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Abstract—Health Technology Assessment (HTA) systematically
compares distinct aspects to evaluate health technologies and sup-
port decision-making processes concerning their use and financ-
ing. When choosing the evaluating aspects, it is common to use
the Delphi technique to gather opinions from several stakeholders
regarding their relevance. Although many authors implement
Delphi surveys in this context, the study and abstraction of
stakeholders’ views lack exploration. In this work, we investigate
innovative alternatives for the analysis of HTA Delphi surveys. To
do so, we propose a framework based on Network Science tools.
More specifically, the Louvain Community Detection algorithm
is applied to cluster stakeholders according to their answers.
We implement the framework to data from MEDI-VALUE and
IMPACT-HTA projects, exploring two research questions: (1)
verify the suitability of this approach for the analysis of Delphi
surveys and (2) obtain novel and relevant information regarding
stakeholders’ opinions. The results suggest that the described
framework is suitable for Delphi analysis, with the model
originating communities with similar topologies when applied
to different datasets. Additionally, the framework allows new
insights to be obtained regarding stakeholders’ opinions and how
they relate. Communities found are typically not characterised by
stakeholders’ type and instead by the kind of answers, and people
tend to consider criteria as relevant. The Triadic Closure is also
verified for these networks meaning that if two stakeholders both
agree with a third stakeholder, there is an increased likelihood
that they will agree in the future.

Index Terms—Health Technology Assessment, Delphi Tech-
nique, Proximity of Views, Analysis of Stakeholders, Network
Science, Community Detection

I. INTRODUCTION

The literature recognises that decision-making processes
in the health sector are highly complex [1]. Not only are
these processes influenced by several conflicting criteria, but
stakeholders’ perspectives and priorities frequently vary [1].

One particularly challenging process is resource allocation
[2]. For the choice of using and financing health technologies,
Health Technology Assessment (HTA) is used to support
decision-makers by systematically evaluating several factors
to compare health technologies [3, 4, 5, 2, 1].

Organisations are becoming more aware of the importance
of defining and measuring the relevance of HTA aspects used
to evaluate technologies as well as bringing the different
stakeholders into the discussion [2, 3]. For that purpose,
participatory approaches, such as the Delphi technique, are
used to collect a vast number of opinions.
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The Delphi technique consists in a series of surveys based
on four principles - anonymity, iteration, controlled feedback,
and statistical aggregation of responses [6]. This approach
removes geographic and time challenges, allowing every stake-
holder to participate while reducing the adverse sociological
effects of group interactions [7, 6]. Although several authors
conduct and analyse Delphi surveys’ in the health context, the
analysis and representation of opinions lack exploration.

Given the powerful applications of Network Science (NS) in
other contexts, we propose an innovative framework based on
NS and using Community Detection (CD) tools. This work has
the goal of answering two main research questions (1) ”Are
NS tools suitable for analysing Delphi results?” and (2) ”What
information regarding stakeholders’ views can be obtained?”,
each at one research stage.

This work focuses the analysis of Delphi results from the
MEDI-VALUE HTA project. The answers express stakehold-
ers’ opinions on the relevance of HTA aspects. The surveys
conducted consisted of two-rounds Web-Delphis.

In round 2 (R2), in MEDI-VALUE, 134 participants, divided
into four groups (patients and citizens, healthcare profession-
als (HPro), buyers, policymakers and academics (BPA) and
industry), evaluated 34 aspects using a 4-point relevance scale
(”Critical”, ”Fundamental”, ”Complementary”, ”Irrelevant”)
plus a ”Don’t know/don’t want to answer” option.

In MEDI-VALUE, aspects were evaluated for implantable
medical devices (IMD) and biomarkers-based in vitro tests
(BBIVT). We also analysed one Web-Delphi’s results from
the IMPACT-HTA project, for comparison. Thus, a total of
three datasets was used. Only R2 results were studied.

This document is organized as follows. Section II introduces
the main concepts and the relevant state-of-the-art. Section
III presents the proposed framework and section IV describes
details regarding its implementation. Results are illustrated
and discussed in section V and the main conclusions are
summarised in section VI.

II. BACKGROUND AND RELATED WORK

A. Delphi surveys’ results analysis
More important than the conduction of a survey is the data

generated and its analysis and report [7]. Delphi originated
data can be of many types, with the items’ responses being
commonly followed by comments. Its analysis can use both
qualitative and quantitative methods [7, 8, 9], occurring be-
tween rounds, when providing participants with feedback and,
in the end, more exhaustively. The items are this work’s focus.



For the analysis of items’ responses, many studies present
statistical summaries for each item [9, 10, 11], such as
frequency counts [12, 13] and range of scores [14]. Descriptive
analyses are usually used to describe group agreement, mainly
central tendency measures, i.e., mean, median and mode
and level of dispersion, as standard deviation, coefficient of
variation and interquartile range [7, 15, 9]. Additionally, the
authors typically compare groups of stakeholders, using, for
instance, Multivariate Analyses of Variance (MANOVA).

Besides the written narrative, results are commonly pre-
sented using tables of descriptive statistics [7] and the inclu-
sion of graphics is recommended for easier visualisation [7].

Authors use different methodologies for results’ analysis
and report [16, 17, 15, 18, 10]. However, they do not differ
much. Even though it is becoming more common to use var-
ious tools, including innovative charts and different statistical
measures, there is room for deeper exploration.

B. Possible alternatives

Although current methods are effective, usually serving their
purpose, they represent few of the possible approaches. For
HTA Delphi surveys, the results report is of great importance
to support decision-makers, usually in further meetings or
conferences. We believe that providing them with new and
different insights and adopting a new perspective is of great
interest. With this work, we do not intend to minimise the cur-
rently practised approaches. Instead, we propose exploring and
capitalising data unconventionally, using unique and powerful
tools already proved immensely promising in other contexts.
We want to understand if different and fresh information can
be obtained, with the final goal of enhancing health decision-
making processes.

Considering the state-of-the-art techniques in data analysis,
there is one that stands out - Machine Learning (ML). People
from all over the world are using it for the most various
purposes [19], from academic and scientific research to cus-
tomer experience improvement and business operations. ML
techniques provide solid and effective data analysis, and their
importance is currently undeniable.

Another emerging field is NS. In particular, the study of
Complex Networks (CNs), large-scale graphs that can describe
a variety of systems, capturing the spatial, topological, and
functional relations of the data [19]. Much attention is now
given to social networks, where nodes represent people or
other entities and edges their relationships or interactions
[20]. We believe these can be used as an inspiration for new
abstractions representing peoples’ interactions as agreement
levels.

Complex Networks can present communities, meaning
groups of nodes with many interconnecting edges. Nodes
from different communities have typically relatively few edges
interconnecting each other [19]. Figure 1 describes a schematic
network with a strong community structure.

The use of ML robust analysis tools in structured connected
data represented by CNs [19] results in Community Detection,
the identification of the network’s structure based on the
interaction of its nodes [21]. Again, the possibilities are

immense, and the applications suit different contexts. This
strategy already applied in social networks is promising to
group HTA stakeholders according to their opinions.

Fig. 1: Schematic of a clustered network, divided into four commu-
nities (source [19]).

We found no application of this strategy for HTA Delphi
surveys analysis. However, we did find its use in other contexts
with the goal of clustering stakeholders based on their views.
For instance, [20], and [22] use this combination for social
media networks’ analysis. Other studies [23, 24, 25] focus on
the identification of clusters of stakeholders, according to their
argumentative similarities, however not in the health settings.
These strategies are found to be suitable and powerful for
similar purposes in different contexts. We want, in this work,
to understand if they are also appropriate and as robust for
clustering HTA stakeholders, according to their responses in
Delphi surveys and better understand how they relate.

Thus, we propose to represent our data using CNs and
cluster stakeholders according to their views, using a CD
algorithm.

III. PROPOSED FRAMEWORK

We apply NS, unconventionally analysing health Delphi
results to find communities of similar stakeholders. For that,
going back to the main research questions, we expect to (1)
show that NS tools are suitable for analysing Delphi results
and (2) explore the added information that can be obtained
regarding stakeholders’ views.

Based on the guidelines from [19], we propose a framework
comprising five main steps, briefly illustrated in figure 2:

A. Pre-processing of the vector-based dataset;
B. Measurement of proximity and similarity of answers;
C. Conversion of the vector-based dataset into network-

based data;
D. Application of the CD algorithm;
E. Visualisation and analysis of results.

A. Pre-processing
This step might involve different transformations such as

scaling, normalisation, or cleaning [19]. It includes verifying



Fig. 2: Framework diagram.

if results are consistent with the study design, i.e., that all
results were saved correctly and that no information was
lost, including questions or participants related data. It is
also necessary to transform and organise data to be further
manipulated according to the methods meant to be applied.

B. Measurement of proximity and similarity of answers
The data analysed in this work is ordinal since it is origi-

nated from ordinal scales. These scales can suggest an ordering
of people’s opinions but not how distant they are [26]. There
are several caveats regarding ordinal data analysis.

First, corresponding numbers to labels is often done but
also a problem because it tries to quantify something cate-
gorical. Second, the use of parametric methods is frequent
but controversial. Although some researchers such as [27, 28,
29] support their use, it is commonly defended that only non-
parametric measures should be used [7], with the concern of
otherwise getting incorrect results [30] or losing the meaning
of conclusions [31]. Third, the interpretation of the midpoint
item is also an issue, with research showing that people do
not necessarily use it in the intended way [32].

With this in mind, we propose only to perform a comparison
of answers with no use of parametric methods, setting the
relationship between two stakeholders in one of four scenarios:

i. ”Same answer”, when both stakeholders choose the same
scale point for a given aspect;

ii. ”Same group”, when the answers are not the same but
the scale point chosen by both belong to the same group;

iii. ”Opposite group”, when the answers are not the same
and belong to opposite groups;

iv. ”Different group”, when both answers neither belong to
the same group nor the opposite group;

We also propose a definition for the groups. MEDI-
VALUE’s scale is not commonly described in the literature,
and we found no guidelines on how to group items. Thus, the
following option was assumed:

i. ”Include with higher importance” - ”Critical” and ”Fun-
damental”;

ii. ”Include with lower importance” - ”Complementary”;
iii. ”Do not include” - ”Irrelevant”;
iv. ”No answer” - ”Don’t know / don’t want to answer”.
We consider ”Include with higher importance” and ”Do not

include” as opposite groups. Interactions of ”Same answer” or
”Same group” are seen as agreement and ”Opposite group” as
conflict.

To define an agreement score between two stakeholders,
we propose an adaptation of the approach described in [33],
also used in [23] and [25]. For each pair of stakeholders, we
consider two variables, an agreement variable A and a conflict
variable C. For each aspect, if the relationship is considered an
agreement, A adds up 1. On the other hand, if the relationship
is considered a conflict, C adds 1. Finally, C is subtracted
from A, as performed by [23] and [25].

C. Conversion into a network-based dataset

In order to apply a Community Detection algorithm, it
is first necessary to transform the vector-based data into
network-based data, i.e., transform each ID corresponding to
a stakeholder into a node and define the relationships between
the nodes, the edges.

Given a non-networked formatted set of N data points X =
{x1, ..., xn}, it is possible to transform it into a network G,
with the vertex set V = {v1, ..., vV } and the edge set E, a
subset of V xV using mapping procedure [19]:

g : X → G = ⟨V,E⟩ (1)

Usually, as for this work, X = V , i.e., each data item from
the original set corresponds to a vertex in the network. For N
data items in X and V=|V | the number of vertices, since no
data reduction is conducted, V=N [19]. Finally, to obtain the
set of edges E, a similarity function should be used followed
by a network formation technique [19].

We use the described agreement score for the similarity
function. For normalisation, aspects’ scores are summed and
the result divided by the number of aspects considered. For a



pair of stakeholders, if their total score is higher than a given
threshold, an edge is defined, representing their agreement.

D. Community Detection algorithm

Based on [34], we propose the use of the Louvain algorithm,
first described in 2008 [35], to detect communities of similar
stakeholders. This method merges nodes into communities in
order to maximise modularity [34]. It stops when no merging
results in a modularity increase.

Modularity is a measure commonly used to evaluate the
quality of a partition [19, 35]. It is a scalar value between -1
and 1 measuring the density of intra-community edges when
compared to inter-community edges [35, 34]. If eij is the
fraction of edges connecting nodes from community i to nodes
in community j, and ai =

∑
j eij , the modularity Q is [36]:

Q =
∑
i

(eii − a2i ) (2)

Modularity values close to 1 indicate a strong community
structure [36]. It is rare to obtain high values in real networks,
with typical ones ranging from 0.3 to 0.7. Note that when
the whole network is a single community, the two terms are
equal and therefore cancel each other, being the modularity
equal to zero. In contrast, when each node constitutes a single
community, the modularity is negative [36].

The Louvain algorithm is intuitive and of easy implementa-
tion. Also, it is better suited when the results are meant to be
used as part of a broader analysis [34], which is aligned with
this work’s scope. It has an excellent computational time, with
a linear complexity on typical and sparse data. Additionally,
it is commonly mentioned in the literature as a powerful
approach, outperforming other algorithms [37, 38, 39].

E. Visualisation and analysis of results

Both visualisation and analysis focus on the two research
questions, each answered at one stage. In the first stage,
networks and communities are analysed to understand how
Delphi data is converted into network-based data and to find
if there is a pattern of results for different inputs. This way,
we can validate our framework. At this point, results from
individual aspects and all aspects considered simultaneously
are used. In the second stage, we analyse the networks
and originated communities more detailedly, answering more
specific questions for nine groups of related aspects and all
aspects simultaneously.

Considering stage 1, we can compare the topology of the
three networks. Since there is no previous report of using
network analysis for Delphi, it is essential to investigate if
there is a typical structure of these networks. Measures such
as average degree and density are proposed.

In the context of social representations, the degree is the
total number of a node’s neighbours, i.e., the people with
whom someone is connected [19]. In this work, we consider
degree as the number of stakeholders an individual agrees
with, with their agreement score overcoming the threshold.

Definition 1: Density: The density d of an undirected graph
G, with n nodes and m edges, is given by [40] [41]:

d =
#Edges

Max.#Edges
=

m
n(n−1)

2

=
2m

n(n− 1)
(3)

The density of a graph is 0 when there are zero edges, and
1 for a complete graph [40]. In this context, a density of 1
means all stakeholders agree with each other. The lower the
density, the less overall agreement there is.

In stage 2, we want to answer three main questions:
1) ”What characterises the obtained communities?”
2) ”Is there a clear division between communities?”
3) ”Is the triadic closure property, from social networks, also

verified in ”agreement networks?”
Regarding question 1), we would expect stakeholders from

the same type to behave similarly and communities to be
defined by these types. However, if that is not the case, we
can infer an added value from not using the stakeholder groups
and rather understanding what clusters emerge. Furthermore,
if communities do not match the stakeholder groups, we want
to understand what defines them. To that end, we propose to:

i. Calculate the degree distribution per stakeholder type.
If for a given type there is a variety in the degree
distribution, it means similar stakeholders agree with
different individuals;

ii. Explore the assortativity mixing, the tendency for nodes
presenting similar attributes to be connected [42]. We pro-
pose the evaluation of assortativity regarding the stake-
holder type to investigate whether similar stakeholders
tend to be connected. The assortativity coefficient ranges
between -1 and 1 [42]. A value closer to one corresponds
to a strong tendency for nodes to connect to nodes with
the same attribute. A value close to 0 means that there is
no relevant association, and a value closer to -1 represents
a network where there is heterophily [43];

iii. Measure the heterogeneity of communities, regarding
stakeholders’ type;

iv. Measure the distribution of answers per community. If
communities are indeed not defined by stakeholders’ type,
we want to understand the properties characterising them.

For question 2), several inter-community edges mean that
stakeholders agree with several individuals from other commu-
nities, indicating a higher susceptibility for opinion changes.
We propose to analyse intra and inter-community edges and
external ratio. According to [23], the external ratio is the num-
ber of inter-community edges as a proportion of total edges,
allowing to measure the agreement between communities and
how likely are individuals to change opinions.

Social Network theory shows that if A is connected to B
and if B is connected to C, it is highly likely that A and C
are also connected. This is called the triadic closure principle,
which states that ”If two people in a social network have a
friend in common, there is an increased likelihood that they
will become friends themselves in the future.” [44]. According
to [36], a high level of transitivity or clustering coefficient is
associated with the triadic closure. Both measures range from
0 to 1 [45, 46]. In question 3), using these measures, we want
to investigate if this also happens in ”agreement networks”.
Therefore, we can state that if A agrees with B and B agrees



with C, A and C are more likely to agree. This way, we can
learn more about HTA stakeholders’ networks and compare
them to typical social networks.

IV. FRAMEWORK IMPLEMENTATION

This works’ implementation was performed using Excel
and Python. Excel was used for raw data (.xlsx files) pre-
processing. All the code was implemented from scratch using
Python. The code is publicly available in [47].

Python offers powerful packages which facilitate the con-
struction and analysis of CN and implementation of CD
algorithms. The NetworkX library allows the study of graphs
and networks, and the Community API library implements the
Louvain CD algorithm and allows further analysis.

For the establishment of the edges, a threshold of 0.6 was
applied. This value was optimised by sensitivity analysis.

V. KEY RESULTS

The results from each research stage are now presented.

A. Research stage 1 - Interpretation of results and suitability
of the framework

We start by discussing the validation of the framework. To
understand the transformation of raw data into network-type
data, we first analysed isolated aspects from both projects and
explored the topology of networks and communities.

The results are according to the expectations. Nodes and
edges correctly represent stakeholders and their interactions,
considering the answers given. The more diverse the stake-
holders’ opinions are, the fewer connections, and therefore
edges, average degree, and density. The same happens for
the number of communities, with more being detected when
opinions are more diverse. We also analysed all aspects
together, and conclusions were similar.

Although minor variations occur, the topology of the net-
works is similar. For the three datasets, where a similar number
of stakeholders took part, the number of edges, the average
degree, the density, and the community structure are generally
similar. This finding is important since it shows that networks
and communities’ topologies are similar for identical setups
but different participants, questions, and scales, supporting the
use of NS and CD in this context.

B. Research stage 2 - Information extracted

After our frameworks’ validation, at this stage, we explore
which information concerning stakeholders’ views and rela-
tionships can be extracted. Remember that the main questions
are ”What characterises the obtained communities?”, ”Is there
a clear division between communities?” and ”Is the triadic
closure property also verified in this context?”.

Note that when applying CD tools, we are interested in
strong communities. Hence, although the algorithm finds them,
we are not concerned about clusters with few individuals. For
further analysis, we will only consider the main communities
with a considerable number of stakeholders.

For the sake of simplicity, because it would be too
exhaustive to present results from the three datasets, the
discussion will now focus on MEDI-VALUE’s results.
IMPACT-HTA analysis led to similar conclusions.

1) ” What characterises the obtained communities?”:

Initially, we want to verify what characterises communities.
We would expect similar stakeholders to have similar opinions.
Plus, Delphi results are usually analysed based on groups
of stakeholders’ types. Thus, we want to investigate if the
communities match these groups. If not, our framework brings
an added value to Delphi surveys’ analysis since it starts with
no pre-defined groups and instead investigates which clusters
emerge. Furthermore, if the type of stakeholders does not
characterise communities, we want to understand what does.

We started by analysing degree distribution. The results
suggest that similar stakeholders do not necessarily share
similar views. As an example, MEDI-VALUE IMD results
from the group ”Value for the patient” are shown in figure 3.

In general, histograms have several bars representing a
heterogeneity of degree within groups, suggesting that stake-
holders from the same type are connected to different people,
i.e., agree with people in different patterns. There are some
variations, but they are small and justified. For example,
probably because of the ”Value for the patient” scope, patients
and citizens have fewer bars, meaning they have more similar
views within their group. Overall, there seems to be a diversity
of degree distribution per stakeholder type for all aspects.

When we analysed all aspects together, we obtained similar
results. With some minor differences, overall, stakeholders
from the same group present different agreement patterns.

Considering the attribute assortativity coefficient, as shown
in table I, for all groups, the values are close to zero. Hence,
there is no higher likelihood for similar stakeholders, con-
cerning their type, to be connected, meaning agree with each,
than they would randomly. Again, values when evaluating all
aspects simultaneously are similar, being close to zero.

TABLE I: Attribute assortativity coefficient for MEDI-VALUE’s
groups of aspects.

Group Implantable medical devices Biomarkers-based in vitro tests

A −0.009 081 6 −0.014 183 3

B −0.008 387 0 −0.011 462 7

C −0.011 360 8 −0.009 433 6

D −0.011 562 3 −0.009 319 7

E 0.008 578 3 −0.022 345 9

F −0.008 113 2 −0.010 572 8

G −0.012 255 5 −0.009 010 4

H −0.010 609 2 −0.012 615 2

I −0.008 623 3 −0.011 457 0

We also investigated the distribution of stakeholders per
community. Overall, for groups and all aspects together,
stakeholders are widely distributed across communities. When
a given type is concentrated in a community, it is usually
because all stakeholders are and not due to their type.
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Fig. 3: Degree distribution regarding IMD from MEDI-VALUE, for
the Group A ”Value for the patient”.

Now we present the analysis for groups of related aspects
in more detail.

Figure 4 presents a multipartite network for the MEDI-
VALUE’s Group A ”Value for the patient” (IMD), showing
the distribution of answers across the main communities and
stakeholder groups. Figures 5 (a) and (b) present the distribu-
tion of stakeholders and types of answers per community.

These visualisation tools allow the reader to verify that
no match exists between the communities and stakeholder

groups. That can be observed by comparing the lines in the
left and right side in figure 4 or looking at figure 5 (a). The
majority of stakeholders belong to community 1, meaning that
similar stakeholders gave similar answers, not because of their
type but because the majority of all stakeholders gave similar
answers (”Critical” or ”Fundamental”).

In figures 4 and 5 (b) it is also possible to observe
that community 1 is mainly composed by individuals who
answered ”Critical” or ”Fundamental”, and a few ”Comple-
mentary”. Community 2 is more diverse but still characterised
by ”Critical” or ”Fundamental”, and community 3 only has
”Don’t know/don’t want to answer” responses.

In general, considering MEDI-VALUE’s Group A (IMD),
communities are not characterised by stakeholders’ type. In-
stead, the three main communities that emerge can be divided
into types of answers. Communities 1 and 2 are characterised
by ”Critical” or ”Fundamental” answers, with 2 being more
diverse, and community 3 by ”Don’t know/don’t want to
answer ”. Remember that aspects from Group A are related
to the value of the technology to the patient. Thus, it is
interesting to notice that, as expected, the majority of patients
and citizens answered ”Critical” or ”Fundamental”, a few
”Complementary” answers were given, and none ”Irrelevant”
or ”Don’t know/don’t want to answer”.

These representations help us understand if stakeholders’
types influence opinions, but they can also help decision-
makers. This new visual representation of stakeholders’ views
allows to better visualise each stakeholder’s opinions and
how groups of opinions are defined. For example, for Group
A, decision-makers can easily observe that most participants
believe that the aspects should be included in IMD evaluation.
Additionally, they can easily understand who is more likely not
to answer (mainly healthcare professionals, industry and BPA)
and who has a stronger opinion for the inclusion (patients and
citizens). This way, by making these representations part of
the report used to discuss Delphi results, the following steps
may be easier to define and implement.

We now explore a less specific group related to the ”Societal
context of the adoption of the medical device”. When the
discussion concerns the value for the patient, opinions are
somewhat straight, and people express similar views even if
with some differences. However, for less simple aspects, as
Group H’s, the opinions are more diverse. Notice figures 6 and
7. Diversity can be observed by the smaller difference between
the lines’ width in figure 6 and by communities’ composition,
in figure 7 (b), which contrast with results from Group A.

Therefore, the presented representations can easily and
quickly inform decision-makers on how dispersed and varied
opinions are and how easy it can be to achieve a consensus
on the inclusion of the considered aspects.

Results from other aspects’ groups were similar, with some
differences on the answers’ variety, depending on the context
of the aspects. More specific and non-conflict groups related,
for instance, to patients’ value and safety, led to less diverse
opinions than costs or societal context groups.

Since participants were the same and answered both IMD
and BBIVT surveys at close points in time, we compared these
results. They followed a similar structure with stakeholders
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Fig. 5: Distribution of stakeholders’ type and answers, per community, for MEDI-VALUE’s group ”Value for the patient” (IMD). In
(a) numbers regard stakeholders and in (b) answers. Stakeholders are widely distributed across the three communities. Community 1 is
characterised by ”Critical” or ”Fundamental” answers. Community 2 is more diverse but still characterised by ”Critical” or ”Fundamental”.
Community 3 only has ”Don’t know/don’t want to answer” responses.

scattered across communities and clusters being defined by
the answers pattern. However, some differences, including
the number and composition of communities, suggest that
the technology being evaluated influences responses. As men-
tioned in [18], there are differences between drug therapies and
medical devices impacting HTA. Therefore it is normal that
differences exist. Also, although we count with a considerable
number of participants, we are dealing with dozens of indi-
viduals not equally distributed between stakeholders groups.
Thus, minor variations in opinions in one group corresponding
to a few individuals might be perceived as greater.

These representations for all aspects led to similar conclu-
sions but were less straightforward and insightful. We believe
it is more recommended for decision-makers to discuss aspects
group by group. For groups of related aspects, people are ex-
pected to have similar opinions regarding them. For example,
if one stakeholder finds one aspect ”Irrelevant”, it is expected
for him/her to share a similar view for the other aspects of
the group. For that reason, opinions will be likely ”polarised”
for the answers’ types for aspects’ groups. However, for all

aspects, people can have more diverse opinions. Moreover,
stakeholders from the same community sharing similar views
may find some aspects relevant but not others. This means
that clusters are more likely to be characterised by patterns of
answers. What matters is not only the type of answer but also
which aspect the response regards.

Additionally, overall, a tendency for stakeholders to find
aspects relevant was observed.

2) ” Is there a clear division between communities?”:

Now we evaluate if stakeholders have explicit, distinct
opinions or agree with stakeholders from other communities.

We analysed the number of edges and found that results
heavily depend on the threshold value and the number of
evaluated aspects. The smaller the threshold value, the easier it
is to consider an agreement and the higher the number of inter-
community edges, meaning less defined communities. When
few aspects are considered, communities are more defined
because there are few possible scores. However, there is an
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increased probability that opinions start to be more diverse
and more inter-community edges appear for more aspects.

Generally, communities seem not to be well defined. We
obtained, for both groups of aspects and all aspects, several
inter/intra ratios higher than 0. On the one hand, there are
inter/intra ratios between 0 and 1, representing a considerable
number of inter-community edges, i.e., stakeholders agreeing
with people from other communities, suggesting a likelihood
of reaching a consensus in the future. On the other hand,
there are communities with ratio values much higher than 1,
particularly for groups of aspects. These can represent good
news, reflecting ”weak” communities with individuals likely
to change opinions and move to other communities. However,
unfortunately, they can also indicate poor partition quality.

These findings suggest that communities are not clearly
defined and that several stakeholders agree with individuals
from other communities. Thus, people generally tend to
have similar opinions at a given survey point, good news
for achieving consensus. These conclusions should be made

carefully for all aspects since numerous aspects are considered
and therefore there are several possible response patterns.

3) ”Is the triadic closure property also verified?”:

Looking at table II, it is possible to notice that, for the ma-
jority of the groups of aspects, both transitivity and clustering
coefficient values are close to 1. The results were similar when
analysing all aspects together. Except for Group E, which has
values around 0.6, probably due to the more diverse responses
observed, in general terms, the triadic closure property of
social networks is also verified in these ”agreement networks”.

This is an important finding. First, it defines a property of
this new type of network, supporting the hypothesis that it
is similar to social networks. Second, it describes a social
behaviour highly relevant for the achievement of consensus.

One way of interpreting this property in social networks is
”if two people in a social network have a friend in common,
then there is an increased likelihood that they will become



friends themselves at some point in the future” [44]. If also
verified in ”agreement networks”, we can infer that, if two
stakeholders both agree with a third stakeholder, there is an
increased likelihood that they will agree in the future. This
property can be pivotal to describe the importance of common
agreements and the influenced change of opinion.

TABLE II: Transitivity (Trans.), average clustering coefficient
(Avg CC) and average degree (Avg Deg.) for MEDI-VALUE’s
groups of aspects.

Implantable medical devices Biomarkers-based in vitro tests

Group Trans. Avg CC Avg Deg. Trans. Avg CC Avg Deg.

A 0.947 7 0.924 6 95.462 7 0.931 9 0.844 9 63.029 9

B 0.972 9 0.966 9 101.149 3 0.981 9 0.918 0 81.238 8

C 1.000 0 0.940 3 26.760 0 1.000 0 0.947 8 28.370 0

D 1.000 0 0.955 2 60.040 0 1.000 0 0.977 6 61.150 0

E 0.6860 0.6007 29.238 8 0.741 4 0.6813 30.686 6

F 0.994 9 0.995 4 108.985 1 0.994 7 0.974 6 96.089 6

G 0.813 0 0.777 7 51.209 0 0.839 5 0.808 9 52.731 3

H 0.782 7 0.762 3 54.090 0 0.804 8 0.778 5 52.000 0

I 0.748 4 0.729 2 54.895 5 0.812 6 0.789 5 55.388 1

As previously mentioned, results for IMPACT-HTA were
similar, according to its groups of aspects and scale used.
Although the design and conditions of the surveys were dis-
tinct, the results were similar and analogous, corroborating our
framework’s suitability for analysing Delphi surveys’ results.

VI. CONCLUSIONS

We explored the use of NS, particularly CD methods, to
analyse Delphi surveys’ results in health settings.

First, we proved that NS and CD are proper and promis-
ing to analyse HTA Delphi results, where nodes represent
stakeholders and edges their agreement. We verified that the
conversion of the original Delphi data into network-based
data produced meaningful results. Additionally, we observed
that networks and communities’ topology were similar for
both projects, meaning that the results from different surveys
preserved a similar format. This way, we could demonstrate
that Delphi ”agreement networks” have a proper structure. We
implemented our framework for two HTA projects, yet its
employment is promising for other datasets and health contexts
to explore stakeholders agreement networks.

Next, we explored new information that could be extracted.
Our approach allowed us to verify that there is no significant
match between stakeholder types and communities, which are
mainly characterised by the type and patterns of answers given.
When a group of stakeholders concentrated in one community,
it was not because of their type but because all stakeholders
were. One interesting detail is that there is a strong tendency
for people to find all aspects highly relevant.

We also used different tools for analysing and representing
the results and understand better the division and composition
of communities, which are often not well defined. Results
suggest a poor strength of communities which might facilitate
consensus in the future. The results and used representations

can serve decision-makers in conferences when discussing the
inclusion of aspects, providing new and easy visualisation
tools. Analysing groups of related aspects is recommended.

Furthermore, we concluded that the triadic closure property
of social networks is also verified in ”agreement networks”. If
two stakeholders both agree with a third stakeholder, there is
an increased likelihood that they will also agree in the future.

One important finding is the high importance of the thresh-
old value used to define agreement. Changing this value
strongly changes results. Furthermore, we concluded that the
triadic closure property of social networks is also verified in
these ”agreement networks”. Thus, if two stakeholders both
agree with a third stakeholder, there is an increased likelihood
that they will also agree in the future.

Although the results were similar for the three datasets,
there were differences in IMD and BBIVT results. This finding
suggests that the context of the survey, meaning the type of
technology being analysed, influences the results, which is not
unlikely since these technologies are much different.

Our framework presents some limitations. In particular,
the protocol, including the measurement and proximity of
answers, was adapted from other studies. However, this frame-
work has never been applied this way in this context. For
this reason, it is challenging to compare and validate results.
Moreover, several tasks were performed manually, which
makes replicating the results more difficult and exhaustive than
it would be with a more automated program.

There are several ways of improving our framework and ex-
ploring different approaches. These include performing more
tests with different datasets, comparing results and also testing
other approaches. Some of the proposals are overlapping
communities algorithms, signed networks, and using Dis-
course Network Analysis to analyse the comments. Designing
software to automatise the framework is also promising.

As a final remark, the possibilities are immense when
discussing data analysis, including Delphi-originated data.
There are currently several robust methodologies employed to
study Delphi surveys’ results that inform and support decision-
makers. However, new and exciting approaches suitable in
other contexts are constantly appearing. Thus, it was fasci-
nating to find out at what level those can also be applied to
HTA and Delphi surveys. With a great space for improvement,
we believe we could complement the current Delphi analysis
and provide decision-makers with fresh insights and visuali-
sation tools, enhancing HTA processes. Finally, we hope this
work inspires others to improve this framework and explore
innovative approaches that might not be so obvious.
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