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Abstract - Patient engagement in the cardiac rehabilitation (CR) process is being increasingly viewed as an essential factor 
in achieving desired clinical outcomes. Engagement is a construct that can inform our understanding of intention, attendance, 
and participation in rehabilitation. Despite the extended psychotherapy and mental health context research into patient 
engagement, research directly exploring this topic within the context of CR has only recently emerged. There is an absence 
of a coherent approach to understanding and monitoring patient engagement in CR. The most comprehensive model of 
therapeutic engagement was developedwith reference to acquired brain injury. However, research is yet to thoroughly test 
this multi-layered model. We propose that the application of such a model could help predict patient engagement in CR, thus 
providing a useful framework for program planning. We also expect that the lack of application to date is associated with the 
complexity of multi-layered models, mainly when non-linearity is created by the complex parameters that affect human 
behavior after an illness. We propose the use of non-linear statistical or machine learning methods to test this complex 
model, in conjunction with more standard approaches such as variance-weighted linear regressions. 
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I. INTRODUCTION 
 
Over the years, a great deal of research has focused 
on the outcomes achieved by patients who participate 
in rehabilitation, but little is known about factors that 
contribute to participation per se [1-6]. The success of 
a rehabilitation program depends upon the ability to 
engage successfully with clients, to motivate them to 
attend, and to facilitate their full participation in the 
procedure [7, 8]. Questions about who participates 
and why they participate remain largely unanswered. 
There have been several recent efforts to develop a 
more holistic conceptualization of participation in the 
rehabilitation process. One of the more outstanding 
constructs to emerge from this work is engagement 
[8-10]. Rehabilitation engagement has been described 
as ‘a construct that captures multiple elements, 
including the patient’s attitude toward the therapy, 
level of understanding or acknowledgment of a need 
for treatment, level of active participation in the 
therapy activities, and level of attendance across the 
rehabilitation program’ [8]. By positioning 
engagement at the center of the rehabilitation process, 
a more thorough understanding of this complicated 
process and prediction of the likely outcomes will 
become possible.  
 
Interest in the engagement process has existed for 
some time, but the primary goal has been identifying 
unitary factors that facilitate or hinder participation in 
rehabilitation. Important variables have been 
identified and studied in a disparate manner, such as 
research into the influence of patients’ rehabilitation-

goal and rehabilitation on participation [1, 2]. Other 
research has focused on self-efficacy and outcome 
expectancies as predictors of the degree to which 
patients follow the guidelines of their healthcare 
providers and how these predictors finally impact 
rehabilitation outcomes [9, 10]. Patient motivation 
has received a great deal of attention as an important 
construct that can partly explain patient participation 
in rehabilitation [11-13]. Although this piecemeal 
approach has revealed valuable findings 
aboutimportant constructs related to participation in 
rehabilitation, it has not provided any overarching 
understanding of the process. This approach has also 
resulted in multiple findings that account for only a 
small proportion of the variance in both participation 
and outcomes. As such, there is a need to work on the 
complexities of the rehabilitation process more 
holistically to better understand and identify the 
active ingredients that combine with each other in 
complex ways to facilitate patient engagement.  
Research in this area could benefit from the 
application of a theoretical model that incorporates 
multiple predictors, thus facilitating a more 
organized, structured approach to research. Given the 
complexity of engagement, the development of a 
multivariate model is an important, yet challenging 
endeavor. Lequerica and Kortte (2010) presented a 
theoretical, Model of Therapeutic Engagement 
(MTE) which aimed to clarify how and why patients 
engage in medical rehabilitation [2]. Although there 
is evidence in support of individual components of 
this theoretical engagement model, the model has not 
yet been tested as a whole in any rehabilitation 
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population. Thus, the model’s applicability to cardiac 
rehabilitation remains unknown. Developing 
prediction models can improve accuracy by 
generating empirical, quantitative estimates of the 
likelihood of outcomes at each stage of the MTE. The 
MTE enables us to have the model structure for 
developing as they have already proposed a structural 
model for predicting PE. Otherwise, this study would 
require a big dataset to have the best model structure. 
Therefore, the MTE enables us to test a particular 
model structure and evaluating the significance of 
hypothesized links.  
 
II. HYPOTHESIS 
 
We propose that by studying a comprehensive 
psychosocial model of therapeutic engagement and 
embedding that model into a broader socio-
environmental context, we will extend knowledge in 
the area and thereby contribute to improved strategies 
for enhancing engagement.  
At each stage of the model, a parsimonious set of 
predictors is proposed. The model suggests that 
perceived needs, outcome experiences, and self-
efficacy collectively help to shape the willingness of 
a person to commence treatment. The consequence of 
this stage, which is called the pre-intentional or 
motivational phase, is the behavioral intention to 
become engaged in rehabilitation or not [2]. 
In the second stage of the model, the dynamic 
interactions with a rehabilitation service begin to 
influence the process of preparation. A collaborative 
process may occur between the person and the 
rehabilitation provider that influences the way in 
which goals are established,and treatment is planned. 
Deliberate involvement of the patient in the 
preparation process has been shown to have a positive 
impact on therapeutic engagement [14, 15]. Energy, 
defined as a person’s capacity to engage in treatment, 
is illustrated as having most of its power at this point, 
translating behavioral intention into actual behavior 
[2]. However, energy is poorly understood in this 
context.  
 
The process of engagement then shifts into a 
feedback loop where patients assess the advantages 
and disadvantages of engagement and make 
decisions, based on their experience, about whether to 
continue the activity or disengage. Patient 
expectations of the rehabilitation programs may or 
may not be met, which will influence the future 
behavior [16]. Reassessment of previous attitudes and 
beliefs about rehabilitation is an essential regulatory 
step in the process of engagement. As such, the 
therapist and patient may need to adjust treatment 
plans to take full advantage of the reassessment 
process. However, little is known about how patients 
evaluate rehabilitation experiences. Lequerica and 
Kortte (2010) alluded to patient engagement in 
rehabilitation being influenced by social and physical 

environment. However, the model defined 
engagement which focuses on patient state and 
actions without articulating the role of the socio-
environmental context. Therefore, it is necessary to 
shift rehabilitation from an individual level 
intervention to a population-based framework. As 
such, the role of socio-environmental factors as 
perceived and actual facilitators or barriers, is 
remarkably absent in the model. Meanwhile, barriers 
have played a critical role in most other health 
behavior models to date; however, the balance 
between facilitators and barriers may be more 
important than either considered in isolation [17]. 
Available evidence on the role of perceived barriers 
and facilitators suggests that these need to be 
included in the current model as factors that can 
contribute to the perceptions that fortify motivation to 
engage in rehabilitation. The role of socio-
environmental factors (such as family/friends support 
and provider, system, and work-related factors) in the 
engagement in rehabilitation differs between stages, 
and these differences should also be considered at 
different stages for testing the model. Although the 
role of barriers and facilitators has been studied 
disparately in the context of cardiac rehabilitation 
[18-21], the extent to which these contribute to 
intention to engage in CR, CR initiation and sustained 
engagement remain under-explored. Therefore, more 
studies are urgently required to enrich our 
understanding of the role of barriers and facilitators at 
each stage of patient engagement in outpatient 
cardiac rehabilitation programs, and the complexity 
of the processes presented in the model.  
 
REVISITING THE HYPOTHESIS 
 
Engagement in the rehabilitation process is critical 
for patients to fully benefit from rehabilitation 
interventions. Understanding how and why patients 
engage can form a strong basis for designing 
appropriate interventions to facilitate the attainment 
of goals and achieve the best possible outcomes. 
Thus, the primary aim of this study is to address the 
research question, ‘Does the Model of Therapeutic 
Engagement adequately explain the engagement 
process in outpatient CR?’ Specifically, the study will 
test the hypotheses made in the three stages of the 
model and will examine the role of broader socio-
environmental barriers and facilitators at each stage. 
The hypotheses generated from the model are: 
1. Intention to engage in rehabilitation will be 

associated with perceived need, outcome 
expectancies, and perceived self-efficacy. 

2. Initiation of rehabilitation will be associated with 
energy and the experience of collaborative goal 
setting and treatment planning. 

3. Sustained engagement in rehabilitation will be 
associated with analysis and evaluation of the 
experience and progress. 
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4. Socio-environmental factors will act as barriers 
and facilitators that mediate or moderate the 
relationships identified at each stage of the 
model. 

 
III. STATISTICAL CHALLENGES IN TESTING 
THE MODEL 
 
The MTE contains three temporal stages (i.e., 
intention to engage in CR, CR initiation, and 
sustained engagement), each consisting of 
multivariate processes. This complexity poses a 
number of challenges for analysis. Specifically, the 
multi-stage nature of the model with embedded 
dependent variables makes it difficult to establish an 
overarching statistical analysis that can accommodate 
such complexity. The multi-stage structure provides 
the opportunity to separate the model into three 
distinct components that can be tested individually, 
using Weighted Linear Regression (WLR). WLR is 
the most widely used of all statistical techniques and 
enables the study of linear, additive relationships 
between variables. It is also used to understand which 
independent variables are related to the dependent 
variable, and to explore the comparative strength of 
these relationships. To test a multi-layered model 
such as that proposed here, a modular analytical 
approach is required, involving optimization of 
variance-weighted linear regressions for each MTE 
stage. 
However, this segmental approach will increase the 
rate of error and will deliver a partial result that does 
not provide a coherent test of all the proposed 
relationships. Although more manageable than more 
complicated techniques, this approach will fail to 
provide an understanding of the full engagement 
process over time. Given the complexity of the 
analysis, a major risk will be erroneous conclusions 
made bya faultyanalysis, or one where major 
assumptions have been violated. A more coherent 
approach to model analysis is Structural Equation 
Modelling (SEM). The aim of SEM is to evaluate the 
role of multiple exploratory variables on a response 
variable, and typically also considers the role of latent 
(unmeasured) variables. This defines a complex 
network of sub-models, and traditional estimation 
methods for SEM presume a linear relationship 
among variables within each sub-model. However, 
relationships within sub-models may also manifest as 
nonlinear relationships.  
 
A further complication is that for many statistical 
models, data needs to be tabulated in such a way that 
all variables are measured on all individuals. This 
means that all sub-models are fitted at the same time 
to one large dataset. In testing engagement, we are 
equally interested in the findings associated with 
those who drop out of the study at different stages 
over time. As the model focuses on a dynamic 
concept (i.e., engagement), which can fluctuate over 

time, it is highly likely that participants will drop out 
during the course of the study. This attrition will be 
an important and inherently inextricable aspect of the 
study that cannot be ignored or simply observed. 
Participants may re-engage or engage in different 
ways during the course of the study, so analysis must 
be able to accommodate a changing sample without 
losing power. However, the software for fitting SEMs 
does not permit the fitting of these sub-models using 
separate datasets, although theoretically this is 
feasible due to the mathematical properties of the 
multivariate normal distribution that underlies 
inference for SEMs. Although a Bayesian SEM could 
achieve this modular approach, it requires high-level 
programming skills in WinBUGS and R [22]. A 
feasible option is to use a sequence of regressions, 
where the parameter estimates and uncertainty are 
propagated, using weights, between sub-models. This 
can be applied to most forms of regression, including 
a series of variance-weighted linear regressions 
(WLR). 
 
To successfully test this model, more complex 
statistical approaches will be required. We propose 
multivariate adaptive regression splines (MARS) and 
artificial neural network modeling (ANN). MARS is 
a form of regression analysis. This is a non-
parametric regression technique and can be seen as an 
extension of linear models that builds a flexible 
model which accommodates nonlinearities and 
interactions between variables. MARS models can 
make predictions rapidly [23]. Therefore, MARS 
satisfies the requirement of both the explanatory 
performance and prediction performance and also one 
requirement of non-linearity. In addition, ANNs are a 
class of non-linear mathematical models that are 
characterized by a complex structure of 
interconnected computational elements. These 
computational elements aggregate a series of inputs 
(such as parameters that influence the level of patient 
engagement) by using a summation operation and 
producing an output. In this case, ANN satisfies the 
requirement of predictive performance. Research is 
required to determine the utility of these methods and 
the role of theoretical models in driving cardiac 
rehabilitation programming in the future. 
 
DISCUSSION 
 
Engagement in rehabilitation is vital if we are to 
successfully manage the consequences of cardiac 
disease. Indicators of engagement can be observed at 
the individual and environmental interface [2]. 
However, minimal investigation of the patient 
engagement process exists which deeply reveals the 
contributive influences on the various stages of 
patient engagement. In addition, no decision support 
models currently exist to alert patients 
and/orhealthcare providers, to the factors that 
influence non-engagement.  
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Detailed examination of the relevant factors 
impacting the patient engagement process within 
outpatient CR programs can be achieved through the 
application of the MTE. The utility of four different 
statistical and machine learning modeling approaches, 
with varying strengths in explanation and prediction, 
including weighted linear regression (WLR), 
structural equation modeling (SEM), multivariate 
adaptive regression splines (MARS) and artificial 
neural networks (ANN), can be investigated. 
Eachmodeling approach can be applied to examine 
and describe the complex relationships between 
inputs and outputs, and underlying patterns in data 
related to patient engagement. Two types of outputs 
may result from the hypothesized comprehensive 
framework for representing patient engagement 
through a set of known variables. First, the 
explanatory findings are those which could support 
health care providers to identify modifiable 
management strategies that can be reformed to 
improve patient engagement levels. Second, the 
predictive findings allow the formulation of 
personalized care management plans that take into 
account the predicted likelihood of patient 
engagement with outpatient CR programs. Statistical 
and machine learning models (SEM, MARS, and 
ANN) can assist in testing the MTE to achieve 
prediction and explanation benefits. 
Testing the MTE raises some analytical challenges in 
that the samples will change slightly as each sub-
model within the model is examined (e.g., not all 
those who were referred to CR will wish to attend; 
not all those who intend to attend will initiate contact; 
attendance will fluctuate during CR; not all those who 
remain in the program will sustain their engagement 
after discharge, and so forth). At each point of 
analysis, the sample may be different, meaning that 
global models of analysis can be subjected to too 
much missing data, leading to excessive use of 
estimation or imputation or limited power. Hence, a 
series of variance-weighted linear regressions (WLR) 
can be applied for each stage of the MTE. WLR use 
precludes overall explanation of the patient 
engagement process and renders error more likely, 
but will separately provide an understanding of 
contributing variables which impact on each stage of 
the MTE. Therefore, the most apt representation of 
patient engagement can be achieved by applying 
several alternative methods: 1) artificial neural 
network modeling (ANN), 2) multivariate adaptive 
regression splines (MARS), and 3) structural equation 
modeling (SEM).  
The SEM approach could result in good explanatory 
performance; the ANN gives a good predictive 
performance; and the MARS approach may result in 
both explanatory and predictive performance. Due to 
the capacity of these models to address non-linear 
relationships between input and output features, 
which basic linear regression cannot, these models 
have been chosen for testing of the hypotheses. Non-

linearity postulated, due to the type of influential 
factors on individual decision-making behaviorin 
relation to CR engagement. In addition, in 
comparison with SEM, MARS and ANN require a 
big dataset aiming for very good predictive power; 
however, these two models can overfit the training 
data and hence be less generalizable to the new data. 
Therefore, a three-model comparison is required to 
evaluate their performance in the CR setting and to 
discover the ideal method for understanding and 
predicting patient engagement in CR.  
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