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Abstract—Asthma affects an estimated 300 million people
across the world. Despite being a highly treatable condition using
preventative inhalers, mortality rates remain unacceptably high,
with lack of adherence to medications cited as a major cause.
While various drivers for non-adherence have been considered in
isolation, interactions between demographic, behavioural and sit-
uational factors have never been modelled in concert mostly due
to the limited ability of traditional methods to group such a large
variety of features. This was addressed in this paper through
a non-linear modelling approach, leveraging a novel dataset
obtained via online surveying of asthma patients. Application of
traditional variable importance methods to examine explanatory
factors, however, is not possible. This is due to the presence of
high multicollinearity in the data, a highly common occurrence in
big data, or any datasets which include a large number of input
features. This results in insights being obfuscated by extensive
shared information and non-linear interactions occurring across
variables. To mitigate this, we introduce the first Grouped Feature
approach to Model Class Reliance (Group-MCR), that is able to
quantify the importance of specific variable sets in underpinning
explanations. Cross-validated models achieve 71% accuracy, with
Group-MCR revealing the importance of perceptual factors. Out
of all the perceptual factors denial proves to be most predictive
of non-adherence to asthma medication, indicating that public
health interventions should not only target the physical aspects of
asthma, but additionally focus on patients’ beliefs and perceptions
as valuable parts of their treatment.

I. INTRODUCTION

Despite being a highly treatable condition, asthma mortality
rates remain unacceptably high. In the UK alone an average of
3 people die from an asthma attack each day (Asthma UK). Yet
while symptoms are rapidly alleviated by preventative inhalers,
and regular use of asthma medication is essential in preventing
negative asthma outcomes [1], only 38% to 50% of patients
actually adhere to their prescribed treatment regimes [2]. This
is despite the use of inhalers decreasing hospital admissions
by 30%, making patient cooperation in using medication
prescribed key to successfully managing the condition. Many
drivers for this non-adherence have been proposed, and there
is little doubt that patients’ use of medication is impacted
by demographics and lifestyle choices, as well as contextual
and psychological factors. Yet, there exists little consensus as
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to which of these groups of factors are most central to non-
adherence behaviours [3]. Cross-sectional data is lacking, and
while many covariates have been examined in an attempt to
explain patients’ reticence to medicate, studies have generally
occurred in isolation, considering only one or few variables at
a time.

Identifying the most relevant group of factors is valuable
not only to practitioners, but to policy makers and those
implementing health interventions. Better identification of the
categories of features most linked to non-adherence promises
to provide not only a better understanding of the condition
itself, but holds potential to generate actionable early warning
signals, identifying those who may be at risk. It is possible
to identify individual feature importances and act on them.
However, acting on specific groups of factors related to non-
adherence, in concert, is highly desirable given that such
groups often require different channels of communications,
different types of interventions and share similar behavioural
underpinnings [3], [4]. Therefore, knowing which group, rather
than which individual feature, is of greatest importance can
lead to different interventions structures and informed plan-
ning. For example, interventions may be most effective by
reaching out to patients in rural areas, by increasing education
in poorer communities, or by focusing more on simply creat-
ing behaviourally focused therapies [4]. Understanding which
groups of factors are most predictive of non-adherence seeks
to lead us to better patient outcomes and the lowering of both
personal and stakeholders’ costs [3].

This work therefore examines two research questions via
an inductive data modelling approach: • What are the main
groups of risk factors that predict non-adherence to asthma
medication? and • Which individual features within these
groupings are particularly representative of non-adherence?.
Measuring the performance of predictive factors is a multi-
dimensional problem. With indicators of non-adherence not
necessarily being mutually exclusive [3] and, in reality highly
likely to interact with one another, a distinct methodological
challenge is presented.

A wide range of approaches have been applied in an
attempt to better understand the risk factors behind negative
health outcomes (see Section III). However, a key challenge,
and a common characteristic of big datasets in general, is
the large range of input features faced - an issue widelyPre-print. 978-1-6654-3902-2/21/$31.00 ©2021 IEEE



recognised as restricting traditional regression methods. Ad-
ditionally, traditional analytical approaches have struggled to
cope with the non-linearity and high information sharing
occurring between input features (the most simple version of
which is multicollinearity). Methods in social sciences and
pharmacology, in particular, have had problems unpicking
group effects, with remedial technical solutions being severely
prone to information loss (due to elimination of features
that do not contribute to a ‘compound scale’, for example
[5]). Yet there also remain deficiencies in methods derived
from the Computer Sciences, with explanatory approaches
such as grouped permutation importance providing insights
only about the mechanism of a single model, rather than the
generative processes of the underlying phenomena - again,
multi-collinearity and interaction effects can often result in
misleading conclusions [6], [7].

To meet these challenges, in this paper we not only take
a non-linear modelling approach, leveraging a novel dataset
drawn from surveying asthma patients, but additionally intro-
duce a concept of Grouped Model Class Reliance (Group-
MCR). In contrast to group permutation importance, this
extension is able to take into account multiple models to un-
cover underlying relationships between groups of factors and
indicate each group’s utility in predicting adherence. The rest
of the paper is structured as follows: Section II details related
work with regard to risk factors, Section III highlights the
challenges that exist with regard to applying recent/traditional
approaches to achieve the aims of this work and Section IV
details the dataset and the proposed methodology/experimental
design, including the use of Group-MCR. Results are then pro-
vided in Section V, followed by a discussion and conclusion
in Sections VI and VII respectively.

II. RELATED WORK

Adherence is defined as the extent to which a patient’s
behaviour matches the recommendations from a medical
professional in relation to their treatment [8]. While never
previously assessed in concert, various potential drivers of
non-adherence to asthma medication have been considered
in isolation. A wide range of predictive factors include: the
complexity of therapy; patients’ understanding of the illness
and its complications; social support of patients; drug avail-
ability; disappointment due to lack of improvement; and level
of patient’s education [9], [10]. Many such factors share a
common thread, all speaking to patients’ ability and motivation
to obtain effective support or acquire knowledge [11], [12].

An extensive stream of work, specifically considering
asthma non-adherence, has focused on socio-demographic
factors. Previous research, however, has not yet identified clear
and consistent relationships between medication usage and
demographic variables, such as gender and age [3], [8]. There
is some evidence indicating that patients with better adherence
behaviour tend to be female [10], from older demographics
[4] and are most frequently married [8]. Despite these links
being made, studies show that socio-demographics and clinical
factors can only account for a small amount of variance in

adherence [8] - and that additional other factors are relevant.
In particular, lifestyle factors, such as smoking and lack of
exercise are seen as negatively associated to adherence to
prescribed medication [13].

The fact that socio-demographics and lifestyle features have
only managed to yield partial explanations for non-adherence
has increasingly led to examination of the impact of factors
such as personality traits. Individual differences such as per-
sonality traits are the focus of several studies on adherence,
yet consensus is still to be achieved on what characteristics
may relate to non-adherence. For example, neuroticism (a
personality trait from the well-established five-factor psycho-
logical model [14]–[16]) was found to have a negative impact
on adherence, while conscientiousness and agreeableness had
positive effects [17], [18]; yet, contradictory results have
also been published indicating that personality does not have
significant impact after all [8], [19]. Other psychological
studies have considered the impact of the emotional states of
patients, or affectivity. Negative affect, a common symptom
of depression, has been correlated with low adherence to
asthma mediation [2], a result supported by recent work
evidencing that emotions are also predictive of intentions to
adhere [20]. Other studies have focused on specific emotional
states. Evidence of fears of asthma consequences, for example,
have been strongly associated with reduced willingness to use
medication [21] - whereas ‘hedonic capacity’ of patients, has
been positively correlated with effective asthma control [2].

Less well examined, however, are the relationships between
perceptual factors and adherence to asthma medication. This
is perhaps surprising for asthma, which has been associated
with issues of both stigma and avoidance [22]. Perceptual
influences are rooted in the two steps patients must take before
they adhere to a medical regimen: 1. deciding whether they
accept they have a condition; and 2. whether they consider
the prescribed medication is suitable and worth any perceived
risks [23], [24]. It has been reported that such decisions relate
to patients’ notion of their own personal identity, and that
maintaining an existing quality of life dominates many indi-
viduals’ experiences of asthma [25]. Perceptual factors relating
to asthma, and the perceived ‘weakness’ some attach to the
condition, have related effects on coping strategies [8]. Coping
efforts vary widely across individuals - in some responses to
diagnosis, patients can be ‘active, problem-focused and adap-
tive’; while others are ‘passive, emotion-focused and focus on
condition negation’ [9]. Where an individual falls across this
spectrum is highly relevant to long-term behavioural patterns
related to appropriate asthma management [26].

As described above, numerous potential factors have been
found to impact on non-adherence - yet the number of avail-
able candidate variables emphasizes the key challenge faced
- it is extremely difficult to isolate the impact of one factor
individually. Underlying drivers of non-adherence tend to be
grouped, deeply embedded in people’s daily lives, ranging
from behavioural to situational circumstances, psychological
to demographic. This situation is exacerbated by the number of
(potentially non-linear) interactions that exist across indicators.



An example is age and stigma: as individuals age, their risk of
hospitalization due to asthma increases; in concert the stigma
patients anticipate when carrying a preventative inhaler in
public decreases, reducing risk; examining age and perceived
stigma separately may inflate relationships observed. Such
interactions, and the range of mediating and moderating factors
at play across patients’ lives, are the motivation behind this
study, which takes a non-linear and inductive approach to
the problem domain. Leveraging machine learning techniques,
we model a new dataset of 80 factors relevant to asthma
adherence, drawn from the empirical and theoretical literature,
to interrogate explanations of non-adherence.

III. IDENTIFYING ACTIONABLE FEATURE GROUPS

Due to the complexity of the non-parametric approaches
common in machine learning, derivation of stable model
explanations is often non-trivial. A goal of this work, therefore,
is not only to construct an accurate predictive model of
adherence to asthma medication, but to use outputs to elicit
robust insights into specific groups of risk factors that might
inform future medical interventions [27]. To achieve actionable
variable groups of this nature requires feature importance
techniques. Importantly, research into model interpretability
can also be dichotomised into two approaches in assessing
the predictive performance of feature groups:
• a priori combination: features are combined prior to

modelling. This corresponds to the tradition of feature
engineering in machine learning and includes, but is
not limited to, compression techniques such as PCA;
Multidimensional Scaling; Kernel PCA; Maximum Vari-
ance Unfolding; and Partial Least Squares. All such
techniques identify components (or latent variables) that
reduce dimensionality - yet which are notoriously hard
to interpret, restricting explanatory insights about an
application domain [28].

• posteriori combination: feature combinations are as-
sessed after modelling has occurred. Such approaches
are particularly appropriate when input features sets are
associated with specific groupings from the outset - either
based on the theoretical or domain knowledge, or due to
processes of data collection. Increasingly, improvements
in algorithmic efficiency have reduced the need for ex-
haustive feature compression, allowing group importance
to be assessed after modelling in linear and non-linear
models (e.g. via grouped permutation importance) [6].

The main focus of this research is to provide explanatory
analysis of non-adherence to asthma medication in order
to inform medical interventions to promote adherence. Use
of a priori combinations are therefore less desirable, due
to complications in interpretation. Moreover, the dependent
variables used in health research are often categorized due
to their conceptual nature (e.g. therapy-, condition-, patient-
related), making a posteriori approach to group analyses more
attractive.

A priori reduction of features into actionable sets is, actu-
ally, a common task in ‘survey-based’ research. Here, indi-

vidual items are often combined into scales (constructed from
variables that were designed to measure the same theorised
underlying concept) with reliability assessed using measures
such as Cronbach’s alpha [29]. A high Cronbach’s alpha
supports the conjecture that features are interrelated with one
another, and can be combined into a compound variable by
taking a mean value, or sum [30]. While extremely common
in social sciences research, this process has numerous draw-
backs. First, features that are not linearly correlated cannot
be allocated to the same compound ‘group’, even if they
link thematically. Second, items of varying types, such as
categorical and continuous features, cannot be incorporated.
Finally, Cronbach’s alpha is only valid for data that is linear
and normally distributed [29] which means valid variable
combinations can be overlooked. It is also common for vari-
ables that cannot be grouped to be eliminated from modelling
altogether, a situation that preserves the integrity of analysis,
but at the cost of information loss and predictive accuracy
- and consequently weakening the case for the validity of
explanations produced [5].

Increasingly, machine learning approaches are eschewing a
priori feature construction of this form, using approaches such
as grouped permutation importances, performed on models
trained on all original features [6]. Groups of features are
simultaneously permuted to measure joint effects as their
information is disrupted. In a similar fashion, feature exclusion
and retraining methods1 [31] include or exclude groups of
features and assess the significance of their inclusion in
the model (although the use of methods to then determine
such significance such as split counts and SHAP values [32]
remains non-trivial with feature sets).

A major, and sometimes overlooked, weakness of these
approaches is that they only tell us about the mechanism
of a single model - and not the underlying mechanism of
the phenomenon itself. It has, therefore, been noted that
the explanations they output can be misleading regarding an
underlying generative process [7], [31]. This is due to the fact
that input features typically share predictive information (i.e.
multicollinearity). Focusing on learning a single functional
relationship, despite many possible and equally predictive
relationships existing within the data set, can provide deceptive
results [31]. To address these issues, Model Class Reliance
(MCR) has recently been proposed [7], [31]. This method
implicitly considers the full set of models with equal predictive
performance to the learnt ‘best’ model, known as its Rashomon
Set, reporting variable importance bounds for each variable.
Due to the goal of finding actionable explanatory insights
for non-adherence, we use MCR within this study, extending
its capabilities to understand grouped features. The goal of
this work is to propose a way to solve these methodological
challenges in order to observe several groups of well-known
non-adherence drivers and discover the most powerful one.

1This includes step-wise approaches more often used for variable selection



IV. METHOD

A. Participants

Data was collected via an online survey, distributed via
Google Forms and advertised through Prolific. The survey was
reviewed and approved by an independent ethics committee at
the University of Nottingham. Each participant was rewarded
with points by Prolific, equivalent to £2. No identifying
personal information about participants was collected. Only
people who live in the UK, were older than 18, and possessed
a current asthma diagnosis were considered. Participants were
also required to complete a consent form in order to partici-
pate. Survey responses were collected during the period 1st to
5th May in 2020. Responses obtained in less than 4 minutes
were excluded as this was considered too short to have read
the questions posed. A total of 511 valid individual responses
were collected from the survey. 344 (67.3%) participants were
female and 165 (32.3%) were male. 214 participants (41.87%)
had high adherence, with 297 participants (58.12%) having
low adherence.

B. Materials

The survey lasted approximately 20 minutes and had 80
individual questions, designed to investigate the relationship
between asthma medication regime adherence and a range
of dependent feature groups. Adherence was measured via
the Morisky-8 item questionnaire [33], composed of eight
questions with ‘yes’ or ‘no’ response options, but producing
a compound adherence score ranging between [0,7] (with
higher scores implying higher adherence). In accordance with
previous literature, scores can be further categorized into a
binary adherence score using a cut-off point of six, with a
score <6 corresponding to low adherence and a score ≥ 6
to high adherence [33]. The survey’s other questions can be
categorized into seven groups of factors, all typically measured
using (1-7) Likert Scales (Table I details exemplar items from
each group and includes some key research references. The
full question list is available2).
• Asthma traits: characteristics of asthma and its symp-

toms were measured via: condition type (mild/severe);
duration; inhaler type; and severity of symptoms [34].

• Demographics: Socio-demographics questions: age; gen-
der; education; employment; and income [10], [26]).

• Perceptual Factors: based upon qualitative examinations
of adherence to asthma medication from a variety of
studies, perceptions measured included perceived stigma
of having asthma [35]; perceived sense of support [36];
negative impacts of media, and disparaging humour [37].

• Coping mechanisms: Coping mechanisms were examined
using the adjusted Asthma Specific Coping Scale, which
is composed of questions related to: information seek-
ing; hiding; ignoring; worrying about asthma; restrictive
lifestyles; and positive reappraisal [38].

2http://www.nlab.org.uk/wp-content/uploads/Asthma Survey Question
List.pdf

TABLE I
LIST OF FEATURES GROUPS, DESCRIPTIONS AND EXEMPLAR REFERENCES

Variable Group Description References

Adherence Score Morisky-8 question adherence scale (0-7) [33], [40]

Asthma Traits Asthma impact (level of the individual):
• asthma severity (mild/severe)
• duration of condition (years)
• inhaler type (categorical)

[34]

Demographics Age, gender, education, employment and in-
come

[10], [26]

Perceptual Factors Asthma perceptions influenced by exogenous
factors
• adjusted Stigma Scale
• perceived sense of support
• perceived effects of media and disparaging
humour

[35]–[37]

Coping mechanisms Asthma Specific Coping Scale [38]

Emotional Affect Range of features based upon PANAS scoring
system

[39]

Lifestyle Habits Identification of Patient controllable be-
haviours:
• smoking
• exercise

[13], [25]

Personality traits Big-5 trait measurement scale [14], [16]

• Emotional Affect: Propensity for positive and negative
emotions measured in the survey was based upon the
PANAS scoring system [39]. Emotions in relation to
asthma that were measured were: feeling sad, strong,
scared, hostile, ashamed, nervous, determined, guilt.

• Lifestyle Factors: Lifestyle behaviour items were col-
lected, relating to factors within patients’ realm of con-
trol, identifying habits such as smoking and exercise.

• Personality traits: Personality traits were collected using
the Ten Item Personality Inventory (TIPI) version of the
well-established Big Five: neuroticism, openness, extro-
version, agreeableness & conscientiousness [14]–[16].

C. Experimental Design

The analysis of asthma adherence was framed as a bi-
nary classification task with non-adherence (the target class)
coded as zero. Missing values were handled using median
imputation, and the issue of class imbalance was solved by
downsampling [41], resulting in both low and high adherence
classes containing 214 data points (N=428). Data was stratified
into a training (75%) and test set (25%), with the performance
of each model examined against the held-out test data. Clas-
sification accuracy was used as the standard metric against
which results are assessed. Three classes of models (Logistic
Regression, Support Vector Machines and Random Forests)
were trained and evaluated. Meta-parameters for each model
class were optimized via a grid search and 10-fold Cross-
Validation3, with training data being further split to obtain
a 10% validation set for each fold. Once an optimal set of
meta-parameters was identified, the corresponding model was

3The parameters searched over: LR: class weight: balanced, solver: lib-
liner, C: np.logspace(-4,3,20); SVC: kernel: (linear, rbf), C: (0.1,1,5,10,100),
γ: (scale, auto, 0.1,0.01,0.001); RF: n estimators: 2400, bootstrap: False,
min samples split: (13,15,18,20,24,35), max features: (sqrt, log2, 15).

http://www.nlab.org.uk/wp-content/uploads/Asthma_Survey_Question_List.pdf
http://www.nlab.org.uk/wp-content/uploads/Asthma_Survey_Question_List.pdf


then re-fit to the full training dataset and evaluated against
the held out sample. While nested cross-validation could be
employed, a split sample approach was preferred here due to
the explanatory focus of the analysis and the subsequent goal
of isolating an optimal reference model against which variable
importance analysis could be performed. However, to confirm
that the optimal reference model found was representative of
generalized classification accuracy, the experiment was re-run
in its entirety ten times to ensure the representativeness of the
reference model’s performance.

With an optimal model identified, we next investigated
the factors underpinning non-adherence through the lens of
feature importance analysis. Due to the grouped nature of the
feature sets used, risk factors were assessed via permutation
importance within their typed groups. In contrast to the
proposal in [6], where group permutation importance scores
are divided by the number of features in each variable set (thus
‘normalizing’ them), we instead report only total increase in
error. This is motivated by the fact that our setting is not tasked
with minimal feature selection (as per [6]), but the challenge
of maximal information collection. That is, if practitioners
must focus their data collection efforts on one pre-defined
feature set, whether psychological, behavioural or physical,
it is crucial to identify which ought be prioritised. This
distinction is key, as the minimal feature selection problem
favours inclusion of smaller groups of features per step - even
if such groups contribute less predictive power than a larger
group overall. Thus, for our problem setting, only total mean
decrease in accuracy for permuted feature sets was assessed.

Permutation importance can lead to misleading results if
practitioners are unaware that outputs only encode a single
functional relationship between input feature and response
feature - which is not necessarily representative of feature
importance in the underlying phenomenon. MCR was intro-
duced to help address this problem [31], requiring that analysis
considers not one arbitrary solution, but all models that can
provide optimal predictive performance. By computing MCR
scores [7] for this Rashomon set, we are able to identify
those features that contain indispensable information - and
those which are readily substituted for another feature. As
well as moving our understanding towards explanations of
the underlying phenomenon being modelled, rather than the
workings of an individual model instantiation, this allows us
to mitigate against any feature selection bias that might occur
during model building.

D. Grouped Model Class Reliance

To get closer to the underlying mechanism behind asthma
non-adherence, we add functionality to existing MCR meth-
ods that allows analysis of groups of features within the
framework (echoing the addition of grouping mechanisms to
naive permutation methods developed in [6]). Group-MCR4 is
realized though a modification of the RF-MCR algorithm made

4An open source implementation of Group-MCR is made available at the
repository: https://github.com/gavin-s-smith/mcrforest

available in [7]. Before developing our Group-MCR extension
to MCR, we briefly introduce MCR below.

Model Class Reliance: Model Class Reliance (MCR) pro-
vides importance bounds for an input variable, highlighting
the range of explanatory power each variable has across all
possible equally predictive relationships consistent with the
observational data (the phenomena) rather than just a single
(typically arbitrary) relationship learnt by a machine learning
algorithm. Conceptually the approach builds on permutation
importance for a single model. Consider a set of data points
Q. Each data point is defined as q = (x1, x2, . . . , xv, y), q ∈ Q
where each xi denotes the value for the input feature, Xi, and
y represents the value for the output feature, Y . The notion
of Model Reliance (MR) of a specific feature (e.g. X1) can
then be defined as the mean decease in accuracy (MDA)5,
between a given model (functional relationship, f ) when X1

is available and when it is disrupted via permutation Xφ
1 , with

all other input variables X2, . . . , Xn left unchanged:

MRX1(f) =
1

|Q|
∑
q∈Q

1 (f(x1, x2, . . . , xn) = y)

− 1

|Qφ|
∑
q∈Qφ

1

(
f(xφ1 , x2, . . . , xn) = y

)
(1)

Note that the use of the indicator function is simply
recording if a model f is predicting the label of item q
correctly. Intuitively the value of MRXi represents the damage
done when the information held by Xi is rendered useless -
reflecting its importance to the model. With this concept in
hand, MCR can then be defined as the minimum (MCR−X1

)
and maximum (MCR+

X1
) MR observable across all of the

equally predictive models producible by a given machine
learning model class, and consistent with the observational
data. The restriction to a model class enables all equally
predictive relationships to be represented as the implicit set
of models F = (f1, . . . , fm), resulting in the definition:

MCR(X1) =
[
MCR−X1

,MCR+
X1

]
=

[
min
f∈F

MRX1
(f),max

f∈F
MRX1

(f)

]
(2)

Algorithms and implementations for estimating MCR in a
tractable fashion currently exist for Kernel Regression (poly-
nomial run-time [31]) and Random Forests (classification and
regression, logarithmic runtime [7]), with the latter being
extended in this work.

Grouped Model Class Reliance: MCR computes the range
of potential explanatory power for each individual variable -
but tells us nothing about the importance of groups of variables
in concert. Group-MCR is realized as an extension to the MCR
for a Random Forests algorithm (RF-MCR) [7]. Noting that
MCR is based on permutation importance, we follow a similar
approach to the extension of permutation based methods for

5For simplicity of explanation we focus on classification due to the problem
type of this work. However, the approach holds more generally with the MR
being defined as the change in any loss function, enabling easy generalization
to regression and different performance measures (See [7], [31]).

https://github.com/gavin-s-smith/mcrforest


single models from [6], proposing a modification to the MCR
for Random Forest algorithm. While this technical contribution
is an extension to an existing algorithm, its utility enables the
novel analysis presented herein, and leads us to insights that
would have otherwise been unobtainable.

Again let the (arbitrary) variable of interest be X1. RF-
MCR estimates MCR−X1

(MCR+
X1

) by defining a conceptual
set of models with equal performance to a reference model
assumed to represent an optimal model. A two staged search
algorithm then searches across this conceptual set to locate
the forest, f̂X1 , that utilizes X1 the least (most). The MR
for f̂X1

is then the MCR−X1
(MCR+

X1
). At the level of an

individual tree in the forest, Stage 1 assumes that all surrogate
splits6 for each decision node have been identified, and this is
assumed for all trees. Specifically for each tree in the forest
(∀T ∈ f̂ ), all decision nodes (∀D ∈ T ) in each tree have been
annotated not only with a primary split variable (p) but also
with all possible surrogate splits [42] - other input features
that would split the data equally well (S = {s1, s2, . . .}) with
D = (p, S). While all split variables (primary or surrogate)
in practice have associated values, these are omitted in the
notation for convenience. Based on this information, on a
per tree basis, the tree which utilizes the variable the lowest
(highest) is substituted to create the Stage 1 forest for MCR−X1

(MCR+
X1

). Let a ∈R B denote the random selection of
element a from set B and let pD denote the primary split
variable for a given decision node D in the tree. Formally for
MCR−X1

, ∀T ∈ f̂ ,∀D ∈ T :

pD =


pD, if x1 6= pD

x ∈R (SD − {x1}), if (SD − {xi}) 6= ∅
x1, otherwise

(3)

and for MCR+, ∀T ∈ f̂ ,∀D ∈ T :

pD =

{
x1, if x1 ∈ pD ∪ SD

pD, otherwise
(4)

For each substituted tree T ′, it is guaranteed that
MRX1

(T ′) ≤ MRX1
(T ) (MRX1

(T ′) ≥ MRX1
(T )). This

is because the trees remain structurally equivalent yet the
permuted variable within MR(·) is utilized less (more) [7].

Once the Stage 1 forest has been built the final forest is
constructed via, for each tree, searching across trees in the
Stage 1 forest and replacing the tree, if a prediction equivalent
tree that relies on X1 less (more) than the current tree can be
found. As shown in [7], combined, these transforms result in
a final forest that represents the forest which relies on X1

the least (most) and for which the MR equals the MCR−X1

(MCR+
X1

) under mild conditions.
To achieve Group-MCR we reconsider the definition of

Model Reliance to be with respect to a group of variables,

6Variables and their decision values that split the data in the same way as
the variable chosen as the primary split [42]

G = X1, . . . , Xg where g = |G| rather than a single variable
X1. Specifically:

MRG(f) =
1

|Q|
∑
q∈Q

1 (f(x1, . . . , xg, xg+1, . . . , xn) = y)

− 1

|Qφ|
∑
q∈Qφ

1

(
f(xφ1 , . . . , x

φ
g , xg+1, . . . , xn) = y

)
(5)

This subsequently generalizes the GROUP-MCR definition to:

MCR(G) =
[
MCR−G,MCR+

G

]
=

[
min
f∈F

MRG(f),max
f∈F

MRG(f)

]
(6)

To compute GROUP-MCR we then follow the algorithm from
[7] but modifying Equation 3 to, ∀T ∈ f̂ ,∀D ∈ T :

pD =


pD, if pD /∈ G

x ∈R (SD −G), if (SD −G) 6= ∅
pD, otherwise

(7)

and Equation 4 to, ∀T ∈ f̂ ,∀D ∈ T :

pD =


pD, if pD ∈ G

x ∈R (G ∩ ({pD} ∪ SD)), if (G ∩ ({pD} ∪ SD)) 6= ∅
pD, otherwise

(8)

Note that under such modification, we retain the requirement
that for each substituted tree T ′, that MRG(T

′) ≤MRG(T )
(MRG(T

′) ≥ MRG(T )). Again, this is due to the fact the
trees remain structurally equivalent and the permuted variables
within MR(G) are utilized more. Having made these changes,
Stage 2 of the algorithm and its proofs are unaffected, allowing
the final computation of MCR−G (MCR+

G).

V. RESULTS

Following parameterization via 10-fold cross validation of
Logistic Regression, Support Vector Machine, and Random
Forest model classes, and evaluation against the held-out
test set, Random Forest models produced best predictive
performance, with classification accuracy of 71% (precision
= 0.73; recall = 0.69). SVM produced the second best result
with the accuracy of 64% (precision = 0.67; recall = 0.56).
Logistic Regression Classifier produced an accuracy of 63%
(precision = 0.67; recall = 0.52). As the optimal classifier, the
Random Forest model was first analysed using unconditional
permutation importance [43], examining the importance of
various feature groups to its predictive mechanism. Results of
permutation importance are illustrated in Figure 1a (left). Per-
ceptual factors provided the strongest influence on successful
predictions of non-adherence, followed by emotions. Lifestyle
choices and coping behaviours were of moderate importance
to the model, with other features of only minor relevance to
model outputs.

Next, Group-MCR analysis was applied, with Figure 1b
illustrating the arbitrary nature of raw permutation importance



analysis. Group-MCR analysis takes into account all equally
predictive models from the model class, with importance
boundaries being notably at odds to results in Figure 1a. First
we note that, as expected (and by definition), the results of
analysis of the reference model lie within the Group-MCR
bounds. However, the Minimum Model Class Reliance (MCR-
) and Minimum Model Class Reliance (MCR+) scores imply
that there are clear differences between competing ‘optimal’
models in terms of the variable groups they leverage. This
indicates that information sharing is occurring between the
groups - in some instances feature groups are reflective of the
same information, and could be use interchangeably. The only
exception to this is the group of Perceptual factors, which not
only contributes the most to any optimal model, but contains
information (as indicated by a non-zero MCR- score) that is
indispensable to prediction of adherence.

The perceptual factors, which showed the strongest impor-
tance to the model class, were then considered at an individual
feature level via RF-MCR analysis. Individual features here
correspond to individual questions from the survey, and have
been ranked in Figure 2 with respect to their importance
ranges across all models. Immediately, we recognize that much
information is shared across questions, as one would expect
given they all relate to patient perceptions of their condition.
However, statements reflecting Denial are noticeable in achiev-
ing the highest available MCR+ levels: ‘Even though I am di-
agnosed, I think I may not have asthma’ and ‘My asthma is not
as serious as my doctor and my diagnosis say it is’. Another
notable perception is Perceived Discrimination, as statements
that illustrate this perceived stigma had a high MCR- and
MCR+ score (e.g.‘I have been discriminated against at work
because of my asthma’).

In order to provide an indication of the relationship that
exists between adherence scores and individual perceptions
[44], Shapley additive explanation (SHAP) values were also
computed based on the reference model. Figure 2b illustrates
SHAP values for 28 individual features within the perceptions
variable set, each item reflecting an individual question from
the survey. Interpretation of these SHAP values indicates that
predominantly, negative perceptions, indicative of discrimina-
tion and denial, correspond to low adherence scores (note that
in the figure negative perceptual factors are predominantly
indicated in red - but this is dependent on exact wording of
individual questions).

VI. DISCUSSION

Results have shown that Perceptual factors are the most
important category of predictors indicative of non-adherence
of asthma patients to prescribed medication. This conclusion
is supported by both permutation importance and Group-MCR
methods, with the groups’ high MCR- score indicating that
the information contained by perception features cannot be
replaced by any other factors. Even in the predictive model
where they are needed the least, perceptions still play a key
role. Based on this it can be argued that perceptions patients
create about their asthma are inseparable from the way they

manage their condition - perceptions are essential and should
be taken into account in all models.

The result that perceptions are primary predictors of ad-
herence to asthma medication could be considered intuitive
since perceptions relate to how we see the world. However,
perceptions about one’s condition would traditionally not be in
the focus like other groups of factors such as demographics or
lifestyle behaviours. This is why this provides valuable impli-
cations for future intervention strategies. The relationship of
perceived stigma and non adherence indicates the likely benefit
from a greater focus on actively addressing the reputation of
asthma, which continues to be caricatured as a sign of ‘weak-
ness’ in the media [35]. Identifying perceptions as the most
relevant is also important because perceptions, such as stigma,
often do not only originate from patients but are constantly re-
shaped by public opinions. Therefore, unlike for some other
groups of factors that focus on patient-characteristics, such
as demographics, interventions aimed at targeting perceptions
should not only focus on communications to patients regarding
stigma, but also on the wider public beyond asthma patients
as well [35].

Group-MCR analysis also highlighted the existence of mod-
els in which some feature groups have an MCR- score of 0
(e.g. lifestyle choices). This insight emphasizes the dangers of
only considering results of permutation importance of a single
model. Permutation importance (Figure 1) implied ‘lifestyle
choices’ could be considered as the third most relevant group.
Yet, Group-MCR demonstrates this is not necessarily represen-
tative of the phenomena; some models simply do not need to
use this group and still achieve the same prediction accuracy.
The difference in terms of MCR- and MCR+ scores indicates
that groups have intertwined relationships and likely share
a significant proportion of information between each other.
Instead of focusing on changing patients lifestyle, it is likely
to be more impactful to focus on changing perceptions and
emotions. The differences between graphs in Figure 1 also
emphasize that when features share information, ranking of
features can be highly arbitrary - demographics, for example,
were unimportant in the reference model, but achieved the
third highest MCR+ score, indicating that in some models
demographics are highly valuable in predicting non-adherence.

In the breakdown of individual perception importances (see
Figure 2), RF-MCR finds strongest predictive power to be re-
flected in the question: ‘Even though I am diagnosed, I think I
may not have asthma’, illustrating denial of the condition [45].
SHAP values associated with statements about denial show the
negative association denial has with adherence. This confirms
previous qualitative analysis, which has identified denial as one
of the most ‘dangerous’ aspects of stigma; whether the result
of mental health challenges, or simply inability of a patient
to accept the identity of being an ‘asthmatic’, denial can be
a significant barrier to getting appropriate medical attention,
care and support [4].

Many individual perceptual factors have a very low score
for MCR- indicating they share a lot of information with other
features (again, see Figure 2a). This is to be expected, as many



Fig. 1. Comparison of unconditional permutation importance (left) and Group-MCR (right).
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Q1. People sometimes joke about asthma to put me down.
Q2. People would make jokes about asthma in front of me.
Q3. I do not use my inhaler in public because people might make fun of me.
Q4. Media generally portrays asthma in a negative light.
Q5. Society perceives people with asthma as weak.
Q6. People would treat me differently if they knew I had asthma.
Q7. I have never been discriminated against at work because of asthma.
Q8. Sometimes I feel that I am being talked down to because of asthma.
Q9. I worry about telling people I use an inhaler.
Q10. Some people with asthma are weak.
Q11. I do not think people understand what asthma really is.
Q12. I think people with asthma are not as reliable co-workers as anybody else.
Q13. I worry about how people might react if they found out about my asthma.
Q14. I would have had better chances in life if I had not had asthma.
Q15. I do not tell people at my workplace that I have asthma.
Q16. I prefer if people did not see me using my inhaler.
Q17. I am angry with the way some people have reacted about my asthma.
Q18. I had trouble with people because of my asthma.
Q19. Even though I am diagnosed I think I may not have asthma.
Q20. My asthma is not as serious as my doctor and my diagnosis say it is.
Q21. Using an inhaler means you are not coping well with your asthma.
Q22. I would not ask others to change their behaviour...it is my own problem.
Q23. I get valuable information on how to cope with asthma from people online.
Q24. I feel more understood about asthma problems by people online...
Q25. I don’t think that support groups for asthmatics are of any use to me.
Q26. I am concerned that I might get incorrect information...online.
Q27. Realizing that my experience is not unique helped me cope better.
Q28. I would rather suffer from smoke than explain that I have asthma.

questions in the survey are related to one another. This view
is further supported by observed SHAP values (Figure 2b)
which implies features mostly negatively impact adherence.
Many perceptions examined in our models are related to
stigmatization (including denial and discrimination) and these
effects of stigma on non-adherence, and consequently on
mortality rates, deserve further examination. The potential for
perceptions of asthma patients, such as denial, to negatively
impact adherence has an implication for intervention design,
which currently remains focused on the physical components
of asthma and related conditions [46]. That said, it is important
to acknowledge the constraints on generalization of our find-
ings. While the list of features (and groups) included in our
model is based on hypothesized predictors from the literature,
this is not an exhaustive list; increased dataset sizes would
better serve our analysis; and a range of models, for which
RF-MCR is not available, are yet to be considered.

VII. CONCLUSION

This work presented a study of a new asthma survey dataset,
allowing investigation of combined groups of features, which
have been independently proposed as related to asthma non-
adherence. Considering intricate interactions between different
features we considered their group’s utility in predicting
non-adherence using a novel Grouped Variable approach to
Model Class Reliance (Group-MCR). This method overcomes
challenges such as masking issues due to multicollinearity
and the non-linear nature of relationships occurring between
variable groups. Group-MCR Analysis also highlighted the
risk of assuming that feature importances derived from a single
‘optimal’ model of non-adherence are fully representative.

Results indicated that perceptual factors were the strongest
predictor of non-adherence. Additionally, investigation of in-
dividual features revealed that denial and perceived discrimi-
nation play a crucial role in non-adherence. This means that
asthma is more than a pharmacological challenge. These in-
sights can be used to develop better markers for non-adherence
and open potential routes to tailored communications and
services. The indispensability of perceptual factors produces a
clear recommendation - policy should attempt to reduce both
stigma and discrimination surrounding the condition, focusing
on allaying denial and patient fears.
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