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Abstract: Background: This study presents a novel mathematical framework to quantify the
societal and economic impacts of delays in the reimbursement and distribution of innovative
medicines. Methods: Utilizing the concept of years of life lost (YLL) as a measure of premature
mortality, the framework calculated the impact of delay on YLL, years of potential productive life
lost (YPPLL), and cost of productivity loss (CPL). The proposed model incorporated mortality
probabilities through the Heligman-Pollard (HP) model, examining how delays influence health
outcomes, particularly for patients awaiting treatments like Icosapent ethyl. Results: The findings
reveal that extended delays significantly increase mortality and economic losses, emphasizing the
need for timely access to high-value therapies. This mathematical framework not only emphasizes
the adverse effects of delayed reimbursement on populations but also highlights the importance of
high-quality data in accurately assessing these effects. By ensuring completeness, consistency, and
reliability in healthcare data, the framework advocates for evidence-based policy decisions that
promote equitable healthcare access and minimize disparities. Conclusions: The present study
underscores the importance of efficient pharmaceutical policymaking in maximizing the societal
benefits of innovative treatments, ensuring that both health outcomes and economic sustainability
are prioritized in healthcare systems.
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1. Introduction

Pharmaceutical policy refers to a set of laws, regulations, and strategies designed to manage the
development, distribution, and use of medicines withina healthcare system. Its primary objective is to
ensure that the population has access to safe, effective, and affordable medicines, while also promoting
rational drug use and ensuring sustainability in healthcare costs. Pharmaceutical policy supports decision-
making about how society can use its available resources to improve health and reduce inequalities.

A well-structured pharmaceutical policy typically includes several key components, such as drug
approval and safety regulation. A regulatory framework ensures that all drugs meet established
standards and are safe for public consumption through regulatory agencies [1] and pricing and
reimbursement policies to manage drug costs and ensure equitable access to essential medicines [2].
However, formulating pharmaceutical policy for innovative medicines presents significant challenges,
particularly in balancing the introduction of new, high-cost treatments with maintaining fair
competition and ensuring equitable access to novel treatments, as these often represent significant
advancements over existing therapies, offering more effective, safer, or personalized options for
managing diseases [3,4]. According to a study by the World Health Organization [ 1], introducing new
medications has significantly reduced mortality rates for conditions such as cardiovascular diseases
and cancers, highlighting their importance in extending life expectancy.

Furthermore, by preventing disability and premature death, innovative medicines help preserve
human capital [5]. A recent study demonstrated that early intervention with innovative treatments in
diseases such as rheumatoid arthritis and multiple sclerosis can prevent long-term disability, allowing
individuals to maintain active and fulfilling lives [ 6]. This indicates that innovative medicines are not
only vital for individual health but also for economic productivity. Areport by the European Federation
of Pharmaceutical Industries and Associations (EFPIA) found that employees with access to effective
treatments for conditions like diabetes and depression showed improved productivity and reduced sick
leave [7]. A study by Claxton et al. [8] examined the impact of delayed access to innovative medicines
in the United Kingdom, demonstrating how even modest delays can lead to significantlosses in quality-
adjusted life years (QALYSs), thereby impacting overall societal welfare.

However, the approval of a treatment does not necessarily translate into immediate availability of
novel therapy for all patients, as delays in the reimbursement process decision can significantly hinder
access, particularly in publicly funded healthcare systems [ 9]. Such delay can prolong patient suffering,
lead to worsening health conditions, and widen health inequalities, especially for those who cannot
afford to pay out-of-pocket for expensive therapies [4]. On the other hand, innovative medicines are
not associated with a confirmed clinical benefit [10], so reimbursement procedures require a series of
time-consuming steps by the HTA authorities [11].

Data accuracy, completeness, and reliability influence the decision-making process at multiple
levels, from clinical trials to post-market surveillance [12]. Without robust data governance, the
evaluation of innovative drugs becomes challenging, potentially leading to delays in market entry,
pricing inefficiencies, and risks to patient safety [13]. In the context of innovative drug development,
data quality plays a pivotal role in clinical research, particularly in randomized controlled trials (RCTs)
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and real-world evidence (RWE) studies. Regulatory agencies, such as the U.S. Food and Drug
Administration (FDA) and the European Medicines Agency (EMA), increasingly rely on high-quality
RWE to complement RCTs in assessing the safety and effectiveness of novel therapies [13]. Poor data
quality in these studies can lead to biased outcomes and misinterpretation of efficacy results, ultimately
hindering patient access to groundbreaking treatments [13].

Pharmaceutical policy is deeply influenced by data integrity in health technology assessments
(HTAs), which guide drug pricing and reimbursement decisions. Incomplete or inconsistent data may
result in inaccurate cost-effectiveness evaluations, affecting the affordability and accessibility of
innovative drugs [14]. Furthermore, the integration of big data and artificial intelligence in drug
discovery and regulatory decision-making necessitates stringent data validation processes to prevent
algorithmic biases and ensure equitable healthcare access [14]. To optimize pharmaceutical policy
outcomes, stakeholders must prioritize investments in data infrastructure, interoperability, and regulatory
frameworks that enhance datareliability. Strengthening data governance will enable more efficient drug
approval processes, fairer pricingmodels, and better patient outcomes, ultimately fosteringan ecosystem
that supports pharmaceutical innovation while maintaining safety and cost-effectiveness.

While the existing literature extensively addresses the clinical benefits of innovativemedicines [4]
and the importance of timely access [10,11], few studies provide a quantifiable, data-driven framework
that estimates the cumulative societal and economic burden specifically associated with delays in the
reimbursement process decisions. Most analyses to date focus either on isolated health outcomes (e.g.,
QALYs) or macro-level health system indicators, without dynamically linking delays to population-
level metrics such as years of life lost (YLL), years of potential productive life lost (YPPLL), and cost
of productivity loss (CPL). To address this gap, we propose a novel mathematical model that
incorporates age-specific mortality risks via the Heligman-Pollard model [15] with economic
productivity metrics grounded in the human capital approach [16,17]. This approach allows for a
holistic assessment of the broader consequences of delayed access, encompassing both health loss and
productivity loss. Furthermore, while some studies have explored productivity implications of illness
or premature death [17], they have not explicitly modeled delay as a modifiable health policy variable.
Therefore, our study offers a novel perspective for pharmaceutical policy evaluation—one that is
mathematically rigorous, data-informed, and policy-relevant.

The objective of the study is to outline a novel mathematical framework regarding the delayed entry
of novel medicines as an independent variable affecting (a) years of life loss (YLL) [ 18] and (b) years of
potential productive life loss (YPPLL), where YPPLL refers to the productive years an individual would
have lived in the absence of an event as well as the cost of productivity loss (CPL) [ 19]. By factoring in
the age at death, rather than just the occurrence of death, this calculation aims to provide a more
accurate representation of the societal burden or impact of a particular cause of mortality. Its main
purpose is to assess the relative significance of various causes of early death within a population,
helping health planners prioritize prevention efforts. Additionally, the proposed mathematical
framework offers a guidance tool for policy-makers to evaluate the broader impact of new medicines.
However, the reliability and accuracy of such evaluations are inherently dependent on high-quality
data, as inconsistencies or biases in data inputs can lead to misleading policy decisions. Ensuring robust
data governance and validation mechanisms enhances the framework’s ability to generate meaningful
insights for pharmaceutical policy-making. Ultimately, ensuring high data quality strengthens the
foundation of pharmaceutical policies, leading to improved healthcare efficiency, cost-effectiveness,
and better patient outcomes.
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2. Materials and methods

The years of lifelost (YLL) is a widely used public health measure to assess premature mortality.
YLL is a metric used to assess premature mortality by considering both how often deaths occur and
the age at which they happen; as such, it estimates the time a person would have lived if they had not
died prematurely. YLL for a particular cause is calculated by multiplying the number of deaths (N) due
to that cause by a loss function (LF) that defines the years lost based on the age of death.

The basic formula for YLL, for a specific cause (c), age (a), sex (s), and year (t), as reported by
WHO, is as follows [20]:

Years of life lost = YLL = f(cause,age,sex,time period) = !
N(cause, age, sex, time period) L(age, sex) ()

where:
N: Number of deaths caused by a cause ¢
at a specific age x for sex s during a time period t,
L = Loss function = f(age, sex)

Brustugun [18] expressed the YLL measure as follows:

X
YLL = Z(number of deaths at age x)(expected remaining life years at age x) (2)

x=0

To quantify the societal impact of delayed access to innovative medicines, it is necessary to
express the number of deaths as a function of age, based on function (2). To achieve this, a calculation
of the probability (mortality rate) q,, which represents the likelihood that a person at age x will die
within a year, was performed:

Q

X

%=1 3)

where:

d, is the number of deaths at age x, and [, is the number of people alive at age x.

It is important to note that d, is the number of people who died before reachingage x + 1, thus
we can write that d,, = [, — L, 4, 1.e., the difference of people alive between age x + 1 and age x.

The Heligman-Pollard (HP) model [15] is given by:

GH*

- A(x+B)C D (—E(Inx—1InF)? 4

where A, B, C, D, E, F, G, H are parameters to be estimated (4) and measure the probability
q. that a person of age x will die before age x + 1.
Since equations (3) and (4) express the same measure, i.e., g, as shown in equation (5) below,

GH* | s
1+GHY 1, )

QU

gy = [A(x+B)C+ De.(—E(lnx—lnF)2 +
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d, could then be calculated as follows:

GH”*

C — —
d, =1, [A(x+B) + De(-E(nx InF)? + = GHx] (6)

The HP model illustrates the variation in mortality rates across different stages of life, from
childhood and young adulthood to old age. The first term of equation (4) captures mortality trends in
early life: parameter A represents the child mortality rate, B reflects the mortality rate at age one, and
C indicates the decline in mortality over time (ages 0—9). The second term addresses the increase in
mortality due to accidents in adulthood and maternal deaths among women of reproductive age (ages
10-40), with D representing the severity, E indicating the concentration, and F denoting the peak
position of this “hump”. The third term follows Gompertz’s law, where G represents the baseline
mortality level for older adults, and H indicates its rate of increase beyond age 40 [21,22].

The proposed framework suggests the following equation (7) where the dependent variable q,
depends on the variable x that is defined as follows:

x = age of diagnosis + delay (7

The following proposed mathematical model quantifies the number of deaths:

dx — lx [A[(age of diagnosis+delay)+B)]¢ + De(—E[ln(age of diagnosis+delay)—InF)]?

GH (age of diagnosis+delay) (8)

|

1+ GH (age of diagnosis+delay)

The variable delay is defined as the number of days between the marketing authorization of a
novel medicine and its reimbursement approval (i.e., reimbursement delay) [ 23]. However, in equation
(7), the variable delay is defined as the difference between the patient’s age at diagnosis and their age
at death without access to the treatment. This assumption reflects a real-world scenario in which a
patient is diagnosed with a serious condition but does not survive long enough to benefit from the
treatment due to a delay in access. Therefore, in this context, delay serves as a proxy for the lost
opportunity window, emphasizing the clinical and societal consequences of delayed access.

The mathematical model assumes that there is no “delay” on the day of diagnosis. However, for
patients who were diagnosed and died within the same year, the “delay” is the same across all cases.

Thus, after substituting x =agegiggnosis + delay into equation (2), YLL is expressed as a
function of the variable delay:

YLL

X
= Z <lx[A[(age of diagnosis+delay)+B)I° 4 po(~Elln(age of diagnosis+delay)-InF)]?
x=0

)

GH(age of diagnosis+delay)

1+ GH@ge o dl.agnosis+delay)]> (expected remaining life years at age x)

However, health policy affects the variable delay:
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delay = f (health policy)
_ {delay, when health policy = 0, meaning that a health policy does not exist  (10)
- 0, health policy = 1, meaning that a health policy exists

Then, equation 9 can be revised as follows:

YLL

NgE

<l [A[(age of diagnosis+f(health policy)+B)]¢
x

0

=
Il

4+ De(—E[ln(age of diagnosis+f (health policy) —InF)]? (11)

GH (age of diagnosis+ f (health policy)

1+ Gj(age of diagnosis +f (health policy)]> (expected remaining life years at age x)

According to the proposed mathematical framework, the variable delay significantly influences
the YLL measure, thereby impacting not only individual patient outcomes but also broader societal
and economic aspects.

In addition to the YLL measure, delayed access to novel medicines is also considered to impact
productivity, in terms of the years of potential productive life lost (YPPLL) measure[20]. The YPPLL
measure projects the economic and social impacts of an event due to premature death, which are public
health priorities for policymaking. It is widely recognized that premature mortality not only affects
individual health outcomes but also imposes significant economic burdens on society by reducing
workforce participation and productivity [20]. It is worth noting that the human capital approach
should be employed to compute both permanent and temporary losses resulting from premature
mortality and absenteeism, respectively. This method quantifies economic losses by estimating the
present value of future earnings lost due to death or disability, making it a valuable tool for assessing
the broader economic implications of public health interventions [ 18]. It is worth noting that the human
capital approach should be employed to compute permanent and temporary losses that are due to
premature mortality and absenteeism, respectively [22].

The basic formula for the YPPLL measure is written as follows:

J
YPPLL = Z number of deaths; (retirement age — mean age;) (12)
j
where j is the age cohorts.
After substituting the number of deaths in equation 12, it could be written as follows:
J
YPPLL = Z (lj [A[(age of diagnosis+delay)+B)]¢ + De(—E[ln(age of diagnosis+delay)—InF)]?
j

(13)

GH(age of diagnosis+delay)

+ 1+ GH@geof dmgnosiﬁdelay)]) (retirement age — mean age;)
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Productivity loss is a measure of the resources lost when employees work at suboptimal levels or
are absent from work. It encompasses both absenteeism (missed workdays) and presenteeism (reduced
efficiency while at work), both of which have significant economic implications for employers and
society [21]. A societal perspective, which aims at maximizing overall welfare, commonly incorporates
all relevant costs, including productivity losses due to disease-related impairments [21]. This
perspective ensures that healthcare interventions are evaluated not only in terms of direct medical costs
but also in terms of their broader economic consequences, such as lost earnings and reduced labor
force participation. The cost of productivity loss (CPL) is often estimated using the human capital
approach, which calculates the present value of lost earnings due to illness or premature mortality, or
the friction cost method, which accounts for the time required to replace a worker and restore
productivity levels [22].

The general formula for the cost of productivity loss (CPL) is as follows:

CPL = Z YPPLL; GDP per capita (14)
]

]
CPL = Z <lj [A[(age of diagnosis+delay)+B)]¢ + De(—E[ln(age of diagnosis+delay)—InF)]?

J

(15)

GH(age of diagnosis+delay)

1+ GH(age of diagnosis+delay)]) (retlrement age

— mean age;)GDP per capita

Estimation of the parameters of the Heligman-Pollard Model

A,B,C,D,EFGH

Postestimation of the fitted values of gx

Calculation of Ix at each age x

Calculation of the number of deaths at each age x, based on Ix and fitted values of gx

Calculation of the YLL, YPPLL, CPL based on formulas

Figure 1. Methodology’s flowchart.
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Subsequently, the proposed mathematical model was applied to a dataset related to the novel drug
Icosapent ethyl to estimate YLL, YPPLL, and CPL (see Figure 1). By integrating these key metrics,
our mathematical framework provides a comprehensive assessment of the broader societal and
economic consequences associated with delayed access to innovative treatments. This approach not
only quantifies the direct health burden in terms of premature mortality but also captures the long-term
economic implications of lost workforce productivity, reinforcing the critical need for timely
pharmaceutical policy interventions.

Icosapent ethyl is a highly purified and stable ethyl ester of EPA (eicosapentaenoic acid) that has
been shown to effectively reduce triglyceride levels, making it a key therapeutic option for addressing
residual cardiovascular risk in patients with hypertriglyceridemia [23]. It is approved as an adjunct to
diet for adult patients with triglyceride levels of at least 500 mg/dL, a condition associated with an
increased risk of pancreatitis and cardiovascular disease. Unlike other omega-3 fatty acid formulations,
Icosapent ethyl has demonstrated unique cardioprotective properties beyond triglyceride lowering,
likely due to its anti-inflammatory, anti-thrombotic, and membrane-stabilizing effects.

According to the results of the REDUCE-IT trial [24], treatment with Icosapent ethyl ledtoa 25%
relative risk reduction in major cardiovascular events compared to placebo in patients with elevated
triglyceride levels, despite concurrent statin therapy. The trial included 8179 patients who were either
45 years or older with established cardiovascular disease or 50 years or older with diabetes mellitus
and at least one additional cardiovascular risk factor. Eligible patients also had a fasting triglyceride
level of at least 135 mg/dL and an LDL-C level between 41 and 100 mg/dL, ensuring that the observed
effects were independent of standard lipid-lowering therapy. The primary endpoint was a composite
of cardiovascular death, nonfatal myocardial infarction, nonfatal stroke, coronary revascularization, or
unstable angina, analyzed in a time-to-event framework. Additionally, the secondary endpoint
evaluated cardiovascular death, nonfatal myocardial infarction, and nonfatal stroke, reinforcing the
robustness of the observed clinical benefit.

The selection of Icosapent ethyl in this study is justified by its strong evidence-based
cardiovascular benefits and potential to prevent productivity loss by reducing premature mortality and
morbidity associated with cardiovascular disease. Given that cardiovascular diseases are among the
leading causes of YLL and YPPLL globally [25,26], the timely incorporation of Icosapent ethyl into
clinical practice and pharmaceutical policy can yield substantial societal and economic benefits.

Although the Heligman-Pollard model is typically applied to mortality data across the entire age
range (0 <x <o) [15], it has also been utilized for specific age groups, such as individuals aged 60+
and 85+ years [27]. Moreover, it has been employed to analyze cause-specific mortality rates [27].
Therefore, it is well-suited for examining CVD-related mortality in individuals aged 45—-86 years.

In line with the study objective, data from the REDUCE-IT trial were analyzed using the
MortalityLaws package of R [28].

To calculate YLL, YPPLL, and CPL measures, estimation was performed for the eight
parameters of the Heligman-Pollard model, with 95% confidence intervals and p-values obtained by
bootstrapping, using the x and q, values from the aforementioned trial. Assuming an initial cohort
l, = 160,000, we calculated the number of deaths via the calculation of fitted values of q, via
the following equation:

number of deaths, = l, fitted values of q, (16)
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while
lyy1 = I — L fitted values of q, (17)

However, since the number of data points was n = 15,000 (daily age measurements starting from
0, corresponding to 45 years), only the four quarters of each age were retained. This approach ensured
consistency with sample size requirements while aligning with the fact that the Heligman-Pollard
model primarily applies to annual data. The Heligman-Pollard model is a parametric mortality model
fitted by optimizing a predefined loss function aimed at minimizing estimation error. The
MortalityLaws R package provides the implementation of eight distinct loss functions, enabling better
capture across different segments of the mortality distribution. Thus, estimation is achieved via
optimization of one of the eight predefined loss functions.

In this paper, we do not discuss the machine learning (ML) approaches; rather, we use a
different mathematical data-driven model, i.e., the Heligman-Pollard model. According to
Heligman and Pollard [15], a law of mortality, i.e., a parameterization function, is a mathematical
expression for the graduation of the age pattern of mortality that fits mortality data. In this sense, the
term “data-driven mathematical model” in the paper’s title is consistent with the methodology and
analysis of the model we used, even though, in our days, the term usually refers to ML.

For the calculation of YPPLL and CPL, ages were grouped into the following five-year
intervals: (1) 45—49 years, (2) 50-54 years, (3) 55-59 years, (4) 60—64 years, (5) 6569 years, (6) 70—
74 years, (7) 75-79 years, and (8) 80—84 years. Ages 85-86 were excluded due to the lack of available
data for forming the 85-89 age group. However, for estimatingthe fitted values of q,, we used the
entire age range of 45-86 years. The retirement age was set at 67 years. The deviance goodness-of-fit
test was applied for model evaluation, and Microsoft Excel was used for the calculation of YLL,
YPPLL and CPL.

3. Data sources and ethical considerations

The proposed model applied to a cohort of 15,000 observations based on the inclusion criteria of
the REDUCE-IT trial, targeting individuals aged 45—86. The dataset was adjusted to reflect population-
specific mortality dynamics within the 45—86 age range, excluding patients not eligible for Icosapent
ethyl treatment. No direct patient-level data was used as data derived from the REDUCE-IT clinical
trial [24]. The original dataset mentioned above included 15,000 observations across daily age
measurements starting from 45 years. Assuming a cohort I x = 160,000, we calculated the outcome
measures (YLL, CPL, YPPLL). Given that this is a secondary analysis of publicly available trial
outcomes, individual consent was not required.

4. Results

To evaluate the impact of delayed access to innovative medicines, the Heligman-Pollard model
was applied to a dataset derived from the REDUCE-IT trial. The model’s parameters were estimated
to quantify the mortality dynamics within the studied population and to compute key metrics such as
YLL, YPPLL, and CPL. The bootstrapping method was employed to generate 95% confidence
intervals and p-values, ensuring statistical robustness.
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Based on the analysis, the eight parameters of the Heligman-Pollard model were found to be A =
0.0003, B = 0.0040, C=0.2149, D =0.0010, E =10.1647, F = 16.4506, G = 0.0030, and H = 1.0629.
Table 1 presents the bootstrap 95% confidence intervals and p-values for these estimates.

Table 1. Bootstrap 95% confidence intervals and p values.

Parameter Estimate p-value 95% confidence interval
A 3.2484e—04 0.0202 1.7775e—05, 3.5395e—04
B 4.0001e—03 <0.0010 4.0000e—03, 4.0010e—03
C 2.1487¢—01 0.9990 1.7902¢—01, 1.3872e+02
D 9.9836e—04 <0.0010 9.8522¢—04, 1.0000e—03
E 1.0164e+01 <0.0010 1.0101e+01, 1.1644e+01
F 1.6450e+01 <0.0010 1.2564e+01, 1.6654e+01
G 2.9952e—03 0.0131 1.3749¢—03, 6.0150e—03
H 1.0629¢+00 <0.0010 1.0524e+00, 1.0749¢+00

As shown in Table 1, only the parameter C is not statistically significant.

The deviance goodness-of-fit test indicated a good fit of the model (deviance = 2.3439, df = 157,
p = 1). Notably, [, tends to O at the age of 72 years. By substituting the number of deaths at age,
and the expected remaining life years at age, in equation (2):

X
YLL = Z(number of deaths at age x)(expected remaining life years at age x)  (18)

x=0

YLL was calculated , yielding a total of 5,266,149.101 years.
Then, considering the age cohorts j: 1) 45-49, 2) 50-54, 3) 55-59, 4) 50-64, 5) 65-69, 6) 70—
74,7) 75-79, and 8) 80—84) in equation (10):

YPPLL = z number of deaths;(retirement age — mean age;) (19)
J

YPPLL was estimated to yield a total of 2,783,568 years.
Finally, using the calculated YPPLL and the GDP per capita (17,347 €), in equation (11):

CPL = z YPPLL;GDP per capita (20)
7

CPL was amounted to 48,286,550,895 €.
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Observed vs. Fitted Heligman-Pollard law Residual plot
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Figure 2. Model fit of the Heligman-Pollard curve to age-specific mortality data (ages 45-84).

Figure 2 demonstrates an adequate fit of the model to the observed data; however, this goodness
of fit is conditioned by the exclusion of age groups below 45 and above 84, due to data unavailability.

5. Discussion

The proposed mathematical framework quantifies the societal impact of the parameter delay,
which is influenced by pharmaceutical policymaking in terms of YLL, deaths, CPL, and YPPLL. The
model indicates that a potentially highly innovative drug requires swift handling and minimal delays
in the reimbursement process to avoid significant lossesin deaths, YLL, YPPLL, and CPL. Conversely,
when the variable delay is high, only therapies with limited clinical benefits should be affected. Delay
in access to innovative medicines can lead to prolonged disease burden, increased healthcare costs,
and reduced productivity, underscoring the critical role of timely policy interventions in minimizing
public health and economic repercussions. Delayed medicine availability can result in prolonged
disease burden, increased disability-adjusted life years (DALYSs), and reduced workforce participation,
ultimately impacting economic productivity and societal well-being [29]. Research has shown that
timely access to effective treatments can significantly reduce premature mortality and improve work
capacity, reinforcing the importance of timely pharmaceutical policies [30].

The results highlight the substantial societal and economic burden associated with delayed access
to Icosapent ethyl, emphasizing its impact on premature mortality and productivity loss. The YLL of
5,266,149 years underscores the significant reduction in lifespan due to cardiovascular-related
mortality, reflecting the urgency of timely interventions to prevent avoidable deaths. Furthermore, the
YPPLL of 2,783,568 years demonstrates the profound effect of premature mortality on workforce
participation, indicating that a considerable portion of the economically active population is lost before
reaching retirement age. This loss translates into a substantial economic burden, as evidenced by the
CPL amounting to €48.3 billion, reflecting the financial impact of reduced labor force contributions
and lost economic output. These findings reinforce the critical role of pharmaceutical policy in
ensuring timely access to innovative therapies, as delays in drug availability not only compromise
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public health but also generate significant economic costs for society. Addressing these delays through
data-driven health policies and efficient regulatory frameworks can help minimize preventable deaths,
improve productivity, and reduce the broader economic impact associated with untreated or
undertreated cardiovascular conditions.

Moreover, the present study demonstrated that the Heligman-Pollard model effectively captured
the mortality dynamics within the studied population. The estimated parameters provided a robust
framework for evaluating the impact of delayed access to Icosapent ethyl on YLL, YPPLL, and CPL.
The results indicated that delays in drug availability contribute significantly to premature mortality
and economic burden, reinforcing the importance of timely pharmaceutical policy interventions.
Furthermore, the bootstrap-derived 95% confidence intervals and p-values confirmed the statistical
reliability of the model estimates. Given these results, integrating data-driven modeling approaches
into pharmaceutical policy decision-making could enhance the evaluation of the societal and economic
impact of medicine delays.

Using the mathematical model based on age of diagnosis and delay can significantly enhance
decision-making regarding a specific drug or class of drugs, particularly in areas such as risk-benefit
analysis, treatment guidelines, and drug approval processes. By incorporating these variables,
healthcare decision-makers can refine drug treatment strategies, ensuring they target the most
appropriate patient groups and optimize the benefit/risk ratio for each group. This approach leads to
more precise decision-making, ultimately improving patient outcomes while managing healthcare
resources more efficiently. For instance, in patients diagnosed at age 45, the model may predict a
significant reduction in long-term cardiovascular mortality through early intervention. The model
suggests that early intervention yields the greatest long-term benefits, highlighting the importance of
timely access to innovative treatments.

Moreover, this mathematical framework emphasizes the long-term, dynamic effects of delayed
access that traditional models may miss. Delayed treatment can lead to irreversible health deterioration,
potentially increasing future healthcare costs and making conditions more challenging or impossible
to treat effectively. It also underscores the importance of innovation itself, recognizing that earlier
access not only benefits current patients but also accelerates future medical breakthroughs and
enhances long-term efficiencies within the healthcare system. By factoring in these extended
consequences, the framework presents a more robust analysis for policymakers, urging them to value
the long-term societal and economic impacts of innovation alongside immediate healthcare outcomes.

The implications of data quality extend beyond immediate health and economic outcomes,
influencing broader aspects of healthcare equity, policy effectiveness, and clinical decision-making.
Given that coverage is a key domain in assessing data quality [31], the absence of data for these
populations represents a significant gap for health policymakers. Additionally, the presence of
inconsistent data formats across different excluded age groups further complicates policy decisions, as
data format uniformity is another crucial factor in data quality assessment. Consequently,
policymaking may become disproportionately focused on certain age demographics, overlooking the
broader public health impact of CVDs across all age groups. Especially for CVDs, which, according
to international literature, affect individuals across the entire lifespan—from early childhood to
advanced age—health policymakers must consider the full spectrum of disease impact when
formulating solutions to mitigate its severe societal consequences [32]. Epidemiological studies
indicate that while CVD risk increases significantly with age, early-life factors such as childhood
obesity, hypertension, and genetic predispositions contribute to long-term cardiovascular outcomes,
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reinforcing the need for comprehensive, age-inclusive health policies [33]. Since high-quality data
directly contributes to informed decision-making and advancements in healthcare [ 8], greater emphasis
should be placed on a comprehensive research design that ensures inclusivity across all relevant age
groups. Consequently, to develop effective health policies, decision-makers must have access to a
complete and representative dataset that captures the full spectrum of CVD incidence.

Additionally, the model emphasizes the need for a balanced approach to pharmaceutical policy—
one that values both innovation and sustainability. Delays in access to innovative medicines
disproportionately affect vulnerable populations, especially those in lower-income brackets or regions
with limited healthcare infrastructure [8]. These groups often depend more on public healthcare
systems and may lack the financial means to afford high-cost therapies out of pocket. As the model
highlights, delays in the reimbursement process exacerbate health inequalities, allowing wealthier
individuals to access treatments sooner, while disadvantaged populations face longer waiting times.
By quantifying the social losses associated with these delays, the framework makes a compelling case
for prioritizing equitable access to innovative medicines, ensuring that all patients, regardless of
socioeconomic status, can benefit from the latest advancements in medical care.

While introducing innovative medicines is crucial for improving patient outcomes and advancing
public health, it is equally important to manage healthcare spending to ensure the long-term viability
of the health system. The framework encourages policymakers to carefully weigh the trade-offs
between rapid access and economic constraints. By understanding the full scope of productivity losses,
social well-being, and cost savings associated with new treatments, healthcare decision-makers can
better navigate these challenges, promoting policies that maximize societal benefits without
compromising the financial stability of health systems.

Some limitations to this study should be considered. Some complex healthcare variables may be
oversimplified, potentially overlooking variations in real-world applications. The model assumes
constant values for factors like the marginal willingness to pay for QALYs, which can vary over time
and across contexts. Additionally, the model might not adequately account for external influences on
healthcare access. Furthermore, the findings may not be universally applicable due to variations in
healthcare systems, and the static nature of the model does not account for dynamic changes in medical
technology and policy. While the broader societal benefits of timely access to innovative medicines
may extend beyond individual patients, the applicability of this model is limited to the population for
whom the medicine is indicated and has demonstrated clinical benefit. Therefore, the evaluation model
applies only to those patients meeting the inclusion criteria of the REDUCE-IT trial. Finally, it may
not fully capture the long-term consequences of delayed access to health systems or address ethical
considerations surrounding equitable access to innovative medicines.

6. Conclusions

This study introduces an innovative mathematical framework aimed at quantifying the societal
cost of delay in the reimbursement and distribution of novel medicines. By integrating key variables
such as YLL, YPPLL, and the broader implications of productivity loss, the model offers a
comprehensive perspective on the societal costs tied to delayed access to innovative treatments. The
results highlight the critical importance of timely pharmaceutical policy-making, especially for
innovative medications that exhibit high clinical value. Delays not only diminish the therapeutic
benefits available to patients but also exacerbate economic repercussions through reduced productivity
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and heightened healthcare expenditures. Ultimately, this model serves as a vital decision-making
instrument for policymakers, aiding in the balancing act between the urgent need for access to
innovative therapies and the imperative of sustainable healthcare spending. By adopting a more holistic
societal perspective, the framework facilitates a thorough evaluation of new treatments, ensuring that
the benefits of medical innovation are maximized for patients, healthcare systems, and society. This
methodology not only measures the immediate health burden through premature mortality but also
accounts for the extended economic effects of reduced workforce productivity, emphasizing the urgent
necessity for prompt and effective pharmaceutical policy actions. Also, the results highlight the critical
role of data quality in ensuring accurate assessments of health and economic outcomes, demonstrating
that incomplete or inconsistent data can lead to biased estimations, misinformed policy decisions, and
disparities in healthcare access.

Use of Al tools declaration
The authors declare they have not used Artificial Intelligence (Al) tools in the creation of this article.
Acknowledgments

We are grateful to Dr. Isidoros Kougioumtzoglou and Dr. Panagiotis Rigopoulos at VIANEX for
providing the necessary clinical and epidemiological data to populate our model.

Authors’ contributions

Conceptualization, formal analysis, investigation, resources writing—original draft preparation,
F.T.; methodology, validation, writing—review and editing, supervision, C.K.; conceptualization of
the model, methodology, modeling, writing, D.Z.; review and editing, D.R.; writing, review and editing
N.K. All authors have read and agreed to the published version of the manuscript.

Conflict of interest

Dimitris Zavras is a guest editor of AIMS Public Health Special Issue. He was not involved in the
editorial review or the decision to publish this article. The authors declare no conflicts of interest.

References

1. World Health Organization (2001) How to develop and implement a national drug policy. [cited
2025 June 13]. Available from: https://www.who.int/publications/i/item/924154547X.

2. Kanavos P, Costa-Font J, Seeley E, et al. (2008) Competition in Off-Patent Drug Markets: Issues,
Regulation and Evidence [with  Discussion]. Econ  Policy 23: 499-544.
https://doi.org/10.1002/9781444306835.ch3

3.  World Health Organization (2019) Innovative Medicines and Global Health: A report on the
impact of new drug therapies. [cited 2025 June 13]. Available from: https://www.who.int/our-
work/access-to-medicines-and-health-products.

AIMS Public Health Volume 12, Issue 3, 700-715.



714

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Lichtenberg FR (2019) How many life-years have new drugs saved? A three-way fixed-effects
analysis of 66 diseases in 27 countries, 2000-2013. [nt Health 11: 403-416.
https://doi.org/10.1093/inthealth/ihz003

Goulart BH, Ramsey SD (2013) Life expectancy gains from cancer prevention and treatment: A
population-based analysis. J Clin Oncol 31: 327-332.

Simpson A, Mowry E, Newsome S (2021) Early Aggressive Treatment Approaches for Multiple
Sclerosis. Curr Treat Options Neurol 23: 19. https://doi.org/10.1007/s11940-021-00677-1
European Federation of Pharmaceutical Industries and Associations (EFPTIA) (2021) Healthcare
Innovation and Economic Growth: The Role of Pharmaceuticals. [cited 2025 June 13]. Available
from: https://www.efpia.eu/publications/downloads/efpia/the-pharmaceutical-industry-in-figures-
2021/.

Claxton K, Martin S, Soares M, et al. (2015) Methods for the estimation of the National Institute
for Health and Care Excellence cost-effectiveness threshold. Health Technol Assess 19: 1-503.
https://doi.org/10.3310/hta19140

Ronco V, Dilecce M, Lanati E, et al. (2021) Price and reimbursement of advanced therapeutic
medicinal products in Europe: are assessment and appraisal diverging from expert
recommendations? J Pharm Policy Pract 14: 30. https://doi.org/10.1186/s40545-021-00311-0
Weiskopf NG, Weng C (2013) Methods and dimensions of electronic health record data quality
assessment: enabling reuse for clinical research. J Am Med Inform Assoc 20: 144—151.
https://doi.org/10.1136/amiajnl-2012-001312

Kahn MG, Callahan TJ, Barnard J, et al. (2016) A harmonized data quality assessment
terminology and framework for the secondary use of electronic health record data. EGEMS 4:
1244. https://doi.org/10.13063/2327-9214.1244

Garrison LP, Neumann PJ, Erickson P, et al. (2017) Using real-world evidence to inform decision-
making: challenges and opportunities. Health Affair 36: 1805-1812.

Makady A, de Boer A, Hillege H, et al. (2017) What is real-world data? A review of definitions
based on literature and stakeholder interviews. JValue Health 20: 858-865.
https://doi.org/10.1016/j.jval.2017.03.008

Raghupathi W, Raghupathi V (2014) Big data analytics in healthcare: promise and potential.
Health Inf Sci Syst 2: 3. https://doi.org/10.1186/2047-2501-2-3

Brustugun OT, Moller B, Helland A (2014) Years of life lost as a measure of cancer burden on a
national level. Br J Cancer 111: 1014—1020. https://doi.org/10.1038/bjc.2014.364

Altangerel P, Damdinbazar O, Borgilchuluun U, et al. (2023) An Exploration of Productivity Costs
and Years of Potential Life Lost: Understanding the Impact of Premature Mortality from Injury in
Mongolia. Health Serv Insights 16: 11786329231212295.
https://doi.org/10.1177/11786329231212295

World Health Organization: Years of life lost from mortality (YLL). [cited 2025 June 13].
Available from: https://www.who.int/data/gho/indicator-metadata-registry/imr-details/159.
Heligman L, Pollard J (1980) The age pattern of mortality. J Inst Actuar 107: 49-80.
https://doi.org/10.1017/S0020268100040257

Pauly MV, Nicholson S, Xu J, et al. (2002) A general model of the impact of absenteeism on
employers and employees. Health Econ 11: 221-231. https://doi.org/10.1002/hec.648.

AIMS Public Health Volume 12, Issue 3, 700-715.


https://doi.org/10.1093/inthealth/ihz003
https://doi.org/10.1007/s11940-021-00677-1
https://doi.org/10.3310/hta19140
https://doi.org/10.1186/s40545-021-00311-0
https://doi.org/10.1136/amiajnl-2012-001312
https://doi.org/10.13063/2327-9214.1244
https://doi.org/10.1016/j.jval.2017.03.008
https://doi.org/10.1038/bjc.2014.364
https://www.who.int/data/gho/indicator-metadata-registry/imr-details/159
https://doi.org/10.1017/S0020268100040257
https://doi.org/10.1002/hec.648

715

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Yuasa A, Yonemoto N, LoPresti M, et al. (2021) Use of Productivity Loss/Gain in Cost-
Effectiveness Analyses for Drugs: A Systematic Review. Pharmacoeconomics 39: 81-97.
https://doi.org/10.1007/s40273-020-00986-4

Krol M (2012) Productivity costs in economic evaluations: past, present, future.
Pharmacoeconomics 30: 641-646. https://doi.org/10.1007/s40273-013-0056-3.

Policardo L, Punzo LF, Carrera EJS (2019) On the wage—productivity causal relationship. Empir
Econ 57: 329-343. https://doi.org/10.1007/s00181-018-1428-5

Chantzaras A, Margetis A, Kani C, et al. (2024) Health technology assessment of medicinal
products in Greece: a 5-year (2018-2023) review of timelines and productivity. Int J Technol
Assess Health Care 40: e40. https://doi.org/10.1017/S0266462324000485

Bhatt DL, Steg PG, Brinton EA, et al. (2017) Rationale and design of REDUCE-IT: Reduction of
Cardiovascular Events with Icosapent Ethyl-Intervention Trial. Clin Cardiol 40: 138-148.
https://doi.org/10.1002/clc.22692

Nicholls SJ, Lincoff AM, Garcia M, et al. (2020) Effect of High-Dose Omega-3 Fatty Acids vs
Corn Oil on Major Adverse Cardiovascular Events in Patients at High Cardiovascular Risk: The
STRENGTH Randomized Clinical Trial. JAMA 324: 2268-2280.
https://doi.org/10.1001/jama.2020.22258

Roth GA, Mensah GA, Johnson CO, et al. (2020) Global burden of cardiovascular diseases and
risk factors, 1990-2020. J Am Coll Cardiol 76: 2982-3021.
https://doi.org/10.1016/j.jacc.2020.11.010

Gaille S (2012) Forecasting mortality: when academia meets practice. Eur Actuar J 2: 49-76.
https://doi.org/10.1007/s13385-011-0044-y

Pascariu MD (2018) Introduction to Mortality Laws. [cited 2025 June 13]. Available from:
https://cran.r-project.org/web/packages/MortalityLaws/vignettes/Intro.pdf.

Iron K, Sykora K (2019) Health Services Data, Sources and Examples: The Institute for Clinical
Evaluative Sciences Data Repository, In: Levy A, Goring S, Gatsonis C, Sobolev B, van Ginneken
E, Busse R. (eds) Health Services Evaluation, Health Services Research, Springer, New York, NY.
https://doi.org/10.1007/978-1-4939-8715-3 4

Perak AM, Ning H, Khan SS, et al. (2016) Associations of late adolescent cardiovascular risk
factor levels with adult CVD events. JAMA Cardiol 1: 546-554.

Stenn H (2017) “When?” It’s a Basic Question That We Ask All the Time, In E.F. Arias et al.
(eds.), The Science of Time 2016, Astrophysics and Space, Science Proceedings 50, Conference
proceedings, Springer. https://doi.org/10.1007/978-3-319-59909-0 42

Fens T, van Puijenbroek EP, Postma MJ (2021) Efficacy, Safety, and Economics of Innovative
Medicines: The Role of Multi-Criteria Decision Analysis and Managed Entry Agreements in
Practice and Policy. Front Med Technol 28: 629750. https://doi.org/10.3389/fmedt.2021.629750
Bouvy JC, Sapede C, Garner S (2018) Managed Entry Agreements for Pharmaceuticals in the
Context of Adaptive Pathways in  Europe. Front  Pharmacol 27:  280.
https://doi.org/10.3389/fphar.2018.00280

E% © 2025 the Author(s), licensee AIMS Press. This is an open access

ATI

M S AIMS PI'GSS article distributed under the terms of the Creative Commons

@ Attribution License (http://creativecommons.org/licenses/by/4.0)

AIMS Public Health Volume 12, Issue 3, 700-715.


https://doi.org/10.1007/s40273-020-00986-4
https://doi.org/10.1007/s40273-013-0056-3
https://doi.org/10.1007/s00181-018-1428-5
https://doi.org/10.1017/S0266462324000485
https://doi.org/10.1002/clc.22692
https://doi.org/10.1016/j.jacc.2020.11.010
https://doi.org/10.1007/s13385-011-0044-y
https://cran.r-project.org/web/packages/MortalityLaws/vignettes/Intro.pdf
https://doi.org/10.1007/978-3-319-59909-0_42
https://doi.org/10.3389/fmedt.2021.629750
https://doi.org/10.3389/fphar.2018.00280

