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Abstract. Dealing with uncertainty about the true data generating process requires a
differentiated perspective of the distributions in hypothesis testing. In particular, the
realizations, or the observed data, generated by interactions that are naturally ordered in time,
posits a need for a differentiated analysis with respect to the standard statistics available for
hypothesis testing. The Functional Central Limit Theorem provides a framework that enables
the researcher to build a statistic that fits his data and hypothesis at hand. In this paper I show
some of the necessary conditions under which the popular t — statistic properly condenses the
information of the underlying distribution as well as the additional tools available when then ¢
distribution is not suitable for hypothesis testing.
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Resumen. Tratar con la incertidumbre sobre el verdadero proceso generador de datos requiere
una perspectiva diferenciada con respecto a las distribuciones usadas en la pruebas de hipétesis.
En particular, las realizaciones, o los datos observados, producto de las interacciones que
estdn naturalmente ordenadas en el tiempo, plantean la necesidad de un andlisis diferenciado
con respecto a los estadisticos de prueba estdndar disponibles para la prueba de hipétesis.
El Teorema del Limite Central Funcional proporciona un marco que permite al investigador
construir un estadistico que se ajuste a sus datos y a la hipétesis en cuestion. FEn este documento,
muestro algunas de las condiciones necesarias bajo las cuales el popular estadistico—t condensa
adecuadamente la informaciéon de la distribucién subyacente, asi como las herramientas
adicionales disponibles cuando la distribucién ¢ no es adecuada para la prueba de hipdtesis.

Palabras Claves. Convergencia en distribucién; pruebas de hipétesis; estructuras dindmicas.
How cite. J.G. Astaiza-Gémez, Hypothesis testing with explosive time series. An approach to the
theory of the functional central limit theorem. Jou. Cie. Ing., vol. 16, no. 1, pp. 13-25, 2024.

doii10.46571/JC1.2024.1.3

Received: 17/5/2024 Reviewed: 10/06/2024 Accepted: 13/06/2024

L e-mail: jastaiza@eafit.edu. co.


https://orcid.org/0000-0001-5206-3976
http://www.doi.org/10.46571/JCI.2024.1.3

J.G. Astaiza-Gomez Hypothesis testing with explosive time series. An approach to ...

1. Introduction

The use of limiting distributions in order to reject hypotheses is the main instrument for empirical
scientific research. In most of the empirical work, the researcher relies on the Law of Large
Numbers and the Central Limit Theorem as these, jointly with the Neyman-Pearson principle,
provide a clear decision rule in hypothesis testing.

The t statistic for linear models with additive and independent stochastic unobserved
disturbances is among the most exploited. Whenever the true model is linear and the estimators
converge in probability to the population parameters, the usual ¢t — statistic follows a t
distribution and converges in distribution to the normal. In the literature of food science
for instance, [1] describe the contributions of oil constituents to overall antioxidant capacity
of walnut oil using linear models and [2] in their medical research, identify associations between
an obesity life style risk index, built on 6 obesogenic lifestyle risk factors, and an obesogenic
index (BMI) estimating linear models with data on 17,040 adults. In the world of the research in
medicine, [3] compare the means on the types of primary tumors and colorectal liver metastases
characteristics, between patients with a desmoplastic histological growth pattern (DHGP) and
patients without a DHGP using the Student’s ¢ — test.

Before relying on the ¢ — statistic for hypothesis testing, [4] analyze the dynamic dependence
structure of their data in order to draw conclusions on the relationship between water supply
and bioenergy production. Certain data which is naturally ordered in time, such as the quarterly
Gross Domestic Product (GDP), may exhibit patterns of dependence that deserve a different
analysis than cross-sectional and spatial data. Variables widely used in social sciences such
as GDP, stock prices, inflation, and exchange rates are typical examples of random variables
that have a sequential interpretation. The underlying data generating process of the GDP is
plausibly conditional on both the unobserved state of nature and the known sequential order of
time. Thus, analyzing the trajectory of an stochastic process resembling the data at hand (the
data on GDP in the research of [4]), provide additional knowledge for hypothesis testing. Given
the advantages and practical usefulness of the ¢t — statistic and asymptotic theory, in this paper
I describe the necessary conditions for proper hypothesis testing in the context of linear models
as well as the asymptotic tools available for hypothesis testing that are specific to information
with time-series properties. Thus, this paper may help the reader in the construction of a test in
applied work when the usual normal or ¢ distributions are not suitable as a reference for decision
rules.

This document is divided into five sections including the introduction. In section two, I
review the methodology along with the literature on test statistics based on asymptotic theory.
In sections three and four, I show applications and a discussion. Finally, in section five, I
conclude.

2. Methodology

Linear models are widely used in empirical research and the OLS estimator has been intensely
exploited. Nobel Price Richard Thaler run a linear regression of current earnings changes over
current forecast bias in earnings and find statistical evidence of optimism and overreaction in
financial analysts’ forecasts |5]. Following [6], |7] use a two-stage least squares (2SLS) regression
and find statistical evidence of a relationship between education and formal employment.

[8] estimate a set of dynamic models in an attempt to shed light on the relationships between
aggregate Consumers’ Expenditure, Non-durables and Disposable Income. Ten years later, [9]
showed that the usual ¢ tests are misleading when the researcher is dealing with a data generating
process whose first and second moments are not constant in time or whose covariance with respect
to a fixed lagged is not constant. Nowadays, we use the proper asymptotic distributions and
critical values for unit root and cointegration tests as developed in [10] and [11] and is common
knowledge among those dealing with time-series that for two series x¢ ~ I(d;) and y; ~ I(dy),
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the combination z; = bx; + cy; ~ I(max(dy,dy)) as noted by Granger in 1981 [12].
The first popular tests for unit roots were developed in [13] and [14]. Recent extensions
in [15], |16] and [17] are suitable to test for explosivity.

2.1. Linear Models
Consider the following model:

yi = p+0x; + ¢ (1)
for i = 1,2,3....,n, n € N, and ¢ ~ n.i.i.d(0,0?). Also, y; and z; are observable variables with
x; exogenous, and (u, ) are population parameters. The log-likelihood function is

- n n I <«
L, = Zlogf(yi, 0) = —§l09271' — Eloga2 ~ 5.2 z:(yZ — o — 0x;)? (2)
' i=1

where 6 is the vector of parameters and f(-,-) is the density of a normal distribution with mean
p+0z; and variance o2, From the first order conditions the maximum likelihood (ML) estimator
for 0 is

é _ COU(ASC;,%) (3)

xT

where C’E)v(-, -) is the sample covariance function and ¢ is the sample variance function of z;.
0 is asymptotically normal for z;e¢; independent. That is

V)
0B (2?)

The above follows mainly from the Lindeberg-Levy Central Limit Theorem (CLT) which is
pivotal to hypothesis testing.

Theorem (Linderberg-Levy CLT):
Take a sequence of i.i.d. random scalars w1, Wy, ..., w, with finite and constant expected values
and variances E(w;) = pu, V(w;) = 02,02 # 0, and the statistic @, = 2 Y1 | w;, then

V(@ — i) —a N(0,02)

Intuitively, as n becomes larger (the sample size increases), \/n(w, — f,) approximates the
normal, and this is true for any initial distribution of w;. To grasp the idea of a limiting
distribution, consider the sequence Zi,Zs, ..., Z, with distributions Fi, Fy, ..., F;,, as well as
the variable Z with distribution F. A sequence {Z;}!"; converges in distribution to Z if
limy, 00 |F(2)—F(z)| = 0 for any z and we write Z,, —4 Z. Take the variable Z with distribution
F(z)=1- €7 and the sequence Z, = (0,n],n > 0 with distributions F,(2) =1 — [1 — 2]".
Notice that

fOI‘TL:lI (07]_] a,nd Fl(z):]__ [1_%]1
for n = 2: = (0,2] and Fy(z) =1 [1 - 2]?
for n = 3: Z — (0,3] and F3(z) =1 [1 - Z]°

for n — oo limp_y00 2n, = (0, 00] and lim,, o0 Fp(2) =1 — e

that is, Z, —4 Z.
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For equation [If and the estimator expressed in |3] under the null hypothesis that § = 0, the
t — statistic is of the form:

~

t:g —q N(0,1) (5)
o

For a well-specified linear model, the ML estimator is the same as the ordinary least squares
estimator. Whenever the true distribution is of the exponential family, the ML estimator is
consistent even when the the assumed distribution is not normal. The decision rule is then to
reject the null hypothesis at the specified significance level, if the calculated t — statistic is larger
than the critical value. Notice that an estimator is a random variable itself. Hypothesis testing
corresponds to taking a decision on whether the data at hand are drawings from a distribution
with parameter 6y or drawings from a distribution with parameter #;. Thus, the researcher is
always subject to errors: choosing 6; when 6 is true (type I error), choosing 6y when 6 is true
(type II error). As the true parameters are not observable, one is always uncertain about which
error is making. In this circumstances, the best we can do is to take decisions on the probabilities
of choosing wrongly by setting a threshold on one of them. The researcher would prefer to have
the largest power, or the highest probability of rejecting 6y when 6 is false, while he would like
the probabilities of type I and type II errors to be at their lowest. Unfortunately, that type of
optimization is not feasible so that usually we follow the Neyman - Pearson principle: we fix a
value for one of the probabilities, usually the type I error probability or significance level, and
then we minimize the other one.

0.4 ~ i
s :":‘I ..L"- | ]
03h .":: t ‘."-. 1
0.25 | ::" ;:' l‘.". ll‘.‘ i
o2 :': / ‘I"-. l":. b
045 | ::" :;" ll"". i
0.1+ i

0.05 |- / 4

1]

5 -4 -2 0 2 4 5

Null hypothesis Alternative hypothesis — Critical Value --+ Expected Value

Figure 1: Alternative Decisions in Hypothesis Testing Under Normality

2.2. Dynamic Linear Models

In many contexts, expressing the dynamics explicitly makes sense. Take, for example, the
number of originating and destinating passangers at Schipol Airport. The time-series figure
suggests that the first moment of the series depends on the order of time. Panel a) shows
the series of Google searches for the term “Schipol Airport” made from the Netherlands and
panel b) shows the series for Google searches from the U.S. The dependence structure suggests
that transit at the airport is related in time to Google searches and that it is worthwhile to
statistically test this hypothesis.
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Figure 2: Originating and Destinating Passengers at Schipol Airport

Figure [3| shows the quarterly series of the U.S. Gross Domestic Product (GDP): panel a)
shows the series in levels and panel b) shows the first differences of the GDP scaled by the first
lag of the GDP. While panel a) suggests that the first moment of the GDP is not constant, panel
b) suggest that the first differences of the same information exhibit a constant expectation. In
addition, both figures 2 and 3 suggest that the current values of the series are related to their
past values. This suggestion is testable but there are not mechanics or physical descriptions of
the social interactions that can bring a clear decision rule to accept or reject this hypothesis.
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b) GDP quarterly growth
Figure 3: U.S. Gross Domestic Product

Consider the data generating process y; = pyi—1 + us, E(u;) = 0 and V(u;) = o? for
t=1,2,3..., . If the true parameter p equals one, that is y; = y;—1 +u; and we use the estimator
17
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T
_ Zt:l Yt—1Yt
- T
>t yt271

the corresponding t — statistic t = Aﬁ does not have a t distribution and its limiting distribution
o

in expression|3(p for hypothesis testing, the estimator p is not consistent for p and

is not normal. Thus, the usual critical values do not convey relevant information for hypothesis
testing. So far, we have two relevant unobserved worlds:

(i) yu =+ pyi—1 +e and p <1 (stationary series)
(ii) 4 = ¢+ pyi—1 + & and p=1 (non stationary series)

When p = 1, the deviation of p from its true value T'(p — 1) has a limiting distribution that is
skewed to the left, and in 2/3 of generated samples, the usual estimator in expression |3| will take
values such that (p — 1) < 0.

2.8. The Functional Central Limit Theorem
Consider the process Ay, = 6o + 61t + (p — 1)y4—1 + u;. When p = 1, the normalizing factor of
a test based directly on the OLS estimator of p or based on (p — 1), is n rather than y/n and
standard asymptotic theory does not apply to the statistics. Theorems that involve taking limits
in a function space provide the basis for a generalization of the the Central Limit Theorem,
which provides a useful asymptotic theory for hypothesis testing in dynamic models. That
generalization is the Functional Central Limit Theorem (FCLT) which plays a crucial role in
the asymptotic theory of integrated processes.

We can re-write the non stationary process y; = y;—1+¢¢, &, ~ 1id N(0,1),yo =0,t = 1,...,T.

in the form
Yt= €E1+éex+ - +ey

Yt ~ N(O> t)
To understand the idea behind the FCLT, write the change between t and t — 1, e, = y¢ — yr—1
as the sum of distinct sub-periods, for instance e; = €4 + €3, € ~ iid N(O, %), where

€1 = Y1~ Y1 and €y = yp — Y13 thus v — y1—1 = €14 + €2¢ ~ itd N(0,1). Writing &
in terms of T sub-periods we have

1

Yt — Yi—1 = €1¢ €2t + -+ ery, € ~iid N <0, T)

Scaling Zthl e; by V/T converges weakly to the standard Wiener process as T — 0o, under
some regularity conditions, that is

T
T2 Z e —rq oW (1)
t=1

where W (-) is a standard Brownian motion: a continuous-time process, associating each date
t € [0,1] with the scalar W (t) such that
(i) W(0)=0
(ii) For any dates 0 < ¢ < t2 < --- < t < 1, the changes [W(t2) — W(t1)], [W(t3) —
W (ta)l,....(W(ty) — W (tg—1)] are independent multivariate Gaussian with [W(s) — W (t)] ~
N(0,s —1t)
(iii) For any given realization, W () is continuous in ¢ with probability 1.
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Using the continuous mapping theorem, we can also know many other limiting distributions.
One of the most important is the limiting distribution of the OLS estimator p for y; = py;—1 + e
when p=1

@AW
fol W (r)2dr

See |15]. This is known as the Dickey-Fuller distribution because [13] and [18] made the tables
of this distribution before the publication of the limiting distribution with Wiener processes.

T(5-1) (6)

2.4. Testing for Unit Roots

To carry out statistical inference on the parameters of the process yr = pu + pyi—1 + et, we
estimate Ay = u+yy—1 + ¢ and test Hy: vy =p—1=0v.s. v < 0. As we do not know the
value of the true parameter p nor the true data generating process, we perform the hypothesis
testing on several specifications (see [9])

i) Ay =yy—1 + w
it)  Ay; = 0o + YYi—1 + ug 7)
i) Ay = do + 01t + Yyr—1 + wy

iv) Ay = 0 + 61t + 0ot + yyr—1 + wy

After estimating the value of 7 one uses the critical values as presented in [13] and [18], obtained
from numerical methods, and compare them with a statistic of the form of the ¢t — statistic.

2.5. Testing for Fxplosive Behavior

We find extensions of the Dickey-Fuller test in [15H17] that allow us to test for explosivity. The
specification in a test of explosivity differs from those of a unit root in that we consider window
sizes. In the following equation

k

Ay = pr, + YryYt—1 + Z VLAY + € (8)
j=1

the term r,, = ro — r1 specifies the start and ending points of a subsample, where ro and 71 are
expressed as fractions of T'. The parameters to be estimated are ., vy, and iy, j =1,..., k.
The term e ~ N(0,02 ) is the unobserved random shock. Notice that the usual ADF statistic
is ADF? = v r,/5€(Yry ) specifying r1 = 0 and ro = 1 or the complete sample. The limiting
Jy waw

i

setup for hypothesis testing by following these two steps: first, calculate ADFO1 and define your
hypothesis as Hy : ,,, = 0 (unit root) and Hj : v, > 0 (explosiveness). Second, compare your
ADFO1 with the right-tail critical value of its limiting distribution. With ro = 1 and r; = 0, it
is a test of exuberance over the entire sample period.

When there are several episodes of explosivity, [16] propose to estimate [8| recursively by
expanding forward the end point of the subsamples, i.e. by fixing r; = 0 and expanding ry from
a minimum value ry towards 1. As we calculate several ADF,?, we keep the supremum of the
ADF(?s, which is known as the SADF:

distribucion of ADF} under the null hypothesis is We can use the mentioned

SADF(rg) = sup ADF}? 9)

7‘26[7‘0’1}
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From this, we define Hy : v,, = 0 and H; : 7., > 0 and compare the SADF with the critical
value on the right tail of the limiting distribution under the null:

W AW
SADF(rg) —q sup 2721/2
ro€lro,1] [02W ]

By expanding ro = 1, we perform an explosivity test on parts of the sample.
Carrying out the test on every subperiod is also feasible by changing both values of ry and
r1. With flexible windows we calculate the Generalized SADF

GSADF (rg) = sup ADF}? (10)

r2€lro,1],r1€[0,r2—r0]

and compare the GSADF with the critical value on the right tail of the limiting distribution:

(1/2)rw[W(r2)* = W(r1)? — ro] =72 W(r)dr[W(r2) — W(r1)]

sup 1/

raciolnlorr il (W (2 — (W ()

Some recent interesting articles using tests of explosivity include [19-21].

3. Results

I use data on daily prices of Inversiones Argos (Inverargos) stock from 2012-06-12 to 2013-07-25.
The OLS estimation of the linear model y; = p + py:—1 + ¢ seems to indicate that the model
has a good fit as the r — squared is notably high (97%) and the significance level at which we
can reject the null hypotheses of zero mean and zero slope are remarkably small (6,2% and 0.0%
respectively; see table [1f).

Inversiones Argos Stock

20000~

Price

Jul 2012 0ct2012 Jan 2013 ADr 2013 Jul 2013
Dates

Inversiones Argos stock. Daily closing prices from 2012-06-12 to 2013-07-25.
Figure 4: Inverargos Stock Price

The results of the Dickey-Fuller test from the specifications ¢) to iii) in expression m are in
table 2l The test suggests that the series of the stock price is non-stationary which implies
that the distribution of the statistic in expression [5| does not follow a t-Student distribution or
normal distribution asymptotically and the critical values used in the OLS estimation in table
[ are different to the true critical values.
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Dependent variable:

Yt

Yt—1 0.981
(0.010)
t statistic = 93.607
p-value = 0.000

I 393.705
(210.015)
t statistic = 1.875
p-value = 0.062

Observations 272

R? 0.970

Adjusted R? 0.970

Residual Std. Error 337.765 (df = 270)

F Statistic 8,762.257** (df = 1; 270)

Note: *p<0.1; **p<0.05; **p<0.01. Standard errors in parenthesis.
Table 1: OLS Results

no constant constant constant and time trend
DF statistic 0.77 -1.87 -1.83
p-value 0.86 0.36 0.65

Table 2: Dickey-Fuller Test

I obtain the critical values that are useful for hypothesis testing with unit roots by simulating
2000 times a time-series with p = 1, running regressions to estimate s and calculate the
t — statistic. From the quantiles of the cumulative distribution of the statistic I record the
critical values. The distributions of the ¢ — statistic for three specifications are shown in figure
Not only these distributions are not normal but they differ for different specifications of the
linear dynamic model as noted by [9].

A visual inspection of the stock price series provides indications of episodes of explosivity. To
test for explosivity I calculate the ADF and SADF statistic as well as the GSADF of expression
by setting 7o = 0.01 + 1.8/v/T as proposed in [17] and comparing those with the critical
values generated from Monte Carlo simulations approximating a Brownian motion.

Statistic 90% c.v. 95% c.v. 99% c.v.

ADF -1.86 -0.446 -0.0631 0.626
SADF 0.544 1.13 1.45 2.10
GSADF 2.24 1.92 2.16 2.67

Table 3: Tests of Explosive Behavior

The results suggest that there are times during which the series present an exhuberant
21
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Figure 5: Simulated distributions of the usual ¢ — test for autoregressive processes. Panel a)
shows the distribution of the ¢t — statistic for an OLS estimator with Hy : v = p—1 = 0 when the
true process is non-stationary and does not have a constant, i.e. Ay, = (p — D)yp—1 + ug, p = 1.
Panel b) shows the distribution when the true process is Ay, = dp + (p — 1)yi—1 + w;. Panel
c) shows the distribution for the process Ay, = dg + 61t + (p — 1)yi—1 + u¢. In the the legends
T(noconstant) refers to the model without constant; 7(constant) refers to the model with a
constant; 7(ctrend) is the model with a constant and a trend.

behavior at the 5% level of significance for the GSADF (see table [3). The standard ADF
test as well as the SADF fail to reject the null. The superior power of the GSADF follows
from the flexible estimation window which makes the GSADF test better for detecting multiple
changes in regime or bubbles that burst in-sample. Testing for the dates at which the bubble
started and finished is feasible using the Backward SADF test. For each sub-period, I calculate
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the test and the critical values. The figure @ panel ¢) the shaded areas show the time period of
the explosivity.

1.0 15

BSADF statistic
0
]
BSADF Critical Values

00
1

1 T T T 1 1 T T 1 1 1 l
0 50 100 150 200 250 0 50 100 150 200 2350

oct 2012 ene. 2013 abr. 2013 jul. 2013

Figure 6: In Date Stamping with the BSADF Test. Panel a) shows the distribution of the values
of the BSADF statistic; panel b) presents the critical values at the 5% level of significance; and
panel ¢) shows the dates at which the null hypothesis is rejected.

The dates marked with shaded areas are presented in table

Start Peak End
2012-09-21 2012-09-21 2012-09-24
2013-02-05 2013-02-06 2013-02-07

Table 4: Date Stamping

4. Discussion

The time-series structure of data allows the researcher to answer important questions that have
a dynamic context. Many of those questions are related to the future values of a variable of
interest. [22], for example, predict climate phenomena in West Java with rainfall variables and
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humidity. Also, from time-series data sets, the academic literature has studied the existence
of cognitive biases, the effects of lending on agricultural investments and the magnitude of
searching costs in financial markets, among others. Specifically in macroeconomics, time-series
modeling has been helpful to test the permanent income hypothesis [23,[24], the hypothesis of
precautionary savings [25], the persistence of aggregate income in the short term [26], the Deaton
(1987) paradox on consumption volatility [27], bubble transmission and formation in the housing
market [21] and the predictability of inflation and economic activity from principal component
analyses [28].

Pivotal to the methodologies that allow to identify dynamic structures is the functional
limit theorem which provides the researcher with the appropriate critical values when the usual
t — Student or normal distributions are not suitable for hypothesis testing.

5. Conclusions

In this paper I provide a comprehensive exploration of the use of limiting distributions in
empirical scientific research, particularly focusing on the role of the ¢ statistic in hypothesis
testing within linear models. Through an examination of various applications spanning
fields such as food science, medical research, and economics, the paper elucidates the
practical significance of statistical principles like the Law of Large Numbers and the Central
Limit Theorem, alongside the Neyman-Pearson principle, in facilitating clear decision-making
processes in hypothesis testing.

Moreover, the paper emphasizes the necessity of analyzing the dynamic dependence structure
of data, particularly in time-series contexts, before relying solely on the ¢ statistic for hypothesis
testing. It underscores the importance of considering the temporal dimension when conducting
empirical analyses, especially in fields where sequential interpretation of data is paramount.
Furthermore, the discussion on testing for Unit Roots and Explosive Behavior in time-series
data highlights the diverse array of statistical tools available to researchers for exploring dynamic
structures within their datasets. By presenting examples from various domains, ranging from
climate prediction to macroeconomics, the paper underscores the broad applicability of these
statistical techniques in addressing a multitude of research questions.

In essence, this paper contributes to the methodological toolkit of researchers by delineating
the necessary conditions for proper hypothesis testing within linear models and elucidating
asymptotic tools specific to information with time-series properties. It stresses the importance
of considering dynamic structures in empirical analyses and provides valuable insights into
statistical methodologies that go beyond traditional approaches based on normal or ¢
distributions, thereby enriching the empirical scientific research landscape.

Acknowledgements

I thank Diego Agudelo at Universidad EAFIT for sharing data with me and Javier Pantoja
for his insightful comments. Also, I am grateful for Joel Reyes’ invaluable contributions as a
research assistant at Universidad EAFIT.

References

[1] Gao, Pan, et al. ”Effects of processing methods on the chemical composition and antioxidant capacity of
walnut (Juglans regia L.) oil.” Lwt 135 (2021): 109958.

[2] Dashti, Hassan S., et al. ”Interaction of obesity polygenic score with lifestyle risk factors in an electronic
health record biobank.” BMC medicine 20 (2022): 1-12.

[3] Bohlok, Ali, et al. ?Tumor biology reflected by histological growth pattern is more important than surgical
margin for the prognosis of patients undergoing resection of colorectal liver metastases.” European Journal
of Surgical Oncology 49.1 (2023): 217-224.

24



J.G. Astaiza-Gomez Hypothesis testing with explosive time series. An approach to ...

Alsaleh, Mohd, Abdul Samad Abdul-Rahim, and Mansur Muhammad Abdulwakil. "EU28 region’s water
security and the effect of bioenergy industry sustainability.” Environmental Science and Pollution Research
28 (2021): 9346-9361.

De Bondt, Werner FM, and Richard H. Thaler. ”Do security analysts overreact?.” The American economic
review (1990): 52-57.

Angrist, Joshua D., and Guido W. Imbens. ” Two-stage least squares estimation of average causal effects in
models with variable treatment intensity.” Journal of the American statistical Association 90.430 (1995):
431-442.

Kemper, Johanna, and Ursula Renold. ”Evaluating the impact of general versus vocational education on
labor market outcomes in Egypt by means of a regression discontinuity design.” Journal of Development
Economics 166 (2024): 103172.

Davidson, James EH, et al. ”"Econometric modelling of the aggregate time-series relationship between
consumers’ expenditure and income in the United Kingdom.” The Economic Journal 88.352 (1978): 661-692.

Dickey, David A., William R. Bell, and Robert B. Miller. ”Unit roots in time series models: Tests and
implications.” The American Statistician 40.1 (1986): 12-26.

MacKinnon, James G. ” Approximate asymptotic distribution functions for unit-root and cointegration tests.”
Journal of Business & Economic Statistics 12.2 (1994): 167-176.

MacKinnon, James G. ”Numerical distribution functions for unit root and cointegration tests.” Journal of
applied econometrics 11.6 (1996): 601-618.

Granger, Clive W.J. ”Some properties of time series data and their use in econometric model specification.”
Journal of econometrics 16.1 (1981): 121-130.

Dickey, David A., and Wayne A. Fuller. " Distribution of the estimators for autoregressive time series with a
unit root.” Journal of the American statistical association 74.366a (1979): 427-431.

Said, Said E., and David A. Dickey. ”Testing for unit roots in autoregressive-moving average models of
unknown order.” Biometrika 71.3 (1984): 599-607.

Phillips, Peter CB. "Towards a unified asymptotic theory for autoregression.” Biometrika 74.3 (1987):
535-547.

Phillips, Peter CB, Yangru Wu, and Jun Yu. ” Explosive behavior in the 1990s Nasdaq: When did exuberance
escalate asset values?.” International economic review 52.1 (2011): 201-226.

Phillips, Peter CB, Shuping Shi, and Jun Yu. ” Testing for multiple bubbles: Historical episodes of exuberance
and collapse in the S&P 500.” International economic review 56.4 (2015): 1043-1078.

Fuller, W. A. ”Introduction to Statistical Time Series”, New York, John Wiley & Sons, (1976).

Shahzad, Syed Jawad Hussain, Muhammad Anas, and Elie Bouri. ”Price explosiveness in cryptocurrencies
and Elon Musk’s tweets.” Finance Research Letters 47 (2022): 102695.

Bouri, Elie, Syed Jawad Hussain Shahzad, and David Roubaud. ”Co-explosivity in the cryptocurrency
market.” Finance Research Letters 29 (2019): 178-183.

Gomez-Gonzalez, Jose Eduardo, et al. ”When bubble meets bubble: Contagion in OECD countries.” The
Journal of Real Estate Finance and Economics 56 (2018): 546-566.

Monika, Putri, Budi Nurani Ruchjana, and Atje Setiawan Abdullah. ? GSTARI-X-ARCH Model with Data
Mining Approach for Forecasting Climate in West Java.” Computation 10.12 (2022): 204.

Carroll, Christopher D. ”Buffer-stock saving and the life cycle/permanent income hypothesis.” The Quarterly
journal of economics 112.1 (1997): 1-55.

Blundell, Richard, and Ian Preston. ”Income, expenditure and the living standards of UK households.” Fiscal
Studies 16.3 (1995): 40-54.

Carroll, Christopher D., and Andrew A. Samwick. ” The nature of precautionary wealth.” Journal of monetary
Economics 40.1 (1997): 41-71.

Stock, James H., and Mark W. Watson. ”Variable trends in economic time series.” Journal of economic
perspectives 2.3 (1988): 147-174.

Diebold, Francis X., and Glenn D. Rudebusch. ”Is consumption too smooth? Long memory and the Deaton
paradox.” The review of Economics and Statistics (1991): 1-9.

Stock, James H., and Mark W. Watson. "Macroeconomic forecasting using diffusion indexes.” Journal of
Business & Economic Statistics 20.2 (2002): 147-162.

|
Uniauténoma @@@@
e
BY NC ND

Journal de Clencia e Ingenieria

25





