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Highlights 

• Cost-effectiveness analysis utilizing electronic health records databases can offer valuable real-

world evidence for drugs recently approved. However, the statistical aspects of economic-health 

evaluations in chronic illnesses using decision models are often overlooked. 

• We proposed the application of a flexible multi-state decision model based on microsimulation to 

replicate a target trial using observational data, enabling the study of PCSK9-I cost-effectiveness. 

Notably, these methods overcome the limitations of standard Markov decision models by considering 

the dependence of individuals' healthcare paths on their past. 

• This study provides novel insights into the real-world cost-effectiveness of PCSK9-I in 

hyperlipidemia. Furthermore, the statistical approach employed here could also be useful for other 

diseases, treatments, or healthcare systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Abstract: 

Objectives: This study aims to show the application of flexible statistical methods in real-world cost-

effectiveness analyses applied in the cardiovascular field, focusing specifically on the use of PCSK9 

inhibitors for hyperlipidaemia.  

Methods: The proposed method allowed us to use an electronic health database to emulate a target 

trial for cost-effectiveness analysis using multi-state modelling and microsimulation. We formally 

established the study design and provided precise definitions of the causal measures of interest, while 

also outlining the assumptions necessary for accurately estimating these measures using the available 

data. Additionally, we thoroughly considered goodness-of-fit assessments and sensitivity analyses of 

the decision model, which are crucial to capture the complexity of individuals' healthcare pathway 

and to enhance the validity of this type of health economic models. 

Results:  In the disease model, the Markov assumption was found to be inadequate, and a "time-

reset" timescale was implemented together with the use of a time-dependent variable to incorporate 

past hospitalization history. Furthermore, the microsimulation decision model demonstrated a 

satisfying goodness-of-fit, as evidenced by the consistent results obtained in the short-term horizon 

compared to a non-model-based approach. Notably, only in the long-term follow-up PCSK9 

inhibitors revealed their favorable cost-effectiveness, with a minimum willingness-to-pay of 39,000 

Euro/LY gained. 

Conclusions: The approach demonstrated its significant utility in several ways. Unlike non-model 

based or alternative model-based methods, it enabled to 1) investigate long-term cost-effectiveness 

comprehensively, 2) employ an appropriate disease model that aligns with the specific problem under 

study, and 3) conduct subgroup-specific cost-effectiveness analyses to gain more targeted insights. 

key-words 

real-world data; cost-effectiveness; electronic health records; microsimulation; target trial emulation 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Introduction 

Economic evaluation to predict the cost-effectiveness (CE) profile and the financial consequences of 

adopting interventions for the healthcare system are of increasing importance as life expectancy, 

prevalence of chronic diseases, and costs for innovative treatments are rising. Such analyses are 



 

 

typically based on data gathered from randomized clinical trials (RCTs). However, RCTs have several 

limitations and strict enrollment criteria partially limit regulatory agencies in rules for real-world 

populations(1,2). Indeed, the efficacy observed in pre-marketing studies may be quite different from 

the effectiveness in clinical practice because of the following reasons: (i) frail patients are usually 

excluded from RCTs, (ii) trials are carried out in controlled environments whereas patient’s low drug 

adherence and therapeutic inertia are common in real-practice, and (iii) the short-length of follow-up 

limits the assessment of long-term treatment benefits (and harms).  

The attention of medical research for retrospective observational studies, especially those based on 

electronic health records or healthcare utilization databases (EHR), has progressively increased. Since 

all health services provided to the patients are included in these databases, the complete care pathway 

experienced by subjects can be identified, including clinical outcomes and healthcare costs. 

Therefore, EHR can be used to assess the impact of drugs introduced into the market in terms of the 

effectiveness of the treatment in reducing the progression of the disease for which they are prescribed 

and  cost-effectiveness profile in specific areas and populations(3).Therefore, these data sources have 

the potential to enable more targeted and area-specific public health interventions. 

However, statistical challenges in performing such analyses are the identification of appropriate 

methods to 1) consider the observational nature of data, 2) model health outcomes and cost in a 

complex time-to-event framework, 3) integrate methods for health-economic evaluations. Decision 

models are common choices in economic evaluations to perform a comparison between competing 

decisions under uncertainty. Although these models are usually adopted to perform cost-effectiveness 

analyses based on data derived from RCTs, they are less applied in studies based on Real-World Data 

(RWD).  

Methods for cost-effectiveness can be broadly categorized into non-model based and model-based 

approaches. Non-model-based approaches are useful for describing the current situation using 

available data. However, for formal comparisons and predictions of alternative treatment strategies, 



 

 

model-based methods are necessary, especially when generalizability to larger populations, lifetime 

scenarios or focus on specific subgroups is desired. 

 Model-based methods can be further divided into cohort models and individual-level 

(microsimulation) models (4,5). Cohort models are commonly used in health economics. However, 

they may not capture the complexities of real healthcare system mechanisms since they often assume 

Markovianity and time-homogeneity, which may not hold. On the other hand, microsimulation 

models generating individual life-course trajectories between health states are more flexible in taking 

into account in the subjects’ temporal dynamics.  

The application that motivated our work is the study of cost-effectiveness of Antibodies that inhibit 

proprotein convertase subtilisin–kexin type 9 (PCSK9-I).  These are a new class of drugs that lower 

low-density lipoprotein (LDL) levels, preventing major cardiovascular events. The majority of the 

evidence in terms of the risk-benefit profile and economic-health assessments on the use of PCSK9-

I is based on RCTs (6–8). 

The main objectives of this study are to 1) present flexible statistical approaches to real-world  cost-

effectiveness analyses; 2) show how state-of-the-art multi-state methods can be combined to 

microsimulation to build a  framework able to generate reliable and timely evidence of the 

sustainability of drug treatments; 3) combine target trial emulation techniques to limit the danger of 

biases due to non-randomization; 4) perform a  cost-effectiveness analysis for the addition of PCSK9-

I to lipid-lowering therapy (LLT) in patients with hyperlipidemia from the payer perspective. 

 

Methods 

Study design and target trial emulation 

Observational data from an Italian EHR is used to emulate a target trial for individuals eligible to the 

use of PCSK9-I according to the criteria established by the Italian Medicines Agency (AIFA). To 



 

 

emulate a target trial, it is necessary to develop a comprehensive protocol that outlines the 

fundamental design and analytical elements of the study (i.e., eligibility criteria, treatment strategy, 

assignment procedures, outcomes, follow-up period, causal contrast of interest and statistical 

analysis)(9–11). A summary of the components of the emulated trial’s protocol for studying the  cost-

effectiveness of PCSK9-I is given in Table 1, together with the mitigation strategies used to address 

challenges in using EHR and potential sources of bias. 

Data sources 

The study is conducted using data from the Observatory of Cardiovascular Diseases of the Friuli-

Venezia Giulia region(12) that systematically collects integrated administrative and cardiological 

clinical data that refer to the Trieste and Gorizia area (366.732. inhabitants). In Italy, all residents 

have equal access to health care by the National Health Service. The data sources interrogated for the 

present work are the Registry of Births and Deaths, Hospital Discharge data, Public Drug Distribution 

System, Exemption codes, cardiological e-chart (C@rdionet) and, examination results of public 

laboratories. According to the current Italian law, the study protocol was approved by the Unique 

Regional Ethics Committee Friuli-Venezia Giulia, with Protocol ID 185_2022. 

Notation and estimand of interest 

Let P be the treatment strategy indicator for the use of PCSK9-I,  𝐷  the time to death and 𝐶  the time 

to administrative censoring. Censoring time is assumed to be non-informative. The observation time 

is 𝑌 = min(𝐷, 𝐶) and 𝛿 = 𝐼(𝑌 = 𝐷)  is the event indicator.  We also denote by 𝑀(𝑊) the total 

medical costs up to a time horizon 𝑊. Because of death and censoring, the observed values related to 

the cost accrued up to time  𝑊  that can be observed are  𝑌ௐ = min(𝑀(𝑊), 𝑀(𝐷), 𝑀(𝐶)). We let 

𝑀ு(𝑤) = {𝑀(𝑢), 𝑢 ≤ 𝑤} be the intermediate cost history where 𝑀(𝑢) is the observed accumulated 

cost up to time 𝑢. 



 

 

We also define 𝐷()as the potential timing for the terminal event under the binary treatment strategy 

P and 𝑀(𝑊) () the potential medical cost accumulated up to time 𝑊 under the treatment strategy P. 

The quantity of interest is the Incremental Cost-Effectiveness Ratio (ICER) at a time-horizon  𝑤 

defined as: 

𝐼𝐶𝐸𝑅 (𝑤) =
ாൣெ(௪)(భ)ିெ(௪)(బ)൧

ா[ [൫(భ),௪൯]ି[൫(బ),௪൯]]
 ( 1 ) 

Note that 𝐸ൣ 𝑚𝑖𝑛൫𝐷(), 𝑤൯൧ are the mean Life Years (LY) over a time horizon 𝑤 and 𝑓(⋅) denotes a 

generic function of the LY to encompass measures of quality of life, such as Quality Adjusted Life 

Years (QALY). 

Moreover, as a further objective, we are interested in estimating a subgroup specific ICER: 

𝐼𝐶𝐸𝑅௫ (𝑤) =
ா[ெ(௪)(భ)ିெ(௪)(బ)|ୀ௫]

ா[ [൫(భ),௪൯]ି[൫(బ),௪൯]|ୀ௫]
 ( 2 ) 

where 𝑥 defines eligibility subgroups as explained in Supplementary Material. 

Two time horizons 𝑤 are considered: a short-term one corresponding to the median follow-up in the 

cohort under study and the lifetime one. 

To identify the causal contrasts involving the potential outcomes in the definition of the ICER, the 

usual assumptions for causal inference must hold (10). In our context, consistency refers to the 

principle that the time to the terminal event and the medical costs in a world where we intervene with 

treatment strategy 𝑃 are the same in the real world where we observe the use of PCSK9-I. Conditional 

exchangeability assumes that the potential outcomes are independent of the allocation of the 

treatment, conditionally on the vector of observed covariates 𝑍 . Methods to achieve conditional 

exchangeability are discussed in the next Section. Moreover, censoring times are assumed to be 

conditionally independent of all potential event times. Finally, to satisfy positivity, for each vector of 

covariates 𝑍 , the probability of being treated with PCSK9-I  must be greater than zero. 



 

 

Adjustment by Inverse Probability of Treatment Weighting 

To achieve conditional exchangeability, we consider Inverse Probability of Treatment Weights 

(IPTW) (13,14). A multivariable gradient boosting classifier as implemented in the twang R package 

(15) is  used to estimate the weights in terms of possible measured confounders: demographics, 

Charlson Comorbidity index, past atherosclerotic cardiovascular disease (ASCVD), diabetes with 

Target Organ Damage (TOD) or a risk factor (smoking, obesity and hypertension), the history of 

treatment with statins (duration and adherence, measured as the Proportion of Days Covered(16,17) 

by treatment) and the  eligibility date. The IPTW weights used to obtain the identifiability of the 

quantity in Equation (1) include all the above cited confounders, while for the quantity in Equation 

(2) the covariates used to define the eligibility subgroups are excluded.  When implementing the 

methods outlined in the subsequent sections, it is consistently assumed that the dataset utilized has 

been weighted using IPTW. 

Non-model based approach 

It involves estimating the ICER non-parametrically by estimating the LY for each treatment group 

using the area under the Kaplan-Meier survival curve, while considering the treatment group as a 

stratifying factor. Simultaneously, the mean medical costs are estimated using the Bang and Tsiatis 

estimator (18), which takes into account censoring. It accomplishes this by appropriately weighting 

the sample mean medical costs in the two treatment groups. Confidence intervals are obtained through 

non-parametric bootstrap. It is important to note that, although this method does not rely on any 

modeling assumptions, only the short-term horizon can be considered since non-parametric estimates 

tend to become unstable when the number of individuals being observed is small.  

Model-based approach  

An alternative approach consists of specifying a suitable statistical model to describe the risk of 

terminal events in the two treatments group and the medical cost-generating process.  Individual-level 



 

 

health economic models are considered here for their flexibility among model-based methods. The 

steps involved in obtaining such model consists in a) specify and fit a suitable disease model; b) 

specify a suitable cost and health outcomes model; c) run the decision (economic) model through the 

microsimulation; d) perform the decision analysis by estimating the ICER.  

Disease model 

In the context of this application, the healthcare paths of individuals over time  can be achieved by 

employing a multi-state model that depicts the potential multiple hospitalizations an individual may 

experience until their death. According to previous studies(19), the set of discrete mutually exclusive 

states considered are: “out-of-hospital (out-of-hosp)”, “in-hospital for acute coronary syndrome (in-

ACS)”, “in-hospital for ischemic stroke (in-IS)”, “in-hospital for periphery artery disease (in-PAD)” 

“in-hospital for other cardiovascular causes (in-others CV)”, “in-hospital for non-cardiovascular 

causes (in-others no CV)”, “death”. The model is further defined by the transition intensities, 𝑞௦(𝑡), 

which represent the instantaneous probability of moving from one generic state r to another generic 

state, s, conditionally on being still alive. The possible states and permitted transitions are illustrated 

in Figure 1.   

Under the simplest model, we assume that the transition intensities depend solely on the time since 

entry into the study and the treatment indicator. In such a model, there is no dependence of the 

transition intensities on the "history" of the process up to that specific time, i.e., the previous states 

visited by the individual and the time spent in each of them. Essentially, the process is considered 

Markov. Given the complex nature of the process involving subjects’ interactions with the health-

care system, in this study, we explore models capable of addressing potential violations of the Markov 

assumption. One approach considers the "clock-reset" time scale (see e.g., Putter et al.(20)) where 

time returns to zero at every transition. This enables us to model the hazard based on the time scale 

u, which represents the time since entry into the current state. To fit the model using the available 



 

 

data, the following cause-specific hazard models are employed for the transition intensities, 

conditional on the treatment indicator: 

𝑞௦(𝑢|𝑃 = 𝑝) = 𝑞௦
 (𝑢)exp {𝑝𝛽} 

Where 𝑞௦
 (𝑢) is the baseline transition hazard,  𝑝 is the covariate for the treatment indicator and 𝛽 is 

its corresponding coefficient. 𝑞௦
 (𝑢)  is assumed to be parametric, but it is modelled via natural cubic 

splines to accommodate different shapes for hazard according to the Royston-Parmar flexible 

parametric model(21). This class of models was fitted using the R package flexsurv (22).  

To introduce further dependence of the process on its history, both time-dependent covariates (e.g., 

the number of previous hospitalizations) and a frailty model are considered. The frailty model 

considers the correlation between potential multiple transitions of the same type for the same 

individual by incorporating individual-specific random quantities known as frailties. 

For model selection, e.g., selection of number of degrees of freedom of the baseline transition hazard, 

Akaike Information Criteria and Bayesian Information Criteria are used. Moreover, the overall 

goodness-of-fit of the models for the transition-hazards is verified by comparing the predicted values 

of the cumulative hazard obtained from the models to the non-parametric estimates. 

Finally, for the subgroup analysis, the previous model was modified by adding 𝑋 as additional 

covariate. 

Cost model & Health Outcomes model 

The cost model, using Euros as currency, is formulated based on the regulations of the Italian public 

healthcare reimbursement system. In line with previous studies (19,23) and, as all patients in the 

present analysis were above retirement age, only direct costs associated with medication and 

hospitalizations were considered. Regarding the hospitalizations, in Italy each Diagnosis Related 

Group (DRG) code has a predetermined cost if the hospitalization duration is below a certain 

threshold. If the hospitalization exceeds that threshold, a daily cost is applied. In our model, we 



 

 

assume that when an individual is admitted to the hospital with a specific DRG code, the fixed cost 

is assigned, and additional costs based on the length of the simulated hospital stay are attributed. It is 

worth noting that multiple DRG codes are possible for each in-hospital state, so we use a state-specific 

multinomial probability distribution to determine the probabilities of different DRG codes, which are 

estimated from the available data (See Supplementary Material and Supplementary Table 1). The 

average daily drug cost for the two treatment groups is derived from the Public Drug Distribution 

System and complete adherence is assumed for both groups for the entire time-horizon.  

In the main analysis, no adjustment for quality of life is incorporated so there is no utility model to 

be defined. However, a sensitivity analysis using QALY instead of LY is performed. The utility 

model used is reported in Supplementary Table 2. 

Finally, both costs and health outcomes  are discounted at an annual rate of 3%(24).  

Decision model through microsimulation and decision analysis  

In essence, microsimulation involves simulating the life trajectories of individuals based on a 

specified health economic model using a random-number generator over the given time horizon 𝑤. 

Continuous microsimulation is used here because it does not require specification of model cycles 

and runs considerably faster(5). Conceptually, microsimulation can also be viewed as an instrument 

to replicate the target trial based on the specified protocol.  

To obtain confidence intervals, Probability Sensitivity Analysis (PSA)(25) based on parametric 

bootstrap can be applied within the microsimulation framework. In standard microsimulation, 

individuals’ paths are simulated based on the pointwise Maximum Likelihood estimate of the 

parameters that define the transition hazards. With PSA, the parameters are assumed to follow a 

multivariate normal distribution, according to the asymptotic behavior of the Maximum Likelihood 

Estimator. Therefore, in microsimulation with PSA, we first generate a random sample of 𝐵 values 



 

 

for the parameter vector. Then, for each drawn parameter vector, we conduct a microsimulation with 

a sample of 𝑁 individuals for each treatment strategy.  

The microsimulation is performed using the hesim(5) R package with N=1000 individuals for each 

of the 500 PSA samples and each treatment strategy (1 000 000 in total). Convergence diagnostics 

are reported in Supplementary Figure 1.  

The required estimates to calculate the ICER under each treatment strategy scenario, over the horizon 

𝑤, are computed by averaging the total health outcomes and total costs across the simulated patients 

for each sample 𝑏 = 1, … , 𝐵.  

Finally, the marginal and conditional ICER (along with their corresponding 95% confidence 

intervals) are calculated as the mean (2.5% and 97.75% quantiles) of the corresponding distribution 

derived from the  𝐵 bootstrap samples.  

Sensitivity Analyses 

 Different sensitivity analyses are carried out to assess the robustness and generalizability of the 

results. The first regards the extrapolation beyond the maximum follow-up observed in the data 

(Sensitivity A). First, an independent historical cohort of subjects has been extracted ad hoc from the 

health electronic health records database with a follow-up compatible with the duration of the lifetime 

microsimulation. Transition hazards are estimated using this dataset and they were subsequently 

incorporated in the decision model as baseline transition hazards, after having them opportunely 

recalibrated on the study cohort. In a second sensitivity analyses, a different scenario considering that 

a portion of individuals are not adherent to the treatment is considered (Sensitivity B). In addition, 

we used the EValue methodology (26) (using the R package Evalue (27)), to quantify the degree to 

which the cost-effectiveness results may be affected by different unmeasured confounders scenarios 

when estimating the treatment effects using observational data (Sensitivity C). The E-value was 

selected because of its lack of dependence on specific assumptions and its flexibility (28), making it 



 

 

suitable for integration into the methodology used for the cost-effectiveness analysis.   Specifically, 

we consider three microsimulations with a less protective treatment effect for all-cause death 

compared to the main analysis. Finally, Sensitivity Analysis D incorporates utilities (Supplementary 

Table 2) to estimate QALY.  

The Consolidated Health Economic Evaluation Reporting Standards (CHEERS) reporting guideline 

checklist (29) is reported in the Supplementary Material. 

Results 

Study cohort 

We extracted data related to 96,886 subjects with at least one measure of LDL available in the 

enrollment period (from 1/7/2017 to 31/12/2020). Among these, at least one of the eligibility criteria 

occurred during the observation period for 1,976 subjects (2%). Among them, 161 (8%) were 

prescribed to PCSK9-I. The median follow-up time was 34 months. 

Subjects on LLT+PCSK9-I were slightly younger, prevalently males, with more severe CV 

conditions and a higher rate of statin treatment with respect to the subjects belonging to the LLT 

group (Supplementary Table 3). Patients non-treated with PCSK-I showed higher prevalence of 

comorbidities such as diabetes, chronic obstructive pulmonary disease, and renal diseases.  

Diagnostics of the IPTW procedure are shown in Supplementary Table 4. For all the covariates a 

satisfactory balance has been achieved. Individuals with estimated propensity scores indicating 

potential violations of the positivity assumption were excluded from the diagnostics and subsequent 

analysis (26% of the study cohort). 

Disease-model, cost and utility model 

The comparison between the "time-reset" scale and the "time-forward" (Markov model) is depicted 

in Figure 2, confirming the relevance of considering the former time scale in this context to accurately 

capture the transition intensities from in-hospital states to the out-of-hospital state (Figure 2, from 



 

 

panels f) to l) ). Regarding the dependence on the past history of the process, a time-varying covariate 

that distinguishes the first hospitalization from subsequent ones exhibited the best goodness-of-fit 

based on the Akaike Information Criteria and it was therefore chosen among models with different 

definitions of the time-dependent variable and the frailty model. 

The final models incorporated distinct baseline hazards for each transition, but the effect of PCSK9-

I treatment was assumed to be consistent across different causes of hospitalization and between death 

occurring in and out of the hospital (Table 2). We made this assumption because considering a more 

complex specification of the model did not demonstrate a significant improvement in terms of 

goodness of fit. 

A significant strong protective effect of PCSK9-I on all-cause death (HR=0.14, 95% CI 0.07-0.27) 

was observed and a significant protective effect of PCSK9-I was detected only for the transition 

towards the first hospitalization (HR=0.79, 95% CI 0.63-0.99).  

All the disease models’ parameters are reported in Supplementary Table 5 (main analysis) and in 

Supplementary Table 6 (subgroup analysis). 

 Cost-effectiveness results 

The short-term ICER at 34 months obtained with the model-based and non-model based approaches 

were not statistically different and showed a minimum willingness to pay of Euro/LY >200 000 

(Supplementary Figure 2). The results of the lifetime analysis model are reported in Table 3. 

According to these results, an ICER of 29 540 (95% CI: 23 773-38 949) Euro/LY was obtained 

(Figure 3, panel A).  

The subgroup analysis showed that patients with diabetes with organ damage and/or a risk factor have 

a lower minimum willingness to pay (Figure 3, panel B and Supplementary Table 7).  

Results of the sensitivity analyses 



 

 

Sensitivity analysis A leads to results consistent with the ones obtained through the main lifetime 

decision model (Supplementary Figure 3a) and the long-term mortality rates of the historical cohort 

are overlapping with the ones estimated from the disease model for  the non-treated group 

(Supplementary Figure 3b) . 

 In Sensitivity Analysis B, considering an estimated fraction of 7% of non-adherent individuals to 

PCSK9-I, as reported by Arca et al.(30), an ICER of 29,905 (95% CI: 23 982-38 604) Euro/LY was 

observed (Supplementary Figure 4).  

Assuming a treatment effect for all-cause death more similar to the one observed in RCTs, the ICER 

reached 58,000 Euro/LY (Supplementary Figure 5).  

In Sensitivity Analysis D, an ICER of 29 292 (95% CI: 23 550-37 888) Euro/QALY was estimated 

(Supplementary Figure 6). 

Discussion 

 Cost-effectiveness analysis using RWD is a promising yet challenging field. In our study, we 

combined target trial emulation with flexible statistical methods. In chronic illnesses such as 

cardiovascular conditions, assessing lifetime cost-effectiveness is crucial. Our application on PCSK9-

I revealed substantial differences in cost-effectiveness between short and long-term perspectives. 

To evaluate long-term cost-effectiveness, decision models based on RWD become essential since 

they encompass limitations common to RCTs and observational studies related to a limited follow-

up period, when the focus is on drugs recently approved. Thus, selecting an appropriate decision 

model and assessing its goodness-of-fit using available observational data are crucial steps. While 

non-parametric methods have limitations in conducting comprehensive scenario analyses, they can 

still provide valuable insights. By keeping the same time horizon, the results obtained from the non-

parametric approach should be consistent with those derived from the decision model, if the disease 

and cost models are correctly specified. Indeed, this was the case for our decision model. In this study, 



 

 

we were able to achieve this by employing a flexible parametric multi-state model combined with a 

microsimulation model. While cohort models are suitable for obtaining marginal estimates of cost-

effectiveness, microsimulation can simulate individual life-course trajectories between health states, 

allowing for more personalized analyses. Moreover, individual-level models naturally capture the 

accumulation of costs in real healthcare systems. 

Using this approach, we could overcome the limitations of Markov assumptions and incorporate 

history of hospitalizations. This significantly improved the goodness-of-fit. The inadequacy of 

Markov models for modeling healthcare paths is a well-established topic in biostatistics literature 

(31). Nevertheless, decision models based on the Markov assumption are standard methods in cost-

effectiveness analyses for chronic illnesses.  

In addition to the disease-model’s goodness-of-fit, it is also essential to assess the convergence of the 

microsimulation and perform different sensitivity analyses. Lifetime decision models involve 

extrapolation. In this paper, we have tested the robustness of such extrapolation using data from a 

historical cohort extracted from our EHR database. We also considered a scenario in which not all 

individuals prescribed to the treatment adhere to it, according to the observed non-adherence rate in 

Italy for PCSK9-I(30). Finally, the treatment effect of the drug on the risk of death estimated in our 

study was much higher than the one observed in the RCTs(6–8). This may be partly due to the higher 

cardiovascular risk of our cohort of subject. As it has been shown in a RCTs subgroup analysis(6), 

patients at higher risk seem to benefit the most from PCSK9-I. However, unmeasured confounding 

could also not be ruled out given the observational nature of the study. Therefore, in another 

sensitivity analysis, we assessed how the estimate for the ICER changed according to different 

scenarios of unmeasured confounding resulting in a treatment effect of PCSK9-I on death closer to 

the one reported in a meta-analysis(32). 

To the best of our knowledge, this study provides the first cost-effectiveness analysis on PCSK9-I for 

the Italian healthcare system using RWD. According to our results, the ICER about 30 000 Euro per 



 

 

health outcome gained, both considering the LY and QALY. However, in case of a much less 

protective treatment-effect on death, the ICER reaches 58 000 Euro per LY gained. Results from other 

investigations on the cost-effectiveness of PCSK9-I are heterogeneous, as are the health economic 

models employed. However, some results are in line with the one obtained in this study(19,23).  

Conclusions 

In conclusion, this work provides evidence on the cost-effectiveness of PCSK9-I using RWD. 

Furthermore, this study demonstrates the potential of individual-level decision models for  cost-

effectiveness analysis using RWD. The framework of disease and cost models presented here can be 

extended to other applications or healthcare systems. Moreover, it could be possible to consider 

scenarios where it is of interest to examine cost-effectiveness based on more detailed subject profiles, 

allowing for personalized  analyses.  
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Table 1 Summary of the protocol components of a target trial to study the cost-effectiveness  of 

PCSK9-I in Hypercholesterolemia. 

Protocol 
Component 

Description of the 
target trial 

How was the 
protocol element 
emulated using 
observational 
EHR data? 

Challenges and 
potential sources 

of bias  

Mitigation 
strategies to 

overcome 
challenges and 
potential bias 

Eligibility 
criteria 
Who will be 
included in the 
study? 

Individuals eligible 
for the use of PCSK9-
I to treat 
Hypercholesterolemia 
and living in the 
Trieste-Gorizia area of 
Italy according to the 
related reimbursement 
criteria established by 
AIFA. See the 
Supplementary 
Material for the 
specific criteria. 

Same as for the 
target trial with the 
exception that a 
single 
measurement of 
LDL above the 
threshold was 
considered valid. 
 
Required data for 
each person: age, 
LDL 
measurements, 
anamnesis and 
family history of 
ASCVD and 
pharmacological 
treatment history 

Data might be 
insufficient to 
emulate the trial’s 
eligibility criteria 
Leading to 
selection 
bias/confounding 

The EHR data 
source used has 
complete coverage 
of the population 
of interest and 
contains all the 
available 
information 
necessary to define 
the eligibility 
criteria for 
PCSK9i (e.g. 
laboratory values 
and treatment 
history). Expert 
opinion was used 
to translate the 
target trial criteria 
(e.g. definition of 
ICD9 from 
inpatient data and 
their coupling with 
clinical diagnoses 
made by the 
cardiologists 
during specialist 
visits)  

The population 
selected for the 
study might 
include patients 
for whom there is 
no equipoise 
between treatment 
strategies leading 
to confounding 
bias 

According to the 
expert opinion, 
there were no 
reason to assume 
no equipoise for 
specific 
subgroups. During 
the IPTW 
diagnostics, we 
assessed the 
presence of 
patients for which 
there was no 
equipoise 



 

 

according to the 
distribution of the 
estimated 
propensity score, 
excluding them 
from the 
subsequent 
analyses. 

The population 
selected for the 
study might fail to 
include subgroups 
of interest for the 
cost-effectiveness 
analysis leading to 
non-generalizable 
results or omission 
of relevant 
subgroup analyses 

The EHR data 
source is 
representative of 
the target 
population and 
subgroups of 
interest were 
identified using 
expert opinion. 

Treatment 
strategies 
What 
interventions 
will eligible 
persons 
receive? 
  

Either standard LLT 
or LLT+ PCSK9-I 

Same as for the 
target trial 
  
Required data for 
each person: date 
of first 
prescription of 
PCSK9-I 

The definition of 
the intervention 
might differ from 
the intervention of 
interest. 

It was possible to 
define precisely 
LLT and PCSK9-I 
using ATC codes 
and they reflect the 
ones routinely 
used in clinical 
practice, according 
to expert opinion. 

The comparator 
strategy might not 
be defined with a 
sufficient level of 
detail. 

It was possible to 
define precisely 
LLT using ATC 
codes and they 
reflect the ones 
routinely used 
inclinical practice, 
according to 
expert opinion 



 

 

Time zero and 
Follow-up 
period 
During which 
period will 
eligible 
persons be 
followed in the 
study? 

Time zero is the 
moment in which the 
subject starts being 
eligible for PCSK9-I. 
The recruitment 
period was from 
1/7/2017 (entry of 
PCSK9-i in the Italian 
market) to 
31/12/2020. The 
follow-up ends at the 
earliest of death loss 
at follow-up, or 
administrative end of 
the study 
(31/12/2021). 

Time zero was 
assumed for 
individuals treated 
with PCSK9-I as 
the date of the first 
prescription and 
for the comparator 
group as the date 
at which the 
patients satisfied 
all the eligibility 
criteria. The 
follow-up was 
defined as in the 
target trial since 
complete follow-
up data was 
available. 
  
Required data for 
each person: date 
of first 
prescription of 
PCSK9-I, date of 
eligibility to 
PCSK9-I, date of 
death, date of 
censoring. 
  

The start of 
follow-up might 
predate the 
assessment of the 
eligibility criteria 
leading to 
selection bias. 

Time zero was 
chosen so that the 
start of the follow-
up started when 
the assessment of 
the eligibility 
criteria had been 
made.  

The time of 
treatment 
assignment might 
not be aligned with 
that of eligibility 
assessment and the 
start of follow-up 
leading to 
immortal time 
bias. 

The time zero 
chosen ensures 
that it minimizes 
time to treatment 
initiation since for 
PCSK9-I the date 
of treatment 
initiation should 
very closely 
follow the date of 
the first 
prescription, 
according to 
clinical guidelines 
and routine 
clinical practice. 

Assignment 
procedures 
How will 
eligible 
persons be 
assigned to the 
interventions? 
  

Eligible participants 
will be randomly 
assigned to the two 
strategies and will be 
aware of the strategy 
to which they have 
been assigned. 

Eligible persons 
will be assigned to 
the strategies with 
which their data 
are compatible. 

  

Outcomes 
What 
outcomes in 
eligible 
persons will be 
compared 
among 
intervention 
groups? 

Medical costs and LY 
on a) a short time 
horizon (34 months) 
and b) life-time 
horizon taking into 
account possible 
repeated 
hospitalizations over 
time.    

Same as for target 
trial (cost-
effectiveness 
outcome) 
  
Required data for 
each person: dates 
of entry/exits from 
hospital with 
corresponding 
ICD9-CM and 

  



 

 

DRG code and 
date of death.  

Causal 
contrasts of 
interest 
Which 
counterfactual 
contrasts will 
be estimated 
using the 
above data? 

Intention-to-treat 
effect (effect of being 
assigned to treatment). 
  

Observational 
analogue of the 
Intention-to-treat 
effect. 

  

Statistical 
analysis 
How will the 
counterfactual 
contrasts be 
estimated? 

Intention-to-treat 
analysis via estimation 
of the ICER through 
multi-state models and 
microsimulation. 

Same as intention-
to-treat analysis 

Confounding 
might exist after 
emulating the 
main components 
of the target trial, 
from both 
measured and 
unmeasured 
prognostic factors. 

Inverse Probability 
of Treatment  
Weighting is used 
(together with 
diagnostics to 
assess the 
achievement of 
balance between 
the treatment 
groups) to 
eliminate 
confounding due 
to measured 
confounders. 
Sensitivity 
analyses based on 
the E-Value 
method are used to 
address the impact 
of possible 
unmeasured 
residual 
confounding in the 
cost-effectiveness 
results. 

AIFA= Italian Medicines Agency; DRG: Diagnosis Related Group; EHR: Electronic Health 
Records; ICER= Incremental CERatio; LDL: Low-Density Lipoprotein; LLT= Lipid-Lowering 
Therapy; LY: Life Years; PCSK9-I= Proprotein Convertase Subtilisin–Kexin type 9- Inhibitors; 

 

 

 

  



 

 

Table 2. Effect of PCSK9-I+LLT estimated on transition hazards through the disease model. 

Transition type  HR 95% CI 

Towards Hospital 

 

PCSK9-I+LLT vs LLT 

first hospitalization 
0.79 0.63 ; 0.99 

PCSK9-I+LLT vs LLT 

2+ vs 1 hospitalization 
0.91 0.62 ; 1.34 

Towards Out-of-Hospital 

 

PCSK9-I+LLT vs LLT 

2+ vs 1 hospitalization 
1.21 0.93 ; 1.56 

PCSK9-I+LLT vs LLT 

2+ vs 1 hospitalization 
0.87 0.58 ; 1.31 

Towards Death PCSK9-I+LLT vs LLT 0.14 0.07 ; 0.27 

 CI: Confidence Interval; HR: Hazard Ratio; LLT= Lipid-Lowering Therapy; PCSK9-I= Proprotein 

Convertase Subtilisin–Kexin type 9- Inhibitors; 

 

  

 

 

 

 

 



 

 

Table 3 Results of the microsimulation economic model. 

  LLT 

(95% CI) 

PCSK9-I+LLT 

(95% CI) 

Mean Utility (years) 17.13 (16.45, 17.75) 20.02 (19.56, 20.32) 

Mean Costs: Drugs (Euros) 1,850 (1,776, 1,917) 88,655 (86,611, 89,986) 

Mean Costs: 

Hospitalizations length of 

stay below threshold 

(Euros) 

6,228 (3,806, 11,577) 5,510 (3,241, 10,217) 

Mean Costs: 

Hospitalizations extra days 

(Euros) 

2,704 (1,920, 3,965) 1,954 (1,229, 2,906) 

CI: Confidence Interval; HR: Hazard Ratio; LLT=Lipid-Lowering Therapy; PCSK9-I= Proprotein 

Convertase Subtilisin–Kexin type 9- Inhibitors. 

 

 

 

 

 

 

 



 

 

 

Figure 1 Structure of the multi-state disease model. 

 Legend: Possible states of the multi-state disease model are: “out-of-hospital (out-of-hosp)”, “in-
hospital for acute coronary syndrome (in-ACS)”, “in-hospital for ischemic stroke (in-IS)”, “in-
hospital for periphery artery disease (in-PAD)”, “in-hospital for other cardiovascular causes (in-
others CV)”, “in-hospital for non-cv causes (in-others no CV)”, “death”. 

  



 

 

 

Figure 2 Goodness of fit of multi-state disease model using “clock-forward” vs. “clock-reset” time 
scale. 

Legend: For each type of transition, the predicted baseline cumulative transition hazards obtained from 
either the Markov (“clock-forward”) or Semi-Markov (“clock-reset”) model with have been compared to the 
non-parametric estimates (green curves). Dashed lines correspond to 95% CI. Considering the Semi-Markov 
model, all transition-hazard models show a satisfactory goodness-of-fit since the 95% CI of the model fit 
overlaps the corresponding non-parametric estimate. On the other hand, the Markov model shows lack of 
goodness-of-fit especially with regards the transitions in panels from f) to l). 

  



 

 

 

Figure 3 Lifetime Cost Effectiveness results.  

Legend: On the left, the Cost Effectiveness Plane and ICER with 95% CI is displayed in the whole 
cohort (Panel A). On the right, the Cost Effectiveness Planes and corresponding ICER with 95% CI 
within each subgroup of interest are displayed (Panel B). The dashed lines on the cost-effectiveness 
planes represent the minimum willingness to pay (wtp) for the treatment to be considered cost-
effective at 95% confidence level. 

  



 

 

Supplementary Materials 

Eligibility Criteria PCSK9-I Target Trial 

For the target trial, we have considered eligible subjects for the use of the monoclonal antibodies 

PCSK9-i in Italy.  

1. FAST TRACK: subjects aged ≤ 80 years with recent acute myocardial infarction (AMI) (last 

12 months) or multiple cardiovascular (ASCVD) events and a single measurement of LDL ≥ 

70 mg/dl. 

2. SECONDARY PREVENTION: subjects aged ≤ 80 years with either: 

 past atherosclerotic cardiovascular event (ASCVD): coronary artery bypass graft, 

stroke/TIA, angioplasty, coronary revascularization, carotid revascularization, 

peripheral arterial disease, diagnosis of ischemic heart disease  

 diabetes mellitus with target organ damage (TOD) i.e. microalbuminuria, retinopathy, 

neuropathy or renal insufficiency 

 diabetes with at least one risk factor among obesity, smoking, hypertension 

three consecutive determinations performed at different times (at least 2 months apart) ≥ 70 

mg/dl and at least 6 months with high efficacy statin plus ezetimibe or with demonstrated 

intolerance. 

3. HETEROZYGOUS FAMILIAR HYPERCHOLESTEROLEMIA: aged ≤ 80 years with 

Heterozygous Familiar Hypercholesterolemia and three consecutive determinations 

performed at different times (at least 2 months apart) ≥ 130 mg/dl and at least 6 months with 

high efficacy statin plus ezetimibe or with demonstrated intolerance. 

 

4. HOMOZYGOUS FAMILIAR HYPERCHOLESTEROLEMIA: aged ≤ 80 years with 

Homozygous Familiar Hypercholesterolemia. 

 

Definition of eligibility subgroups 

The study population was divided in the mutually exclusive subgroups defined as follows from the 

key eligibility criteria: 

 Subjects with a least one past atherosclerotic cardiovascular event (“ASCVD”)  

 Diabetes with TOD or at least a Risk Factor (RF) among obesity, smoking, hypertension and 

no ASCVD (“Diabetes TOD/RF”) 



 

 

 Diabetes with TOD or at least a Risk Factor (RF) and ASCVD (“Diabetes TOD/RF+ 

ASCVD”) 

 Familiar Hypercholesterolemia (FH) without Diabetes TOD/RF or ASCVD 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

CHEERS Checklist 

Section/topic Item No Guidance for 
reporting 

Reported in section 

Title    
Title 1 Identify the study as 

an economic 
evaluation and specify 
the interventions 
being compared. 

Title, Page 1 
The study is identified 
as an individual-level 
decision health 
economic model 
involving PCSK9-I 

Abstract    
Abstract 2 Provide a structured 

summary that 
highlights context, 
key methods, results, 
and alternative 
analyses. 

Abstract, Page 2. The 
abstract is structured 
and includes 
objective, design, 
setting, outcome 
measures, results and 
conclusions 

 
Introduction     
Background and 
objectives 

3 Give the context for 
the study, the study 
question, and its 
practical relevance for 
decision making in 
policy or practice. 

Introduction, page 4. 

Methods    
Health economic 
analysis plan 

4 Indicate whether a 
health economic 
analysis plan was 
developed and where 
available. 

n.a. 

Study population 5 Describe 
characteristics of the 
study population 

Methods, Table 1 and 
Supplementary 
Material in which 
detail eligibility 
criteria for the study 
are described.  
 
Results, paragraph 
Study cohort 

Setting and Location 6 Provide relevant 
contextual 
information that may 
influence findings. 

Methods, Table 1 and 
paragraph “Data 
sources” 



 

 

Comparators 7 Describe the 
interventions or 
strategies being 
compared and why 
chosen. 

Introduction, page 4 
(last sentence) and 
Table 1. 

Perspective 8 State the 
perspective(s) adopted 
by the study and why 
chosen. 

Introduction, page 4 
(last sentence) 

Time horizon 9 State the time horizon 
for the study and why 
appropriate. 

Methods, page 6 and 
Discussion, page 15. 

Discount rate 10 Report the discount 
rate(s) and reason 
chosen 

Methods, page 11. 

Selection of outcomes 11 Describe what 
outcomes were used 
as the measure(s) of 
benefit(s) 
and harm(s). 

Methods, page 7 and 
11 

Measurements of 
outcomes 

12 Describe how 
outcomes used to 
capture benefit(s) and 
harm(s) 
were measured. 

Methods, from page 9 
to 11 

Valuation of outcomes 13 Describe the 
population and 
methods used to 
measure and value 
outcomes. 

Methods, from page 6 
to 11 

Valuation of costs 14 Describe how costs 
were valued. 
 

 

Methods, from page 6 
to 11 and 
Supplementary 
Material from page 5 
to page 9 

Currency, price date 
and, conversion 

15 Report the dates of the 
estimated resource 
quantities and unit 
costs, plus the 
currency and year of 
conversion. 

 

Methods, Table 1 and 
page 11. Results, page 
13 

Rationale and 
description of the 
model 

16 If modelling is used, 
describe in detail and 
why used. Report if 
the 
model is publicly 
available and where it 
can be accessed. 

 

Introduction, page 4 
and Methods, from 
page 8 to page 11 



 

 

Analytics and 
Assumptions 

17 Describe any methods 
for analysing or 
statistically 
transforming 
data, any 
extrapolation 
methods, and 
approaches for 
validating 
any model used. 

Models’ assumption: 
Methods, from page 8 
to page 12. 
Sensitivity analyses: 
Methods, page 12-13 

Characterizing 
heterogeneity 

18 Describe any methods 
used for estimating 
how the results of the 

study vary for 
subgroups. 

Methods, page 7 and 
page 210 

Characterizing 
distributional effects 

19 Describe how impacts 
are distributed across 
different individuals 
or adjustments made 
to reflect priority 
populations. 

n.a. 

Characterizing 
uncertainty 

20 Describe methods to 
characterise any 
sources of uncertainty 
in 
the analysis. 

Methods, page 12-13 

Approach engagement 21 Describe any 
approaches to engage 
patients or service 
recipients, 
the general public, 
communities, or 
stakeholders (such as 
clinicians or payers) 
in the design of the 
study. 

n.a 

Results    
Study parameters 22 Report all analytic 

inputs (such as values, 
ranges, references), 
including uncertainty 
or distributional 
assumptions. 

Supplementary Table 
1, 2, 5, 6 

Summary of main 
results 

23 Report the mean 
values for the main 
categories of costs and 
outcomes of interest 
and summarise them 
in the most 
appropriate overall 
measure. 

Results, paragraph 
“Cost-effectiveness 
results”, page 14 and 
15, Table 3, Figure 3 



 

 

 
Effect of uncertainty 24 Describe how 

uncertainty about 
analytic judgments, 
inputs, or 
projections affect 
findings. Report the 
effect of choice of 
discount 
rate and time horizon, 
if applicable. 

Results, paragraph 
“Cost-effectiveness 
results”, page 14 and 
15 and all the 
mentioned Figures 
and Tables. Results, 
paragraph “Sensitivity 
analyses” and all the 
Figures mentioned. 

Effect of 
engagement with 
patients and others 
affected by the 
study 

25 Report on any 
difference 
patient/service 
recipient, general 
public, 
community, or 
stakeholder 
involvement made to 
the approach or 
findings of the study 

n.a. 

Discussion    
Study findings, 
limitations, 
generalizability, 
and current 

knowledge 

26 Report key findings, 
limitations, ethical or 
equity considerations 
not captured, and how 
these could affect 
patients, policy, or 
practice. 

Discussion, from page 
15 to page 17 

Other relevant 
information 

   

Funding 27 Describe how the 
study was funded and 
any role of the funder 
in the identification, 
design, conduct, and 
reporting of the 
analysis 

Page 2 

Conflict of interest 28 Report authors 
conflicts of interest 
according to journal 
or International 
Committee of Medical 
Journal Editors 
requirements. 

Page 2 

  



 

 

Definition of the hospitalization costs 

 

The hospitalization cost model has both deterministic and stochastic components. The first stochastic 
component is the type of hospitalization (in-hospital state), the probability of which is determined over time 
by the disease multistate model. The cost associated with an individual's entry into a particular hospital state 
is also determined the DRG code. The DRG code is itself a random variable with a multinomial distribution 
with three parameters: the number of trials, which is set to 1; the number of possible events; a vector of 
probabilities. Both the number of possible events and the vector of probabilities depend on the specific in-
hospital state entered. The number of possible events corresponds to the number of possible DRG codes for 
the state entered and the probabilities correspond to the probability of being assigned a particular DRG code 
for that in-hospital state. For each possible value of the DRG code, three deterministic quantities are 
determined: the fixed cost of the hospitalization, a threshold for the length of stay, and a time-varying daily 
cost that is activated if the hospitalization is longer than the threshold for the length of stay. Thus, the final 
cost of the hospitalization is determined by these quantities together with the length of stay, which is defined 
according to the disease multistate model. For each in-hospital state, the probability of each DRG code were 
estimated from the data as the proportion of hospitalization with a specific DRG code within each in-hospital 
state. All the quantities involved in the cost model are reported in Supplementary Table 1.Supplementary 
Table 1 List of DRG codes, with corresponding probabilities and, price list used to define the  cost-model. 

State DRG Description 

 

 

Probability 

Cost 

length of stay 
below 

threshold 
(Euros) 

Threshold 
(Days) 

Cost 

length of stay 
over threshold 

(Euros/per-day) 

ACS 557 

Interventions on the cardiovascular 
system percutaneously with drug-

eluting stent with major 
cardiovascular diagnosis 

0.28 

11723 15 434 

ACS 124 

Cardiovascular diseases excluding 
acute myocardial infarction, with 

cardiac catheterization and 
complicated diagnosis 

0.176 

5037 37 502 

ACS 558 

Interventions on the cardiovascular 
system percutaneously with drug-

eluting stent without major 
cardiovascular diagnosis 

0.203 

10097 7 374 

ACS 122 

Cardiovascular diseases with acute 
myocardial infarction without 

major complications, discharged 
alive 

0.108 

5410 26 325 

ACS 121 
Cardiovascular diseases with acute 

myocardial infarction and major 
complications, discharged alive 

0.122 
6794 32 333 

ACS 548 
Coronary bypass with cardiac 
catheterization without major 

cardiovascular diagnosis 

0.054 
21698 52 911 

ACS 550 
Coronary bypass without cardiac 

catheterization without major 
cardiovascular diagnosis 

0.027 
17958 29 395 

ACS 555 
Interventions on the cardiovascular 
system percutaneously with major 

cardiovascular diagnosis 

0.027 
11723 15 434 

IS 534 
Extra cranial vascular interventions 

without major complications 
0.444 

6587 31 365 



 

 

IS 559 
Acute ischemic stroke with use of 

thrombolytic agents 
0.296 

5462 52 272 

IS 524 Transient cerebral ischemia 0.185 3422 24 275 

IS 16 
Nonspecific cerebrovascular 

diseases with major complications 
0.037 

5474 41 288 

IS 533 
Extra cranial vascular interventions 

with major complications 
0.037 

6587 31 365 

PAD 479 
Other interventions on the 

cardiovascular system without 
major complications 

0.480 
5410 45 280 

PAD 130 
Peripheral vascular diseases with 

major complications 
0.140 

4904 48 296 

PAD 110 
Major interventions on the 

cardiovascular system with major 
complications 

0.120 
14177 61 392 

PAD 131 
Peripheral vascular diseases 
without major complications 

0.120 
3398 39 275 

PAD 554 
Other vascular interventions with 

major complications without major 
cardiovascular diagnosis 

0.10 
8223 62 316 

PAD 113 
Amputation for circulatory 

disorders excluding upper limb and 
toe amputations 

0.04 
13145 87 297 

Others: 
CV 

127 Heart failure and shock 
0.259 

4300 34 276 

Others: 
CV 

125 

Cardiovascular diseases excluding 
acute myocardial infarction, with 

cardiac catheterization and 
uncomplicated diagnosis 

0.089 

2416 14 344 

Others: 
CV 

139 
Arrhythmia and cardiac conduction 

abnormalities without major 
complications 

0.067 
2636 25 291 

Others: 
CV 

551 

Implantation of permanent cardiac 
pacemaker with major 

cardiovascular diagnosis or 
automatic implantable cardioverter-

defibrillator (AICD) or pulse 
generator 

0.067 

14717 41 604 

Others: 
CV 

140 Angina pectoris 
0.044 

3032 24 293 

Others: 
CV 

515 
Implantation of cardiac defibrillator 

without cardiac catheterization 
0.030 

23705 30 474 

Others: 
CV 

104 

Cardiac valve interventions and 
other major cardiothoracic 

procedures with cardiac 
catheterization 

0.067 

25492 48 943 

Others: 
CV 

111 
Major interventions on the 

cardiovascular system without 
major complications 

0.067 
8693 45 322 

Others: 
CV 

144 
Other circulatory system diagnoses 

with major complications 
0.059 

5487 37 328 

Others: 
CV 

518 Interventions on the cardiovascular 
system percutaneously without 

0.052 
7589 7 280 



 

 

 

coronary artery stent insertion 
without acute myocardial infarction 

Others: 
CV 

105 

Cardiac valve interventions and 
other major cardiothoracic 
procedures without cardiac 

catheterization 

0.037 

21551 38 433 

Others: 
CV 

129 Cardiac arrest of unknown cause 
0.022 

5620 56 279 

Others: 
CV 

142 
Syncope and collapse without 

major complications 
0.022 

2509 21 199 

Others: 
CV 

547 
Coronary bypass with cardiac 

catheterization with major 
cardiovascular diagnosis 

0.037 
21698 52 911 

Others: 
CV 

138 
Arrhythmia and cardiac conduction 

abnormalities with major 
complications 

0.030 
4496 31 386 

Others: 
CV 

141 
Syncope and collapse with major 

complications 
0.022 

3362 27 218 

Others: 
CV 

535 

Implantation of cardiac defibrillator 
with cardiac catheterization with 
acute myocardial infarction, heart 

failure, or shock 

0.022 

28040 23 1037 

Others: 
CV 

103 
Heart transplant or implantation of 

cardiac assist device 
0.007 

69501 70 804 

Others: 
No CV 

87 
Pulmonary edema and respiratory 

failure 
0.258 

4400 31 297 

Others: 
No CV 

14 
Intracranial hemorrhage or cerebral 

infarction 
0.143 

5462 52 272 

Others: 
No CV 

79 
Respiratory infections and 

inflammations, age > 17 with major 
complications 

0.134 
9283 79 280 

Others: 
No CV 

576 
Septicemia without mechanical 
ventilation ≥ 96 hours, age > 17 

0.129 
6974 51 293 

Others: 
No CV 

89 
Simple pneumonia and pleurisy, 

age > 17 with major complications 
0.106 

5521 38 293 

Others: 
No CV 

566 
Respiratory system diagnoses with 

assisted ventilation < 96 hours 
0.051 

13140 64 470 

Others: 
No CV 

565 
Respiratory system diagnoses with 

assisted ventilation ≥ 96 hours 
0.051 

13140 64 470 

Others: 
No CV 

90 
Simple pneumonia and pleurisy, 

age > 17 without major 
complications 

0.041 
3684 31 174 

Others: 
No CV 

78 Pulmonary embolism 
0.032 

5976 55 284 

Others: 
No CV 

80 
Respiratory infections and 

inflammations, age > 17 without 
major complications 

0.028 
6769 92 259 

Others: 
No CV 

542 

Tracheostomy with mechanical 
ventilation ≥ 96 hours or non-face, 
mouth, and neck-related primary 
diagnosis without major surgery 

0.028 

56885 132 680 



 

 

Supplementary Table 2 Utilities used in Sensitivity Analysis D. 

 PSA Distribution Parameters 
Before first 
hospitalization 

Fixed 
1 

During an 
hospitalization1 
 
ASC 
IS 
PAD 
OTHERS CV 
OTHERS NON-CV 

Gaussian 

 
 
 

0.693 (0.004) 
0.649 (0.007) 
0.701 (0.009) 

0.6785 (0.0045) 
0.786 (0.001) 

After first 
hospitalization 

Gaussian 0.649 (0.007) 

Death Fixed 0 
1.  Morey JR, Jiang S, Klein S, et al. Estimating Long-Term Health Utility Scores and Expenditures for 

Cardiovascular Disease From the Medical Expenditure Panel Survey. Circ Cardiovasc Qual 
Outcomes. 2021;14(4):E006769. doi:10.1161/CIRCOUTCOMES.120.006769 

 

  



 

 

Supplementary Table 3 Descriptive statistics of study cohort 

  LLT 

N = 1,815 

LLT+PCSK9-I 

N = 161 

p-value* 

Main characteristics at study entry 

Age, mean (SD) 68 (9) 65 (10) <0.001 

Gender     0.021 

F 848 (47%) 60 (37%) 

M 967 (53%) 101 (63%) 

BMI 27.0 (25.0, 31.0) 27.0 (25.0, 30.0) 0.086 

Charlson index 2.00 (1.00, 4.00) 2.00 (1.00, 4.00) 0.2 

Stroke 175 (9.6%) 10 (6.2%) 0.2 

COPD 410 (23%) 22 (14%) 0.009 

Renal Disease 376 (21%) 23 (14%) 0.051 

Obesity 354 (20%) 20 (12%) 0.028 

Smoke 245 (13%) 27 (17%) 0.2 

Hypertension 1,632 (90%) 137 (85%) 0.055 

Eligibility subgroups 

Only ASCVD 442 (24%) 36 (22%) <0.001 

Diabetes TOD/RF (No 
ASCVD) 

865 (48%) 12 (7.5%) 

Diabetes TOD/RF + ASCVD   450 (25%) 88 (55%) 

FH  (No ASCVD, No 
Diabetes TOD, No RF)   

58 (3%) 25 (16%) 

 CV history  

Fast Track 744 (41%) 105 (65%) <0.001 

Previous NSTEMI 193 (11%) 31 (19%) <0.001 

Previous STEMI 243 (13%) 47 (29%) <0.001 

PTCA 357 (20%) 76 (47%) <0.001 

CABG 151 (8.3%) 33 (20%) <0.001 

PAD 238 (13%) 32 (20%) 0.017 



 

 

Very High CV Risk 1,431 (79%) 130 (81%) 0.6 

LDL (mg/dl), median (IQR) 114 (88, 148) 136 (107, 173) <0.001 

Previous history of LLT 

  PDC  8% (2%-22%) 12% (4%-30%) 0.007 

Time on LLT (years) 9.7 (4.6-15) 13 (7 – 19) <0.001 

 *p-values were calculated using the t-test or the non-parametric Mann-Whitney test, Chi-squared or Fisher 
Exact test as appropriate. 

 ASCVD=Atherosclerotic cardiovascular disease; BMI=Body Mass Index; CABG=Coronary Artery Bypass 
Grafting; COPD= Chronic Obstructive Pulmonary Disease; CV=Cardio Vascular; FH=Familiar 
Hypercholesterolemia; LDL= Low-Density Lipoprotein ; LLT=Lipid-Lowering Therapy; TOD= Target 
Organ Damage; RF=Risk factor; PAD=Periphery Arterial Disease; PCSK9-I= Proprotein Convertase 
Subtilisin–Kexin type 9- Inibitor; PDC=Proportion of Days Covered; PTCA= Percutaneous Transluminal 
Coronary Angioplasty. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Supplementary Table 4 Propensity score diagnostics  

  

Variable Standardized 
effect size 

Unweighted 
Dataset 

p-value for 
unbalance 

Unweighted 
Dataset 

Standardized 
effect size 
Weighted 
Dataset 

p-value for 
unbalance 
Weighted 
Dataset 

Age -0.136 0.159 0.076 0.554 

Sex 0.129 0.153 -0.058 0.718 

CHARLSON 
index 

-0.003 0.973 -0.040 0.770 

ASCVD 0.324 <0.001 -0.219 0.195 

Diabetes with 
organ damage or 
risk factor 

0.000 0.997 0.153 0.202 

Time on statins 0.067 0.449 -0.028 0.773 

PDC statins 0.065 0.477 -0.132 0.280 

ACS multiple CV 0.259 0.003 -0.199 0.171 

ACS NSTEMI 0.176 0.092 -0.040 0.681 

ACS STEMI 0.381 <0.001 -0.030 0.750 

Year of 
enrolment 

-0.066 0.471 -0.127 0.467 

  

 ASCVD=Atherosclerotic cardiovascular disease; BMI=Body Mass Index; CABG=Coronary Artery Bypass 
Grafting; COPD= Chronic Obstructive Pulmonary Disease; CV=Cardio Vascular; FH=Familiar 
Hypercholesterolemia; LDL= Low-Density Lipoprotein ; LLT=Lipid-Lowering Therapy; TOD= Target 
Organ Damage; RF=Risk factor; PAD=Periphery Arterial Disease; PCSK9-I= Proprotein Convertase 
Subtilisin–Kexin type 9- Inhibitor; PDC=Proportion of Days Covered; PTCA= Percutaneous Transluminal 
Coronary Angioplasty. 

  

  

  

  



 

 

  

  

  

  

 Supplementary Table 5. Estimated parameters of all the transition hazards for the disease model. 
The parameters are all adjusted for age, sex, Charlson index, past atherosclerotic cardiovascular 
disease (ASCVD), diabetes with Target Organ Damage (TOD) or risk factor, the history of 
treatment with statins (duration and adherence) and the month/year eligibility date through IPTW. 

  

Transition  Parameter Estimate 95% CI 

Toward death gamma 0 Out-of-
hospital death 

-1.42 -3.42 ; 0.58 

gamma 1 Out-of-
hospital death 

1.18 0.59 ; 1.78 

gamma 2 Out-of-
hospital death 

0.06 0.02 ; 0.1 

gamma 3 Out-of-
hospital death 

-0.07 -0.12 ; -0.03 

gamma 1 IN-hospital 
vs. Out-of-hospital 
death 

0.09 -0.55 ; 0.72 

gamma 2 IN-hospital 
vs. Out-of-hospital 
death 

0.01 -0.01 ; 0.03 

gamma 0 2+ 
hospitalization vs. 1 

0.57 0.09 ; 1.04 

gamma 0 IN-hospital 
vs. Out-of-hospital 
death 

2.51 0.47 ; 4.55 

gamma0 PCSK9-i 
(Yes vs. No) 

-1.99 -2.68 ; -1.3 

Towards hospital  gamma 0 ACS -4.67 -5.06 ; -4.29 

gamma 1 ACS 0.33 0.22 ; 0.44 

gamma 2 ACS -0.01 -0.01 ; -0.01 

gamma 1 IS vs. ACS 0.19 -0.02 ; 0.41 

gamma 1 OTHERS 
CV vs. ACS 

0.01 -0.1 ; 0.13 



 

 

gamma 1 OTHERS 
NO CV vs. ACS 

0.10 -0.02 ; 0.21 

gamma 1 PAD vs. 
ACS 

0.17 -0.03 ; 0.37 

gamma 0 2+ 
hospitalization vs. 1 

3.41 3.18 ; 3.64 

gamma 0 IS vs. ACS -1.01 -1.41 ; -0.62 

gamma 0 OTHERS 
CV vs. ACS 

0.36 0.11 ; 0.62 

gamma 0 OTHERS 
NO CV vs. ACS 

0.29 0.03 ; 0.54 

gamma 0 PAD vs. 
ACS 

-0.91 -1.28 ; -0.54 

gamma0 PCSK9-i 1 
(Yes vs. No) 

-0.24 -0.46 ; -0.01 

gamma0 PCSK9-i 2+ 
(Yes vs. No) 

-0.09 -0.47 ; 0.29 

Towards out-of-
hospital 

gamma 0 ACS 8.06 6.84 ; 9.27 

gamma 1 ACS 1.77 1.51 ; 2.03 

gamma 2 ACS 0.05 0.03 ; 0.06 

gamma 1 IS vs. ACS 0.45 0.06 ; 0.84 

gamma 1 OTHERS 
CV vs. ACS 

-0.04 -0.26 ; 0.19 

gamma 1 OTHERS 
NO CV vs. ACS 

0.12 -0.12 ; 0.36 

gamma 1 PAD vs. 
ACS 

0.19 -0.13 ; 0.5 

gamma 0 2+ 
hospitalization vs. 1 

-0.19 -0.42 ; 0.03 

gamma 0 IS vs. ACS 1.70 0.14 ; 3.26 

gamma 0 OTHERS 
CV vs. ACS 

-0.56 -1.42 ; 0.3 

gamma 0 OTHERS 
NO CV vs. ACS 

-0.63 -1.52 ; 0.25 

gamma 0 PAD vs. 
ACS 

0.06 -1.08 ; 1.19 

gamma0 PCSK9-i 1 
(Yes vs. No) 

0.19 -0.07 ; 0.44 



 

 

 

ASC=Acute Coronary Syndrome; CI=Confidence interval CV=Cardio Vascular; IS=Ischemic Stroke; 
LLT=Lipid-Lowering Therapy; PAD=Periphery Arterial Disease; PCSK9-I= Proprotein Convertase 
Subtilisin–Kexin type 9- Inhibitor;   

gamma0 PCSK9-i 2+ 
(Yes vs. No) 

-0.14 -0.55 ; 0.27 



 

 

Supplementary Table 6 Estimated parameters of all the transition hazards for the disease model 
for the subgroup analysis. The parameters are all adjusted for age, sex, Charlson Comorbidity index, 
the history of treatment with statins (duration and adherence) and the month/year eligibility date 
through IPTW. 

Transition  Parameter Estimate 95% CI 

Toward death 
gamma 0 2+ 
hospitalization vs. 1 

0.62 0.24 ; 1.01 

Toward death 
gamma 0 IN-hospital 
vs. Out-of-hospital 
death 

2.31 0.26 ; 4.36 

Toward death 
gamma 0 Out-of-
hospital death 

-0.47 -2.73 ; 1.78 

Toward death 
gamma 1 IN-hospital 
vs. Out-of-hospital 
death 

-0.17 -0.85 ; 0.51 

Toward death 
gamma 1 Out-of-
hospital death 

1.71 1.02 ; 2.39 

Toward death 
gamma 2 IN-hospital 
vs. Out-of-hospital 
death 

0.00 -0.02 ; 0.03 

Toward death 
gamma 2 Out-of-
hospital death 

0.09 0.05 ; 0.13 

Toward death 
gamma 3 Out-of-
hospital death 

-0.11 -0.15 ; -0.07 

Toward death 
Diabetes TOD+RF vs 
FH 

0.59 -0.31 ; 1.49 

Toward death 
Diabetes TOD+RF+SP 
vs FH 

0.54 -0.36 ; 1.43 

Toward death SP vs FH 0.06 -0.88 ; 0.99 

Toward death PCSK9-i (Yes vs. No) -1.58 -1.99 ; -1.16 

Towards hospital  
gamma 0 2+ 
hospitalization vs. 1 

3.06 2.9 ; 3.21 

Towards hospital  gamma 0 ACS -3.88 -4.58 ; -3.18 

Towards hospital  gamma 0 IS vs. ACS -1.82 -4.85 ; 1.21 



 

 

Transition  Parameter Estimate 95% CI 

Towards hospital  
gamma 0 OTHERS 
CV vs. ACS 

-0.01 -0.83 ; 0.81 

Towards hospital  
gamma 0 OTHERS 
NO CV vs. ACS 

0.37 -0.49 ; 1.22 

Towards hospital  
gamma 0 PAD vs. 
ACS 

-3.24 -6.42 ; -0.06 

Towards hospital  gamma 1 ACS 0.38 0.26 ; 0.5 

Towards hospital  gamma 1 IS vs. ACS 0.12 -0.47 ; 0.72 

Towards hospital  
gamma 1 OTHERS 
CV vs. ACS 

0.00 -0.16 ; 0.16 

Towards hospital  
gamma 1 OTHERS 
NO CV vs. ACS 

0.09 -0.08 ; 0.27 

Towards hospital  
gamma 1 PAD vs. 
ACS 

0.03 -0.64 ; 0.71 

Towards hospital  gamma 2 ACS 0.03 -0.01 ; 0.07 

Towards hospital  gamma 2 IS vs. ACS 0.05 -0.08 ; 0.18 

Towards hospital  
gamma 2 OTHERS 
CV vs. ACS 

-0.01 -0.06 ; 0.04 

Towards hospital  
gamma 2 OTHERS 
NO CV vs. ACS 

0.01 -0.04 ; 0.06 

Towards hospital  
gamma 2 PAD vs. 
ACS 

-0.15 -0.3 ; 0 

Towards hospital  gamma 3 ACS 0.01 -0.12 ; 0.15 

Towards hospital  gamma 3 IS vs. ACS -0.34 -0.66 ; -0.03 

Towards hospital  
gamma 3 OTHERS 
CV vs. ACS 

-0.10 -0.25 ; 0.06 

Towards hospital  
gamma 3 OTHERS 
NO CV vs. ACS 

-0.01 -0.17 ; 0.15 

Towards hospital  
gamma 3 PAD vs. 
ACS 

0.35 -0.03 ; 0.73 

Towards hospital  gamma 4 ACS -0.05 -0.32 ; 0.21 

Towards hospital  gamma 4 IS vs. ACS 0.46 0.18 ; 0.74 



 

 

Transition  Parameter Estimate 95% CI 

Towards hospital  
gamma 4 OTHERS 
CV vs. ACS 

0.19 0.03 ; 0.36 

Towards hospital  
gamma 4 OTHERS 
NO CV vs. ACS 

-0.01 -0.18 ; 0.17 

Towards hospital  
gamma 4 PAD vs. 
ACS 

-0.27 -0.62 ; 0.08 

Towards hospital  gamma 5 ACS -0.09 -0.36 ; 0.19 

Towards hospital  
Diabetes TOD+RF vs 
FH 

-0.46 -0.84 ; -0.07 

Towards hospital  
Diabetes 
TOD+RF+SP vs FH 

0.58 0.22 ; 0.93 

Towards hospital  SP vs FH 0.25 -0.12 ; 0.61 

Towards hospital  PCSK9-i (Yes vs. No) -0.18 -0.32 ; -0.04 

Towards out-of-
hospital 

gamma 0 2+ 
hospitalization vs. 1 

-0.19 -0.34 ; -0.04 

Towards out-of-
hospital 

gamma 0 ACS 9.07 8.05 ; 10.1 

Towards out-of-
hospital 

gamma 0 IS vs. ACS 0.92 -0.26 ; 2.11 

Towards out-of-
hospital 

gamma 0 OTHERS 
CV vs. ACS 

-0.30 -0.99 ; 0.39 

Towards out-of-
hospital 

gamma 0 OTHERS 
NO CV vs. ACS 

-0.85 -1.58 ; -0.12 

Towards out-of-
hospital 

gamma 0 PAD vs. 
ACS 

-0.30 -1.25 ; 0.64 

Towards out-of-
hospital 

gamma 1 ACS 1.84 1.64 ; 2.04 

Towards out-of-
hospital 

gamma 1 IS vs. ACS 0.41 0.1 ; 0.73 

Towards out-of-
hospital 

gamma 1 OTHERS 
CV vs. ACS 

0.07 -0.11 ; 0.24 

Towards out-of-
hospital 

gamma 1 OTHERS 
NO CV vs. ACS 

0.17 -0.03 ; 0.36 



 

 

 

ACS=Acute Coronary Syndrome; CV=Cardio Vascular; FH=Familiar Hypercholesterolemia; IS=Ischemic 
Stroke; LLT=Lipid-Lowering Therapy; TOD= Target Organ Damage; RF=Risk factor; PAD=Periphery 
Arterial Disease; PCSK9-I= Proprotein Convertase Subtilisin–Kexin type 9- Inhibitor; PDC=Proportion of 
Days Covered; PTCA= Percutaneous Transluminal Coronary Angioplasty; SP=Secondary Prevention. 

 

  

  

 

 

 

  

Transition  Parameter Estimate 95% CI 

Towards out-of-
hospital 

gamma 1 PAD vs. 
ACS 

0.10 -0.16 ; 0.35 

Towards out-of-
hospital 

gamma 2 ACS 0.05 0.04 ; 0.06 

Towards out-of-
hospital 

Diabetes TOD+RF vs 
FH 

-0.43 -0.85 ; -0.01 

Towards out-of-
hospital 

Diabetes 
TOD+RF+SP vs FH 

-0.46 -0.85 ; -0.07 

Towards out-of-
hospital 

SP vs FH -0.44 -0.86 ; -0.03 

Towards out-of-
hospital 

PCSK9-i (Yes vs. No) 0.15 -0.01 ; 0.32 



 

 

Supplementary Table 7 Results of the microsimulation economic model in the subgroup analysis 

Eligibility Subgroup  
LLT 

 (95% CI) 
PCSK9-I+LLT 

(95% CI) 

FH 

(No ASCVD, No 
Diabetes TOD, No 

RF) 

Mean Utility (years) 16.4 (12.49,18.6) 19.62 (18.42,20.14) 

Mean Costs: Drugs (Euros) 1772 (1350,2009) 
86890 

(81571,89180) 

Mean Costs: Hospitalizations length 
of stay below threshold (Euros) 

29380 
(11620,78277) 

25391 
(11641,68736) 

Mean Costs: Hospitalizations extra 
days (Euros) 

8994 
(3636,23404) 

6705 (3121,17797) 

Diabetes TOD + RF 
(No ASCVD) 

Mean Utility (years) 
15.31 

(14.05,16.55) 
19.33 (18.51,19.81) 

Mean Costs: Drugs (Euros) 1653 (1517,1787) 
85571 

(81943,87713) 

Mean Costs: Hospitalizations length 
of stay below threshold (Euros) 

10700 
(6266,20534) 

10749 
(6092,21311) 

Mean Costs: Hospitalizations extra 
days (Euros) 

5350 (3174,8519) 4640 (2490,8150) 

Only ASCVD 

Mean Utility (years) 
14.75 

(12.5,16.67) 
19.39 (18.47,19.96) 

Mean Costs: Drugs (Euros) 1593 (1350,1801) 
85846 

(81794,88370) 

Mean Costs: Hospitalizations length 
of stay below threshold (Euros) 

43895 
(23936,92387) 

43188 (24409 
,94110) 

Mean Costs: Hospitalizations extra 
days (Euros) 

22342 
(12917,36488) 

18778 
(10623,32405) 

Diabetes TOD+RF+ 
ASCVD 

Mean Utility (years) 
10.25 

(8.44,12.08) 
17.73  

(16.4,18.78) 

Mean Costs: Drugs (Euros) 1107 (912,1304) 
78530 

(72601,83174) 

Mean Costs: Hospitalizations length 
of stay below threshold (Euros) 

55833 (34107 
,112660) 

84041 
(52472,173143) 

Mean Costs: Hospitalizations extra 
days (Euros) 

28161 
(19289,43060) 

37289 
(24980,55984) 

ASCVD=Atherosclerotic cardiovascular disease; FH=Familiar Hypercholesterolemia; LLT=Lipid-Lowering 
Therapy; TOD= Target Organ Damage; RF=Risk factor; PCSK9-I= Proprotein Convertase Subtilisin–Kexin 
type 9- Inhibitor. 

 

 



 

 

Supplementary Figure 1. Convergence diagnostics. 

 On the top, the ICER (Euros/LY) according to different number of individuals used in the timelife 
microsimulation. On the top, the ICER (Euros/LY) according to different number of PSA repetitions used in 
the lifetime microsimulation. The black line corresponds to the median and the red line correspond to the 
mean; the dashed area is the 95% CI. It can be observed that with 1000 individuals and 500 PSA repetitions 
convergence has been achieved.  

 



 

 

Supplementary Figure 2 Cost-effectiveness results on the short-term horizon. 

 On the left, Cost Effectiveness Plane and ICER (Euros/LY) with 95% on the short-term time horizon 
obtained with the model-based approach (Panel A). On the right, the corresponding ones obtained with the 
non-model based approach (Panel B) The dashed lines on the cost-effectiveness planes represent the 
minimum willingness to pay  (wtp) per Life Year gained for the treatment to be considered cost-
effective at 95% confidence level. 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Supplementary Figure 3 Results of the sensitivity analysis A. 

 Panel A) Cost Effectiveness Plane and ICER(Euros/LY) with 95% CI of the sensitivity analysis to assess the 
effect of extrapolating over maximum follow-up observed in data in lifetime microsimulation. The dashed 
lines on the cost-effectiveness planes represent the minimum willingness to pay(wtp) per Life Year 
gained for the treatment to be considered cost-effective at 95% confidence level. Panel B) 
Goodness-of fit for the long-term mortality rates comparing the cumulative hazard predicted from 
the disease-model for the standard LLT treatment (red) with the cumulative hazard observed in the 
historical cohort opportunely recalibrated (black). 

 

 

  



 

 

Supplementary Figure 4 Results of the sensitivity analysis B. 

 Cost Effectiveness Plane and ICER (Euros/LY) with 95% CI of the sensitivity analysis to assess the effect of 
7% of individuals assigned to PCSK9 inhibitors been non-adherent in lifetime microsimulation. The dashed 
lines on the cost-effectiveness planes represent the minimum willingness to pay (wtp) per Life Year 
gained for the treatment to be considered cost-effective at 95% confidence level. 

 

  



 

 

Supplementary Figure 5 Results of the sensitivity analysis C. 

 ICER (Euros/LY) obtained in the sensitivity analysis to assess the consequence of different scenarios 
regarding unmeasured confounding in the estimation of the effect of PCSK9 Inhibitor on death. The E-
VALUE of 0 correspond to the case in which there is no unmeasured confounding and the HR on death is 
unbiased. E-VALUES greater than 0 correspond to cases in which the effect of the treatment is overestimated 
because of a set of unmeasured confounders. A E-VALUE equal to x means that there is a set of confounders 
that are associated with a x-fold increase in the risk of death, and that are x times more prevalent in treated 
than untreated subjects. 

 

  



 

 

Supplementary Figure 6 Results of the sensitivity analysis D. 

 Cost Effectiveness Plane and ICER (Euros/QALY) with 95% CI. The dashed lines on the cost-
effectiveness planes represent the minimum willingness to pay in Euros per QALY gained for the 
treatment to be considered cost-effective at 95% confidence level. 
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