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Abstract: This paper analyzes the stochastic properties in clinical disorders to understand how they
have manifested in consumer sentiment in the USA since 1990. The results obtained via fractional
integration methodologies exhibit a high degree of persistence, finding non-mean reversion behavior
in all of the time series analyzed, except for depressive disorder. Using a causality test, we find
that mental and substance use disorders, anxiety disorder, schizophrenia, and alcohol use disorder
influence consumer sentiment. Focusing on the cointegrating part, we conclude that an increase in
the previously cited mental disorders produces a decrease in the Consumer Sentiment Index.
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1. Introduction

The field of consumer behavior has revealed countless insights into purchase prefer-
ences, messaging responses, and other tactical pieces of information that marketers can
use to shape their products and promotions and drive higher sales. However, it is not well
known how mental disorders affect the expectation of consumption.

Experiences, tendencies, and genetics affect individuals and their perceptions, thoughts,
behaviors, and choices. But, sometimes, dysfunctional and maladaptive cognitions and
behaviors are shown by individuals, which increase the level of clinical concern.

Faced with this reality, and following the research initiated by the Professor of Mar-
keting Steven S. Posavac at Vanderbilt University in the psychological subfield dubbed
“Clinical Consumer Psychology”, we carry out this research paper to understand how a
given clinical disorder may manifest in consumer sentiment.

Before delving into the issue, it is worth contextualizing what is referred to when
talking about mental health. The World Health Organization (WHO) define the term mental
health as the condition of well-being in which an individual can use his or her abilities,
recover from daily routine stress, be productive, and contribute to the community. So, any
issue related to intellectual fitness is defined as a mental disorder.

There are several recognized mental issues such as humor issues (e.g., despair), anxiety
and stress, problems caused by drug and alcohol use (i.e., drug dependence), personal prob-
lems such as extreme mood swings (e.g., bipolar), and delusional disorders, among others.

Related to anxiety, Ref. [1] suggest that although there are multiple variants of anxiety
disorders, one commonality is that individuals in an anxious state are motivated to seek
amelioration of their distress. Also, marketing themes could help to reduce the source of
anxiety or how it is received. Ref. [2] argue in their research paper that negative emotional
states can be relieved through the act of purchasing.

Mathematics 2023, 11, 2981. https://doi.org/10.3390/math11132981 https://www.mdpi.com/journal/mathematics

https://doi.org/10.3390/math11132981
https://doi.org/10.3390/math11132981
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-9581-9443
https://doi.org/10.3390/math11132981
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math11132981?type=check_update&version=1


Mathematics 2023, 11, 2981 2 of 10

Ref. [3] conducted a study focused on anxiety, depression, and stress and the rela-
tionship with consumer behavior, stating that they are the most prevalent mental health
problems. There has been other research linking anxiety to consumer sentiment (see [4,5]).
There are other stressor factors, for example, military members and their experiences, that
are associated with materialism and excessive buying. So, this behavior of excessive buying
surges as a method or strategy to reduce tension and deal with stressful events (see [6,7]).
This is due to people’s need for control over their environment, and individuals may try to
gain control over other domains (see [2,8], among others). Ref. [6] argued that people buy
things more than usual, which influences negative feelings like fear, panic, and feelings
of uncertainty.

Along the lines indicated above, Ref. [9] points out that clinical symptoms are rein-
forced, maintained, or exacerbated by consumption. Consumption by consumers along a
clinical dimension is used to improve and reduce feelings of distress.

Ref. [10] stated that other personality disorder symptoms affect consumer processes.
Ref. [11] examined whether the magnitude of certain tendencies in consumer judgment
and choice covary with the presence or extent of clinical phenomena, such as schizophrenia.
They demonstrated that errors in reasoning, holding false beliefs, and overconfidence in
schizophrenics produce the tendency to jump to conclusions.

Other related studies about clinical pathologies such as gambling, substance addiction,
compulsive buying behavior, and disordered eating behavior, among others, were studied
by [12], [13], [14], [15], [16], [17], [18], [19], among others.

To the best of our knowledge, this is the first paper that analyzes the statistical proper-
ties of mental disorders and consumer sentiment in the USA under the assumption of a time
series analysis. Therefore, we consider it pertinent that clinical professionals, economists,
politicians, and other practitioners and professionals understand how and which mental
health problems directly affect consumer behavior. So, the key objectives of our study are
twofold. First, we carry out a univariate analysis to understand the behavior of each time
series. Second, our intention is to examine whether the impact of mental disorder behavior
on consumer sentiment is temporary or permanent, and the relationship in the long term.
We also want to measure, in percentage terms, how much it has an effect.

The structure of this paper is as follows. Section 2 describes the data used for this
study. In Section 3, we present the methodology applied and the results. Section 4 presents
the conclusions.

2. Data

The database associated with the prevalence of mental health disorders and the
associated diseases was provided by the Institute for Health Metrics and Evaluation,
https://ourworldindata.org/mental-health (accessed on 25 October 2022).

This database of mental illnesses collects the diagnoses of psychological and behavioral
symptoms of people. These diseases are measured and quantified based on medical and
scientific criteria of observation, analysis of the symptoms in the affected people, and the
context of their symptoms.

The mental illnesses used in this study are accurately defined by the International Clas-
sification of Diseases (ICD) and the Diagnostic and Statistical Manual of Mental Disorders
(DSM), and are quantified based on the criteria included in these manuals by healthcare
professionals with training and experience in recognizing mental illnesses.

The mental illnesses that we analyze in this research paper are depression, anxiety,
bipolar, eating disorders, schizophrenia, alcohol use disorder, and drug use disorder.

On the other hand, to understand what impact mental health has on consumer senti-
ment, we used the Consumer Sentiment Index. This database is adopted by the Federal
Reserve Bank of St. Louis and was constructed by the University of Michigan. The Index of
Consumer Sentiment is based on monthly surveys (at least 500 phone interviews across
the continental USA) of consumer confidence levels about the economy, personal finances,
business conditions, and buying conditions in the USA.

https://ourworldindata.org/mental-health
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The database has a yearly frequency from 1990 to 2019.

3. Methodology and Results
3.1. Unit Root Methods

Following ref. [20], for the statistics and econometrics, we used single- or multi-equation
regression models of time series to form modeling variables and their interrelations.

It is important to determine the behavior of each time series, analyzing and determin-
ing the stationarity in order to be able to work with them.

The fundamental assumption to use these types of models is to conclude whether the
process follows non-stationary I(1) behavior when it contains a unit root or whether it is
stationary I(0) when it does not.

Until the 1980s, deterministic functions of time were applied, imposing that the
residuals on the regression model were I(0) stationary. With the research paper carried out
by [21], there was a consensus about the non-stationary component of most series and the
use of unit roots or first differences I(1) was the way to go.

For this reason, we determined the integration order of each time series using standard
unit root tests. The best known and most widely used unit root test is the Dickey–Fuller test
(see [22]). If a non-systematic component in Dickey–Fuller models is autocorrelated, the
augmented Dickey–Fuller test is constructed [23]. Many other tests have been considered
due to the greater power, such as Phillips [24] and Phillips and Perron [25], in which a non-
parametric estimate of spectral density of ut at zero frequency is used. The methodology
based on Kwiatkowski et al. [26] has been used to analyze the deterministic trend.

To analyze the statistical properties of the time series related to the seven mental disor-
ders and the Consumer Sentiment Index, we used the three standard unit root/stationary
tests (the augmented Dickey–Fuller (ADF) test, the Phillips Perron (PP) test, and the
Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test). The results obtained suggest that all
time series have I(1) non-stationary behavior. Therefore, we must consider performing first
differences to convert the time series into I(0) stationary.

3.2. ARFIMA (p, d, q) Model

Once we had tested that the time series were not stationary using standard unit root
tests, we employed a more advanced methodology. To achieve stationarity I(0), the number
of differences does not necessarily have to be an integer value, since it can be any point
on the real line and therefore be fractional I(d). This idea was introduced by [27], [28–30],
and [31].

According to [32], [33], and [34], the unit root methods have very low power under
fractional alternatives.

For this reason, we used fractional integrated methods with the purpose of making
the time series stationary I(0), differentiating the time series with a fractional number.
Another feature of the I(d) models is that they can be used to determine and capture the
persistence of the observations. This is when observations are far apart in time but are
highly correlated.

The fractional integrated method that we used in this research paper was the ARFIMA
(p, d, q) model, where the mathematical notation is as follows:

(1− L)dxt = ut, t = 1, 2, (1)

In Equation (1), xt refers to the time series that has an integrated process of order
d (xt ≈ I(d)), d refers to any real value, L is the lag-operator (Lxt = xt−1), and ut refers
to I(0), which is the covariance stationary process where the spectral density function is
positive and finite at zero frequency and it displays a type of time dependence in the weak
form. Therefore, we can state that if ut is ARMA (p, q), xt is ARMA (p, d, q).

From Equation (1), the polynomial (1− L)d is expressed in terms of binomial expan-
sion, where for all real d, xt depends not only on a finite number of past observations but
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also on the whole of its history. So, a higher value of d implies a higher level of association
between the observations of the series.

Depending on the value of the parameter d, we can differentiate between various
cases. Table 1 summarizes the different results of d:

Table 1. Interpretation of the results of d for the ARFIMA model.

d = 0 xt process is short memory
d > 0 xt process is long memory

d < 0.5 xt is covariance stationary
d ≥ 0.5 xt is non-stationary
d < 1 xt is mean-reverting
d ≥ 1 xt is not mean-reverting

Table 2 displays the fractional parameter d and the AR and MA terms obtained using
Sowell’s [35] maximum likelihood estimator for various ARFIMA (p, d, q) specifications
with all combinations of p, q ≤ 2, for each time series. To select the appropriate AR and
MA orders in the model, we used the Akaike information criterion [36] and Bayesian
information criterion [37].

Table 2. Results of long memory tests.

Data Analyzed Sample Size (Year) Model Selected d Std. Error Interval I(d)

Mental Health Time Series

Mental and substance
use disorders 30 ARFIMA (2, d, 0) 1.26 0.241 [0.87, 1.66] I(1)

Anxiety disorders 30 ARFIMA (2, d, 1) 0.65 0.402 [−0.01, 1.31] I(0), I(1)
Depressive disorders 30 ARFIMA (2, d, 0) 0.31 0.277 [−0.15, 0.77] I(0)

Bipolar disorders 30 ARFIMA (0, d, 0) 0.97 0.160 [0.71, 1.23] I(1)
Eating disorders 30 ARFIMA (0, d, 2) 1.16 0.189 [0.85, 1.47] I(1)
Schizophrenia 30 ARFIMA (0, d, 0) 1.15 0.133 [0.93, 1.37] I(1)

Alcohol use disorders 30 ARFIMA (1, d, 0) 1.35 0.163 [1.09, 1.62] I(1)
Substance use disorders 30 ARFIMA (1, d, 0) 1.38 0.141 [1.15, 1.61] I(1)

Consumer Sentiment Time Series

Consumer
Sentiment Index 30 ARFIMA (0, d, 0) 0.95 0.168 [0.68, 1.23] I(1)

The first results that we found were that the estimates of d in all cases were fractional,
with a high degree of persistence.

We observe from Table 2 that the mental and substance use disorders, bipolar disorders,
eating disorders, schizophrenia, alcohol use disorders, and substance use disorders present
a non-mean-reverting behavior for these variables, where the parameter d is higher than 1
and the confidence intervals suggest I(1) behavior. So, we can conclude that the shocks in
these mental diseases will not be transitory. Therefore, shocks are expected to be permanent,
causing a change in trend, and therefore extraordinary measures will be required to reverse
the situation and recover the original trend.

For the case of anxiety disorder, apparently the parameter d is equal to 0.65, but due to
the high value that we obtain in the standard error, the interval is very wide and we cannot
reject the I(0) and I(1) hypotheses.

Finally, in the cases of depressive disorders and Consumer Sentiment Index, although
the parameter d is lower than 1 (d < 1) and apparently shows a mean-reverting behavior, the
confidence interval indicates that we cannot reject the I(1) hypothesis for these variables.

3.3. Granger Causality Test

Next, once we studied the statistical properties of each time series, we proposed
the Granger causality test between each mental disorder and consumer sentiment in the
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USA, which involved as a first step in the estimation the following vector autoregressive
representation (VAR) model:

MDt = α1 + ∑n
i=1 βiCSt−i + ∑m

j=1 δj MDt−j + εMDt (2)

CSt = α2 + ∑n
i=1 θiCSt−i + ∑m

j=1 ψj MDt−j + εCSt (3)

where MD is each mental disorder and CS is the consumer sentiment, and it is assumed that
both εMDt and εCSt are uncorrelated white noise error terms (see [38]). The letters m and n
in Equations (2) and (3) represent the maximum number of lags for each of the variables.

The application of the VAR methodology is based on the following validations. First,
VAR can only be applied when all of the variables are either integrated of order zero or one.
Second, one can estimate the level and the first difference relationship between variables
using the ordinary least squares method. Third, variables are not expected to have long
run relationships since they are integrated of order zero.

The two Granger causality hypotheses that were tested for each mental disease in this
study are as follows. The first hypothesis was H0 : ∑n

i=1 βi = 0 (mental disease does not
influence consumer sentiment) and H1 : ∑n

i=1 βi 6= 0 (mental disease influences consumer
sentiment), and the second hypothesis was H0 : ∑m

j=1 ψj = 0 (consumer sentiment does
not influence mental disease) and H1 : ∑m

j=1 ψj 6= 0 (consumer sentiment influences mental
disease) (see [38]).

Table 3 presents the Granger causality results when causality runs from each mental
disorder to consumer sentiment, and vice versa. We observe from the results that there are
four mental disorders (mental and substance use disorders, anxiety, schizophrenia, and
alcohol use disorder) that have a direct influence on consumer sentiment. Therefore, there
is a unidirectional causality running from mental and substance use disorders, anxiety,
schizophrenia, and alcohol use disorder to consumer sentiment. For the rest of the mental
disorders, we do not find relevant significant cases and there is no causality between them.

Table 3. Results of Granger causality test.

Direction of Causality Lags 1 Prob. Decision Outcome

Mental and substance use
disorders→ Consumer
Sentiment Index

3 0.0246 Reject null Mental and substance use disorders
influence Consumer Sentiment Index

Consumer Sentiment Index
→Mental and substance
use disorders

3 0.2535 Do not reject null
Consumer Sentiment Index does not

influence mental and substance
use disorders

Anxiety disorder→
Consumer Sentiment Index 9 0.0000 Reject null Anxiety disorder influences Consumer

Sentiment Index
Consumer Sentiment Index
→ Anxiety disorder 9 0.2858 Do not reject null Consumer Sentiment Index does not

influence anxiety disorder

Depressive disorder→
Consumer Sentiment Index 2 0.5171 Do not reject null Depressive disorder does not

influence Consumer Sentiment Index
Consumer Sentiment Index
→ Depressive disorder 2 0.4195 Do not reject null Consumer Sentiment Index does not

influence depressive disorder

Bipolar disorder→
Consumer Sentiment Index 1 0.9210 Do not reject null Bipolar disorder does not influence

Consumer Sentiment Index
Consumer Sentiment Index
→ Bipolar disorder 1 0.4771 Do not reject null Consumer Sentiment Index does not

influence bipolar disorder

Eating disorders→
Consumer Sentiment Index 1 0.8963 Do not reject null Eating disorders do not influence

Consumer Sentiment Index
Consumer Sentiment Index
→ Eating disorder 1 0.5036 Do not reject null Consumer Sentiment Index does not

influence eating disorders
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Table 3. Cont.

Direction of Causality Lags 1 Prob. Decision Outcome

Schizophrenia→
Consumer Sentiment Index 9 0.0182 Reject null Schizophrenia influences Consumer

Sentiment Index
Consumer Sentiment Index
→ Schizophrenia 9 0.9980 Do not reject null Consumer Sentiment Index does not

influence schizophrenia

Alcohol use disorder→
Consumer Sentiment Index 9 0.0000 Reject null Alcohol use disorder influences

Consumer Sentiment Index
Consumer Sentiment Index
→ Alcohol use disorder 9 0.4464 Do not reject null Consumer Sentiment Index does not

influence alcohol use disorders

Substance use disorders→
Consumer Sentiment Index 9 0.5773 Do not reject null Substance use disorders do not

influence Consumer Sentiment Index
Consumer Sentiment Index
→ Substance use disorders 9 0.0604 Do not reject null Consumer Sentiment Index does not

influence substance use disorders
1 We used the Akaike information criterion to detect the number of lags.

On the other hand, there is no causality between consumer sentiment and each
mental disorder.

3.4. FCVAR Model

In order to understand and to check the relationship between multiple variables in the
long term, we followed the model introduced by [39] which was further expanded by [40].
The model is called the fractional cointegrated vector autoregressive (FCVAR) model and it
is a step ahead of the cointegrated vector autoregressive (CVAR) model proposed by [41].

To understand the FCVAR model, first it is necessary to present the non-fractional
CVAR model.

Let Yt, t = 1, . . . , T be a p-dimensional I(1) time series. The CVAR model is as follows:

∆Yt = αβ′Yt−1 + ∑k
i=1 Γi∆Yt−i + εt = αβ′LYt + ∑k

i=1 Γi∆LiYt + εt (4)

To derive the FCVAR model, we need ∆b and Lb = 1− ∆b, which are the fractional
counterparts to replace the difference and lag operator ∆ and L in (4). We then obtain
the following:

∆bYt = αβ′LbYt + ∑k
i=1 Γi∆Li

bYt + εt (5)

which is applied to Yt = ∆d−bXt, such that

∆dXt = αβ′Lb∆d−bXt + ∑k
i=1 Γi∆bLi

bYt + εt (6)

where εt is a term with mean zero and variance–covariance matrix ( Ω) that is p-dimensional
independent and identically distributed; α and β are p× r matrices where 0 ≤ r ≤ p. The
relationship in the long-term equilibria in terms of cointegration in the system is due to
the matrix β. Controlling the short-term behavior of the variables is due to parameter Γi.
Finally, the deviations from the equilibria and their speed in the adjustment are due to
parameter α.

In contrast to the CVAR model, there are two additional parameters in the FCVAR
model. The order of fractional integration of the observable time series is represented by the
parameter d. The degree of fractional cointegration, that is, the reduction in the fractional
integration order of β′Xt compared to Xt itself, is represented by the parameter b.

The relevant ranges for b are
(
0, 1

2
)
, whereby in which case the equilibrium errors are

a fraction of order greater than 1/2 and therefore non-stationary, although mean-reverting,
and

( 1
2 , 1

]
, whereby in which case the equilibrium errors are fractional of the order less

than 1/2 and are stationary [42]. Note that for d = b = 1, the FCVAR models are reduced
to the CVAR model, which is thus nested in the FCVAR model as a special case.
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As an intermediate step toward the final model, we consider a version of model (4)
with d = b as an assumption of no persistence in the cointegration vectors and a constant
mean term for the cointegration relations. That is to say the following:

∆dXt = α
(

β′LdXt + ρ′
)
+ ∑k

i=1 Γi∆dLd
iXt + εt (7)

The simple model considered is the following:

∆d(Xt − µ) = Ldαβ′(Xt − µ) + ∑k
i=1 Γi∆dLd

iXt + εt (8)

where µ represents the level parameter that shifts each of the series by a constant to avoid
the bias related to the starting values in the sample ([40]). β′µ = −ρ′ represents the mean
stationary cointegrating relations.

The asymptotic analysis in [43] shows that the maximum likelihood estimators of
(d, α, Γ, . . . , Γ2) are asymptotically normal, while the maximum likelihood estimator of
(β, ρ) is asymptotically mixed normal when d0 < 1/2 and asymptotically normal when
d0 > 1/2.

The results of the FCVAR model are summarized in Table 4.

Table 4. Results of the FCVAR model.

d 6=b
Cointegrating Equation Beta

Var1 Var 2

Panel I:
Mental and substance use
disorders (Var1) vs. Consumer
Sentiment Index (Var2)

d = 1.525(0.424)
b = 1.525(0.352 ) 1.000 –0.146

∆d
([

Mental and substance use disorders
Consumer Sentiment

]
−

[
15.465
76.697

])
= Ld

[
–0.008
1.931

]
νt +

2
∑

i=1
Γ̂i∆d Li

d(Xt − µ) + εt

Panel II:
Anxiety (Var1) vs. Consumer
Sentiment Index (Var 2)

d = 1.239(0.424)
b = 1.239(0.210 ) 1.000 –0.050

∆d
([

Anxiety
Consumer Sentiment

]
−

[
5.606
72.983

])
= Ld

[
–0.062
1.204

]
νt +

2
∑

i=1
Γ̂i∆d Li

d(Xt − µ) + εt

Panel III:
Schizophrenia (Var 1) vs.
Consumer Sentiment Index (Var2)

d = 0.058(0.192)
b = 0.058(0.003 ) 1.000 –0.002

∆d
([

VSchizophrenia
Consumer Sentiment

]
−

[
0.472
78.812

])
= Ld

[
2.929

360995.240

]
νt +

2
∑

i=1
Γ̂i∆d Li

d(Xt − µ) + εt

Panel IV:
Alcohol use disorders (Var 1) vs.
Consumer Sentiment Index (Var2)

d = 0.954(0.000)
b = 0.954(0.000 ) 1.000 –0.085

∆d
([

Alcohol use disorders
Consumer Sentiment

]
−

[
3.154

92.281

])
= Ld

[
–0.05
3.309

]
νt +

2
∑

i=1
Γ̂i∆d Li

d(Xt − µ) + εt

After the results had been obtained in the causality tests, we wanted to understand the
relationship that exists in the long term between mental illness and consumer sentiment. To
do this, we used the FCVAR model to obtain four different results (from Panel I to Panel IV).

We are going to focus on two terms, the integrating and cointegrating part (d 6= b)
and the beta term, to analyze the behavior of the time series.

In Panel I and II, we observe that the order of integration of individual series into a
cointegrating system is d = 1.525 and d = 1.239, respectively. The reduction in the degree
of integration in the cointegrating regression is b = 1.525 and b = 1.239. These results
imply I(0) cointegrating errors, which means that the error follows a stationary process
and the duration of any shock in this relationship will be short-lived.

From Panel III and IV, where we analyze the long-term relationship between schizophre-
nia and alcohol use disorders in consumer sentiment, we observe that the order of inte-
gration of the individual series is lower than 1 in these two cases (d < 1), obtaining the
same magnitude in the reduction in the degree of integration in the cointegrating regres-
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sion. Again, these results imply that the error correction term follows a stationary process
(d− b = 0).

On the other hand, if we observe the cointegrating equation beta from several panels,
the results suggest the following: (1) an increase in mental and substance use disorders
produces a decrease (−0.146) in the Consumer Sentiment Index; (2) an increase in anxiety
disorder produces a decrease (−0.050) in the Consumer Sentiment Index; (3) an increase
in schizophrenia produces a decrease (−0.002) in the Consumer Sentiment Index; and
(4) an increase in alcohol use disorders produces a decrease (−0.085) in the consumption
expectation in the USA.

4. Concluding Comments

The World Health Organization (WHO) defines the term mental health as the condition
of well-being in which an individual can use his or her abilities, recover from daily routine
stress, be productive, and contribute to the community. So, any issue related to intellectual
fitness is defined as a mental disorder.

Thus, in mental health, it is important to keep in mind that experiences, tendencies, and
genetics affect individuals and their perceptions, thoughts, behaviors, and choices. How-
ever, sometimes, dysfunctional and maladaptive cognitions and behaviors are manifested
by individuals, which increase the level of clinical concern and affect their mental health.

Because of these situations, consumption and the feeling that it produces in people
with a mental health problem could have significant repercussions. Thus, following the
research line initiated by Professor Steven S. Posavac at Vanderbilt University in the
psychological subfield called “Clinical Consumer Psychology”, the goal is to understand
how a certain clinical disorder has manifested itself in consumer sentiment in the USA
since 1990.

So, in conducting a univariate analysis using long memory tests, we have demon-
strated that that there is a high degree of persistence in mental disorders and the Consumer
Sentiment Index (d > 1), except for depressive disorder (d = 0.31). So, shocks in each
mental disorder and in the expected consumer will not be transitory.

Once we had obtained long memory results, we analyzed, using the Granger causality
test, the influence of each mental disorder on consumer sentiment behavior. The results sug-
gest that four mental disorders (mental and substance use disorders, anxiety, schizophrenia,
and alcohol use disorder) have a direct influence on consumer sentiment.

Finally, focusing on the FCVAR model, we conclude that an increase in cases of any
mental and substance use disorders, anxiety, schizophrenia, and alcohol use disorder pro-
duces a decrease in the Consumer Sentiment Index (β = −0.146, β = −0.050, β = −0.002,
and β = −0.085).

According to [44], with our results, we demonstrate that there are other clinical
phenomena, such as those that we have analyzed in this research paper, that are related to
tendencies in consumer judgement and decision making.
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