine learning 
techniques and 
designers

Step 3 Creation

• Interpret data analy-
sis results

• Apply analysis 
results to the initial 
journey map

Figure 1. Patient community journey mapping procedure for Studies 1 and 2.
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adequate: by sentence or post. The data scientist had ten years of 
working in text mining but had never worked collaboratively with 
designers before. 

To explain the thematic analysis procedure, the six master 
design students were divided into three groups (each assigned to 
two students, with 45, 46, and 46 posts, respectively). In each 
group, the two students independently conducted qualitative 
data coding for the given posts. They interpreted each sentence 
of the posts using descriptive code. Then, they clustered similar 
descriptive codes and labeled each cluster with a narrative code. 
Their independent analysis was followed by a review of each 
other’s interpretation to see where their clustering should be 
further aligned. Next, the six design students and one lead design 

researcher examined all codes and sentences together to examine 
how everyone could agree upon clustering outcomes. This 
procedure of double coding was to achieve higher reliability of the 
coding results (Blessing & Chakrabarti, 2009). The entire process 
took around three weeks, and the outcome became the basis 
of the training dataset for the next step of conducting the topic 
classification (supervised machine learning model). As a result of 
this procedure, four main phases within the cancer patient journey 
were distilled by this analysis: receiving a diagnosis, undergoing 
tests and making a decision for treatment, undergoing treatment 
and suffering side effects, and living life after cancer and fifteen 
experience topic categories were identified (the white square 
cards within each phase, as indicated in Figure 2).

(a)

 
(b)

 
Figure 2. Initial cancer patient journey map based on manual thematic analysis of 137 stories. Part b is a continuation of part a.
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Step 2 ‘Analysis’: To Extract the Experience Topic 
Categories and Patterns 

In the second step, we extracted the topic categories of the 
care path experiences and detected valuable patterns between 
experience topic categories by applying a supervised machine 
learning algorithm (topic classification) to the entire dataset 
(patient stories, posts). This step included two sub-steps, as 
indicated in Figure 3. In Step 2a-supervised, designers manually 
created and improved the training dataset; a data scientist built 
the classifier by pre-processing and using the training dataset. In 
Step 2b-supervised, the data scientist applied machine learning 
algorithms, including the classifier to the entire dataset to quantify 
and find the relationships between experience topic categories.

Given the topic of our study and the efficiency of building 
high-quality training datasets within the limited time, we focused, 
in this step, on one of the four identified phases of the initial patient 
journey map elicited in Step 1. We selected the stories within 
‘undergoing treatment and suffering side effects’ which comprised 
a total of 14,391 posts (with 112,758 sentences). We applied a 
sentence-by-sentence analysis approach (separating posts based 
on punctuation) to inspect the types of experience topic categories 
written by the patients. Each post contained multiple sentences with 
different story topics and the analysis of these stories on a sentence 
level was sufficient to identify all topic categories within each post.

A data scientist in our team applied two machine learning 
techniques to extract valuable patterns from the entire dataset: 
the first being topic classification and the second, association rule 
mining (ARM). The topic classification is for the classifier to learn 
how designers classified the topic categories of the sentences in the 
previous step (Step 1) and then to assign the sentences of the entire 
dataset into the most probable topic categories among the pre-defined 
topic categories. ARM finds a co-occurring relationship between 
each experience topic category. It is an if-then rule comprising an 
antecedent and a consequent. It provides the value of the ratio of 
users mentioning a set of co-occurring topics compared to all users. 

The data scientist performed the topic classification (i.e., 
extracting the experience topic categories) by using the training 
dataset belonging to the undergoing treatment and suffering side 
effects phase from Step 1 (the initial annotation through thematic 
analysis). To do that, the data scientist first pre-processed the 

sentences of the training dataset by eliminating stop words (e.g., 
you, but, and in), changing all terms (i.e., words) to lowercase 
(e.g., from Cancer to cancer), and lemmatising all terms (e.g., 
from pills to pill). Further, he applied customized rules to delete 
sentences in which words or phrases were common in the 
sentences but non-contextual. Additionally, the data scientist 
built a classifier by applying the following machine learning 
method to the pre-processed dataset: term frequency-inverse 
document frequency (TF-IDF) vector (Salton & Buckley, 1988), 
non-negative matrix factorization (NMF; Févotte & Idier, 2011), 
random forest (RF; Breiman, 2001), and grid search approaches 
(Pedregosa et al., 2011). The classifier learns how designers 
(design students) categorised the sentences into certain clusters 
(as done in Step 1) and then categorizes unlabeled sentences to 
the most probable category (cluster) among the categories created 
by the designers (conducting topic classification). Specifically, 
each pre-processed sentence of the training dataset was first 
transformed into a TF-IDF vector, a set of numerical weights 
indicating how important a particular word is to each sentence. A 
high TF-IDF value is given to a term in a sentence when the term 
frequently appears in the sentence but occasionally appears in 
other sentences. As a result, each sentence of the training dataset 
gets its TF-IDF vector and its topic category (one of the twelve 
identified previously). The classifier then learns the patterns 
for classifying each sentence into a particular topic category by 
applying NMF and RF. The classifier uses NMF to transform the 
TF-IDF vector into a meaningful input of RF. RF is used to predict 
the topic category of each sentence given the corresponding input. 
The grid search approach was applied to tune the hyperparameters 
and hence optimize the classifier performance. The data scientist 
evaluated the classifier’s performance through cross-validation, 
where 80 percent of the training dataset was used to train the 
classifier, and then the left 20 percent was used to test the classifier 
performance. The initial classifier showed bad performance; only 
less than 40 percent (in average) of the classified sentences had 
the same category as the original category the designers made.

To enhance the classifier performance, the seven designers 
(students and lead designer) modified the training dataset by 
re-grouping or eliminating topic categories if they proved difficult 
to distinguish from other topic categories. For example, the 
perspective topic from Step 1 (about putting things in perspective 
to make a situation more bearable) had many overlapping keywords 

Step 2a-supervised: The manual 
extraction of experience topics

• Use the dataset of the initial thematically analysed sentences from Step 1 as initial 
training dataset

• Pre-process the training dataset
• Build a classifier (machine learning algorithm) that learns how humans have classi-

fied the topics of posts in the training dataset
• Improve the quality of the training dataset by re-grouping closely related categories 

and check if all sentences belong to the correct category 
• Label each topic category that can represent all sentences in each category (cluster)

Step 2b-supervised: Running 
machine learning algorithm

• Pre-process the entire dataset
• Apply the learned classifier to 

predict the category of the 
unclassified sentences in the 
dataset (topic classification)

• Apply association rule mining 
(ARM) to determine the ratio of 
co-occurring topic categories 

Figure 3. Analysis procedure of step 2 with supervised machine learning techniques (topic classification and association rule mining).

http://www.ijdesign.org


www.ijdesign.org 26 International Journal of Design Vol. 17 No. 2 2023

Advancing Design Approaches through Data-Driven Techniques: Patient Community Journey Mapping Using Online Stories and Machine Learning

with other topic categories, so this topic was eliminated. Another 
example is that sentences belonging to the emotional rollercoaster 
topic (about sudden mood shifts of patients) were re-assigned 
into the stay positive and dark thoughts topics due to the many 
overlapping keywords with these categories. The designers also 
eliminated some sentences in the ‘emotional rollercoaster’ that 
were difficult to assign to one of the other two topics. As a result, 
three topic categories created in Step 1 were merged or eliminated 
(89 out of 581 sentences) were eliminated from the initial dataset. 
Further, the designers closely inspected whether all classified 
sentences belonged to the correct category. They did this by reading 
each sentence and its processed keywords, which the classifier uses 
in its analysis, of each sentence (for example, the sentence “drink 
TONS of water stops me from feeling nauseous” was checked if 
it is assigned to the correct category by inspecting its processed 
keywords: drink, tons, water, stop, feel, and nauseous).

Ultimately, the designers and a data scientist conducted five 
cross-validation cycles and improvements to the training dataset 
(by repeating the above task and running cross-validation checks). 
This resulted in 492 sentences for the training dataset distributed 
over twelve topics. The final classifier performance for the dataset 
improved; 66 percent (on average among the twelve categories) 
of the sentences in the classifier are classified the same as the 
categorization that designers originally made. Although the final 
classifier performance measures have improved over the initial 
measures, the data scientist was unsatisfied with the outcome. 
However, the designers found the classifier was still inspiring and 
satisfying to proceed further. The data scientist had the opinion to 
further simplify the topic categorization that designers made and 
generated (or labeled) more learning datasets; the designers wanted 
more than just simple categorization between the sentences in the 
dataset. As an example, designers wanted the topic of wanting to 
have an understanding relationship with the medical team (effective 

communication, information, and respect) instead of the medical 
team. However, the designers discussed with the data scientist that 
the current level of complexity (including more context) in the 
categorization is adequate for designers’ inspiration, and there is 
less value in having further precise categorization which requires 
more designers’ labor. Designers already analyzed a part of the 
entire dataset and derived topic categories of the patient experience. 
Thus, further improving the performance was not worth it. It is 
because the topic classification was used as inspirational material, 
not as evidence of patient behavior, to be supplemented with other 
design tools or methods such as in-depth interviews or co-creation 
sessions. Thus, the adequate amount of a training dataset to realize 
that classifier performance depends on the complexity and the 
difficulty of the topic categorization the designers want, given 
requirements set in concertation with other stakeholders. 

The labels of each topic category, obtained from categorising 
(thematic analysis) sentences, and the number of labeled sentences 
for each theme are presented in Table 3. A total of 492 labeled 
sentences were used as the training dataset that the algorithm uses 
to learn how designers assigned each sentence to one of the twelve 
topic categories.

Step 2b-supervised required four steps in running the 
machine learning algorithm to find the valuable quantification 
(frequency) of and relations (co-occurrence) between experience 
topic categories within the entire dataset. In the first step, the data 
scientist pre-processed the entire dataset as did in the previous step 
(e.g., eliminating stop words and lemmatizing all terms). Then, the 
classifier developed in Step 2a-supervised was applied to the entire 
dataset (112,758 sentences) which was pre-processed and each 
sentence was assigned to the most relevant one among the twelve 
topic categories. Table 4 summarises the number of sentences 
assigned to each category in the number of given sentences. The 
number and percent of posts in each category were counted and 

Table 3. Number of sentences labeled to each topic. 

Category The label of each topic category Number of labeled sentences

0 Being/attempting to be positive in the cancer journey 20 (4%)

1 Dealing with overwhelming fatigue in daily life 28 (6%)

2 Performing appropriate physical exercise for better recovery 40 (8%)

3 Experiencing eating/drinking issues and finding (diet-related) solutions 64 (13%)

4 Experiencing negative feelings (depression, anxiety, and loneliness) in the cancer journey 30 (6%)

5 Experiencing physical side effects from the treatment and finding ways to counter-act these 97 (20%)

6 Finding out how to combine work with treatment recovery 16 (3%)

7 Getting support from family, friends, and peers but also dealing with misun-derstanding and estrangement 32 (7%)

8 Making a conscious decision for personal care/health by comparing the quality and quantity of life 32 (7%)

9 Sharing cancer news with others using a medium that suits the patient 22 (4%)

10 Undergoing treatment procedures 78 (16%)

11
Wanting to have an understanding relationship with the medical team (effective communication, 
information, and respect)

33 (7%)

Total 492 (100%)
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presented in the last column of Table 4 to observe how often the 
posts (not sentences) claim each experience topic category. Thus, 
the designers could obtain a numerical weighted value (frequency) 
for the patient’s experience and identify how many posts include the 
sentence belonging to one of the twelve topic categories identified 
by the designers. As an example, 3356 posts (23 percent of all 
posts) of patients talk about being and attempting to be positive in 
the treatment and side effect phase of their cancer journey.

In the final, fourth step, the data scientist applied ARM to 
the entire dataset already classified into each corresponding topic 
category in the previous steps. The ratio of the co-occurrence 
relationship between each topic category was determined. 
ARM identified the confidence values which indicate how often 
the identified rule—if a set of topic categories (antecedent) is 
discussed by a patient, another set of categories (consequence) 
is also mentioned by the same patient—is valid for all patients 
(Agrawal et al., 1993). This resulted in sixty co-occurring 
relationships, partially presented in Table 5. As an example, rule 
0 shows that if more than one sentence of a patient talks about 
‘being and attempting to be positive in the cancer journey,’ there 
is a 79 percent chance that more than one sentence of the patient 
also talks about experiencing physical side effects from treatment 
and finding ways to counteract these.

Step 3 ‘Creation’: Applying the Analysis Outcome to 
the Initial Patient Journey Map

As the third step, designers applied the machine learning outcomes 
from the previous steps to the initial patient journey map. As 
already mentioned, the analyzed data were only for the undergoing 
treatment and suffering side effects phase and the designers 
therefore explicitly applied the outcome to this phase. Figure 4 
shows an overview of the final patient journey map. The final patient 

community journey map comprises twelve experience topic cards 
for the undergoing treatment and suffering side effects phase. 

To specify, topic classification and ARM provided the 
designers with quantification of patients’ experience topics as 
well as insightful relationships between these topics. Based on 
this, designers added three layers to the initial journey map, as 
shown in Figures 4, 5, and 6. In the first layer (Figure 4), designers 
presented the twelve topics generated from Step 1 and Step 2; the 
label of the experience topic is displayed with a relevant image. In 
the second layer (Figure 5), designers expressed the quantification 
of experience (i.e., how many sentences are classified into the 
topic clusters) through the size of the card (proportional to the 
number of stories mentioned in the topic) and the darkness of its 
color (with darker colors indicating a higher number of stories 
mentioned). The designers also indicated percentage-wise how 
often each topic was mentioned. To increase the contextual 
understanding of each topic, designers added representative 
quotes from the sentences used for the training dataset. In the 
third layer (Figure 6), designers displayed insightful relationships 
between the different experience topics through the thickness of 
the linkage-line between the antecedent and consequent topic 
cards (with thicker lines indicating higher relevance).

Designers initially derived the twelve experience topic 
categories from their readings of the sampled posts in Steps 
1 and 2. In addition, through the process of improving the 
classifier performance, they could reconsider the quality of their 
topic categories. However, despite the insufficient classifier 
performance, designers were still satisfied with the research 
outcomes. This is because they used the findings as inspirational 
material for the next design phase, not as evidence for making 
decisions. Designers supplemented the analysis results with other 
user studies (e.g., co-creation sessions with medical experts and 
patients) that provided adequate validation.

Table 4. The number and percentage of stories related to the experience topic.  

Category Number of 
assigned 

sentences

Number of  
stories (% of  
total stories)No. Label

0 Being/ attempting to be positive in the cancer journey 4207 3356 (23%)

1 Dealing with overwhelming fatigue in daily life 8261 5154 (36%)

2 Performing appropriate physical exercise for better recovery 3670 3356 (23%)

3 Experiencing eating/drinking issues and finding (diet-related) solutions 10786 6286 (44%)

4 Experiencing negative feelings (depression, anxiety, and loneliness) in the cancer journey 5718 4044 (28%)

5 Experiencing physical side effects from treatment and finding ways to counter-act these 23081 10282 (71%)

6 Finding out how to combine work with treatment recovery 2824 1990 (14%)

7 Getting support from family, friends, and peers but also dealing with misunderstanding and estrangement 10746 6320 (44%)

8 Making a conscious decision for personal care/health by comparing the quality and quantity of life 7324 4877 (34%)

9 Sharing cancer news with others using a medium that suits the patient 7215 4848 (34%)

10 Undergoing treatment procedures 21945 9454 (66%)

11
Wanting to have an understanding relationship with the medical team (effective communication, information, 
and respect)

6981 4712 (33%)
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Table 5. Some results of association rule mining (extended version is in Appendix 3). 

 Rule Antecedents Consequents Confidence

0 Being/ attempting to be positive in the cancer journey
Experiencing physical side effects from treatment and finding 
ways to counter-act these

0.79

1
Experiencing physical side effects from treatment and finding 
ways to counteract these

Being/ attempting to be positive in the cancer journey 0.26

2 Undergoing treatment procedures Being/ attempting to be positive in the cancer journey 0.26

3 Being/ attempting to be positive in the cancer journey Undergoing treatment procedures 0.72

4
Experiencing eating/drinking issues and finding (diet-related) 
solutions

Dealing with overwhelming fatigue in daily life 0.44

… … … …

55
Making a conscious decision for personal care/health by 
comparing the quality and quantity of life

Undergoing treatment procedures 0.74

56
Sharing cancer news with others using a medium that suits the 
patient

Undergoing treatment procedures 0.70

57 Undergoing treatment procedures
Sharing cancer news with others using a medium that suits the 
patient

0.40

58 Undergoing treatment procedures
Wanting to have an understanding relationship with the medical 
team (effective communication, information, and respect)

0.37

59
Wanting to have an understanding relationship with the medical 
team (effective communication, information, and respect)

Undergoing treatment procedures 0.74

Figure 4. An overview of the interactive cancer patient community journey map including machine learning analysis results for 
the ‘undergoing treatment and suffering side effects’ phase.
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Figure 5. The second layer of one experience topic card with the percentage of patient posts that mention 
the topic (the result of topic classification).

Figure 6. The third layer of one experience topic card shows the co-occurrence relation between the 
experience topics (the result of association rule mining).
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Study 2: Unsupervised Machine Learning (Topic 
Modeling) to Develop a Patient Community Journey

Step 1 ‘Preparation’: To Decide Data and to 
Construct an Initial Journey Map.

The first step in Study 2 was the selection of the dataset to explore 
and develop an initial journey map based on the three criteria 
explained in Study 1. We decided to use the head-and-neck cancer 
patient group forum in the Macmillan Cancer Support Online 
Community  (https://community.macmillan.org.uk/cancer_types/
head-neck-cancer-forum). We collected both the first posts and 
replies as individual stories (giving a total of 30,037 posts; an 
example is given in Appendix 4). We removed all direct and 
indirect identifiers to adhere to the confidentiality requirements.

The posts on this platform had the same characteristics as 
Study 1, except that it had a group page particularly dedicated 
to head-and-neck cancer patients. Thus, the platform had online 
patient stories consisting of self-narration and reflections about 
their daily, contextualized experiences of living with head-and-neck 
cancer and undergoing treatment. The stories were made mainly 
through interaction among patients and family members. As in 

Study 1, some users described their health status in the post, but 
here again we did not include health status in our study to avoid the 
risk of including identifiable data. The data we used are the posts 
created from October 2009 to November 2020. Two designers of 
Study 1 were involved in this process: the lead designer who has 
experience working with data-driven approaches, and one design 
student who had experience with Study 1. The same data scientist 
from Study 1 was involved in this study.

To construct the initial patient journey map, designers used 
the head-and-neck cancer patient care path that our project partner, a 
medical doctor from a Dutch academic hospital, shared in the form of 
a flowchart. The flowchart and the phases of the care path included 
the types of stakeholders involved and the types of information 
provided to and collected from the patient. Further, designers 
referred to the information booklet given to patients for their first 
cancer diagnosis visit. The designers took all the information from 
the flowchart and the booklet and visualized it as a patient journey 
map, as indicated in Figure 7. The top part of the journey map shows 
the types of care path phases, activities, and stakeholders involved. 
The bottom part shows the information and data currently provided 
to and collected from patients in each care path phase. 

 
Figure 7a. The visualized version of the initial patient journey map.
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Step 2 ‘Analysis’: Extraction of Experience Topics 

The second step used an unsupervised machine learning (topic 
modeling) algorithm to extract topics of the online patient stories 
collected from the first step. This step included two different phases, 
as shown in Figure 8. Step 2a involves applying an unsupervised 
machine learning algorithm for text mining, called Latent 
Dirichlet Allocation (LDA; Blei et al., 2003), with the dataset to 
cluster the stories in the dataset according to topic similarity. Step 
2b-unsupervised involves extracting topics manually from the 
discovered clusters. Three activities were performed to extract the 
topic clusters in the dataset using LDA (Step 2a-unsupervised).

In the first activity, the data scientist pre-processed the 
dataset to enhance LDA performance. This was done to remove 
all stop words, digits, and hyperlinks (via algorithm), make all 
words lowercase and lemmatized (via algorithm), and delete the 
words or phrases common in the posts but non-contextual (by 
manually scanning the stories).

In the second activity, the data scientist applied LDA to the 
pre-processed dataset. The LDA automatically discovers sets of 
keywords that appear frequently in certain documents but not in 
others (Blei et al., 2003). Given that a sentence consists of too few 
words, a post-by-post analysis (instead of sentence-by-sentence) 
was performed to extract good keyword combinations. For 

 
Figure 7b. The visualized version of the initial patient journey map. This is a continuation of Figure 7a.

Step 2a-unsupervised: Running 
machine learning algorithm

• Pre-process entire dataset
• Choose the optimal number of topic 

clusters based on coherence score
• Algorithm (Topic Modelling) allocates 

the dataset into the optimal number 
(that we chose) of clusters

Step 2b-unsupervised: The manual 
extraction of experience topics

• Extract fifty most representative posts for 
each cluster using corresponding score

• Interpret the fifty posts for each cluster as 
a group to discuss the main topic of each 
cluster

• Label the cluster based on the discussion

Figure 8. The procedure of conducting Step 2 (analysis) with unsupervised machine learning (topic modeling).
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each post, the LDA model estimates probabilities that the post 
corresponds to each topic cluster and assigns each post to a topic 
cluster with the highest probability. The number of posts and 
percent columns of Table 6 present the topics’ distribution across 
the stories. Further, LDA shows ten keywords that summarise the 
main content of the online patient stories cluster that differentiates 
it from the others. The ten representative keywords column of 
Table 6 shows the most representative keywords for each cluster. 

In the third activity, the data scientist suggested the optimal 
number of topic clusters based on a coherence score (Newman et al., 
2010). Based on his suggestion and the designers’ need for insightful 
and diverse topics, we chose the optimal topic number to apply for 
topic modeling. It means data scientist provided either 20, 25, or 30 
as the candidates on the optimal number of topic clusters because 

they had (close to) the highest coherence scores (See Appendix 5). 
Given this advice, the designers compared the three options for topic 
clusters. They then selected the topic cluster number that provided 
the best insights where the topic clusters were diverse and distinctive. 
This selection was made by reviewing the keywords of each topic 
(see Table 6) and reading the most relevant 50 posts to each topic 
cluster (provided by the data scientist) to confirm the meaning of 
each topic in each cluster. Designers also checked whether the data 
scientist should exclude certain words or phrases. For instance, a 
greeting among patients kept being copied in posts that could be 
deleted to increase the quality of topic modeling. In the end, the 
designers confirmed that the twenty-five clusters listed in Table 6 
were the best solution, and the data scientist finalized the 25 topic 
clusters resulting from applying LDA to the entire dataset. 

Table 6. Topic modeling results. 

Cluster Ten representative keywords* No. of posts Percent

0 regard, suggest, kind, story, carcinoma, book, dissection_reconstruction, flap_postoperative, holiday, comment 1388 5%

1 soup, soft, calorie, dietician, meal, ensure, add, diet, milk, cream 1790 6%

2 information, forum, party, join, link, line, number, member, thread, medical 1494 5%

3 symptom, specialist, nose, test, worried, refer, ent, blood, voice, concern 1543 5%

4 stuff, slowly, tip, stick, lack, improvement, appetite, eating, hot, slow 897 3%

5 pay, job, local, health, lucky, nhs, form, medical, system, benefit 1136 4%

6 spread, lymph_node, primary, MRI, left, sign, large, cell, gland, lung 1518 5%

7 wife, man, fight, daughter, son, child, strength, age, heart, young 1554 5%

8 bed, eye, minute, sit, spend, watch, close, drive, listen, move 1186 4%

9 rest, half, tired, walk, step, fatigue, road, ready, plenty, sense 1192 4%

10 type, option, decide, explain, outcome, decision, cure, chance, info, discuss 1071 4%

11 word, metastatic_scc, run, fact, learn, load, pass, describe, wake, bother 842 3%

12 relief, morphine, drug, painkiller, painful, hurt, prescribe, tablet, dose, liquid 1168 4%

13 skin, exercise, heal, scar, speech, flap, arm, muscle, shoulder, swell 1476 5%

14 return, dani_squamous, continue, update, progress, HPV, fingers_crosse, pleased, quick, therapy 1202 4%

15 advise, chemotherapy, cisplatin, loss, complete, difference, ear, due, hair, short 815 3%

16 write, message, phone, chat, forget, contact, add, profile, ring, detail 1193 4%

17 saliva, mucus, ulcer, buy, burn, cough, mouthwash, rinse, spray, product 1705 6%

18 affect, afraid, floor, concern, extremely, main, person, procedure, reaction, depend 901 3%

19 realize, nice, amazing, light, wonderful, lovely, cold, share, lucky, wear 949 3%

20 sick, rig, stomach, med, nausea, admit, ensure, awful, nutrition, fluid 1135 4%

21 yesterday, meet, touch, honest, date, guy, lol, bring, totally, lovely 1072 4%

22 dentist, low, top, jaw, dental, bone, mine, oral, leg, bite 985 3%

23 partner, infection, feeling, turn, fear, scary, situation, scare, stress, horrible 1071 4%

24 quickly, guess, move, imagine, ahead, grateful, process, prepare, begin, shock 754 3%

Total 30037 100%

Note: The keyword position indicates its representativeness for the topic (the first keyword is the most representative).
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Step 3 ‘Creation’: Applying the Analysis Result to the 
Initial Journey Map 

As the step to creating the insights for the journey map from the 
LDA outcome, the data scientist retrieved the top 50 relevant posts 
(that have the highest dominant topic score) for each of all the 25 
topic clusters. While LDA identified the clusters, it did not provide 
an explicit meaning of the topic of each cluster. Therefore, the 
designers interpreted the meaning of the topic of each cluster by 
reading its top 50 relevant posts as well as its ten representative 
keywords (second column of Table 6). The fifty posts were the 
posts with the highest probabilities of the corresponding topic from 
LDA. The designers labeled the topic with the commonly shared 
topic. Two designers (the first and third author) discussed together 
to derive the label name. The designers derived the common 
topic after reading around the top 30 posts and used the 20 left 
posts to confirm the topic’s validity. As an example, the designers 
read the top 50 relevant posts for Topic 3 (symptom, specialist, 
nose, test, worried, refer, ent [ENT: ear, neck, and throat], blood, 
voice, concern) and labeled it as their [patients’] worries related 
to potential cancer symptoms and need for guidance on these 
uncertainties. The third column in Table 7 (i.e., Topic label) shows 
the common topics/label for each topic cluster.

Given that the online stories are patients’ questions and 
discussions about their care-path experience, the designers further 
interpreted the topic’s labels as information the patients have 
doubts about or need guidance on during their care path. For 
example, designers interpreted Topic 3, their [patients’] worries 

related to potential cancer symptoms and need for guidance on 
these uncertainties, as the patient’s need for support to alleviate 
the worry about uncertain symptoms of having cancer. 

The designers also could identify the moment patients 
expressed this need in their journey by looking at the contexts of 
the associated representative posts. For this need (Topic 3), the 
designers found that patients expressed it mostly in the intake 
phase, the first phase of the initial care path. 

Similarly, the designers could identify patient (information) 
needs and the identified moments of needs for all 25 topics. Based 
on this interpretation and moment of the needs, the designers 
assign these needs to the appropriate moment in the initial patient 
journey map constructed in Step 1. The fourth column (i.e., 
Interpretation) in Table 7 shows our interpretation of the needs 
expressed by patients and the relevant phase in their care path. 
The whole interpretation is given in Appendix 6. 

As our next step, designers plotted the identified 
(information) needs and moments (phase) on the initial patient 
journey map, as shown in Figure 9. The added ‘information 
needs (found from topic modeling and interpretation)’ can be 
found in the lower section of the patient journey map. In the 
green area, information icons show the information that needs 
to be/is provided to the patient. The red bar shows information 
icons related to the information that should be/is collected from 
the patients. Designers illustrated the information provided and 
collected in the current practice with full-color icons. The new 
opportunities to collect and provide information that is found from 
topic modeling analysis are presented as black-and-white icons. 

Table 7. Designer’s interpretation of the topic for each cluster (full version in Appendix 6). 

Topic 
group Ten representative keywords

Topic label 
(Patients discuss and share their experience 
about ...)

Interpretation 
(Patients need for ... / Phase of care path it 
belongs to)

0
regard, suggest, kind, story, carcinoma, 
book, dissection_reconstruction, flap_
postoperative, holiday, comment

Having holidays, and how to arrange them with 
travel insurance.

Tips for a special event / follow-up

1
soup, soft, calorie, dietician, meal, ensure, 
add, diet, milk, cream

What they can eat/drink and recipes to make it 
edible during their recovery phase.

Tips on food and drink ingredients and cooking 
recipes / treatment & follow-up

2
information, forum, party, join, link, line, 
number, member, thread, medical

What each treatment does and what the side/late 
effects are.

Sufficient information about treatment and side 
effects / treatment decision conversation & consult

3
symptom, specialist, nose, test, worried, 
refer, ent, blood, voice, concern

Their worries related to potential cancer 
symptoms and need for guidance on these 
uncertainties

Support to alleviate the worry about uncertain 
symptoms of having cancer / intake

… … … …

21
yesterday, meet, touch, honest, date, guy, 
lol, bring, totally, lovely

The positive feeling about meeting, sharing 
stories, and helping between platform peers

Peer support possibilities/ throughout all phases

22
dentist, low, top, jaw, dental, bone, mine, 
oral, leg, bite

How to deal with mouth-related issues 
(reconstruction and appearance) after jaw surgery

Support for appearance change after the surgery 
/ follow-up

23
partner, infection, feeling, turn, fear, scary, 
situation, scare, stress, horrible

Negative feelings that their partners are also 
often worried 

Support for dealing with negative feelings / 
throughout all phases

24
quickly, guess, move, imagine, ahead, 
grateful, process, prepare, begin, shock

Being shocked after being diagnosed with cancer
Support for the first encounter with cancer/ intake 
& diagnostic
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Figure 9. A part of the patient community journey map that is applied with unsupervised machine learning techniques for online 

patient stories. 
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Reflection on the ‘Designerly Use’ of 
Online Patient Stories and Machine 
Learning to Create Patient Community 
Journey Mapping
Based on our two studies, we reflect on what has worked and what 
did not work in terms of comparing supervised and unsupervised 
machine learning applications. First, the use of supervised machine 
learning models implies that an algorithm (machine), built by data 
scientists, learns and repeats on the basis of a preceding designerly 
activity (Cross, 1982)—that is, designers derive meaning from a 
small number of online patient stories. Next, the machine, built 
by data scientists, learns how such meaning is derived and applies 
its learnings to the rest of the online patient stories. In this way, 
supervised machine learning can quantify what designers have 
qualitatively derived. However, designerly activities are likely to 
have abductive reasoning as a basis, and this is difficult for the 
machine to learn (Stoimenova & Kleinsmann, 2020; Stoimenova 
& Price, 2020). And the more complex the task, the more data 
is required for supervised machine learning to reach the level. 
Thus, quantifying designers’ descriptive and contextual topics can 
require an enormous training dataset for the machine to learn and, 
therefore, also need considerable time and effort from designers. 
For this reason, designers and data scientists should then carefully 
evaluate whether the value of quantification through supervised 
machine learning is worth the amount of time and effort that has 
to be spent on building the training dataset. 

Second, applying unsupervised machine learning to online 
patient stories means applying a designerly activity to the results 
from the machine learning the data scientist built. The data 
scientist’s analysis outcome gives designers an overview of what 
topic clusters can be found in an enormous amount of text. The 
designers then make creative interpretations to identify the context 
of topics. However, finding a good number of topic clusters can be 
challenging. In our design Study 2, we opted for 25 clusters, the 
same as the optimal number suggested by the machine and data 
scientist. Still, there were also two other viable solutions we had 
to study carefully. Unlike Study 2, the data scientist and machine 
learning may also set optimal numbers for clusters far higher or 
lower, and thus be of a lot of effort required to interpret or little 
inspiration for designers. For designers, a good number of clusters 
will consume a reasonable amount of time and effort to interpret 
but still provide enough variety of insightful information. What 
can be considered a reasonable effort and a good result can differ 
from designer to designer (and data scientist to data scientist), 
which means that the choice for a number of topic clusters is 
often subjective. Therefore, using unsupervised machine learning 
in journey mapping does not provide an absolute overview of the 
topics; designers and data scientists should know how to balance 
the machine (data science)’s optimal values and the values that 
can inspire designers.

Third, both supervised and unsupervised machine learning 
outcomes are probabilistic. Both machine learning approaches 
assess how likely each document belongs to one or another 

topic cluster in terms of contribution score. Often documents 
have probabilities of belonging to multiple topic clusters. The 
topic indicating the highest probability is called the dominant 
topic of the document, but this is (almost) never an absolute 
belonging to a topic. Therefore, designers should be careful to 
use the machine learning results from data scientists as a basis 
for their decision-making; we would recommend to triangulate 
and calibrate the results with other qualitative design tools and 
methods (e.g., interviews and more co-creative methods). 

Therefore, the first guidance for both designers and data 
scientists is to use machine learning outcomes as a data-enabled 
instead of a data-driven approach. As in conventional, more 
qualitative patient journey mapping approaches, designers are 
recommended to use analysis outcomes as inspiration material. 
Thus, designers are guided to use machine learning analysis 
outcomes for (re)defining design problems and getting inspired 
for follow-up phases in the design process. For our two studies, 
both mappings were used as inspirational inputs for co-creation 
sessions with medical experts. In the first study, the medical 
doctors were asked to build their patient persona for a new 
service design based on the mapping (see upper part Figure 10). 
In the second study, the doctors were asked to use the mapping 
for ranking the top five information/data types to include in their 
system (see lower part Figure 10).

The second guidance is not to fixate beforehand on the 
purpose of data analysis. Online patient stories can be analyzed 
in various ways beyond the ways introduced in this paper. As an 
example, we can identify the sentiments from the topics or posts 
(e.g., negative, neutral, positive, or even anger, fear, happiness, 
surprise, etc.), health-related name/entity extraction (e.g., medical 
stakeholders, treatment, medicine, ailments discussed in the 
stories), and linkage between clusters using top keywords in each 
post (e.g., to search cause-effect relationship between topics). 
Thus, online patient stories can be approached in many different 
ways and, as such, can hold many surprises that could help in 
creating inspiring journey maps.  

In conclusion, we experienced that the use of patient 
community journey mapping in the early explorative phase 
provides high acceptance from the medical field and patient 
communities, and as such supports design activities for 
patient-centred care (compared to when design processes are 
initiated through literature reviews or pilot interviews). What 
seems crucial here is that mappings are based on a scale of 
observations (i.e., more than thousands) that the medical research 
community can more easily relate to. The use of mapping at 
initial (briefing) stages of a design project opened opportunities 
both for more in-depth and broader collaborations in medical 
domains. For instance, hypotheses derived by designers from the 
mapping turned out to be interesting for medical experts since the 
data was derived from patients’ voluntarily reported daily (home) 
experiences that hospitals did not collect before. And, at later 
stages, designers were given access to information that normally 
was kept exclusive to medical researchers (such as allowing 
designers to attend consultations between patients and doctors and 
supporting the recruitment of patients through hospital channels).
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However, there are still challenges to, and limitations 
of this way of working. First, online patient stories may not be 
representative of all patient experiences. For this reason, it is 
important to improve our understanding of the over- and under-
reporting of particular experiences in online stories (e.g., more or 
less embarrassing or noticeable) and the experiences of the people 
who do not generate online stories (e.g., based on age, literacy, 
or low motivation). The large user dataset can thus have its own 
limitations, different from the conventional datasets from more 
qualitative user studies. We are currently investigating how online 
patient stories and more qualitative and co-creative user studies 
can be used in combination to tackle these limitations.

Another challenge is the designer’s trust in the machine 
learning model. Machine learning models do not provide one 
absolute outcome. Different machine learning models can provide 
different outcomes even if the same dataset is used. As an example, 

various machine learning models (e.g., BERTopic, NMF, or LDA) 
can be used for extracting topics from a vast amount of text data. 
Still, each model relies on different assumptions and criteria for 
optimizing outputs. Therefore, further exploration is necessary 
on how to increase the explainability of the machine learning 
models (Samek et al., 2019) to future designers’ awareness of 
such different outputs of models.

Discussion and Conclusion 
We, as a team of designers and data scientists, developed a novel 
approach for overcoming the challenges related to representing 
user group experience in the design process of a societal transition 
in this study. Our approach, demonstrated in a healthcare context, 
captured broad and community-level data using online stories. 
This enabled the inclusion of tens of thousands of patient 

 
Figure 10. Results of a co-creation session using Study 1 and 2 patient community journey maps.
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experiences derived from online platforms. We applied manual 
qualitative analysis techniques, such as thematic analysis for 
building training data, combined with automated text mining 
techniques using supervised and unsupervised machine learning 
to analyze the stories. These techniques allowed us to include 
community-level data in the patient journey map in a relatively 
labor-efficient manner. Based on the results of patient community 
journey mappings in Studies 1 and 2, we demonstrated the 
following new valuable additions and modifications to traditional 
journey mapping techniques: (1) the quantification of (patient) 
experience frequency, (2) the detection of relationships between 
co-occurring experiences within the journey, and (3) the detection 
of new design opportunities/directions (potential data types to be 
provided and collected). These additions and modifications are of 
value to designers who need to gain a deeper understanding of 
complex societal transition contexts in a variety of fields such as, 
but not limited to, healthcare, with a low-cost investment. 

We presented our outcomes to possible future stakeholders 
who were not involved in the development process per se 
(four specialist doctors, a psychologist, two healthcare policy 
researchers, an artificial intelligence (AI) researcher at a hospital, 
and two data scientists at a hospital). Overall, everyone confirmed 
the novelty and conceptual clarity of the patient community 
journey mapping. They were positively surprised by the high 
level of understanding that was developed in a short period of 
time about the targeted patient group. They appreciated using 
everyday life experience data (i.e., online patient stories) instead 
of data from randomized trials or internal logistics at a community 
level. For them, the fact that the large-scale data were mostly 
coming from patients’ everyday life (instead of in a hospital) 
meant that community journey maps provided credible insights 
for improving the quality of life, value-based health care, and 
patient-centric care. As one of the specialist doctors said, the data 
from the community platform established a broader perspective 
on patient care path experiences that they could better relate to 
compared with the feedback of a few assertive patients during 
consultations (traditional patient journey can also be dangerous by 
having a few assertive opinions from patients). Our new patient 
community journey map not only helps designers but also other 
related stakeholders to understand the patients better and generate 
a credible picture of the patients’ experience in the care path by 
adding collective user group experience to the traditional patient 
journey mapping. 

Finally, far from arguing for a set of rules to be followed, 
we merely seek to inspire designers and encourage them to adapt 
and adjust our approach to their practices and needs as suggested 
by Daalhuizen et al. (2019). Yet, in this process, we recommend 
that design researchers closely and continuously collaborate with 
data scientists, as we have done in the research reported here. 
Whereas the data scientist can devise and realize the possibilities 
for machine learning techniques in analyzing community-level 
data, designers can imagine and explain which data analysis results 
can provide high-quality information that can inspire the design 
of new services or systems. For instance, in our collaboration, 
we discussed the various options of machine learning techniques 

that could provide meaningful and relevant insights to support 
the design process for new services that could empower cancer 
patients. These discussions resulted in innovative and effective 
decisions on creating this new type of journey map. 

The most effective way to make the most out of the 
collaboration between designers and data scientists is that both 
parties need to be open to the different ways of working in each 
other’s discipline. For example, after conducting topic modeling 
in Study 2, the data scientist did not know how the keywords and 
topic clusters could be used further. The result of topic modeling 
(a list of keywords) did not inspire medical doctors to develop 
new health interventions for the targeted patients. After the 
designers’ further interpretation of outcomes and placing their 
interpretations on a journey map, the medical doctors came to 
agree on the need for developing future health interventions. 
In the other way around, in Study 1, after topic classification, 
designers did not know what alternative analysis techniques were 
available to further develop the journey map. The data scientist 
suggested to use an analysis model called ARM to look for a 
correlation between topics. It was thus able to inspire designers to 
make meaningful changes to the journey map. In both examples, 
understanding each other’s way of working was crucial. As 
designers, the biggest challenge in working with data scientists 
was to persuade the data scientists to that data outcomes require 
interpretation and creativity before their full potential can be 
felt by decision makers. This realization implies a data-enabled 
approach instead of the data-driven approach. It took time before 
our data scientist understood how designerly activities could be a 
vital part of the value of data analysis outcomes. 

In this collaborative process, we learned that it is necessary 
to have an appropriate language to communicate what designers 
and data scientists want from each other. As a team of designers 
and a data scientist, we propose a change from the traditional 
way data scientists and designers work together (see Figure 11, 
left) to a more far-reaching and integrated collaboration (see 
Figure 11, right). To elaborate on our collaboration between 
designers and data scientists (Figure 11 right), in the preparation 
phase, designers can lead discussions with data scientists on the 
appropriateness of the dataset given their target user population 
and the potential value of applying either supervised or 
unsupervised machine learning techniques. From their side, the 
data scientists can lead discussions on the amount, quality, and 
data types required for further analysis. The data scientists and 
designers together prepare ethical approval for using community 
data and a safe data management plan. In the analysis phase, 
designers are better suited to handle qualitative data (e.g., labeling 
datasets for training, checking the quality of analysis outcomes, 
etc.). In contrast, data scientists will be more qualified to apply 
the machine learning models during data analysis and choose 
specific (often more advanced) machine learning models. During 
this procedure, data scientists and designers iteratively check 
the results together because the first analysis results often have 
inaccurate or misleading information. When problems are found 
in the analysis results, for example, the data scientists may modify 
data analysis methods, or the designers may seek additional data 
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to support decisions on the dataset. In the creation phase, the 
designers interpret how the analysis outcome can be applied to 
a meaningful journey map. At the same time, data scientists can 
support designers by checking that the designers’ interpretations 
stay aligned with the outcomes of the data analysis model. One 
to be noticed is that the designers’ involvement is more extensive 
than that of data scientists in the preparation and creation phases 
to interpret the initial given care-path information to construct an 
initial journey map and interpret the analyzed community data 
to build a community journey map. In comparison, our entire 
collaboration process involves the seamless and continuous 
sharing of knowledge and outcome from and between designers 
and data scientists.

By writing this article, we would like to make designers 
aware of a hybrid design intelligence that enables them to apply 
the design process on community-level data, often consisting 
of tens of thousands of data entries. As the design field expands 
by taking up ever more complex societal challenges, designers 
need to become more adept in handling larger datasets about the 
activities of people while still being sensitive to the variegated 
contexts from which these data arose. The hybrid intelligence we 
explored in the two case studies lies in the competence of designers 
to interpret a large user dataset and be creative with advanced data 
technologies while working with data scientists. In this sense, 
patient community journey mapping can be regarded as a hybrid 
design intelligence tool for designers that enables them to include 
the experiences of very many people in exploring opportunities 
of developing new health solutions with multi-stakeholders, data 
scientists, and medical experts.
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Appendix

Appendix 1

List of sub-sections in ‘Forums’ (captured from https://cancerconnection.ca/).

Appendix 2

Example of online patient stories (thread with one first post and two replies).
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Appendix 3

Extended version of Table 5. Some results of association rule mining.

 Rule Antecedents Consequents Confidence

0 Being/ attempting to be positive in the cancer journey
Experiencing physical side effects from treatment and finding 
ways to counter-act these

0.79

1
Experiencing physical side effects from treatment and finding 
ways to counteract these

Being/ attempting to be positive in the cancer journey 0.26

2 Undergoing treatment procedures Being/ attempting to be positive in the cancer journey 0.26

3 Being/ attempting to be positive in the cancer journey Undergoing treatment procedures 0.72

4
Experiencing eating/drinking issues and finding (diet-related) 
solutions

Dealing with overwhelming fatigue in daily life 0.44

… … … …

21
Getting support from family, friends and peers but also dealing 
with misunderstanding and estrangement

Experiencing eating/drinking issues and finding (diet-related) 
solutions

0.50

22
Experiencing eating/drinking issues and finding (diet-related) 
solutions

Making a conscious decision for personal care/health by 
comparing quality and quantity of life

0.41

23
Making a conscious decision for personal care/health by 
comparing quality and quantity of life

Experiencing eating/drinking issues and finding (diet-related) 
solutions

0.53

… … … …

43
Experiencing physical side effects from treatment and finding 
ways to counter-act these

Undergoing treatment procedures 0.69

44
Experiencing physical side effects from treatment and finding 
ways to counter-act these

Wanting to have an understanding relationship with the medical 
team (effective communication, information and respect)

0.36

45
Wanting to have an understanding relationship with the medical 
team (effective communication, information and respect)

Experiencing physical side effects from treatment and finding 
ways to counter-act these

0.78

… … … …

55
Making a conscious decision for personal care/health by 
comparing quality and quantity of life

Undergoing treatment procedures 0.74

56
Sharing cancer news with others using a medium that suits the 
patient

Undergoing treatment procedures 0.70

57 Undergoing treatment procedures
Sharing cancer news with others using a medium that suits the 
patient

0.40

58 Undergoing treatment procedures
Wanting to have an understanding relationship with the medical 
team (effective communication, information and respect)

0.37

59
Wanting to have an understanding relationship with the medical 
team (effective communication, information and respect)

Undergoing treatment procedures 0.74
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Appendix 4

Example of the first post and a reply for study 2.

Appendix 5

Coherence score for each number of topics ranging from 2-49.

Appendix 6
Full version of Table 7. Designer’s interpretation of the topic for each cluster.

Topic 
group Ten representative keywords Topic label (Patients discuss and share their 

experience about …)
Interpretation (Patients need for …/ Phase of 
care path belong to)

0
regard, suggest, kind, story, carcinoma, 
book, dissection_reconstruction, flap_
postoperative, holiday, comment

Having holidays, and how to arrange them with 
travel insurance.

Tips for a special event  / follow-up

1
soup, soft, calorie, dietician, meal, ensure, 
add, diet, milk, cream

What they can eat/drink and recipes to make it 
edible during their recovery phase.

Tips on food and drink ingredients and cooking 
recipes / treatment & follow-up

http://www.ijdesign.org
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Topic 
group Ten representative keywords Topic label (Patients discuss and share their 

experience about …)
Interpretation (Patients need for …/ Phase of 
care path belong to)

2
information, forum, party, join, link, line, 
number, member, thread, medical

What each treatment does and what the side/late 
effects are.

Sufficient information about treatment and side 
effects / treatment decision conversation & consult

3
symptom, specialist, nose, test, worried, 
refer, ent, blood, voice, concern

Their worries related to potential cancer symptoms 
and need for guidance 

Support to alleviate the worry about uncertain 
symptoms of having cancer / intake

4
stuff, slowly, tip, stick, lack, improvement, 
appetite, eating, hot, slow

Eating and appetite issues
Tips for increasing appetite / treatment & follow-
up

5
pay, job, local, health, lucky, nhs, form, 
medical, system, benefit

Career and financial issues
Tips for a career during a cancer journey/ follow-
up

6
spread, lymph_node, primary, mri, left, sign, 
large, cell, gland, lung

Cancer status and treatment process can be very 
different for each individual

Personalised information / throughout all phases

7
wife, man, fight, daughter, son, child, 
strength, age, heart, young

Experience related to supportive family Family support / throughout all phases

8
bed, eye, minute, sit, spend, watch, close, 
drive, listen, move

Identifying how to prepare for treatment and spend 
time in the hospital between treatments

Tips for preparing for treatments and the waiting 
time / treatment decision conversation

9
rest, half, tired, walk, step, fatigue, road, 
ready, plenty, sense

How to deal with fatigue Tips for dealing with fatigue / follow-up

10
type, option, decide, explain, outcome, 
decision, cure, chance, info, discuss

Having the essential knowledge about the potential 
consequences and side effects of treatment 
procedures

Having enough information about treatment 
outcomes and side effects/ treatment decision 
conversation, treatment consult

11
word, metastatic_scc, run, fact, learn, load, 
pass, describe, wake, bother

Knowing the importance of peer support when 
dealing with physical and psychological side effects

Peer support / throughout all phases

12
relief, morphine, drug, painkiller, painful, 
hurt, prescribe, tablet, dose, liquid

How to relieve pain Tips for relieving pain / follow-up, treatment

13
skin, exercise, heal, scar, speech, flap, arm, 
muscle, shoulder, swell

How to recover from treatment and surgery 
sequelae and side effects

Tips for dealing with side effects from the 
treatment/ follow-up

14
return, dani_squamous, continue, update, 
progress, hpv, fingers_crosse, pleased, 
quick, therapy

Concerns related to HPV (virus that can infect and 
cause mouth and throat cancers) 

Support information for uncertain worry about 
cancer-related cause / intake, throughout all 
phases

15
advise, chemotherapy, cisplatin, loss, 
complete, difference, ear, due, hair, short

How to deal with hearing and hair loss from the 
treatment

The support for the losses from the treatment / 
follow-up

16
write, message, phone, chat, forget, contact, 
add, profile, ring, detail

How to update platform peers about the user’s 
cancer journey

Peer support possibilities/ throughout all phases

17
saliva, mucus, ulcer, buy, burn, cough, 
mouthwash, rinse, spray, product

How to deal with dry/sensitive mouth and mucus 
problem

Tips for the mouth and mucus care / follow-up

18
affect, afraid, floor, concern, extremely, main, 
person, procedure, reaction, depending

How reaction during the treatment procedure can 
be very different for individuals

The personalised information / throughout all 
phases

19
realize, nice, amazing, light, wonderful, 
lovely, cold, share, lucky, wear

How to wear adequate clothing against the cold 
and radiation burn from the treatment

Tips for adequate clothing for treatment/ 
treatment

20
sick, rig, stomach, med, nausea, admit, 
ensure, awful, nutrition, fluid

How to deal with the awful feeling of sickness 
caused by the feeding tube and pipe 

Tips for using feeding tube / follow-up

21
yesterday, meet, touch, honest, date, guy, 
lol, bring, totally, lovely

The positive feeling about meeting, sharing stories, 
and helping between platform peers

Peer support possibilities/ throughout all phases

22
dentist, low, top, jaw, dental, bone, mine, 
oral, leg, bite

How to deal with the mouth-related issues 
(reconstruction and appearance) after jaw surgery

Support for appearance change after the surgery 
/ follow-up

23
partner, infection, feeling, turn, fear, scary, 
situation, scare, stress, horrible

Negative feelings that their partners are also often 
worried 

Support for dealing with negative feelings / 
throughout all phases

24
quickly, guess, move, imagine, ahead, 
grateful, process, prepare, begin, shock

Being shocked after being diagnosed with cancer
Support for the first encounter with cancer/ 
intake & diagnostic

http://www.ijdesign.org
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