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Abstract: Climate change has several negative effects on health, including cardiovascular disease.
Many studies have considered the effect of temperature on cardiovascular disease and found that
there is an association between extreme levels of temperature, cold and hot, and cardiovascular
disease. However, the number of articles that have studied the change point or the threshold in
temperature is very limited. To the best of our knowledge, there have been no studies focusing
on detecting and testing the significance of the change point in the temperature—cardiovascular
relationship. Identifying the change point in cities may help to design better adaptive strategies in
view of predicted weather changes in the future. Knowing the change points of temperature may
prevent further mortality associated with the weather changes. Therefore, in this paper, we propose
a unified approach that simultaneously estimates the semiparametric relationship and detects the
significant point. A semiparametric generalized change point single index model is introduced
as our unified approach by adjusting for several weather variables. A permutation-based testing
procedure to detect the change point is introduced as well. A simulation study is conducted to
evaluate the proposed algorithm. The advantage of our proposed approach is demonstrated using
the cardiovascular mortality data of the city of Chicago, USA.

Keywords: cardiovascular disease; threshold detection; semiparametric regression; single

index model

1. Introduction

Climate change has several negative effects on health. Extreme temperature events
are expected to continue to increase as a result of climate change. The increase in car-
diovascular deaths is associated with the increase in exposure to climate change-related
heat [1]. Cardiovascular disease (CVD), which is globally considered as the leading cause
of death, includes heart failure, heart disease, stroke, heart attack, heart valve problems,
and arrhythmia. In 2019, the World Health Organization (WHO) estimated that 17.9 mil-
lion people died from cardiovascular diseases, which represents 32% of all global deaths.
Out of the 17.9 million people, 85% died due to stroke and heart attack (World Health
Organization, 2021). In the United States, the American Heart Association (AHA) stated
that cardiovascular disease is the leading cause of death for both men and women and
reported that approximately 82.6 million Americans currently have at least one form of
cardiovascular disease [2]. This disease produces immense health and economic burdens
in the United States and globally as well. Each day, approximately 2150 Americans die due
to cardiovascular diseases, accounting for a person every 40 seconds, which represents 1
in every 3 deaths in the United States. The number of people who die due to stroke and
heart disease, in the Unites States, continues to increase more than any other cause of death,
despite, and likely even due to, the impact of the COVID-19 pandemic during the last year.
The number of deaths due to heart disease increased during the pandemic in 2020 [3]. Of
those who have a heart attack or stroke, many may experience a diminished quality of life
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due to discomfort and disability. Among stroke survivors, 15-30% suffer some form of
permanent disability. Cardiovascular disease is the leading cause of death in Chicago, as it
is in the United States. In terms of health care expenditures and related expenses, in 2010,
stroke and heart disease accounted for more than USD 500 billion, and it is considered
one of the most costly and widespread health problems that face the Unites States and the
city of Chicago. With approximately 5500 Chicagoans being killed each year because of
cardiovascular diseases, heart disease is considered the leading cause of death.

Temperature extremes, both cold and hot, have impacts on mortality and the mor-
bidities of cardiovascular disease. Many articles have studied the effect of temperature on
cardiovascular mortality ([1,3-11]) and morbidity, hospital admissions due to cardiovascu-
lar disease ([12-17]). In some cities, it is found that the cold effect was more harmful than
heat [5,6,8,9]). In other cities, it is found that the cold only has an impact on cardiovascular
disease and heat has no impact [13,14]. That is most likely due to the increasing use of
air conditioning [5]. A few studies have focused on the association between heat and
cardiovascular disease only [1,9,12]. A few articles adjusted the cardiovascular-temperature
relationship with weather variables [12,13,15,17]. Ref. [12] found that there is an associa-
tion between the disease and humidity and [13] found an association with pressure. The
weather variables (temperature, humidity, pressure) are correlated. So, in our proposed
model, in this article, we included these variables as a block (single index) to study its
effect on cardiovascular disease. A unified approach is introduced to estimate the proposed
model and test the significance of the change point simultaneously. A very limited number
of studies were interested in finding the change point of temperature [8,12]. Ref. [8] con-
sidered the change point as the specific temperature associated with the lowest mortality
and [8] as the temperature associated with the lowest deviance. None of the studies mainly
focused on detecting the change point or on testing the significance of that change point to
find the optimal temperature or the temperature range where, if out of this range, people’s
health is at risk due to cardiovascular disease. In addition, the existence of a significant
change point means that both heat and cold have an impact on cardiovascular disease.

The distributed lag nonlinear model [18], the Poisson regression model, and the
generalized additive model, were commonly used to estimate the association between
temperature and cardiovascular disease. This paper will introduce a semiparametric change
point single index model to model the relationship and a permutation-based approach to
test the significance of the detected change point.

This paper aims to (1) propose a model that includes weather variables as a block to
study its effect on the cardiovascular disease; (2) detect the change point in temperature
and test its significance using a permutation-based procedure simultaneously with esti-
mating the proposed model; and (3) study the cardiovascular-temperature relationship
adjusted with other covariates for the city of Chicago, USA. The remainder of this paper
is organized as follows. In Section 2, a semiparametric change point single index model
will be introduced and a unified approach for model estimation and change-point testing
approach based on a permutation test will be displayed. A simulation study to evaluate the
estimation procedure and the permutation test is presented in Section 3. Section 4 considers
applying our unified approach to data of Chicago. Section 5 provides a discussion and
the conclusion.

2. Semiparametric Change Point Single Index Model and a Permutation Test
2.1. The Generalized Semiparametric Change Point Single Index Model (GSCP-SIM)

Let y be the response variable and assume that we have n observations and p covariates.
Without loss of generality, we assume that there is a change point in variable x;. The
proposed model with one change point, 6, takes the form

vi~ Py(yilpi), i =1,2,...,m;p = g(filBrxri + Pra(x1i — 0) 4 .. + Bpxp] + falzail + .. + falzgil), 1)

where P; stands for the probability distribution of the response variables y, g is a link
function of the generalized model, 0 is the change point associated with the variable x;,
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(f1,- .., fg) are the unknown functions that need to be estimated, (81, ..., B) are the single
index coefficient parameters, and (x1; — )+ = max(0,x1; —0),i =1,2,...,n. To solve the
identifiability problem of the single index function, fi, ||B|| = 1is used. For our motivating
data, g is the log link function where the response variable, the number of Cardiovascular
deaths, follows the Poisson distribution.

This model has several advantages: (1) it does not have the curse of the dimensionality
problem compared to the generalized additive model, which is commonly used, (2) it
enables us to detect the significant change point in the temperature—cardiovascular relation-
ship, and detecting the change point, using this model, does not get affected by smoothing
the unknown function, fi, (3) it enables us to study the effect of weather variables as a
block on cardiovascular disease. In the matrix form, Equation (1) can be written as

y ~ Pa(ylp);n = g(A[BX] + falz1] + ... + fqlzq]), )

where X = {x1,[x; —0]4,...,Xp} is a n x (p + 1) matrix of regressors values, and B is
a (p+1) x 1 vector of parameters. We define [x; — 6]+ = max[0,x; — 0], where 6 is the
change point associated with x; and y is the vector of observations that follow the Poisson
distribution.

2.2. Estimation and Change Point Detection Unified Approach

In this subsection, a unified approach for simultaneously estimating the proposed
model parameters of the single index function coefficients, the unknown functions, and
detecting and testing the change point, is presented. Assume the proposed model under
the alternative hypothesis, H,: there is a change point associated with the explanatory
variable, x1, which takes the form

yi ~ Payilwi), i=1,2,...,mp; = g(filBrxri + Pr1(x1i — 0)+ . + Bpxpil + falzuil + ... + fqlzqi]) ®)
Calculate the residuals
el@ :yi—yl(a),izl,z,...,n. 4)

Assume the proposed model under the null hypothesis, Hy: there is no change point
associated with the explanatory variable, x1, which takes the form

Yi~ Py(yilpi), i =1,2,...,mp; = g(fi[Brxii + - -+ Bpxpil + falzui] + ...+ falzq])  6)
Calculate the residuals

(0) (0)

e =yi—w ,i=12,...,n, (6)
where ei(a) and ,ul(a) are the error and mean value under the alternative hypothesis and
efo) and y}o) are the error and mean value under the null hypothesis. Under the null

(0)

i

(0)

. . . _ 2 .
hypothesis, the permutation test assumptions are E(e ) = o* foralli, and

COV(€Z-(0),€]<O)) =0foralli#j.
The following algorithm steps are for simultaneously estimating the GSCP-SIM param-
eters (B1, ..., Bp), estimating the unknown functions (f1, ..., f;), and detecting and testing

the change point, 6, which is associated with the explanatory variable x;.

) =0, var(e

Step 0: use a grid search to find a candidate change point 6(?), create the design matrix X;
Step 1: under the null hypothesis, estimate the coefficient parameters, B, of the single
index function, f;, using a general-purpose optimizer to reduce the p-dimension to
one dimension, the nl/m function in R is used in this paper. Then, fit the unknown

(0)

functions (fi, ..., f;) using the gam function in R. Compute the mean response, {1, ,

and residuals, éi(o) =1 — ﬁl@ ;
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Step 2: under the alternative hypothesis, estimate the coefficient parameters, B, of the single
index function, f;, using a general-purpose optimizer to reduce the p-dimension to
one dimension, the nl/m function in R is used in this paper. Then, fit the unknown

(a)

functions (f1, . . ., fg) using the gam function in R. Compute the mean response, fi; ~,

(a) q(a).

and residuals, €, =y; — fi;";
Step 3: calculate the test statistic,
A(0)1T 1 A(0
r, = &7y ”
CRUCD

where éya) and é§,0) are the residuals under the alternative and null hypotheses of the

original data set y, respectively;

(0) (0)

Step 4: obtain &;,” by permuting the residuals, éyo , add the model means under the null

hypothesis to the permuted residuals and obtain y(,,) = a0 4 é,S?), where y(,,) is

(0)

n x 1 vector of permuted responses, &;,” is the permuted n x 1 vector of residuals, and
m stands for the mth permutation;

Step 5: estimate the model under the alternative and null hypotheses, for the permuted
data set, y(,,), as described in steps 1-2 and calculate the following test statistic:

RCAHCH
T = 2@ 1702@ 1 ®)
[ey(m)] [GY(m)}

(0) 2(a)

where, é ) and &y, are the residuals under the null and under the alternative
hypotheses, respectively, for the mth permuted data set;

Step 6: repeat steps 4-5 for a big number, M, and obtain Ty(m), m=1,2,...,M, and finally
compute the empirical p-value as follows

y

M

Y, >
M m=12,...,M, )

p —value =
which measures how extreme the Ty value is;
Step 7: if the p-value is less than 0.05, we reject the null hypothesis and declare 6 a significant
change point, otherwise, we select another candidate change point and repeat Step
1-Step 6.

3. Simulation Study

This section is to conduct a simulation study to evaluate the introduced unified
approach for estimating the proposed model, GSCP-SIM, and detecting and testing the
change point using the permutation-based test. To evaluate the introduced permutation
test in detecting the significant change point before applying it to the real data set, two
evaluating criteria were used: (1) the probability of Type I error (the probability of rejecting
the null hypothesis when it is in fact true), and (2) the power (the probability of rejecting
the null hypothesis when it is in fact false).

To estimate the probability of Type I error, 1000 data sets were generated from the
introduced model with no change point (Hy is true). For each generated data set, the
introduced permutation test described in Section 2.2, was run and the p-value is calculated.
If p-value < 0.05, the null hypothesis is rejected, otherwise, the null hypothesis is failed to
reject. To estimate the power, 1000 data sets were generated from the introduced model
with a change point associated with a covariate variable (Hy is false). For each generated
data set, the introduced permutation test was run and the p-value was calculated. If
p-value < 0.05, the null hypothesis is rejected, otherwise, the null hypothesis is failed to
reject. In addition, to evaluate the algorithm in estimating the change point associated with
the covariate variable, the change point was estimated simultaneously when calculating the
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power. For each generated data set out of 1000 data sets generated, under H; is correct, the
detected change point was estimated, and then the mean of the estimates and the standard
error of the mean were calculated. The following are the simulation settings of the data
that were generated under Hy and Hj:

Let x; ~ Unif(0,1), xo ~ Unif(0,1), x3 ~ Unif(0,1) and z ~ Unif (0, r). Without
loss of generality, suppose we are interested in a change point in the variable x; at the
value 0.5, 8 = 0.5. The three variables (x1, X2, X3) constitute the single index, X, with the
coefficient vector of parameters 8 = (B1, B2, B21, B3) = (1,1, —1,1)/+/(4). The sample size
of each generated data is 200, n = 200. For fixing the identifiability problem of the single
index function, ||B|| = 1 was used. Under this setting, X = x; + xp — (x2 — 0.5) 4 + x3,
where (x2 — 0.5)4+ = max(0,x, — 0.5).

The GSCP-SIM under the alternative hypothesis, H;: there is a change point associated
with the explanatory variable xp, which takes the form

y ~ Pi(ylp);log(n) = f1(BX/1.4)/4 + fa(z), (10)

where X = {x1, [x; —0.5]4, X2, X3} is a 200 x 4 matrix of regressors values, Bis a4 x 1 vector
of parameters, and y is the vector of observations that follows the Poisson distribution. Let
w = [BX/14]. Then fi(w) takes the form

fi(w) = 02w (10(1 — w))® 4+ 10(10w)3(1 — w)'?, (11)

and f,(z) = sin(z). Figure 1 shows the smoothed functions, fi(w) and f,(z), for one of the
simulated data sets.

The proposed model, GSCP-SIM, under the null hypothesis, Hy: there is no change
point associated with the explanatory variable x,, takes the form

y ~ Pa(ylp);log(p) = f1(BX/1.4)/4 + fa(2), (12)

where X = {xq,Xp,x3} is a 200 x 3 matrix of regressors values, and B = (B1, B2, B3) =
(1,1,1)/+/(3) is a 3 x 1 vector of parameters.

1.0
10

05

fi(x)
f(2)

-05 00

-10 -05 00 05

10

-15
-15

\
\
\

02 04 06 08 10 00 05 10 15 20 25 3.0
single index z

Figure 1. The p-spline smooth single index function, f1(w) and its 95% confidence interval (left), and
the p-spline smooth function of the covariate variable, f,(z) (right) for one of the simulated data sets
with a change point at 0.5, § = 0.5.

Form the simulation study for estimating Type I error, it was found that out of the
generated 1000 data sets the null hypothesis was rejected 51 times. As a result, the estimated
probability of Type I error for the introduce permutation test is 0.051 which is close the
nominal value 0.05. From the simulation study of estimating the power of the test, it is
found that out of the generated 1000 data sets the null hypothesis was rejected 989 times.
As a result, the estimated power of the test is 0.989, which is close to 1. According to
the two criteria, the introduced permutation-based test performs well in detecting the
significant change point. For estimating the change point value, it was found that the mean
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is 0.502, which is close to the true value, 8 = 0.5, and the standard error is 0.0021, which is
considered small. In sum, according to the simulation studies, it was concluded that the
permutation test works well in detecting the change point and the estimation algorithm
works well in estimating the change point value.

4. Real Data Application

In the National Morbidity, Mortality, and Air Pollution Study (NMMAPS), data were
collected daily over the period from 1 January 1987 to 31 December 2000 from 108 U.S.
to study the impact of air pollution on health in the United States [19]. The data have
many variables, such as temperature, cardiovascular deaths, nitrogen dioxide, relative
humidity, ozone, PM10, and many other variables. Each pollutant variable has been studied
individually in the past with no significant effect detected on the CVD death rate [20,21].
Daily mortality counts were obtained from the National Center for Health Statistics and
pollution data were obtained from the U.S. national air monitoring network provided
by the US Environmental Protection Agency Aerometric Information Retrieval System
database. The weather data came from the National Climatic Data Center. The data were
made available in June 2004 and were removed from public availability in 2011 due to
privacy concerns. The Chicago data is still available through the R package “dInm” that
was used in this paper. The response variables is CVD and relative humidity (%), pressure
(sea level pressure, Hg) and temperature (°C) are the covariates. Pressure data are not
available in the “dlnm” R package, so it is collected from the www.wunderground.com
website. The main goals are to estimate the unknown cardiovascular-weather variables
relationship and simultaneously detect and test the change point using the proposed model
that was described in Section 2.1 and the permutation-based procedure that was described
in Section 2.2.

4.1. Explanatory Data Analysis

Table 1 shows the numerical summary of the cardiovascular deaths and the weather
variables by season. In total, the number of cardiovascular deaths in Chicago data was
260,314 collected during the study period from 1 January 1987 to 31 December 2000. The
three-dimension plots for the cardiovascular deaths and the weather variables are displayed
in Figure 2. From Figure 2, one can see that CVD deaths reaches the highest level at low
levels of temperature and relative humidity, and high levels of relative humidity and
pressure. Those figures are in three dimensions. We need to simultaneously study the effect
of the weather variables as a block on the CVD deaths because they are correlated, and see
whether there is a significant change point in the temperature-CVD relationship as well.
Figure 3 shows the smoothed function of temperature and CVD and its 95% confidence
interval, and the boxplots of CVD deaths over the 12 months of the year. Figure 3(left)
reveals a potential change point in cardiovascular deaths associated with a temperature
level within the interval (20 °C and 30 °C). Figure 3(right) shows that the CVD deaths level
is high at the beginning of the year and at the end, and has a low level during the middle
of the year with some outliers.

This motivates us to develop a single weather variables index that combines weather
variables in a way that best describes the severity of the overall weather variables in terms
of the CVD death rate and detect the change point in the temperature—cardiovascular
relationship. To achieve these goals, we use the proposed model, GSCP-SIM, and the
introduced permutation procedure.
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Figure 2. Three-dimensions scatterplot of mean temperature, relative humidity and CVD (left), mean
temperature, mean pressure and CVD (middle), and mean pressure, relative humidity and CVD
(right).
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Figure 3. Mean temperature and CVD p-spline smoothed function of the unknown nonlinear
relationship and its 95% confidence interval (left), and the boxplots of CVD deaths over the 12 months
of the year (right).

Table 1. Numerical summary of weather variables and cardiovascular deaths by season in Chicago.

Variable Mean = SE  Minimum Median Maximum
Cardiovascular deaths Winter 394.2 +4.96 282 393 538
Spring 356.0 + 4.49 262 354 476
Summer 328.2 £+ 6.22 262 321 837
Fall 346.7 + 4.11 263 342 444
Temperature Winter —2.58 +0.52 —18.53 -1.71 9.84
Spring 9.84 + 0.45 —6.67 9.76 25.00
Summer 22.27 £+ 0.34 13.88 22.22 29.00
Fall 10.58 4= 0.44 —3.81 10.59 24.09
Humidity 69.65 £ 0.36 35.55 70.23 92.45
Pressure 29.27 + 0.01 25.55 29.32 29.77

4.2. The Model and Change Point Detection

Let x1 be humidity, x, be pressure, x3 be temperature, z be time, and (x3 — 6); =
max(0, x3 — 0). Then the proposed model (GSCP-SIM) for the Chicago data with a change
point in temperature, 6, takes the form

y ~ Poisson(y|p); log(#) = f1(a) + fa(2), (13)

where the a = B1x1 + Baxz + B3x3 + B31(x3 — 0) 4 is the weather index with the change
point in temperature, f; is the semiparametric function of weather variables, and f; is the
nonparametric function of time.
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Using the algorithm that was described in Section 2.2, the model parameters are
estimated and the change point was detected and tested simultaneously. Figure 4 shows
the estimated function of the weather variables and the time. The significant change point
that was detected is equal to 23.1 °C with a 95% confidence interval equal to (22.8 °C and
23.4 °C). The standard error for calculating the 95% confidence interval was calculated using
the bootstrapping approach. The change point, § = 23.1, was found to be significant using
the permutation-based approach, which means that the cold and heat have a significant
effect on cardiovascular mortality in Chicago, USA.

©
o

- @ _f
o

04 06

s(a8.71)
s(z8.11)

(o] 1000 2000 3000 4000 5000

a z

Figure 4. Smoothed single index function of weather variables and cardiovascular, a = B1x1 + Baxp +
B3x3 + B3y (x3 — 0)+ (left) and smoothed function of time (right).

5. Discussion and Conclusions

In this paper, a proposed model for estimating the relationship between weather
variables and cardiovascular mortality with a change point in temperature is introduced:
the generalized semiparametric change point single index model (GSCP-SIM). A unified
approach is proposed for estimating the model parameters and unknown functions, as well
as a permutation-based procedure for detecting and testing the change point simultaneously.
A simulation study was conducted and it was found that the model estimation algorithm
and the permutation test work well. The computed empirical Type I error was 5.1%
and the power of the test is 0.989. Our approach was applied to Chicago cardiovascular
mortality data and it was found that the change point in temperature is about 23.1 °C
with a 95% confidence interval (22.8 °C, 23.4 °C). This means that both cold and heat
have a significant impact on cardiovascular deaths in Chicago city. Our results may have
important implications for the development of policies to reduce CVD deaths from extreme
temperatures in Chicago. In other words, such knowledge might be useful to develop
strategies to reduce the impact of extreme temperature episodes on human health due to
climate changes.
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Abbreviations

The following abbreviations are used in this manuscript:

CVD Cardiovascular disease

AHA American Heart Association

GSCP-SIM  Generalized semiparametric change point single index model
Unif Uniform distribution
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