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Abstract

Background A large fraction of the disease burden in the Italian population is due to behavioral risk factors. The
objective of this work is to provide a tool to estimate the impact of preventive interventions that reduce the exposure
to smoking and sedentary lifestyle of the Italian population, with the goal of selecting optimal interventions.

Methods We construct a Markovian model that simulates the state of each subject of the Italian population. The
model predicts the distribution of subjects in each health status and risk factor status for every year of the simulation.
Based on this distribution, the model provides a rich output summary, such as the number of incident and prevalent
cases for each tracing disease and the Disability Adjusted Life Years (DALY), used to assess the impact of preventive
interventions, and how this impact is shaped in time.

Results This paper focuses on the methodological aspects of the model. The proposed model is flexible and can
be applied to estimate the impact of complex interventions on the two risk factors and adapted to consider dif-
ferent cohorts. We validate the model by simulating the evolution of the Italian population from 2009 to 2017
and comparing the output with historical data. Furthermore, as a case-study, we simulate a counterfactual sce-
nario where both tobacco and sedentary lifestyle are eradicated from the Italian population in 2019 and estimate
the impact of such intervention over the following 20 years.

Conclusions We propose a Markovian model to estimate how interventions on smoking and sedentary lifestyle can
affect the reduction of the disease burden, and validate the model on historical data. The model is flexible and allows
to extend the analysis to consider more risk factors in future research. However, we are aware that, given the ever-
increasing availability of data, it is necessary in the future to increase the complexity of the model, to be closer to real-
ity and to provide decision-making support to the policy-makers.
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Background

Non-communicable chronic diseases (NCDs) are respon-
sible for around 15 million of Disability Adjusted Life
Years (DALYs) in the Italian population in 2019 [1]. Con-
sidering that 26% of this burden is due to behavioral
risk factors (about 4 million of DALYs) it is a priority to
reduce the occurrence of NCDs investing in prevention
to compress the morbidity and increase healthy life years
[2].

A crucial task for decision makers is to ensure that lim-
ited health resources are directed to where they can be
most effective in improving the health and quality of life
of all citizens. Moreover, preventive actions should be
based on the best available evidence [3]. In this frame-
work, the Prevention Lab [4] is a tool for informing pri-
oritization of preventive interventions. A key element is
to estimate the impact of an intervention on the health
status of the targeted population and how this impact
is shaped over time [5]. DALY and quality-adjusted
life years (QALY) are two measures, definable as polar-
ized, often used in cost-efficacy and cost—benefit analy-
sis to estimate the impact of health interventions [6].
The choice of DALY as a measure of impact was mainly
driven by the availability of data from the Global Bur-
den of Disease (GBD), which allowed for the derivation
of some parameters used and for the calibration of esti-
mates in the model.

Several studies have used predictive models to estimate
the trend over time of the disease burden in populations
exposed to sedentary lifestyle or smoking and to compare
the impact of preventive interventions, most focusing on
each risk factor separately. Proportional multistate life-
table models were used in several countries to directly
compare the health impact of public health interven-
tion on physical activity and smoking [7-13]. Macro or
micro-simulation modelling of risk factors were widely
used to compare and project the impact of preven-
tive interventions on population health metrics [7]. The
compartmental simulation SimSmoke model is the most
widely used to compare tobacco control interventions
and it was implemented for several countries including
Italy [14], and recently extended to electronic nicotine
delivery systems use [15, 16]. Several simulation models
were used also to evaluate public health interventions
on physical activity in adults and especially in children
[17-22]. Other simulation models, such as DYNAMO,
PRIME, or the Sheffield Model, were designed to evaluate
the impact of public health interventions on several risk
factors [23-25]. Most of these models were designed to
assess the impact of a single intervention on a target risk
factor, and they could not simulate the effect of interven-
tions acting simultaneously on multiple risk factors.
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In this paper we describe the Prevention Lab model,
which aims to estimate the avoidable disease burden over
time by comparing different preventive interventions. As
a first step, we decided to start studying smoking habits
and low physical activity, identified among the priori-
ties in the National Prevention Plan [26]. This paper is
intended as methodological article to describe the math-
ematical aspects of the model.

The goal of the model is to predict the impact of pre-
ventive interventions that modify the exposure of the
population to risk factors. The impact of interventions is
measured in terms of avoided DALYs with respect to the
baseline scenario. As example, in this paper we present a
counterfactual scenario consisting in eradicating the risk
factors from the Italian population in 2019 and evaluate
the effects of the intervention in the following 20 years.

Methods
In this paper we simulate two different cohorts. First,
we validate the model by simulating the evolution of the
Italian population from 2009 to 2017 and comparing the
output of the model with historical data. Second, we sim-
ulate the evolution of the Italian population from 2019 to
2038, both in a baseline scenario and in a counterfactual
intervention that eradicates smoking and sedentary life-
style from the population, with the goal of estimating the
effects of the intervention on public health. The model is
calibrated depending on the considered cohorts. Indeed,
several numerical parameters may differ in the two simu-
lations to consider the peculiar features of the cohorts,
e.g., the lethality and incidence rates of some diseases
may vary over time and in different geographical areas.
We model each subject of the cohort by an independ-
ent Markov chain and describe the state of each subject
based on the health status and the exposure level to risk
factors, which in our case study are smoking and seden-
tary lifestyle. With respect to health status, we classify
each subject according to the presence/absence of some
diseases (called tracing diseases), which constitute a large
fraction (approximately 65% [1]) of the disease burden
attributable to the considered risk factors. However, the
model considers the fact that the subjects of the cohort
may suffer from other diseases, which may also be cor-
related with the considered risk factors. We consider the
Italian population with age greater than 24 in 2019 as our
main case study. However, the methodology outlined in
this paper can be applied to any cohort (see, e.g., the Vali-
dation section, where the methodology is applied to the
Italian population in 2009). For both the case study and
the validation of the model the Markov chains are initial-
ized using data from ISTAT [27] and Global Burden of
Disease (GBD) [1]. Details about the data type and their
source are provided in Table 1. The output of the model
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Table 1 Data table

Data Symbol Source

Italian demographic data Peg [talian Institute of Statistics (ISTAT) — |.Stat

http://dati.istat.it/Index.aspx?Queryld=428694#

Smoking and physical activity prevalence  pd

[talian Institute of Statistics (ISTAT) Surveys “Aspects of daily life”

https://www.istat.it/it/archivio/129916

Disease incidence, prevalence, deaths 9 Ne9 DEI

Institute for Health Metrics and Evaluation (IHME)

https://vizhub.healthdata.org/gbd-results/

Smoking cessation probability o

Stead LF, Buitrago D, Preciado N, Sanchez G, Hartmann-Boyce J, Lancaster T. Does advice

from doctors encourage people who smoke to quit. Cochrane Review — 2013. https.//www.
cochrane.org/CD000165/TOBACCO_does-advice-from-doctors-encourage-people-who-

smoke-to-quit
Relapse for smokers bi

Hoogenveen RT, van Baal PH, Boshuizen HC, Feenstra TL. Dynamic effects of smoking cessa-

tion on disease incidence, mortality and quality of life: The role of time since cessation. Cost
effectiveness and resource allocation. 2008 Dec;6:1-5

Anokye NK, Lord J, Fox-Rushby J. Is brief advice in primary care a cost-effective way to pro-

mote physical activity?. British journal of sports medicine. 2014 Feb 1;48(3):202-6

Thun MJ, Myers DG, Day-Lally C, Namboodiri MM, Calle EE, Flanders WD, Adams SL, Heath CW.

Age and the exposure-response relationships between cigarette smoking and premature
death in Cancer Prevention Study Il. Changes in cigarette-related disease risks and their impli-
cations for prevention and control. 1997;383:413

del Paese’, Italiana Ministry of Health. Pg.53 https.//www.salute.gov.it/imgs/C_17_pubblicazi
oni_1144_ulterioriallegati_ulterioreallegato_0_alleg.pdf

[talian Institute of Statistics (ISTAT) — I.Stat

http://dati.istat.it/Index.aspx?Queryld=428694#

Relative risk sedentary lifestyle RR?%

Relative risk for smoking RRfﬁ,

Probability of dying in the first year ved “La situazione sanitaria
Life expectancy lg(e)

Disability weights wid

Institute for Health Metrics and Evaluation (IHME)

https://vizhub.healthdata.org/gbd-results/

is the distribution of subjects in each state of the model
within an arbitrary time horizon, which allows to com-
pute incident and prevalent cases for all tracing diseases,
deaths, years lost due to disability (YLD), years of life lost
(YLL), and DALYs avoided in intervention scenarios.

Model: subjects as Markov chains

Each subject of the cohort is described by a discrete-time
Markov chain with a time-step equal to one year. We
refer to the pair (e,g) as the type of the subject, with e and
g denoting respectively age and gender. In our case-study,
the cohort includes all the subjects of the Italian popu-
lation with age e in & = {25,26,27,---,89,90,}, where
e = 904 classifies subjects with age greater than 89. We
let g € G = {m,f}, where mand f denote that the subject
is a male or a female, respectively. The state of a subject is
fully determined by three substates (s, a, %), denoting the
smoking substate, the physical activity substate, and the
health substate of the subject, respectively. The state of
each subject evolves according to transition probabilities
that depend on the subject type. We do not consider in
our model the social influence that a subject may have
on other subjects of the cohort, so that the state of each
subject evolves independently from each other (the main
model assumptions are summarized in Table 2).

We keep track of the health of the subjects with respect
to five tracing diseases, which are responsible for a large
fraction (approximately 65% [1]) of DALYs attribut-
able to the considered risk factors. The five tracing dis-
eases in our case-study are: ischemic heart disease (IHD);
tracheal, bronchus and lung cancer (LC); stroke (STR);
chronic obstructive pulmonary disease (COPD); diabete
mellitus type 2 (DIA). We let M denote the set of tracing
diseases. All possible combinations of tracing diseases
generate a set of health substates H with 32 substates
(Fig. 1). Regarding smoking substates, we classify subjects
into smokers, nonsmokers or former smokers, the latter
distinguished by time since smoking cessation. The set of
smoking substates S is thus composed of the following 18
states: smoker (S); nonsmoker (NS); former smoker from
1, 2, ..., or 15 years (FS1, FSa, FS15); former smoker from
more than 15 years (FS;) (Fig. 2).

Regarding physical activity, we use a binary classifi-
cation between active and sedentary subjects and let
A = {act,sed}, in line with the literature [17] (Fig. 3).
Therefore, the condition of each subject is determined by
avector (e, g,s, a, h).

Markov chain initialization
We initialize the cohort based on data from the Ital-
ian population in 2019. Let Pse’f ,, denote the number of


http://dati.istat.it/Index.aspx?QueryId=42869#
https://www.istat.it/it/archivio/129916
https://vizhub.healthdata.org/gbd-results/
https://www.cochrane.org/CD000165/TOBACCO_does-advice-from-doctors-encourage-people-who-smoke-to-quit
https://www.cochrane.org/CD000165/TOBACCO_does-advice-from-doctors-encourage-people-who-smoke-to-quit
https://www.cochrane.org/CD000165/TOBACCO_does-advice-from-doctors-encourage-people-who-smoke-to-quit
https://www.salute.gov.it/imgs/C_17_pubblicazioni_1144_ulterioriallegati_ulterioreallegato_0_alleg.pdf
https://www.salute.gov.it/imgs/C_17_pubblicazioni_1144_ulterioriallegati_ulterioreallegato_0_alleg.pdf
http://dati.istat.it/Index.aspx?QueryId=42869#
https://vizhub.healthdata.org/gbd-results/
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Table 2 Table of model assumptions
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1 Theevolution of each subject is independent of the other subjects of the cohort.

2 [et,, ... denote the transition probability from state(s, a, h) to state(s/ ,d, h’) forasubject of type (e, g). Then,

O = -0 -G 50,

where:

- g4 Is the probability that a subject of type(e, g) in smoking substate s at time t finds in substates’ at timet 4+ 1 ;
« ¢, is the probability that a subject of type(e, g) in activity substate a at time t finds in substated’ at timet + 1 ;

. O;ﬁ, (s,a)is the probability that a subject of type(e, g) in health substate h at time t finds in substateh’ at timet + | given her risk factor exposure (s, a).

3 Therelative risks are obtained additively from the single risk factors, i.e,
RRSGm = 1+ (RRGH — 1) + (RS — 1),

whereRRZS, andRRS 5, indicate the risk factor for sedentary lifestyle and smoking, respectively.

4 The evolution of a subject with multiple tracing diseases is described by the most
severe among the diseases. In decreasing order of severity, the tracing diseases are: LC, STR, IHD, COPD, DIA.

5 The tracing diseases are chronic, namely, a subject affected by a tracing disease

remains ill forever.

6 The exposure to risk factors affects the probability of getting ill of a tracing disease, but not the course of the disease.

7 The mortality parameters associated with tracing diseases do not depend on the onset time (except for lethal diseases).

A subject cannot get ill of multiple tracing diseases in the same year of the simulation, e.g., we assign zero probability to the transition from healthy to a state

with multiple diseases.

€9

s 1S factorized as

9 Thejoint initial prevalence of risk factors and health P

g peg ped
PEg, o P4 - P

where p;? denotes the number of subjects of type (e,g) in health substate h. Moreover,

Aol o NETT (P =N,

meh ng¢h

eM

where ng? denotes the number of subjects of type(e, g) affected by disease m, P9 is the number of subjects of type (e, g), m € h indicates that subjects in
health stateh are affected by disease m, andn & h means that subjects in health state h are not affected by disease n.

subjects of type (e,g) in state (s, a4, k). Whenever some
indexes among s, 2 and / are missing, a marginalization is
implicit, e.g., P;* = > SzheﬁP;"ih indicates the num-
ber of subjects of type (e, g) in physical activity substate a,
independently of s and /. Due to the lack of joint distri-
bution of health and risk factor states, we make an inde-
pendence assumption, namely we assume

Ps, o PG - PyE.
The type distribution P%¢ is derived from [27] and the joint

distribution of smoking and physical activity substates P55
is derived from [28]. The dataset provides a classification in

current smokers, former smokers and nonsmokers. Details
on the distribution of former smokers by time since cessation
are reported in Appendix 1. The distribution of health sub-
state PZ’g is derived from GBD [1], which does not provide the
disease joint prevalence. For this reason, we make an addi-
tional independence assumption, i.e., we assume that the joint
prevalence of multiple diseases is proportional to the product
of the single disease prevalence (see Table 2 for details).

Transition probabilities

We let et denote the transition probability from
state (s, a, h) to state (s, a’, ) for a subject of type (e, g),
which we factorize by

Fig. 1 Admissible transitions for health substates. For simplicity, we plot only the substates with at most two tracing diseases, but all combinations

of 3 or more tracing diseases are included in the model
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G

Fig. 2 Admissible transitions for smoking substates

eg P eg eg
Q(s,a,h),(s’,a’,h’) = Qs,s’ : Qa,a’ : Qh,h’ (s,2).

We refer to Table 2 for more details. For every subject,
the transition probability matrix describing the smoking
substate Q:,'S, and physical activity substate Qa:a/ are inde-
pendent of the other substates, e.g., the health state of
a subject does not influence the behavior related to risk
factors. Instead, the transition probabilities in the health
state space Qﬁi (s,a) depend on the risk factors expo-
sure, to capture the correlation between risk factors and
health, which is the core of the model.

Smoking and physical activity transitions
The transitions between smoking substates follow these
rules:

+ Non-smokers cannot become smokers, as it is very
unlikely to start smoking for subjects older than 25
[29].

+ At every year of the simulation, each smoker has ces-
sation probability & = 0.02 [30].

+ Former smokers from i years relapse smoking with
probability given by

¢; = ABe~12B,

where for males A = 1.177, B = 0.150, and for females
A=1197,B=0.113[31].

Due to lack of reliable data, we construct the transition
probability that describes the evolution of physical activity

sed K N act

Fig. 3 Admissible transitions for physical activity substates
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substates by requiring that for every type (e, g) the frac-
tion of active and sedentary subjects is constant in time,
so that the physical activity transition matrix depends on
age. For details, see Appendix 2.

Health transitions

Transitions in the health subspace are distinguished
into two classes. The first class describes the probability
of getting ill with a tracing disease, which depends on
the subject type (e,g) and on her exposure to risk fac-
tors (s, a). We introduce the following notation.

o B%,, denotes the probability for a subject of type
(e,g) and risk factor substate (s, a) of getting ill with
disease m. For simplicity of notation, we let B¢
denote the probability for a nonsmoker and active
subject.

. RR;’ﬁ,m denotes the relative risk (RR) for disease m
for a subject of type (e, g) with exposure to risk fac-
tors (s, ) in comparison to nonexposed, i.e.,

oim = Bt - RRSS . (1)

Furthermore, we assume that the RR are obtained
additively from the single risk factors, i.e.,

RRSS =1+ (RRGS, — 1) + (RRS%, — 1), 2)

where RRZ',%,, and RR;"E,, indicate the relative risk for sed-
entary lifestyle and smoking, respectively. The relative
risks for sedentary lifestyle and smoking are obtained
from [17, 32]. A sensitivity analysis on this assumption is
included in the discussion.

« I8 indicates the number of incident cases of dis-
ease m for subjects of type (e,g) in the considered
cohort, derived from [1].

The parameters By are derived by imposing that the
expected incident cases of disease m in the first year
of the simulation for subjects of type (e,g) coincide
with 122, To this end, we formulate a relation for the
expected number of incident cases. This is obtained
as the sum over the states (s,a, ) of the prevalence of
subjects in such state (P;ih) times the probability of
getting ill with disease 7 from that state (B,°RRCS ).
Observe that for subjects ill with disease m the prob-
ability of getting the disease is zero, therefore the sum
over the health substates does not include substates %
characterized by disease m. Hence,
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W= D DR RR
heH: s€SacA
méh
Given RRSS S’fh, and I;¥, we obtain ;¢ b
eg
eg __ m
m = o .
Z heH: ZseS Zae.AP hRRsam
mé¢h
Given 8., we then obtain ﬂ;’g,m by (1).

The second class of transitions describes the death
events. Subjects may die because of tracing diseases or
because of other causes. We classify the tracing diseases
into two categories: lethal diseases (STR and IHD) and
nonlethal disease (LC, COPD, DIA), where by lethal we
mean that a large fraction of subjects that suffer from the
disease die immediately after the incidence of the disease.
The mortality probabilities are calibrated by using similar
arguments as before. For details, see Appendix 3.

Simulations and output

The previous sections described the initialization of
the Markov chains and the model structure. We now
describe the simulation setting. For every time ¢, we com-
pute by standard results of Markov chains the expected
number of subject in every state (s,a, h) for every type
(e,g), denoted by h(t), via

e Lg
sah(t+1) _ZS al s a/h/(t) Q(s a/h’)(sah)+bsah(t+1)

whereb;’ih (t + 1) denotes the new subjects that are
introduced in the population at each time-step. In our
simulations the population of new subjects is assumed to
be constant in time and composed of subjects with mini-
mal age, with distribution equal to the initial distribution
of the population, i.e., 52¢ +1) = p®¢ () for every time ¢
and Bt +1) =0 for every e > 25. However, this can be
modified to include time-varying inputs of new subjects,
or assuming b s, h(t + 1) = 0 to simulate a closed cohort
of subjects. The expected population distribution at each
time step allows to compute many quantities of interest
(including incident cases, prevalent cases, and deaths for
every tracing disease, as well as joint prevalence of trac-
ing diseases and risk factors). Among those, we mention
the following ones:

+ YLL (years life lost). Let /;(e) denote the life expecta-
tion of a subject of type (e, g), derived from the Istat
dataset [27]. Given the number of subjects who died
in one year for every type (e, g) (denoted by D5%), the
corresponding amount of YLL is

Page 6 of 15

YLL =Y Y " Dif(l(e) —e).

ecf geg

« YLD (years lived with disability). A weight wys that
measures the impact of disability of each disease m
for subjects of every type (e, g) is derived from [1].
Let N,,¥ denote the number of subjects of type (e, g)
with disease m. Then,

YLD =) )" > Ngf

ecf geG meM

+ DALY. These are equal to the sum of YLL and YLD.

We conduct simulations in two different scenarios:
baseline scenario and intervention scenario. The effects
of an intervention are measured in terms of difference
in DALYs between baseline and intervention scenar-
ios. Interventions modify the prevalence of risk factors
P{%(0) in the targeted population groups at the beginning
of the simulation. After the intervention, active subjects
are allowed to become sedentary, and former smokers are
allowed to relapse smoking, according to the transition
probabilities described in "Methods" section. The time
horizon of the simulation is arbitrary and the simulation
can be conducted either in an open cohort setting or in
a closed cohort setting. Since the model does not keep
track of prevalent cases of nontracing diseases, to com-
pute the YLD for other causes avoided in the intervention
scenario, we assume that the ratio between avoided YLD
for other causes and avoided YLD for tracing diseases is
equal to the ratio in the baseline scenario.

Uncertainty

The outputs of the model are affected by the parameters’
uncertainty. The impact of the uncertainty of the param-
eters has been analyzed from a theoretical perspective in
[33]. Such an analysis has shown that, among the model
parameters, only the relative risks satisfy the following two
requirements: they are affected by large uncertainty; the
results of the model are very sensitive to them. The uncer-
tainty of our results is obtained by using the confidence
limits of literature’s RRs computed with significance level
determined by the Bonferroni method assuring an overall
confidence of 95%. The Bonferroni method is known to be
a very conservative approach, hence estimating the uncer-
tainty based on Montecarlo sampling of the parameters
would provide more realistic confidence intervals. On the
other hand, the latter approach would require a very large
bunch of simulations since the relative risks are hundreds
of independent parameters that characterize the increas-
ing risk of subjects exposed to the risk factors for different
age, gender and tracing diseases.
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Model validation and results

We first sinulated the evolution of the Italian popula-
tion from 2009 to 2017 in an open cohort setting. The
results are then compared with data derived from GBD
and Istat. This comparison is illustrated in Fig. 4. The
top-left plot of Fig. 4 illustrates the number of subjects in
the Italian cohort with age greater than 34 from 2009 to
2017 predicted by our model and derived from the Istat
dataset. The choice of keeping track of older individuals
is not to take into account the input of 25 years old sub-
jects that are included every year in the cohort. Our sim-
ulation is smoother than real data and is able to capture
the increasing trend of the population size. Our model
is also able to capture the increasing average age of the
population, as illustrated in the top-right plot. Further-
more, the number of prevalent and incident cases pre-
dicted by our model fit with the historical data derived
from GBD, with the exception of the number of prevalent
cases of ischemic heart disease and the number of inci-
dent cases of stroke, which are slighty overestimated by
the model. Our explanation for this fact is that our model

%107 Population Size
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©
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o
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is calibrated to reproduce the correct number of incident
cases and deaths in the first year of the simulation, but
some parameters may be time-varying along the simula-
tion time.

We then focus on the Italian population in 2019. First,
we simulate the baseline scenario over a time horizon of
20 years in the open cohort setting. Figure 5 shows the
number of prevalent and incident cases of tracing dis-
eases estimated by our model, the amount of YLL, YLD
and DALYs due to each tracing disease, and the average
age of the cohort. The increasing average age predicted by
the simulations is consistent with the Istat forecast on the
italian demography of future years, as already observed in
[34]. The increase of the disease burden over time may be
explained by the increasing age of the population. Indeed,
the prevalence rates of tracing diseases in the population
between 50 and 60 years old remain constant in time, as
shown in Fig. 6. We then consider a counterfactual sce-
nario that is assumed to derive from the implementation
of a preventive intervention that makes all sedentary sub-
jects become active and all smokers stop smoking and

Average age

57.4
57.2 —Data
— Simulation
57
0 2 4 6 8

Time (years)

Prevalent cases

|

w

Prevalent cases
N
I
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

1[|——STR
=——COPD
—DIA
0
0 2 4 6 8

Time (years)

Fig. 4 Results in baseline scenario estimated by our model for the Italian population from 2009-2017 in an open cohort setting. Top-left: Number
of subjects in the populations older than 34 estimated by our model and derived from GBD. Top-right: Average age for the subjects older than 34
estimated by our model and derived from GBD. Bottom-left: Incident cases of tracing diseases. The continuous lines are the estimates produced
by the model, the dashed lines are the data (including upper and lower limits of the 95%-confidence intervals) derived from GBD. Shaded area
represent the confidence intervals of the GBD for each tracing disease. Bottom-right: Prevalent cases of tracing diseases. The continuous lines are
the estimates produced by the model, the dashed lines are the data (including upper and lower limits of the 95%-confidence intervals) derived
from GBD. Shaded area represent the confidence intervals of the GBD for each tracing disease. IHD: ischemic heart disease. LC: tracheal, bronchus
and lung cancer. STR: stroke. COPD: chronic obstructive pulmonary disease. DIA: diabete mellitus type 2
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become former smokers. Figure 7 illustrates the num-
ber of avoided incident and prevalent cases of tracing
diseases due to the intervention, as well as the number
of cumulated avoided DALYs and the yearly lives saved.
Numerical results are also reported in Table 3.

Discussion

In this paper we propose a Markovian model that simu-
lates the evolution of a cohort exposed to multiple risk
factors (smoking and sedentary lifestyle), with the goal of
quantifying the impact of preventive interventions that

reduce the prevalence of such risk factors in the popu-
lation. The model is calibrated based on real data, and
validated using historical data of the Italian population in
2009-2017. As a case study, we simulate a counterfactual
scenario where tobacco and sedentary lifestyle are erad-
icated from the cohort, and quantify the impact of this
intervention in the following 20 years.

Individual-based vs population-based simulations
Our model describes the evolution of the cohort at popu-
lation level. Given the initial statistics of the population
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and the transition probabilities of the Markov chains, we
compute the expected statistics of the population at each
year of the simulation as shown in "Simulations and out-
put"” section. This is an alternative approach to simulating
the evolution of each subject of the cohort and deriving
the population statistics afterwards. However, this is just
a change of perspective, as one could use this model to
simulate each subject of the cohort by sampling the next
states of the subject by Montecarlo methods. The advan-
tage of the individual-based implementation is that it
allows to derive the noise derived from the stochasticity
of the Markovian model just by repeating several simula-
tions. However, for large cohorts as the one considered
throughtout this paper, the computational times for the
simulations become very large, and the noise becomes
negligible compared to the uncertainty that derives from
the uncertainty of the parameters (which was discussed
in "Uncertainty" section). This justifies the population-
based simulative approach adopted within this paper,
which is less computationally demanding. Of note the
population-based approach adopted in this paper allows
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Fig. 7 Counterfactual scenario that makes all smoker subjects of the Italian population become former smokers and all sedentary subjects become
active at the initial time of the simulation (2019). The continuous lines are the estimates produced by the model, and the dashed lines are the upper
and lower limits of the 95%-confidence intervals. Numerical simulations are conducted in a closed cohort setting with a time horizon of 20 years.
Top-left: Prevalent cases avoided with the intervention. Top-right: Cumulated incident cases avoided with the intervention. Bottom-left: Yearly lives
saved. Bottom-right: Cumulated avoided DALYs. IHD: ischemic heart disease. LC: tracheal, bronchus and lung cancer. STR: stroke. COPD: chronic

obstructive pulmonary disease. DIA: diabetes mellitus type 2
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Table 3 Results of counterfactual scenario
Conterfactual Outcome 1year 2 year 3 year 5 year 10 year 15 year 20 year
scenario
Sedentary DALY (abs) 1.7(0.9-2.2) 39(22-5.0) 6.6 (3.9-8.6) 14 (8.7-18) 41 (28-12) 78 (55-96) 119 (86-145)
and smoking *1015
cessation YLL (abs) ¥10A5 1.6 (0.88-2.1) 3.6 (2.0-4.7) 6.0 (3.5-7.8) 12(7.3-16) 33 (22-43) 61 (42-77) 90 (63-113)
YLD (abs) 0.09 (0.065- 0.30(0.22- 0.65 (0.48- 1.8 (1.4-2.1) 74 (5.9-8.6) 17 (14-19) 29 (23-32)
*1015 0.12) 0.37) 0.79)
DALY (rel) 0.044 (0.020- 0.049 (0.024- 0.055(0.029-  0.066 (0.037-  0.090 0.11(0.071- 0.12(0.081-
0.058) 0.065) 0.073) 0.086) (0.056-0.11) 0.14) 0.015)
YLL (rel) 0.054 (0.025- 0.060 (0.030- 0.066 (0.034- 0.077 0.10 (0.066— 0.12 (0.082- 0.13
0.071) 0.079) 0.086) (0.044-0.10) 0.13) 0.15) (0.092-0.16)
YLD (rel) 0.0090 (0.0045- 0.013 (0.0068- 0.018(0.0091- 0.027 (0.014-  0.047 (0.025-  0.065(0.034-  0.079
0.013) 0.019) 0.025) 0.037) 0.065) 0.088) (0.042-0.11)

Cumulated avoided DALYs, YLL and YLD in the counterfactual scenario where all smokers become former smokers and all sedentary subjects become active in the
first year of the simulation (2019). Results for the Italian population with a time horizon of 20 years in a closed cohort setting. The table reports both the amount of
avoided DALY/YLL/YLD including other causes (abs) (multiplied by 10/5), and the fraction of avoided DALY/YLL/YLD due to tracing diseases (rel). 95% confidence

intervals are reported in the brackets

in principle to consider more heterogeneity in the sub-
jects, e.g., including socio-economic conditions (consid-
ered e.g., in [25]), as each source of heterogeneity may be
considered as an additional substate (or type) describing
the subjects.

Strengths and limitations of the model

A strength of our model is its flexibility and robustness.
Indeed, the model can be applied to any cohort, as it
automatically calibrates the numerical parameters to fit
the epidemiological data in the first year of the simula-
tion. Indeed, while some of the parameters (e.g., the rela-
tive risks) are derived from the literature [35]other ones
(e.g., the onset probability for tracing diseases, mortal-
ity of tracing diseases) are derived by requiring that the
model returns in the first year of the simulation the num-
ber of incident cases and deaths for each tracing disease
consistent with data from GBD [1]. This approach allows
to apply our model to different cohorts (e.g., other coun-
tries, or one country in different years), as the model
adapts the calibrated parameters to the specific data of
the cohorts. Moreover, this calibration serves as par-
tial validation of the model, as the output of the model
in the first year is by construction consistent with the
observed data. The validity of our approach is confirmed
by the simulations on the Italian cohort from 2009 to
2017 and the comparison with historical data. To the best
of our knowledge, this is a novel approach compared to
the existing literature, that allows to simulate different
cohorts with a single model.

Moreover, while the analysis is limited to smoking and
sedentary lifestyle, the model is flexible and can be gen-
eralized to include an arbitrary number of risk factors,
under the condition that data are available for the model

calibration. In this paper we propose an intervention that
eradicates the two risk factors. However, the model in its
present form can be used to assess the impact of more
complex interventions that act on the two risk factors
over different or overlapping population groups in differ-
ent years of the simulation.

Another strength of the model is its rich set of output
measures. Indeed, the expected statistics of the popula-
tion in baseline and prevention scenarios allows to com-
pute the comorbidity of the tracing diseases and the
joint prevalence of diseases and risk factors, possibly in
selected population groups of interest. To the best of our
knowledge this is new in the literature. In [25], 52 dis-
eases associated to smoking are considered, but the sub-
jects are assumed to be ill of at most one pathology and
comorbidities are not considered. The full statistics of the
population can be exploited, e.g., in Fig. 6, to illustrate
that the fraction of prevalent cases of the tracing disease
is increasing in the entire population, but it is stationary
when focusing on a specific age group.

Many models in the literature focus on single risk
factors, see, e.g., [7-13] for smoking and [17-22] for
sedentary lifestyle. Other simulation models, such
as DYNAMO, PRIME, or the Sheffield Model, were
designed to quantify the impact of interventions on sev-
eral risk factors [23-25]. However, most of these models
cannot simulate the effect of interventions acting simul-
taneously on multiple risk factors. Instead, our model
considers multiple interacting risk factors. Moreover,
some of the models assessing the impact of smoking ces-
sation interventions did not account for the effect of the
decay over time of the disease risk, following cessation
of the exposure, when deriving cumulative estimates of
avoided DALYs [23].
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Our model presents some limitations, some of which
are common in the literature. In the current form of the
model, the interaction between the risk factors lies in the
joint risk factors distribution, which is derived from real
data and not imposed by an independence assumption.
Our model assumes that the relative risks for a subject
exposed to smoking and sedentary lifestyle is additive,
implicitly assuming no correlation in coexisting risk fac-
tors. We are aware that this is a limitation of our model.
To the best of our knowledge, there are no results in the
literature that quantify how smoking and sedentary life-
style interact in terms of relative risks. This motivates the
conservative additive choice. Another limiting assump-
tion that we make in the model is that the behavioral
aspects related to the two risk factors are not coupled,
e.g., tobacco cessation does not correlate with becom-
ing physically active. This assumption oversimplifies the
complexity of human behavior, but we remark that this
choice is conservative. However, we conducted a sensitiv-
ity analysis aiming to quantify how sensitive the model
outputs are with respect to these assumptions. Figure 8
compares the impact of two interventions that act sepa-
rately on the two risk factors when: the relative risks are
additive; the relative risks are additive and an interven-
tion on one risk factor has a 10% probability of eradicat-
ing also the other risk factor in subjects affected by both
risk factors; the risk factors are multiplicative. Notice that
the effects of this assumption for tobacco cessation inter-
ventions is negligible, whereas the results are sensitive
to these assumptions for interventions on the sedentary
lifestyle. This can be explained by the different magnitude
of the impact of the two risk factors in terms of attribut-
able DALYs. Future research aims at describing more in
details the coupling between the two risk factors.

Avoided DALYs

Cumulated avoided DALYs

— Additive risks
Multiplicative risks | |
—— With coupling

0 5 10 15 20
Time (years)
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Another limitation of our model is that it assumes that
the subjects in the cohort evolve independently of one
another, meaning that it does not consider social influ-
ence or interactions between individuals. This could
overlook important dynamics in behavior change, such
as how people influence each other’s smoking habits or
levels of physical activity. However, this assumption is
standard in the literature.

Our model tracks only five specific diseases (ischemic
heart disease, lung cancer, stroke, chronic obstructive
pulmonary disease, and type 2 diabetes) associated with
the considered risk factors. This limitation of our model
is motivated by the need to reduce the computational
complexity of the simulations, following an approach
already adopted in previously published studies [8, 17].
The set of selected tracing diseases is responsible for
a large fraction (approximately 65% [1]) of the burden
attributable to the considered risk factors. Other diseases
that could also be influenced by smoking and a seden-
tary lifestyle are not explicitly modeled. However, while
not keeping track explicitly of non-tracing diseases, our
final estimates consider the YLL due to the other causes.
Moreover, the YLD due to other causes avoided with an
intervention are considered in the model by assuming
that that the ratio between avoided YLD for other causes
and avoided YLD for tracing diseases is equal to the ratio
in the baseline scenario. Including more tracing diseases,
as done in [25], is left for future analysis.

The model uses a binary classification for physi-
cal activity (active vs. sedentary) and does not consider
more nuanced variations in levels of physical activity, as
done, e.g., in [17]. Regarding smoking, keeping track of
the cessation time is motivated by the goal of forecasting
how the impact of an intervention scenario is shaped in
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Fig. 8 Sensitivity analysis on the model assumptions. Left: Cumulated DALYs avoided in a counterfactual scenario that makes all sedentary

subjects of the Italian population become active in the first year of the simulation (2019). Right: Cumulated DALYs avoided in a counterfactual
scenario that makes all smoker subjects of the Italian population become former in the first year of the simulation (2019). Red: Output of the model
when the aggregate relative risks are additive. Black: Output of the model when the aggregate relative risks are multiplicative. Blue: Output

of the model with additive relative risks assuming that 10% of sedentary smoker subjects exposed to a preventive intervention on a single risk factor

become former smokers and active
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time, which depends on how the relative risks decrease
after the smoking cessation. A more detailed exposure
characterization could be given by considering smokers
into several classes based on intensity and/or history of
exposure (e.g. number of cigarettes per day, pack-years,
number of years since start of smoking), as done in [25].
These oversimplifying choices are due to lacking data for
the Italian population.

Another limitation of our model is the description of
the course of the tracing diseases (see Appendix 3 and
Assumptions 4-8 in Table 2 for details). To simplify the
model calibration, we assume that the evolution of a sub-
ject with multiple tracing diseases is described by the
most severe disease. We also assume that risk factors
affect the probability of getting ill from tracing diseases,
but not the course of the disease, although this assump-
tion is not new in the literature [8, 17, 18]. Furthermore,
as a consequence of the Markovianity of our model, we
assume that the mortality parameters associated with
tracing diseases do not depend on the onset time (except
for lethal diseases), in line with [17, 18].

Assumption 9 specifies how to obtain the joint distri-
bution P;’jh given the marginal distributions P¢s and
PZ’g . Note that his assumption is not a limitation of the
model but is due to lack of data for the Italian popula-
tion, as the model can handle joint prevalence of health
and risk factors, as well as additional data on the initial
statistics of the population. However, additional numeri-
cal simulations that are not reported in this work have
shown that modifying the joint initial distribution using
other methods that comply with the marginal distribu-
tions Pgs and PZ’g does not significantly alter the results.

Another limitation of the model is that the model is
calibrated to reproduce the correct number of incident
cases and deaths in the first year of the simulation, but
some parameters may vary over time. This could lead to
discrepancies between the model’s long-term predictions
and actual trends, as observed in certain overestimated
incident cases of stroke compared to the historical trend.

Finally, the uncertainty analysis of the model relies on
a conservative Bonferroni method, which may overes-
timate confidence intervals. A more realistic approach
using Monte Carlo sampling could improve the uncer-
tainty estimation, but it would require extensive simula-
tions that are computationally demanding.

Implication for practice and future research lines

Our model can can help policymakers to allocate health-
care resources more effectively by identifying which
preventive interventions yield the highest reduction in
disability-adjusted life years (DALYs).
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The model’s ability to simulate health outcomes over a
long period provides valuable insight into the long-term
effects of preventive interventions. This allows for plan-
ning prevention with a better understanding of future
health gains.

The possibility of having a dashboard in the future that
allows policymakers to interact with the model and also
considers the costs required for implementing different
prevention scenarios could be a useful tool for deciding
where to allocate resources.

Several future research lines emerge from the limita-
tions and strengths identified in this study. Integrating
more detailed characterizations of physical activity lev-
els and smoking behavior (e.g., intensity of the exposure)
could lead to more realistic results. Moreover, the model
could be expanded to include additional tracing diseases
and risk factors (e.g., air pollution, poor diet). This would
increase its applicability across a wider range of public
health scenarios. Further research should also focus on
improving the interaction modeling between risk fac-
tors. Currently, the additive assumption for relative risks
between smoking and sedentary behavior is a conserva-
tive approach.

Conclusions

In this work we propose a Markovian model that
describes the evolution of a cohort of subjects exposed to
smoking and sedentary lifestyle and how different effec-
tive interventions can affect the reduction of the disease
burden. The model is validated using historical data on
the Italian population. While envisaging various assump-
tions introduced to remedy the lack of some parameters,
the model currently considers two risk factors together
(tobacco and low physical activity). Furthermore, the
model is flexible and can be generalized to include more
risk factors and more tracing diseases, which is left for
future research. This model has the potential to enhance
data-driven decision-making in public health and health-
care policy, with the goal of reducing the overall disease
burden through preventive measures.

Appendix
Appendix 1. Former smoker distribution

We impose that the probability that a subject finds in
state FS;4+1 is equal to the probability that she was in state
FS; at the previous step times the probability that she did

not relapse smoking, leading to
eg e.g —12i-B
Ppg,,, = Pps, - (1 — ABe “E.

Iterating this equation, we obtain
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i—1
Pig = pPis [ — ABe™'75). 3)
j=1
Let P;f denote the number of former smokers of type
(e,g). Hence,

eg i
Py = 320 Prs,
Imax ’g
- Z PF51 H
where i,,,x = e — 18 (this comes from assuming that

no subjects stop smoking before turning 18). Inverting
(4), P;fl is obtained by

— ABe™'%8), )

e.g
P
Ze 18 z 1

Plugging this into (3) we obtain all PFS for every type
(e,g) and i € {1,---,15}. PF'gg is obtained by construc-
tion via

peg —
B — ABe~1%B)’

imax

eg
FS+ Z Prg..

i=16

Appendix 2. Sedentary lifestyle parameters

Let p.% and pf;gd denote the fraction of active and
sedentary subjects of type (e,g), respectively, and
Q%€ € RY*? denote the transition matrix for physical
activity substates. For every type (e,g), we impose that
the fraction of sedentary subjects is constant in time, i.e.,

e+1,g
{ Pﬂitl = Qact sed) paCt + Qsed act psed (5)
et+lg yg
Pseqg = a- Qsed act) pse + Qact sed " Pact
where the unknown parameters are Q% wet.sed and QS od.act?
with constraints
eg
0= Qsed act’ Qact,sed =L (6)

System (1) is undetermined, since the two equations in
(5) are linearly dependent. We then arbitrarily select the
transition probability matrix that minimizes the number
of transitions between the two substates. Hence, the tran-
sition matrix Q®¢ is the solution of the linear program

min Qact sed + Qsed act (7)
subjectto (1), (2).

Appendix 3. Mortality parameters

The assumptions related to mortality parameters are
summarized in Table 2. We let v,,* denote the probability
for a subject of type (e, g) of dying due to disease m in the
onset year. We assume that health substates # with multi-
ple diseases are characterized by the most severe one (see
Assumption 4), called dominant disease and indicated by
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x(h). Let 858 denote the probability for a subject of type
(e,g) in a health substate /# with dominant disease m of
dying due to disease m in a year but the first one. This
probability is assumed constant over time, as stated in
Assumption 7.

Remark 1: For lethal diseases, vi¥ is derived from the lit-
erature [35] and indicates the fraction of subjects that suf-
fer from sudden death after the incz’dence of the disease. For
nonlethal diseases, we let vif = 8ut /2 implicitly assuming
that on average the sub]ects become ill in the middle of the
year, and thus have a half probability of dying in the first
year with respect to subjects that have the disease since the
beginning of the year.

To compute 85;,g, we repeat the same arguments used
for ,Bf,’,g, namely we select 878 such that the expected
number of deaths due to disease m in the first year of the
simulation coincides with the real number of deaths. Let

f,’,g be the number of deaths from disease m according to
[1]. Then, we impose

Dy =% LALEEDY

eg peg  eg
heH:m=xh) Zse.s ZaeA Ps,a,hﬂsﬂvmv"‘ ’

(8)

where the first term describes subjects who die due to

disease m from health states # with dominant disease m,

and the second term describes subjects who become ill

with the disease and die in the same year. For lethal dis-

eases, where v is derived from the literature, we invert
the relation to obtain

heH:mé¢h

721’1 cH: ZSES Zae.A Sghﬂsamvm
meh

eg
m = eg
ZheH: By

m = x(h)

For nonlethal diseases, i.e, when v.% = 875/2, we
obtain

eg f;lg
m = g g g
Z heH: PZ +%ZheH:ZseSZaEAP§ah ;ﬂ,m

m = x(h) me¢h

In the final part of the section we describe how mortal-
ity parameters for other causes are derived. We indicate
deaths due to other causes by the index oc. We do not
introduce a state for subjects ill with other diseases, and
assume that subjects die from other causes directly from
other states. However, we consider the fact that some
of the other causes are correlated with the risk factors,
therefore we also define relative risks for other causes
[14]. We let y*¢ denote the probability that a subject of
type (e, ), nonsmoker and physically active, die because
of other causes in a year. The probability for subjects with
exposure to risk factors (s, a) is
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Vsi‘zg =y%. RR;’g,oc- %)

To obtain y%¢, we derive the number of deaths for other
causes (denoted by Di'f) by subtraction, i.e.,

eg _ neg e,g
Doc = tot — ZmeM Dy

where DZ}‘(’; is the total number of deaths. We impose
that the expected number of deaths for other causes in
the first year of simulation according to our model coin-
cides with GBD data, i.e.,

(4 eg eg
oc = ZseSZaeA Ps,a Vs.a

Given RR:"E,OC, we obtain %€ (and then all yf;‘lg by (9))
by

(3
D¢
&g g
Eses Zae_A Ps,a RRs,a,oc

yeyg —
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DALY  Disability Adjusted Life Years
YLL Years of life lost
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GBD Global Burden of Disease
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LC Tracheal, bronchus and lung cancer
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NCD Non-communicable chronic disease
ROI Return on investment

RR Relative risk
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