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1. Introduction

One of the most important issues of the modern era is climate change, which
has an extensive worldwide impact. Its repercussions include changing weather
patterns that undermine food security, rising sea levels that put coastal areas at
risk, and a rise in the frequency and intensity of natural disasters. The United
Nations (2020) states that if immediate action is not taken, the cost of adaptation in
the future will increase significantly. Global carbon emissions must be drastically
reduced if the worst effects of climate change are to be avoided. By removing carbon
dioxide (CO2) from the atmosphere, forests help to reduce these dangers. Forests
can, however, become sources of emissions rather than sources of carbon when they
are not properly maintained. The second-largest source of CO2 emissions after fossil
fuels, deforestation alone is responsible for about 13% of global emissions (Fahad
and Wang 2020). Increased emissions lead to temperature extremes, altered rainfall
patterns, ocean acidification, and worsening natural disasters

Long-term changes in temperature, precipitation, and other atmospheric
parameters are referred to as climate change. The atmospheric temperature has risen
dramatically during the Industrial Revolution due to human-induced greenhouse gas
emissions (Stone et al. 2009). Like many other nations, Pakistan has seen a significant rise
in CO2 emissions, which has increased by more than 5.5% since 2010. This has resulted
in significant socioeconomic losses and environmental damage (World Bank 2022).

Despite making up only 0.9% of the world’s greenhouse gas emissions, Pakistan
is one of the nations, most at risk from climate change. According to German Watch
(2021), between 2000 and 2019, Pakistan was the 8th most-vulnerable nation to
climate-related hazards. Frequent extreme weather events, like floods and glacial
lake outburst floods, have resulted in a death rate of 0.3 per 100,000 people and
economic damage of about USD 4 billion (Khan et al. 2016).

Pakistan’s economy is growing quickly, and in the coming years, this trend will
likely continue. The most important and prominent industry, agriculture, continues
to be the foundation of the national economy. However, the rapid industrial boom in

231



Pakistan is causing the deterioration of agricultural land. Furthermore, deforestation
is being caused by the rapidly expanding population. Pakistan is a leading Asian
nation facing this issue. Increased industrialization and economic growth demand
significant energy use, which has a negative environmental impact. According to the
Environmental Kuznets Curve (EKC), CO2 emissions will increase until economic
growth hits a turning point, at which point they will start to decline. The relationship
between CO2 emissions and the growth of the economy is shown by an EKC curve as
an inverted, U-shaped curve. The fundamental explanation of the EKC curve shows
that, in the long run, encouraging economic growth does not contradict maintaining
a clean environment (Salari et al. 2021).

Pakistan must act quickly to mitigate climate change because it is a
developing nation with limited resources. Recently, tourism, both domestically
and internationally, has significantly increased because of recent improvements to
the northern areas’ infrastructure and transport services. However, because of the
increased human activity in these areas, millions of species are in danger and human
survival is in jeopardy due to unprecedented exploitation. Rising temperatures have
accelerated glacier melt, making floods caused by glacial lakes more likely, which
endanger people living in these areas who are already lacking necessities. Pakistan’s
economy heavily depends on its land, which is climate-sensitive, and not only
offers employment but also generates revenue from exports of agricultural products.
Accordingly, the nation might suffer greatly from natural disasters (Taj 2022).

However, there are frequent environmental trade-offs associated with economic
advancement. According to Erdoğan et al. (2019), rising energy consumption, which
is essential to economic activity, is closely correlated with rising carbon emissions,
which are the primary cause of climate change. This is echoed by Aftab et al. (2021),
who point out that the current stage of global warming coincides with a period of
notable industrial growth, underscoring the conflict between ecological sustainability
and economic growth.

Climate change is inevitable as long as mankind emits greenhouse gases and carbon
dioxide into the atmosphere. It is still unclear how quickly and precisely the atmosphere
will react to these compositional shifts. There are still a lot of significant uncertainties
in the relationship between future climate conditions and greenhouse gas emissions,
despite efforts by the scientific community to quantify this. Although providing a basic
indication of the severity of climate change, climate sensitivity provides little information
about the precise times and places where variations in temperature are most likely to
happen—information that decision-makers find vital (Heal and Millner 2014).
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Three categories of uncertainty were identified by Hawkins and Sutton (2009) in
terms of temperature projections: the initial condition, emissions scenario, and model
uncertainty. Initial condition uncertainty arises from deviations in model forecasts
due to slight modifications in the initialization of the models. Model uncertainty
pertains to which climate model most accurately demonstrates the workings of the
climate system. Unpredictability regarding future trends in greenhouse gas emissions
is a component of emissions scenario uncertainty.

This research expands on the idea presented by Gavriilidis (2021), who created
an index to measure climate policy uncertainty based on newspaper articles. In
order to create this index, Gavriilidis analyzed eight major U.S. newspapers for the
frequency of terms related to the climate, such as climate change crisis, carbon
emissions, GHGs, greenhouse, and global warming. The number of articles
containing these terms was scaled, and eight series were created from these
newspapers and then normalized to develop the index, following the methodology
proposed by (Baker et al. 2016). During the study period, there were multiple index
spikes that corresponded with significant climate events during the sample period.
Additionally, an empirical analysis was conducted to estimate the impact of carbon
emissions on the index using a Vector autoregressive model. The outcomes showed
that climate uncertainty significantly and adversely affects CO2 emissions. Similarly,
Lin and Zhao (2023) used the same methodology to use a textual evaluation to
develop a climate policy uncertainty index for the cases of the USA, China, the UK,
and India. A high level of correlation was found when this study evaluated the
relationship between these four countries’ climate uncertainty indexes. Additionally,
the study used a VAR model to investigate the relationship between the GDP of these
economies and the uncertainty related to economic and climate policy. The results
demonstrated a relationship between economic policy uncertainty and climate policy
uncertainty indices, with evidence pointing to the possibility that rising economic
policy uncertainty could cause rising climate policy uncertainty.

This study differs from the previous research in two significant ways. First, it
creates an index using monthly statistics from Google Trends for queries related to
the climate, capturing the volume of internet searches for relevant terms. This index
was created using the Generalized Dynamic Principal Component (GDPC) method.
The second part of the study looks at the relationship between Pakistan’s GDP, CO2

emissions, and the climate uncertainty index.
The climate uncertainty index, based on data from Google Trends, has several

advantages over the newspapers-based index proposed by (Gavriilidis 2021). First,
this index is built on Google Trends, which is freely available. Hence, one very
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attractive characteristic of the index is based on its easily obtainable survey of internet
users. Second, associated with the previous advantage, it is downloadable, updated
in a timely manner, and can be calculated easily. It has also been shown that this
index can identify mood swings and the emotional state of people in a timely manner.
Third, this index may reveal further private information in cases where there is no
response to surveys and/or the incentive to tell the truth (Da et al. 2015). Fourth, this
Index can also provide information from certain geographic areas (regions within
and across countries) with varying degrees of growth. In addition, the wording of
certain inquiries can be easily updated to reflect global variations.

2. Materials and Methods

2.1. Literature Review

The Climate Policy Uncertainty index was proposed by Gavriilidis (2021) for the
USA, using the volume of major newspaper articles to effectively capture important
climate policy events. The study finds that shocks to climate policy uncertainty are
correlated with reductions in CO2 emissions, both overall and within individual
sectors. Bontempi et al. (2021) constructed an index of economic policy uncertainty
using large-scale internet search data from Italy and the United States to evaluate
political, economic, and normative uncertainty. This index considers actual interest in
unclear subjects, as opposed to just media coverage, and determines the demand for
knowledge between economic agents in reaction to uncertainty events. Ziabina et al.
(2021) used Google Trends and a keyword co-occurrence analysis to examine energy
conservation in the framework of national economic development, with an emphasis
on carbon-free sources. Through an examination of 48,888 publications spanning the
years 2000 to 2022, the authors ascertain that there is not enough agreement among
researchers concerning the principal factors driving the nation’s shift towards an
economy free of carbon emissions. Researchers investigating factors influencing the
rise in energy efficiency in national economies will find value in these findings.

Through sentiment analysis and analysis based on patterns of relative search
volume (RSV) on social platforms, Lineman et al. (2015) investigated public
knowledge of climate change (CC) and global warming (GW). Their research
demonstrated a strong correlation between the public perception of these terms
and information awareness, with greater public perception considerably increasing
awareness. Additionally, depending on the situation, different people had different
emotional reactions to these words. Further using Google Trends data, Lee et al.
(2016) examined the global connectivity of interest in mitigating climate change in
another study. Their 13-year study revealed an increasing trend of global interest
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connectivity, with the US, Canada, and Japan being the main providers of influence on
other nations’ interest in climate change mitigation. The authors recommended giving
priority to these top countries when promoting global climate change mitigation, as
well as developing international policy approaches, based on their findings.

An et al. (2014) mentioned that public support is crucial for actions like reducing
greenhouse gases and preparing for natural disasters; it is important to understand
public perception. However, receiving real-time feedback through surveys can be tough
and expensive. Twitter has become a major platform for discussing various topics,
including climate change, making it a potential resource for studying public opinions.
This paper explores whether mining data from Twitter can help us better understand
how people perceive climate change, especially after experiencing climate-related
disasters. It uses a mix of techniques, like analyzing text, assessing sentiments, and
studying trends over time. The research encourages further investigation into these
areas while also highlighting possible challenges. Loureiro and Alló (2021) suggested
that the COVID-19 pandemic and climate change have a lot in common. However,
in recent months, many climate adaptation and mitigation policies have been put
on hold due to the health emergency. The study focuses on how the recent health
crisis has affected the spread of information about climate change, along with other
factors, like social norms and cultural aspects. To do this, they created a distinctive
dataset that includes how many tweets contain particular keywords related to climate
change in different countries, as well as each country’s cultural influences, social
norms, and socioeconomic traits. The findings show that socio-economic factors like
income, education, and risk-related issues play a significant role in how climate change
information is shared on Twitter. They also discovered that the COVID-19 outbreak
notably reduced the volume of climate change-related messages, delaying the global
discussion of climate change, especially in some vulnerable states. This indicates that
regardless of the ongoing climate crisis, the epidemic negatively impacted short-term
climate policy-planning in states where climate action is utmost needed.

Rana et al. (2022) investigated the rise in urban temperatures and the city’s
vulnerability to heat waves in Pakistan. In the Global South, their proposal for an
index of localized heat wave vulnerability focused on sensitivity, exposure, and
ability to adapt various parameters provides important information for disaster risk
reduction and climate adaptation initiatives. Additionally, to evaluate the perception
of climate change risk and glacial lake outburst floods (GLOF), Aslam et al. (2022)
carried out a study on the Gilgit Baltistan area of Pakistan. Regression analyses and
household surveys indicated that people perceived a higher risk of GLOF than they
did of climate change. People’s perceptions of GLOF were significantly influenced
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by fear, while perceptions of climate change were influenced by factors like gender,
level of education, lifespan, and prior hazard experiences. Developing community
resilience against GLOFs and increasing public awareness require efficient strategies.

Another study was designed to examine worldwide scientific research on
climate change over the past 18 years. It looked at trends, patterns, and methods in
these research papers. The data, spanning from 1992 to 2009, were taken from the
online Science Citation Index Expanded. The study analyzed articles on climate
change by looking at the countries and institutes they came from, their titles,
keywords, and abstracts, and the most-cited papers during the study period. The
analysis of four types of keywords showed that, in the 21st century, the key topics in
climate change research are environment, greenhouse gas, temperature, precipitation,
and biodiversity, while a new method, called phylogeography, may become very
useful soon (Li et al. 2011). According to (Salerno 2023), when people care a lot
about certain issues, like during a big climate crisis, their opinions can strongly
influence what the government does. One way to persuade the government to take
action on climate change is by shaping public opinion. This study looked at how big
news events affect how much people care about climate change. Google Trends has
become a useful tool for measuring changes in public interest, but it only works well
if we adjust the data. In 2019, because of the “Greta Thunberg effect”, the countries
responsible for taking action showed more concern than the ones most affected by
climate change, which was a big change. This created a lot of pressure from the
public for strong climate policies and other actions to tackle the climate crisis.

Hussain et al. (2020) reviewed 330 studies, including governmenta1 reports
and news sources, to assess climate change mitigation and adaptation efforts in
Pakistan and found that from 2012 to 2018, there was a significant reliance on thermal
power generation, with minimal incorporation of renewable energy and a decrease in
hydro energy. Despite awareness campaigns, CO2 concentrations continued to rise,
indicating inadequate governmental policies. The study emphasized the need to replace
outdated technologies with cleaner methods and incentivize carbon capture processes.
Meanwhile, Alvi et al. (2020) focused on perception, motivation, and attitudes toward
energy-saving and climate change mitigation in Bangladesh and Pakistan. Their survey
of 800 respondents in Dhaka and Islamabad revealed poor self-efficacy, cues to act,
and benefit perception among citizens. Wealthier and more educated individuals,
concerned about climate change’s impact, were more inclined to adopt mitigation
measures. The study recommended extensive awareness programs by governments
to educate and motivate citizens about energy conservation and necessary mitigation
actions in both countries.
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2.2. Research Methodology and Data

In this study, the New Uncertainty-based Web Search method for queries
associated with economic uncertainty (EURQ), as described by Bontempi et al. (2021),
is used for Pakistan to propose the climate uncertainty index (CUI). As part of our
methodology, we calculated the number of times a term related to climate was
searched by utilizing Google Trends. Google is offering a free online tool called
Google Trends that lets users examine search data to see how often particular queries
are asked on the search engine operated by Google over time. This provides a
graphical representation of the level of interest in specific keywords. Timeliness and
geographic location can be utilized to focus the search. Although Google Trends
provides insightful information, it has a number of drawbacks. It is less representative
in areas with low internet access because its accuracy is dependent on the number
and demographics of people who use the internet. While external factors may have
an impact on long-term trends, the data is most suitable for short-term, real-time
analysis. Cultural and geographic differences may also affect how data is interpreted.
The use of data from these searches presents ethical and privacy issues, even though
it is anonymized. Lastly, relying too much on Google Trends only may lead to skewed
findings, emphasizing the necessity of using a variety of data sources and analysis
techniques for more trustworthy results (Choi and Varian 2012).

The key difference between our index and the one proposed by (Gavriilidis
2021) is that rather than using extracted keywords from newspaper articles, we used
Google search for our research. This allows data to be directly extracted from an
individual. The observation of an individual’s interest prevents any third-party
perception from being included in the study. We used terms that were similar to
those in the newspaper-based CPU index, but while using these terms, we replaced
the frequency of articles with the intensity of Google searches, which shifted the
focus from media representation to personal interest.

Monthly data from January 2004 to December 2021 was used to create this index.
The terms and queries used in previous research by (Gavriilidis 2021) on measuring
uncertainty regarding climate, as well as keywords taken from other climate-related
articles and studies, are all included in the table below. At first, 56 keywords were
extracted to develop the index (Table 1). However, after careful observation, it was
observed that 11 keywords had an extremely low volume of searches—those marked
with an asterisk (*) sign in Table. This left us with 45 keywords that were used to
create the climate uncertainty index. Data from Google Trends was obtained through
web-scraping. We developed a Python Pytrends module to download Google Trends
data for the set of keywords in Table 1 from January 2004 to December 2021.
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Table 1. Keywords obtained from Google Trends.

S. No. Keywords S. No. Keywords

1 Afforestation 29 Environmental law

2 Atmospheric temperature 30 Environmental policy

3 Biodiversity 31 Environmental protection

4 Bioenergy 32 Environmental risk *

5 Burning coal 33 Floods

6 Burning fuel 34 Forest fires *

7 Carbon dioxide 35 Fossil fuel *

8 Carbon footprint 36 Global environmental change

9 Carbon intensity * 37 Global warming *

10 Chlorofluorocarbons 38 Green energy

11 Climate 39 Greenhouse effect

12 Climate change 40 Greenhouse gas emissions

13 Climate change adaptation 41 Heat stress *

14 Climate change crisis 42 Heat wave

15 Climate change effects 43 Humidity

16 Climate disaster 44 Methane

17 Climate policy 45 Natural disaster

18 Climate risk 46 Nitrous oxide *

19 Cloud burst 47 Ocean acidification *

20 CO2 48 Ozone depletion

21 Combustion 49 Ozone layer

22 Cop26 * 50 Plantation

23 Deforestation 51 Renewable energy

24 Drought 52 Sea level rise *

25 Ecosystem 53 Smog

26 Emissions 54 Solar energy

27 Environment 55 Temperature

28 Environmental degradation * 56 Weather change
Note: An asterisk sign (*) at the end of a keyword indicates a low search volume; thus, this
keyword was excluded when constructing the index. Source: Table by authors; based on
previous literature and already-available climate-related indices.
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To fulfil the study’s secondary goal, which involves estimating the relationship
between GDP, CO2 emissions, and the CUI of Pakistan, the World Bank database
provided the secondary data source for GDP per capita and CO2 emissions per
capita for the years 2004–2021. Due to the unavailability of monthly data on
GDP and CO2 emission, we upgraded the index to an annual frequency before
the empirical analysis.

2.2.1. Generalized Dynamic Principal Component (GDPC)

This study includes the construction of a climate uncertainty index (CUI) using
GDPC, implemented through an R code (R-Language (This works on R version
3.3.0 or higher)). The main reason behind creating an index using GDPC was to
obtain a more accurate index, as GDPC has more advantages than a rival approach,
conventional principal component analysis (PCA). The GDPCA approach differs
from Brillinger’s method in three ways in defining dynamic principal components.
First, the series of generalized dynamic principal components (GDPC) is constructed
without assuming that the series has stationarity. In contrast to Brillinger’s method
which aims to minimize the expected reconstruction MSE, the GDPC reduces the
meaningful reconstruction criterion, for the case, when series under examination is
non-stationary. GDPC need not be a linear combination of original series. Thirdly,
rather than working in the frequency domain, it works directly in the time domain.
GDPC can be used for data compression to reduce the resources needed for data
transmission and storage, signifying its use in spatial statistics where dependence is
significant in the compression of dependent data (Peña and Yohai 2016).

Let us take a time series vector, yt = y1,t, . . . , ym,t, where 1 ≤ t ≥ T. Let Y be the
T × m matrix with rows y1, . . . , yT, where T is the number of periods and m denotes
the number of series. The first dynamic principal component is defined as a vector:

f = ( ft) , k + 1 ≤ t ≥ T

where k = number of lags, so that the mean squared error (MSE) criterion is
satisfied when series Yj,t, 1 ≤ t ≥ T is reconstructed as a linear combination of
( ft−k, . . . , ft−1, ft). In more detail, the reconstruction of the initial series, Yj,t is
defined as

yR,b
j,t ( f , β, α) = αj +

k

∑
h=0

β j,h+1 ft−h (1)

Considering a potential factor of length (T + K) and mx (K + 1) matrix of
coefficients β =

(
β j,h

)
, 1 ≤ j ≤ m, 1 ≤ h ≤ k + 1 and α = (α1, . . . , αm).
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In yR,b
j,t , R represents reconstruction, b represents backward because

reconstruction was determined through applying lags of ft, contrasteb with the
later-described lead-based reconstruction. While reconstructing the m series with
f , β and α, MSE is

MSE ( f , β, α) =
1

Tm

m

∑
j=1

T

∑
t=1

(
zj,t − zR,b

j,t ( f , β, α)
)2

(2)

This yields f̂ ,β̂ ,α̂ as the values that minimize MSE.
Since the model remains the same when we divide ft−h by the same constant

and multiply β j,h+1 by a constant, the value of f̂ is not known. Further, using f̂ with
a mean zero and unit variance, the first GDPC is f̂ . The principal component of data
that is ordinary and non-dynamic is f̂ , where k = 0. The first GDPC of the residuals
is the definition of the second GDPC, given by

rj,t = zj,t − zR,b
j,t

(
f̂ , β̂, α̂

)
, 1 ≤ j ≥ m, 1 ≤ t ≥ T

Similar definitions are used for higher-order GDPC. Note that the reconstruction
of Equation (1) can be written by using leads rather than lags (Peña et al. 2020).

2.2.2. Unit Root Test

To achieve the second objective, a Vector Autoregressive (VAR) model is used
to analyze the relationship between the climate uncertainty index (CUI), GDP,
and CO2 emissions. Before applying the VAR model, it is good to check the
stationarity of all variables (Chang and Park 2003). This is achieved by applying
Augmented Dickey–Fuller (ADF), proposed by Dickey and Fuller (1979, 1981). The
null hypothesis of ADF is that each underlying series has a unit root at this level. The
alternative hypothesis states that the series does not contain a unit root at the level.

For a given time series, Y1 , Y2 , . . . , YN , ADF suggests three different
specifications:

∆Yt = γYt−1 +
p

∑
j−1

(δj ∆Yt−j ) + et

∆Yt = α + γYt−1 +
p

∑
j−1

(δj ∆Yt−j ) + et

∆Yt = α + βt + γYt−1 +
p

∑
j−1

(δj ∆Yt−j ) + et
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where t is time index, intercept is α, and the coefficient of the time-trend is β, while γ

shows the coefficient of the first lag of Yt , and p indicates the optimal number of lags
chosen via AIC. Finally, the white noise error term is denoted by e.

2.2.3. Vector Autoregressive Model (VAR)

The VAR framework treats every variable as endogenous, implying everything
affects everything else and there are very few truly exogenous variables. It can
make accurate predictions and the related impulse response functions, which are
computed based on the moving average representation of the VAR model, can be
used to track the impact of policy changes (Hatemi-J 2008). The study employs the
Vector Autoregressive (VAR) model to assess the relationship among the climate
uncertainty index (CUI), GDP, and CO2 emissions by making use of annual time
series data from 2004 to 2021.

Let Zt =


CUIt

CO2t

GDPt

 be a 3 × 1 vector associating CUIt, CO2t, and GDPt; then,

the VAR (p) is

Zt = A0 +
P

∑
i=1

AiZt−i + εt (3)

where εt is white noise error, A′
i s(i = 1, 2, . . . , p) are coefficient matrices, and p is the

lag-length. Equation (3) can be written in a more simplified form for p = 1 as

CUIt = a01 + a11CUIt−1 + a12CO2t−1 + a13 GDPt−1 + ε1t

CO2t = a02 + a21CUIt−1 + a22CO2t−1 + a23 GDPt−1 + ε2t

GDPt = a03 + a31CUIt−1 + a32CO2t−1 + a33 GDPt−1 + ε3t

where it is assumed that error terms across the above three equations in VAR(1) do
not correlate contemporaneously.

An impulse response function provides the evolution of a variable over a given
time horizon in response to an external shock (usually called an impulse) in a specific
time period (United Nations 2016). The VAR model is estimated and related impulse
responses are generated by an innovation of 1 SD.
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3. Empirical Results

3.1. Climate Uncertainty Index Construction

Search engines and social networking site data may offer intriguing insights
into public interest patterns and trends related to environmental issues, but only after
a rigorous evaluation and validation procedure. This section includes the climate
uncertainty index (CUI) of Pakistan, created based on the searched volume of the
keywords obtained from Google Trends (Table 1).

Figure 1 shows the climate uncertainty index (CUI) constructed via PCA for
non-normalized (a) and normalized data (b), while the same index was constructed
via conventional PCA for non-normalized (c) and normalized data (d). Note that
conventional PCA is used as a comparison and robustness check for the newly
introduced novel GDPCA approach. For the second objective, we used the climate
uncertainty index constructed via the GDPCA method due to its several advantages
over the conventional rival.

Table 2. Results of the ADF test.

At Levels 1st Difference
Variable

ADF-Statistic p-Value ADF-Statistic p-Value

CO2 emissions −0.611 0.8436 −2.636 0.1064

CUI −5.93 0.0001 - -

GDP −0.525 0.863 −3.361 0.029
Source: Table by authors.

3.2. Unit Root Testing

The results of the ADF unit root test are provided in Table 2. The findings in
Table 2 suggest that CUI is stationary at levels, while both CO2 emissions and GDP
are non-stationary at levels but first show a difference. Thus, one can say that CUI is
integrated in order 1, while both CO2 emissions and GDP are integrated in order 2.
During VAR, these non-stationary series were converted to stationary by taking their
first difference.
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Figure 1. Climate uncertainty index for Pakistan. (a) Climate uncertainty index using PCA (non-normalized data); (b)
climate uncertainty index using PCA (normalized data); (c) climate uncertainty index using GDPCA (non-normalized
data); (d) climate uncertainty index using GDPCA (non-normalized data). Source: Figure by authors.
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3.3. Estimation of VAR Model

The next step is to use the VAR model to assess the relationship between all three
candidate variables. The order of VAR is chosen via AIC, resulting in the VAR(1)
model (Table 3).

Table 3. Results of the VAR(1) model.

Dependent Variable
Variable

CO2 CUI GDP

Constant

−0.0008 −0.12 −307.3

(0.01) (0.12) (1224.3)

[−0.04] [−1.01] [−0.25]

CO2(−1)
−0.12 −1.74 −1441.3

(0.30) (2.25) (21,659.1)

[−0.38] [−0.77] [−0.06]

CUI(−1)
0.009 −0.56 85.04

(0.01) (0.12) (1191.2)

[0.58] [−4.53] [0.07]

GDP(−1)
−9.26 −5.45 0.58

(6.30) (4.60) (0.44)

[−0.14] [−1.18] [−1.88]

Adj R-squared 0.21 0.56 0.09

S.E. equation 0.06 0.47 4564.3

F-statistic 0.17 7.17 0.61

Log likelihood −22.04 −7.77 −145.3

Akaike AIC −2.40 1.57 19.9
Note: SEs in ( ) and t-stats in [ ]. Source: Table by authors.

3.4. Impulse Response

The impulse response functions provided in Figure 2a–f are generated, showing
one SD innovation (shock) with ±2SE error bands using asymptotic SEs. Specifically,
Figure 2a presents the response of CUI when one SD shock is given to CO2. The
impact is negative in periods 1–2. After the second period, the index shows a rise in
periods 2–3. After the third period, there is a decline in the CU index until the fourth
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period, which shows more uncertainty, but later, in period 6 onward, it converges
back to 0 and the effect of the innovation dies out.
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Figure 2. Impulse response functions for a unit SD innovation. Source: Figure
by author.

Figure 2b shows the response of CO2 when one SD shock is given to CUI. It is
noted that CO2 is positive at first, then keeps changing, but ultimately converges
back to 0. In short, Figure 2a,b show that CO2 emissions have a strong and negative
impact on the climate uncertainty index. However, if there is an innovation of one
SD in climate uncertainty, a positive impact can be seen on CO2 emissions. More
uncertainty regarding the climate leads to an increase in CO2 emissions.
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Figure 2c shows the impact of one SD shock on GDP to CUI indicating that a
one SD shock in Pakistan’s GDP lowers the climate uncertainty in periods 1–2. Then,
there is a rise in the climate uncertainty index from periods 2–3 and a sharp decline
from period 3 to four, showing more uncertainty. Due to a shock to Pakistan’s GDP,
the country’s climate uncertainty index fluctuated for five periods before returning
to zero. The impact of the shock on GDP to CUI matches the impulse response of
the previous study by Lin and Zhao (2023), in which a newspaper-based approach
was applied.

Figure 2d portrays that the impact of one standard-deviation shock in the climate
uncertainty index on the GDP of Pakistan. Initially, a shock of one SD on the climate
uncertainty index leads to an increase in GDP for one period; after that, it decreases
from period 2 to period 3, but after period 4, the effect of shock dies out.

Figure 2e shows the impact of a unit shock to GDP on CO2 suggesting a negative
impact on CO2 emissions but for a short period, and after that, it starts to increase and
converges back to 0. In Figure 2f, an impulse response of a unit SD shock to carbon
emissions shows a negative impact on GDP in early periods but then it fades out.

4. Discussion

The aim of this study was to fill the knowledge gap and create a climate
uncertainty index (CUI) for Pakistan, for the first time to the best of the authors’
knowledge, by quantifying public concerns and uncertainties about climate issues in
Pakistan. In addition, the study examines the nexus among climate uncertainty, CO2

emissions, and economic growth for Pakistan. Specifically, the CUI is constructed
by employing state-of-the-art generalized dynamic principal component analysis
(GDPCA) and the conventional PCA method. GDPCA has the advantage of working
well even when the data series are non-stationary over the conventional PCA.

Furthermore, this newly developed index may help practitioners in assessing
its relationship with other related variables other than CO2 emissions and economic
growth. It is essential to consider the associated uncertainties as well as risks related
to climate activities while assessing the impact of climate change on economic as well
as financial markets. The policy decisions made by governments related to climate
change are characterized by substantial uncertainty in terms of their nature, impact,
and timing. As shown in Lee and Cho (2023), the climate policy uncertainty and
climate uncertainty indices (developed using Twitter-based data for China) indicate
an increase because of a variety of events such as alerts about glaciers melting in
China, conferences about climate change by the United Nations, and presidential
declarations on climate change.
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As a second objective, the present study makes use of a vector autoregressive
model to examine the relationship among carbon dioxide emissions, economic
growth, and the CUI. The empirical findings highlight significant dynamics of
the developed climate uncertainty index. Any external shock that raises climate
uncertainty is linked to an increase in CO2 emissions, indicating that increased
uncertainty could make it more difficult to take effective environmental action. On
the other hand, climate uncertainty tends to decrease with a positive shock to GDP
growth, suggesting that economic stability may help ease people’s concerns of climate
threats. It is interesting to note that rising levels of the climate uncertainty index
themselves seem to boost economic expansion in Pakistan, which demonstrates the
intricate relationships between economic activity and perceptions of the climate.

The positive relationship between economic growth and the CUI suggests
that any shock to the CUI—for example, an increase in climate uncertainty—may
lead the government to promote short-term economic activity, say by increasing
expenditure on disaster relief, infrastructure, and green energy. A higher level of
climate uncertainty may also impact the behavior of businesses and consumers,
where consumption may increase in the short term rather than saving for the long
term. It may help in attracting foreign climate finance, boosting economic growth.
This indicates the importance of the climate uncertainty index, which paves the way
for uncertainties associated with the climate’s impact on environmental outcomes
and economic growth.

5. Conclusions

Predicting climate uncertainty is central in the environmental literature.
Compared to developed nations, developing nations like Pakistan, whose economy
depends heavily on agriculture, are more vulnerable to the effects of climate change.
Climate change is simultaneously causing flooding, temperature increase, sea level
rise, and droughts in Pakistan. Quantifying the overall level of uncertainty related to
climate change is extremely important because it aids decision-making for investors
and policymakers. This study takes the lead and develops a new climate uncertainty
index (CUI) for Pakistan based on Google Trends monthly data on several important
keywords related to climate. An important advantage of this index over the existing
index developed by Gavriilidis (2021) for the US is that instead of using keywords
extracted from newspaper articles, the intensity of Google searches is used, allowing
a direct extraction of data from individuals rather than a third-party perception, thus
shifting focus from media representation to personal interest. In addition, the nexus
between CUI, CO2 emissions, and growth via a VAR framework and the related
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impulse response functions is examined. The results of the analysis indicate that any
external shock to climate uncertainty leads to an increase in CO2 emissions. Further,
a shock in GDP (growth) will lead to a decline in climate uncertainty, but a shock in
CUI will lead to an increase in the growth of Pakistan.

The climate uncertainty index developed using Google Trends provides
policymakers with a useful, up-to-date tool for measuring public concern related
to climate issues. Including this index in systems for early warning can assist
governments in predicting public responses during high-risk events, such as extreme
heat waves or monsoon periods. A timelier allocation of resources and emergency
preparedness for disasters may result from this. Moreover, the impact of outreach
could be enhanced by scheduling campaigns to raise public awareness during times
when search activity is at its highest. Climate action plans that are location-specific
and targeted may also be influenced by regional CUI trends.

Despite its useful insights, the CUI has drawbacks. It may not include people
who live in remote areas or who are not connected to the internet because it only
records the behavior of internet users. Media coverage or world events may influence
local interpretations, and Google Trends shows a relative rather than an absolute
search interest. Over time, algorithm changes may also have an impact on data
consistency. To increase the index’s credibility, future studies could compare it
to survey results or timelines of climate events. A comparative analysis could be
possible if the index is extended to other nations. While incorporating social media
data can improve its responsiveness and depth, machine learning can also improve
keyword selection. These actions will make the CUI more acceptable and reliable
as well.

This study concludes that relatively expensive and logistically difficult survey
techniques have been used to examine the behaviors, expertise, and perspectives of
citizens and important decision-makers; however, our study encourages researchers
to use platforms such as Google trends, social media platforms, and Twitter for data
collection, which shows direct opinions of the public, and determine public interest in
a particular topic. These platforms can also be used for analysis of opinions and time
series methods. Additionally, the climate uncertainty index will be helpful in future
research to investigate the effects of climate uncertainty on energy consumption
and GHG emissions. Another promising research area is the examination of how
uncertainty in climate policy affects businesses in climate-vulnerable sectors, such as
transportation, energy, and mining. To sum up, our study highlights the significance
of considering climate uncertainty in thorough evaluations of climate change and
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policy development, opening the door to better inform individuals of and implement
practical approaches to one of the most critical issues of our day.
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