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ABSTRACT

Heart failure (HF) is a severe and costly clinical syndrome associated with increased healthcare costs
and a high burden of mortality and morbidity. Although drug therapy is the mainstay of treatment for
heart failure, non-adherence to prescribed therapies is common and is associated with worse health
outcomes and increased hospitalizations. In this study, we propose a novel approach using Latent
Markov models to analyze drug adherence to polytherapy over time using a secondary database. Our
methodology enables us to evaluate patients’ drug utilization behaviour, identify complex behavioural
patterns, and incorporate them into predictive models to improve clinical outcomes. The significance
of adhering to prescribed therapies for patients’ prognosis has been highlighted in this study. Our
findings show that adherent patients gained an additional ten months of life over a seven-year
follow-up period compared to non-adherent patients. This underscores the importance of secondary
prevention and continuous monitoring of heart failure patients. These procedures are crucial for
identifying areas of improvement and promoting better adherence to prescribed therapies.
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1 Introduction

Cardiovascular diseases represent approximately one-third of the cause of mortality worldwide, where 85% of them
were due to heart attack and stroke, as stated by authoritative sources [[L]. The primary goals of heart failure treatments
are (i) the reduction in mortality; (ii) the prevention of recurrent hospitalization; (iii) improvement in the clinical status
and functional capacity [2]. The cornerstone of HF treatment is pharmacotherapy, and the most widely administered
therapies are angiotensin-converting enzyme inhibitors (ACE-I) or angiotensin-receptor blockers (ARBs) called as renin-
angiotensin system (RAS), beta-blockers (BB) and mineralocorticoid receptor antagonist (MRA) [3 4]. Guidelines
suggest the use of these therapies in combination since they have been shown to reduce mortality and morbidity in heart
failure patients with reduced ejection fraction [2]. Although pharmacological medicines have advanced significantly,
patients with heart failure still have high mortality and hospitalization rates. One possible reason for the lack of
improvement in these rates is non-adherence to prescribed therapies [5]. Multiple studies have shown that medication
non-adherence is common among patients with HF, with estimated rates ranging from 10% to 93%, depending on
the adherence measure used [6]. Moreover, research has revealed that patients with chronic conditions typically take
around 50% of their prescribed medications [[7]], which has significant implications from both an epidemiological and
economic perspective. Non-adherence can lead to worse patient health outcomes and an increase in hospital admissions,
ultimately driving up the economic burden on the healthcare system [8H10]. Medication adherence is challenging for
researchers studying heart failure because various measures are used to evaluate adherence rates [11]. Nonetheless,
improving medication adherence in patients with heart failure remains crucial to enhance their health outcomes and
reduce the burden on the healthcare system. Over the years, progress in understanding the pathophysiology of heart
failure has led to improvements and changes in the treatments [12]]. This evolution process still persists, including
new pharmacological treatments such as the sodium-glucose co-transporter 2 (SGLT?2) inhibitor in standard drug
protocols [13]. Therefore, it is necessary to develop a methodology for analyzing adherence to polytherapy that can
account for the growth of pharmacological options available for treatment over time.

Given the importance of combining therapy for treating heart failure, providing a tool capable of simultaneously
describing adherence to different drugs without limiting the selected cohort is essential. Prior research has examined
adherence to polytherapy [14H16]], but these analyses have focused just on "user-only" patients [[17]. These patients
share the same indications at baseline but with different drug exposure levels, precluding the study of patients using
different suggested treatments. The reasons why different therapies can be prescribed to patients with heart failure are
based on various factors. Therefore, despite the guidelines suggesting mainly the use of the RAS, BB and MRA drugs,
doctors’ prescriptions can be different from them based on the underlying cause of the heart failure, the severity of the
condition, intolerance, and other medical conditions patients may have [2]. We are therefore interested in developing a
method that non only evaluates adherence to polytherapy but can also evaluate it on a cohort of patients with different
combinations of prescribed drugs.

At the same time, our interest lies in understanding the dynamics of drug adherence since, during the course of therapy,
drug intake and adherence patterns can change. The disease’s progression, the patient’s health condition and their
motivation to take medication can influence this evolution. Studies indicate that adherence is higher after the initial
diagnosis of the disease and then tends to decline over time [[L8]], and it has also been observed that patients typically
improve their medication adherence just before and after a medical visit [[19]]. Initially and still today in some studies,
medication adherence is modelled using binary variables without taking into account changes over time, which results in
a lack of fundamental information [20]]. In the available literature and current practice, several methods were developed
to model this measure as a time-varying variable [21}122]]. This approach allows researchers to account for changes in
adherence over time and can be an effective and accurate way to represent drug consumption.

Focusing both on the concept of polytherapy and time, in this paper, we develop an approach to model the time-varying
adherence to multiple drugs. This methodology provides a description of the patient’s behaviour regarding drug
utilization, capable of evaluating the temporal order of the information and capturing complex behavioural patterns
which can be incorporated into current predictive models and may be associated with significant health outcomes.
Motivated by the need to study the adherence to polytherapy administered to HF patients and analyze the effect on the
patient’s survival probability, we proposed an innovative method to summarise time-varying adherence to polytherapy
that could be used in the survival framework exploiting secondary databases.

In fact, vast amounts of health-related data have nowadays been gathered and stored in administrative healthcare
databases. These databases are repositories of data collected in healthcare to let providers claim reimbursement for the
health services provided [23]]. The information is collected in the form of longitudinal data, that is, through repeated
observations over a specific period. These databases allow access to large amounts of heterogeneous data collected



systematically, which allows for the development of models based on real clinical practice [24} 25]. They reflect the
real world and are particularly suitable for epidemiological research based on the study of pharmacoepidemiology. This
field deals with low-frequency or long-term adverse events of drugs, requiring considerable sample sizes and extended
follow-up periods [26].

This work proposes a novel procedure to analyze the longitudinal information about drug adherence provided by the
administrative database using the Latent Markov models [27]. Our method is developed starting from the time-varying
proportion of days covered (PDC) [28]], which is an extension of the more diffuse time-fixed version [29]. Notice
that one of the strengths of the method is not to limit the study only to those patients who are users of all the drugs
recommended, but to manage the information about being a non-user of a drug in the modelling stage. The proposed
model assumes the existence of a latent process which characterizes the patient’s behaviour concerning drug exposure,
which affects the distribution of the observed (categorical) adherence to the single drugs over months in the first year of
observation. We focus our attention on the most widely administered therapies to HF patients: RAS, BB and MRA. The
proposed approach aims at identifying different latent states representing the willingness of patients to adhere to different
drugs and investigating how behavioural change over months affects the patient’s survival probability. In addition,
individuals’ demographic and health status data are used as covariates influencing the latent process. The data used in
this study is taken from the Healthcare Utilisation Databases of Lombardy, a Region of Italy with approximately 16%
of its population (more than 10 million residents). In particular, we refer to pharmaceutical purchases for the adherence
metric construction, which provide information on the number and times of drug purchases. Since information about
drug prescriptions is neither publicly available nor accessible, we approximate this information with drug purchases.

The paper is organized as follows: Chapter 2] gives an overview of the database and selected cohort while introducing
the adherence metric. The methodologies used as the main contribution of this work are presented in Chapter 3] and
Chapter[d showcases the application of the methodologies to our cohort and the resulting findings. The final chapter
collects the discussion of the results, highlighting their innovation and potential impact on this field.

2 Dataset

2.1 Data setting

Data from the Healthcare Utilization Databases of Lombardy, a northern region of Italy, about patients hospitalized
for heart failure between 2006 and 2012 are analyzed. Information from the different databases is linked via a
unique anonymous identification code to protect individual privacy. Each record in this database was associated with
a hospitalization or drug purchase; hospitalization records provide information on primary diagnosis, co-existing
conditions and procedures coded using the International Classification of Diseases, 9th Revision Clinical Modification
(ICD-CM-9) classification system [30]. Drug purchase records code each drug according to the Anatomical Therapeutic
Chemical (ATC) classification system [31]], and information about the number of days of treatment covered by it is
almost always extracted using the number of tablets and the Defined Daily Dose (DDD) metric [32]]. However, because
beta-blockers and mineralocorticoid receptor antagonists for heart failure are likely to be prescribed at lower dosages
than those established for treating hypertension [33} [34]], the corresponding dosage was adjusted following [33]] for
beta-blockers and by a working group of clinicians experts for mineralocorticoid receptor antagonist.

2.2 Cohort selection

The sample included 35,842 patients with their first HF hospital discharge between January 2006 and December 2012,
excluding patients who died during the reference hospitalization. A 5 years pre-study period from 2000 to 2005 was
used to consider only "incident" HF patients, that is, patients with no contact with the health care system in the previous
five years due to HF. Looking at the first year of follow-up, any individual with a censoring date within this period
and without any pharmacological purchase of RAS, BB and MRA was excluded. The decision to exclude them is
driven by the guidelines strongly recommending therapies for decompensated patients. In addition, we were interested
in analyzing drug purchases within one year of follow-up since this period allows us to observe patients’ behaviour
long sufficiently to characterize them but not excessively long to limit the effect of the immortal bias. Comorbidities
extracted from the ICD-9-CM codes of each hospitalization, combined with drug purchases, were used to compute the
Multisource Comorbidity Score (MCS) over time for each patient [36]]. This index combines hospital diagnoses and
drug prescriptions to provide a tool capable of measuring the patient’s overall clinical condition and predicting the short
and long-term risk of mortality.



2.3 Cumulative adherence to drugs

Medication adherence is defined by the World Health Organization as the degree to which the person’s behaviour
corresponds with the agreed recommendations from a health care provider [37]]. In recent years, administrative databases
have been the most commonly used sources to compute adherence, so several measures were developed to calculate it.
However, adherence is usually computed as a binary (or categorical) baseline covariate. One of the most used measures,
according to [29] is the Proportion of Days Covered, defined as:

number of distinct coverage days

PDC = 1
number of days in the observation period M

The PDC metric is calculated during a specified period and returns a value between 0 and 1. However, in this setting,
we were interested in evaluating adherence to different drugs over time since the patient’s behaviour concerning their
use varies depending on their health status. Therefore, in this analysis is considered the cumulative adherence [28],
which is constructed starting from the PDC as follows:

1. define a continuous time-dependent variable that indicates the cumulative months covered by drug j up to time
t for the i-th patient:

com_month;(t) = distinct coverage months up to time ¢ )

2. define a three levels time-dependent categorical variable that indicates the level of adherence of the ¢-th patient
to the drug j at time ¢:

0, if Lmrenthilt) ¢ 1o, (.25),
adherencegt) =<1, if %ﬂth(” € [0.25,0.8), (3)
2, if «mrerth(t) 0.8, 1].

During the computation of the cum_month; (t), we consider the number of distinct days covered by the prescription;
this means that in case of overlapping periods, we consider the first prescription entirely and only the days of the
second one not covered by the first. Adherence is calculated each month in the first year of follow-up for RAS, BB and
MRA only for those patients who are users of the considered drugs, where a patient is defined as a user of a drug j if
purchased it at least one time in the first year after the discharge from the first heart failure hospitalization.

Calculating adherence only for users is a crucial point of our analysis since, compared to similar studies, we can manage
the non-users information in the modelling phase. This means that we are able to distinguish between non-users or
non-adopters patients, allowing us to understand better drug use patterns leaving out any potential biases that may arise
from including data from non-users as non-adherence information.

3 Statistical Methods

3.1 Motivation for using Latent Markov Model on pharmacoepidemiology setting

Latent Markov (LM) models represent an important class of latent variable models used to analyze longitudinal data.
These models study the evolution of a characteristic of interest when it is not directly observable [27]. Assume that the
general behaviour of the patient about the use of drugs corresponds to the latent process. In this case, we can interpret
the latent states with the patient’s levels of willingness to take the medications, which will influence the measured
level of adherence. Given this perspective, this framework allows for the analysis of polytherapy intake using a unique
descriptor, capable of observing the evolution of the measured adherence over time. In addition, this approach allows us
to profile patients by observing the intake of different drugs simultaneously and how they change during the first year of
observation.

A LM model can be seen as a latent class model [38]], where patients can change latent states during the observed period.
These model are an extension of the Markov chain model, which account for measurement errors [27)]. In particular, the
latent variable is observed with a measurement error of the response variable. Then a reasonable assumption is that the
number of observable categories of the response variable is equal to the number of latent states.

LM models are based on the local independence assumption, which implies that the response variables are conditionally
independent given the latent variables since the latent variables represent the unique explanatory factor of the outcomes.
When it comes to therapy for heart failure patients, it is crucial to remember that the treatment plan is tailored to
each individual’s needs and must be consistently followed over several months. Throughout this process, adherence is
computed cumulatively, allowing us to gain valuable insights into the patient’s journey regarding drugs adherence. So,



it is reasonable to assume that the latent process follows a first-order Markov chain with a certain number of states,
called latent states. Essentially, the underlying therapy process can be thought of as a sequence of steps, dependent
on the previous one. By identifying and understanding these latent states, we can reconstruct the path a patient takes
regarding the intake of prescribed therapies.

3.2 Latent Markov Model with covariates in the latent model

In this work, we propose latent Markov models in a multivariate scenario, as our primary objective is to observe

the measured adherence levels across three distinct classes of drugs. Let J be the vector of the categorical response

)

variables measured at each time occasion t = 1, ..., T". Denote Yig-t the response variable j € 1, ..., J for the subject

i =1,...,n at time ¢, with set of categories C'; with ¢; levels coded from 0 to c; — 1. Take Ygt) = (Y;(lt), e YZ(})) as

the observed multivariate response vector for the subject i at time ¢ and ¥; = (Ygl), s YET)) the relative complete
(T)

response vector. Denote with X; = (X 51), . ¢ ) the complete vector of all individual covariates for the subject 7.

The LMM is determined by the observed process IN/i depending on the latent process U; = (Ui(l)7 e Ui(T)>. The
latent process follows a first-order Markov chain with state space {1, ..., k}, where k identifies the number of latent

states. LM models usually assume that the response vectors Yz(-t) = (Yi(lt), e YZ(})) are conditionally independent

)

given the latent process U; (local independence of the response vectors) and that the elements Yig-t are conditionally

independent given U, i(t) (conditional independence of elements).

The Latent Markov model can be seen as composed of two parts: the measurement model, which describes the
conditional distribution of the response variables given the latent variables, and the latent model, which describes
the distribution of the latent process. Individual covariates can be related both to the latent and the measurement
model [39]. In this work, we consider only covariates affecting the initial and transition probability of the latent process.
In particular, the LM model is characterized by three sets of parameters.

* The conditional response probabilities qﬁ;i)‘u is the probability of observing a response variable y for variable j
at time ¢, given the latent state u € 1, ..., k:

PV =yul =u) =6, G=Tnd y=0,c;—1. )

Define the relationship between observation and an unobserved state. If no covariates are included in the

measurement model, the conditional response probabilities are time-invariant (bglu = @jy|u» guaranteeing that
the interpretation of the latent states remains constant over time.

* The initial state prevalence 5u|x§1) is the probability of being in latent state v € 1, ..., k, given the vector of
(1) '

covariates x, ’ for individual i:

P (Uz(l) = U Xgl) = xl(l)) = 5u|x(.1)' (5)

The estimated Sulx(.l) are proportional to the size of each latent state at the first time occasion, given the

covariates. To allow initial probabilities of the latent model to depend on individual covariates, typically, is
used a multinomial logit parametrization.

(t)_ «1y» represent the probability of a transition u at time £, conditional on being
’U,Xi

®.

i

* The transition probabilities 7 |
u

in u at time ¢ — 1, given the individual vector of covariates x

P (U@ = uUY = g, xV :xﬁ.“) =0 t=2,..T wi=1,..k ©6)

o w|ux;

The estimate 7" )
u|ux;

covariates, also in this case, can be modelled through a multinomial logit parametrization.

represent changes or persistence in the latent states over time given the individual



When working with a latent Markov model, it is necessary to compute the marginal distribution to accurately estimate
the likelihood of the observed data. By taking this approach, we can better understand the underlying patterns and
relationships within the data. This distribution, also called manifest distribution, is given by:

P[%:) =P (Vi =5,|X: = %) =

=S P (Vi =5i[Xi =%, U =) x P (U = ulX; = %) =
u

:ZP(Uz‘:”vai:xNi)XP(EZ)’:—‘Ui:u): @)
T T J
— (®)
B Z6u<1>|x§1) H Tu(t)‘TL(t—l)xgt) X H H d)jyg;)‘u(t)
u t=2 t=1j=1

The estimation of the parameters is carried out by employing the Expectation—Maximization algorithm through the
maximization of the log-likelihood for a sample on 7 independent units [40], i.e., £(f) = >_7" log P(y,|¥;). The
algorithm’s initialization is made by applying deterministic and random initialization to reach the global maximum.

3.3 Decoding procedure

Once the model has been estimated, a decoding procedure is performed to obtain a path prediction of the latent states for
each sample unit based on the data observed for this unit [27]]. Two types of decoding can be applied: local decoding,
which finds the most probable latent state for each time occasion, and global decoding, which finds the most probable
path of latent states. This procedure is applied to the data to obtain more information on the entire latent process, which
associates each patient with the longitudinal path of the states.

For each patient-specific observed data (¥;, y,), the Expectation-Maximization algorithm provides the posterior
probabilities of the latent state Ui(t):

pz(-i):P(Ui(t):u|1~/i:§i,i’i:f¢) t=1,..T uel, ..k ®)

So, the longitudinal probability profile for the i-th patient, is defined as:

Piu = {pEf} —p (U}“ = ul¥; =5, X; :}i) L t=1, T} . 9)

The decoding procedure allows assigning to each patient his longitudinal profile. By reconstructing the longitudinal
path, it is possible to (i) describe the patient’s adherence to therapy over months, (ii) quantify the overall adherence to
polytherapy evolution over time given the patient’s history, and (iii) investigate the individual dynamic changes among
latent states, detecting differences in behaviour about the drugs exposure whose effects can be analyzed in the survival
framework.

4 Data application

In this section, the results obtained from the application of the proposed multivariate Latent Markov (LM) model to the
Lombardy regional dataset are reported. Statistical analyses were performed in the R-software environment [41]] using
the LMest package [27].

4.1 Latent Markov Model for longitudinal adherence to drugs

For each month ¢ = 1,...,12, in the first year of observation after the first discharge for heart failure (observation

period), let J = {RAS, BB, M RA} be the set of drugs considered, we denote with Yi(-t ) the level of adherence to the
drug j for each patient 7. The relative sets of response categories identified were coded7 as follows:

C; ={0:low,1 : middle,2 : high} adherence to the drug j.

We considered multivariate LM models where each patient 7 is associated with response variable Y;; only if it is
considered user of it.

To obtain the final LM model, the first step of the procedure aims to identify the number of latent states £ and then select
the covariates to be included in the final latent model. Basic multivariate LM models were fitted with only response



g 1 AIC BIC

6 -1309948 2619908 2619959
35 -1100980.7 1801309 1801606
86  -913655.6 1596347 1597077
159  -777258.2 1503799 1505148
254 -693640.8 1553876 1556031

39 -548487.7 1097053 1097384

M3: M2 + age effect on both probabilities 54 -548074.1 1096256 1096715
M4: M2 + gender effect on both probabilities 54 -548324.6 1096757 1097215
MS5: M2 + time-varying MSC effect on both probabilities 4 54  -547919.2 1095946 1096405

Table 1: Results for Latent Markov (LM) model selection for longitudinal adherence to drugs with different values of
latent states k and different individual covariates in the latent process. The maximum log-likelihood of each model is

denoted by [ and g is the number of free parameters.

Latent Markov (LM) model

M1: Unrestricted LM model without covariates

| M2: Multinomial logit LM model without covariates

I O N RO Sy

variables without covariates in the latent model, increasing & from 1 to 5. The number of latent states & is selected
according to the minimum BIC and the interpretability of the numbers of latent states. Recalling that, we are interested
in classifying patients based on their adherence levels to polytherapy and then choosing a k capable of synthesizing the
general behaviour over the three classes of drugs considered. Once k is determined, the LMM with covariates in the
latent process is fitted, selecting the covariates to be included in the final model using a forward strategy. In particular,
two time-fixed covariates (age and gender) and one time-varying covariate (multisource comorbidity score) were added
to both the initial and transition probabilities of the latent model.

Results are shown in Table[T} The unrestricted LM model without covariates (M1) with the minimum BIC (1505148) is
obtained for k = 4, identifying a latent process with four levels of adherence. Moreover, model M2 with initial and
transition probabilities parameterized by multinomial logit was preferable (BIC = 1097384) to the basic model with the
same number of states. The M3-M5 models with four states and individual covariates on the latent process showed an
improvement in the BIC and AIC compared to M2, and then all three covariates will be included in the final model. The
path diagram of the final model obtained combining M3-M5 models is shown in Figure[T}

* Initial probabilities were associated with the patient’s age, gender and MCS, and for each patient 7 are defined

as:

é )
log 20U ES g, 4 By - agei + Pou - gender; + By, - MCS; (10)
61|age,gender,MCS’

 Transition probabilities were associated with the patient’s age, gender and MCS, and for each patient ¢ are
defined as:

o
u|t(age,gender,MCS)
(®)
u|u(age,gender,MCS)

log = Yoau + Viau - Ag€; + Vouu - gender; + Yagu - M CSft) (11)

Figure [2f shows the estimated conditional response probabilities ¢, for each type of drug y under the selected
model. These probabilities can be useful for interpreting the latent states. Latent state 1 identifies patients with a high
probability of being low-adherent to all three drugs. Patients in state 2 have a moderate level of adherence to all drugs.
Patients in state 3 are highly likely to adhere to RAS and moderately to the other two drugs. Lastly, patients in state 4
have high probability to be high adherent to all three drugs. Since, in our model, the latent process features an overall
measure of adherence not directly observable/measurable, we indicate this process as the level of willingness of the
patients to take the prescribed drugs. With willingness, we mean the individual tendency to take drugs or to follow the
medical indication about non take it, so on being non-user of the drugs. Based on this interpretation, the following
states labelling was derived:

* Latent state 1: very-low willingness to be adherent to polytherapy
» Latent state 2: average willingness to be adherent to polytherapy

 Latent state 3: strong willingness to be adherent to RAS

 Latent state 4: strong willingness to be adherent to polytherapy
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Figure 1: Path diagram for a given subject ¢ under the final Latent Markov Model with levels of adherence as response
variables; age, gender and MCS as covariates affecting the initial and transition probabilities of the latent process.

Estimated conditional response probabilities for the final LM model
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Figure 2: Estimated conditional response probabilities ¢, |, for the final multivariate LM model. Each panel refers
to different classes of drugs j € J = {RAS, BB, AA}. Each row refers to a response category C; € {0, 1,2}. Each
column refers to a latent state u = {1,2,3,4}.

It is important to keep in mind that the model only takes into account the therapies that have been prescribed to the
patient when assessing adherence. This means that if a patient has no prescription for a specific drug, they would
be classified as a non-user, and he is not be considered non-adherent to that drug. This approach ensures that the
evaluation of patient adherence is based exclusively on the drugs he has to intake from clinical indications, avoiding any
unnecessary penalization in evaluating overall adherence.

Table |2| displays the estimated regression parameters affecting the logit for the initial probabilities [3’ =

(Bows B1us Bou, ,5’3“) All the estimated regression parameters affecting the logits for the initial probabilities are
statistically significant. Looking at the estimates for the age, we can see that it is negative for the three states; this means
that older individuals reported less adherence in the first month than younger patients. The reason for this behaviour of
elderly patients can be attributed to factors such as cognitive impairment or frailty syndrome, which are often associated
with old age [42]]. On the other hand, the estimates for the gender female were negative only for latent state 2, indicating
that female patients reported high drug adherence in the first month compared to male patients. Also, the estimates for
the multisource comorbidity score are all negative, indicating that in the first month, patients with a worse condition
are less adherent to drugs than patients in better clinical condition. It is important to note that patients with multiple



Regression parameters for initial probabilities

u 2 3 4
Intercept B(m -0.064 -0.346%*%  _(0.5]16%**
Age Bm -0.016*%**  -0.002 -0.015%**
GenderF B2u -0.080* 0.107%** 0.054
MCS Bau 20.003  -0.010%  -0.012%*

Table 2: Estimated regression parameters affecting the distribution of the initial probabilities in Equation[T0]
Significance: *(%10), **(%35), ***(%1)

Transition probabilities from u to v (7,,3)

ulu 1 2 3 4
1 0.825 0.165 0 0.009
2 0.021 0.895 0.058 0.027
3 0 0.051 0.936 0.013
4 0.002 0.023 0.025 0.951

Table 3: Mean estimates of the transition probabilities between latent states in Equation[TT]

comorbidity conditions often adhere less to therapies due to the complexity of their treatment and the potential for side
effects or drug interactions [43]].

Table |3|shows the mean estimated transition probabilities 7,,; between latent states. The estimated transition prob-
abilities 7y, shows a high persistence in the same state, especially for latent state 3 and 4. The highest transition
probability is 16.5% and is observed from state 1 to 2. Other transitions are observed from 2 to 3 (5.8%) and vice-versa
(5.1%). In general, one can observe greater probabilities of increasing latent state values than decreasing values. These
findings suggest that patients may face difficulty improving their adherence level once they reach a high adherence
state, indicating a need for more prompt interventions to prevent a decrease in adherence. Additionally, these results
emphasize the significance of regularly assessing medication adherence since patients can rapidly transition from a high
to a low adherence state.

4.2 Latent-behavioural profile

Once the model parameters are estimated, the longitudinal probabilities profile p;,, are reconstructed for each patient :.
For each patient, we predict the longitudinal profile in the first year of observation, i.e., the sequence of latent states
visited over the observation period. We evaluate the association with long-term survival for each identified longitudinal
profile. Since 42 possible pattern exists, we retained only those power by more than 1500 patients and among these,
the most relevant for clinical consideration. According to this view, in Table ] nine latent-behavioural profile may be
exploited.

* A: patients assigned to the latent state 1 for all 12 months (constant level of adherence);

* B: patients assigned to the latent state 2 for all 12 months (constant level of adherence);

» C: patients assigned to the latent state 3 for all 12 months (constant level of adherence);

* D: patients assigned to the latent state 4 for all 12 months (constant level of adherence);

* E: patients who, during the 12 months, increasing of one level of latent state (i.e., of adherence);

* F: patients who, during the 12 months, increasing of two or three levels of latent state (i.e., of adherence);
* G: patients who, during the 12 months, decreasing of one level of latent state (i.e., of adherence);

* H: patients who, during the 12 months, decreasing of two or three levels of latent state (i.e., of adherence);

* I: patients with behaviour different from the previously listed (that change levels of adherence more than one
time during the 12 months);

4.3 Impact of latent-behavioural profile on time-to-death event

To assess the role of the latent-behavioural profile on the overall survival time of patients, we conducted a log-rank test.
The p-value of the test between the nine groups is < 2 - 10716,



Profile Description n° patients
A Always very low willingness to be adherent 1,827
B Always average willingness to be adherent 2,601
C Always strong willingness to be adherent to RAS 4,264
D Always strong willingness to be adherent to polytherapy 3,767
E Increasing one level of willingness to be adherent 8,303
F Increasing two or three levels of willingness to be adherent 4,971
G Decreasing one level of willingness to be adherent 4,020
H Decreasing two or three levels of willingness to be adherent 1,958
I Varying willingness to be adherent 4,131

Table 4: Number of patients associate with each latent-behavioural profile.

The comparison of survival curves between groups is shown below. Comparing patients whit the same latent state for
the entire observation period (i.e. patients with four levels of adherence maintained constant over time), in Figure[3]
a difference in the curves is observed. High-adherent patients have a greater probability of survival than those with
moderate and very-low adherence. Patients in C' and D groups show similar curves, with a slightly high probability of
survival for those who take all drugs. These curves highlight that adherence to therapies is an important prognostic factor
and that patients with higher adherence are more likely to survive than those with lower adherence, given the adjustments
for age, sex and MCS. The results show that even a slight difference in adherence can significantly impact survival,
emphasizing the need to educate patients on the importance of medication adherence and provide continuous support to
improve their adherence. The curves highlights that patients who consistently take their prescribed medication during
the observation period have a considerable gain in years of life. To quantify the adherence effect on life expectancy we
implement a Restricted Mean Survival Time (RMST) analysis computing the ARMCS [44]]. The results revealed a
significant positive difference in RMST between high-adherent (D) and low-adherent (A) patients. The estimate showed
that patients who adhered to their prescribed therapies survived 0.831 (95%CI, [0.689, 0.973]) years longer, on average,
than non-adopters when following up patients seven years.

A: always low-adherent to polytherapy C: always high-adherent to RAS
B: always middle-adherent to polytherapy D: always high-adherent to polytherapy

Survival probability
8

0 365 730 1095 1460 1825 21%
Time [days]

Figure 3: KM survival curves for overall survival stratified by latent-behavioural profile A, B, C and D.

In Figure we can observe that the survival probabilities of consistently very low adherent patients are lower
than those who increase their adherence over time: moving from being low-adherent to high-adherent (patients in
F) significantly increases these probabilities. In Figure (D)] it is possible to observe the inverse phenomenon: the
probabilities of survival of patients who are always high adherent are significantly greater than those who, over time,
become less adherent to the therapies. These comparisons underline the importance of analyzing the dynamics of
adherence over time as it has different effects on survival curves. It highlights the need for continuous monitoring and
incentives for the use of drugs, even in those patients who show low adherence in the initial period of observation. In
fact, as can be seen, even those who increase over time in levels of adherence experience benefits in terms of improved
health and a reduction in mortality rates. It is important to note that although adherence initially may have a positive
effect on survival, inconsistent medication intake may have long-term adverse effects. This may be because heart failure
requires long-term treatment to control symptoms and prevent complications. Also, discontinuation of medications
can lead to a relapse of the disease and a worsening of the prognosis. Therefore, regular follow-up and interventions
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to improve levels of adherence should be a key focus for healthcare professionals to optimize patient outcomes and
promote better medication use.

A: always low-adherent to polytherapy F: increasing two/three-levels of adherence D: always high-adherent to polytherapy H: decreasing two/three-levels of adherence
E: increasing one-level of adherence G: decreasing one-level of adherence
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Figure 4: KM survival curves for overall survival stratified by latent-behavioural profile.

Then we perform a proportional-Hazard Cox regression model to assess the role of the available profile on the overall
survival time. In addition, we added to the model other covariates such as age, gender, and MCS. The Hazard Ratios
(HRs) and their 95% confidence interval obtained from the Cox model are shown in Figure[5] Seven out of eight profiles
are statistically different from reference profile A, identifying those patients who are always low-adherent to the therapy.
Being in the other profile is a protective factor for the survival probability; in particular, being in profile C' decreases by
43% (CI [26% - 39%]) the likelihood of death while being in B by 12% (CI [2% - 20%]).

Hazard Ratio (95% Cl)

profile ?N=1 827) reference -
I(3N=2601) (0.88'?%.98) A 0.015*
%\l=4264} (0.69'55177.74) I <0.001 ***
BV=3767) (0.69'-73. 78) — <0.001 ***
I{EN=8303) (0. 79’-73,85) A <0.001 ***
{FN=4971) (0.62'73.80) L <0.001 ***
ﬁv=4020) (o,ag'-ag,w) ——— 0.007 **
F;v=1958) (o.sg'?;.os) P—I——| 0.575
I(N=4131) (0,89?398) A 0.013*

# Events: 10403; Global p-value (Log-Rank): 0

AIC: 199573.5; Concordance Index: 0.71 ol obs o s s  obs oo obs & ihs

Figure 5: Hazard Ratio and its 95% confidence interval of the Cox model.
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5 Discussion

We proposed an innovative study that considers the dynamic nature of drug adherence, which is often overlooked
in traditional research. By utilizing an administrative database, we are able to examine the association between
time-varying adherence to polytherapy and patients’ survival. The scarcity of drug adherence among heart failure
patients is a significant problem, as it can significantly impact their health outcomes and quality of life. Our innovative
approach to studying drug adherence allows us to understand this issue better and identify effective interventions that
can improve patients’ health outcomes.

The necessity to describe complex patterns of care over time without losing the heterogeneity and variability of this
information gives rise to the idea of applying the Latent Markov model to study adherence to drugs for heart failure
patients. This model assumes the existence of a latent process where both its initial and transition probabilities depend
on a set of individual covariates such as age, gender and the multisource comorbidity score. Since this process explains
a characteristic of the observed single-adherence to drugs over time which is not directly observable, we interpret it as
the willingness of the patients in taking the prescribed therapy. With willingness, we mean the individual tendency to
take drugs or follow the medical indication about non-take them. This approach to defining adherence ensures that
individuals who do not use specific drugs are not unfairly penalized in their evaluation of motivation to adhere to drugs.
The association with a particular latent state is based only on observable information, such as computed adherence
to the specific drug, which is only available for drugs the patient is considered a user of. By doing so, we can avoid
confusion between being a non-user or non-adopter of therapies and allow for a more comprehensive evaluation of
adherence to various therapies. Healthcare professionals can gain valuable insights from this method without restricting
the cohort to "users-only". The obtained latent process is composed of four latent states, representing the different
levels of the willingness: (i) people with very low motivation in taking pharmacotherapy (very-low adherence state 1),
(i1) patients with middle motivation to be adherent to all drugs (average-adherence state 2), (iii) subjects with strong
motivation of being adherent to RAS and middle adherent to the other two drugs (high adherence state 3), (iv) people
with strong motivation to be adherent to polytherapy (very high adherence state 4).

Using an LM model to model adherence, we can create patient-specific longitudinal profiles that allow us to track
the dynamic evolution of overall willingness over months for each subject. Through this process, we can identify
individuals who exhibit significant patterns from a clinical perspective. The latent-behavioural profile obtained from
these longitudinal profiles provides insight into how patients change their latent states over time, specifically whether
they remain the same, increase, or decrease over the months. This procedure spotted nine groups of patients which
captured the individual evolution of the latent process over time, showing different effects of adherence patterns on the
patient’s overall survival. The results indicate that adherence to prescribed therapies is a crucial factor in a patient’s
prognosis. Patients with higher adherence are more likely to survive than those with lower adherence, and monitoring
and incentives for medication use are necessary for optimal outcomes. It is important to note that evaluating the
persistence/change of adherence over a given period is crucial since improving or worsening individual behaviour has a
different impact on the clinical state of health. Becoming adherent over time has shown positive effects on survival,
while the opposite behaviour has negative effects on a patient’s health. Therefore, continuous monitoring and incentives
for medication use are necessary to promote better medication use. Patients who always adhere to their medications
have a significant gain in life years and a lower mortality rate. This fact is confirmed by looking at the computed
years of life gained by adherent patients over the observation period, as discussed in Section[d.2] which is about ten
months over seven years of follow-up. The study’s findings were slightly pessimistic compared to those obtained
from randomized clinical trials, where patients are randomly assigned to receive either the treatment or a placebo
and the treatment effect is estimated by comparing the outcomes of the two groups [45]]. This implies that healthcare
professionals must intervene early in patients who are low adherence to prescribed therapies to prevent the worsening
of their medical condition and improve their survival. In addition, regular follow-up and interventions to improve levels
of adherence should be a key focus for healthcare professionals to optimize patient outcomes. These improvements not
only benefit patients but also have a positive impact on the healthcare system by reducing healthcare costs. Beyond
evaluating the temporal evolution, this procedure evaluates the effects of different behaviours concerning the use of
different therapies over time, highlighting that the risk of death decreases significantly when the patient is motivated to
follow the medical indications about polytherapy. Therefore, it is essential to assess adherence to polytherapy since it
can significantly impact a patient’s health and quality of life. Evaluating polytherapy adherence provides insights into
medication management skills and helps identify areas for improvement, leading to better treatment plans and improved
health outcomes. The significant effects of the different profiles on patients’ survival probabilities indicate that study
adherence to drug combinations is prognostically relevant.

Three are the main novelties presented in this work: (i) the introduction of a new method based on Latent Markov
models to summarize and quantify multiple adherence to drug and their evolution during diseases progression, where
both longitudinal and categorical aspects of the observed adherence levels are included in the model; (ii) the synthesis
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of time-dependent information relating to the therapy using a single variable that captures the dynamic pattern of the
latent process; (iii) the identification of groups of patients with a common dynamic about the overall behaviour about
adherence over time allowing patients stratification which has a significant effect on patients’ survival. The developed
procedure is a flexible approach that can be reproduced with a different number and types of drugs and can be adapted
to other diagnostic studies.

Some limitations of the present study should also be acknowledged. The limited clinical information characterizing
heart failure (i.e., ejection fraction, blood pressure) or the lack of information about contraindications/intolerance to
drugs and the results of diagnostic tests are typical in this type of study, not allowing for accurate assessment of the
severity of the disease. But precisely because we cannot have this detailed information that latent Markov models
are even more useful since they can effectively capture the complex and dynamic nature of data and provide insights
into the underlying mechanisms and factors that influence patient outcomes. Another substantial limitation of this
dataset is the knowledge of the drug purchases only, instead of doses prescriptions provided by doctors. Although this
information is not available in administrative databases, this study presents a significant improvement in this direction
compared to others in this setting since the computation of coverage of each drug is calculated using the adjustments
coefficients of the theoretical measure mainly used, the Defined Daily Dose. This adjustment of the coverage days of
the drugs provides more realistic and accurate results on the computation of adherence and limits the effect of exposure
misclassification. Finally, our database does not allow us to extend the analysis of the use of drugs to socioeconomic
factors such as economic status, educational levels, and employment status, which are information possibly providing
insights into reasons for drugs adherence [46]. Therefore, we could not determine if these factors play a role in the
acceptance of guidelines recommending heart failure treatment with polytherapy.

6 Conclusion

This study demonstrates the importance of adherence to pharmacological therapies in the survival of patients with a
chronic disease such as heart failure. The innovation of studying adherence to polytherapy, as opposed to adherence to
single drugs, is particularly noteworthy, as it sheds light on medication management skills and provides valuable insights
into patient behaviour. The long-term effects of drug adherence on health outcomes are crucial, as they can significantly
reduce the risk of death. Therefore, it is essential to monitor patients closely regarding their therapies to identify areas
for improvement and could support people in charge of the healthcare government to properly asses different patterns of
care and then plan tailored patient care supporting the proper resource allocation within the National Health Service.
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