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Abstract: - This study investigates the determinants of CO2 emissions in Azerbaijan’s manufacturing and
construction sector (MC), focusing on the roles of energy intensity, output scale, and investment. Using annual
time-series data for the period 2007-2023, we apply the ARDL-ECM model, which is suitable for mixed
integration orders and small samples. Structural breaks related to the national currency devaluation in 2015 and
the COVID-19 pandemic during 2020-2022 are controlled for through dummy variables. The ARDL results
confirm the existence of a stable long-run relationship between MC emissions, energy intensity, output volume,
and investment. In the baseline specification, both energy intensity and output volume have a positive and
statistically significant effect on CO2 emissions. The findings also confirm the dominance of scale and
technique channels. Specifically, increased economic activity and higher energy use per unit of output lead to
higher CO, emissions in the MC sector in both the short and long run. In contrast, investment is negatively
associated with emissions. This suggests that capital deepening in this sectoral aggregate is more aligned with
modernization and efficiency-enhancing upgrades rather than purely capacity-expanding effects. The error
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correction term (ECM) is negative and highly significant, indicating a rapid adjustment toward long-run

equilibrium following shocks.
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1 Introduction

Improving energy efficiency and advancing the
decarbonization agenda have become strategic
factors that simultaneously reshape competitiveness,
cost structures, and market access conditions in
energy-intensive sectors such as manufacturing and
construction. As energy price shocks, supply chain
disruptions, and tightening emission constraints
intensify, the ability to carry out the same level of
economic activity with lower energy consumption
becomes crucial for both firm-level productivity and
sector-level green transition outcomes.

In the context of Azerbaijan, the issue is even more
sensitive. While the non-oil diversification strategy
has stimulated the expansion of manufacturing and
construction activities, these sectors may exhibit
unstable trajectories in terms of investment cycles
and energy use under the influence of recurrent
macroeconomic shocks. In particular, two episodes
may have altered the regime of relationships. The
first is the 2015 devaluation of the Azerbaijani
manat, and the second is the COVID-19 pandemic
shock during 2020-2022. Therefore, assessing short-
and long-run effects requires a flexible time-series
methodology that accounts for structural breaks.

The empirical “measurement unit” (dependent
variable) of this study is the emissions indicator for
the ‘“Manufacturing and construction” sectors.
Specifically, the emissions series used is presented as
the “Manufacturing and construction” category based
on disaggregated annual sectoral emissions [1], and
is transformed into its natural logarithmic form
(InCO, ) for the analysis. This choice offers two
main advantages. First, by jointly covering the
energy-intensive segments of the manufacturing and
construction real sectors, it allows the “scale” and
“technique” effects to be tracked within a broader
sectoral framework. Second, it enables capturing the
additional channel through which the energy use and
price dynamics of the construction sector influence
the emissions trajectory. At the same time, the
interpretation limits of this aggregation are explicitly
acknowledged in the “limitations of the research”
section.

The main objective of this article is to evaluate

the roles of energy intensity, economic scale
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(output), and investment in CO, emissions (INCO; )
of the manufacturing—construction sector in both the
short and long run, and to demonstrate how these
elasticities can be translated into policy instruments
when structural breaks are taken into account. For
this purpose, the ARDL-ECM framework is
employed because: a) it has practical advantages in
small samples where variables may be a mixture of
1(0) and I(1); b) it separates short-run shock effects
from the long-run equilibrium relationship; and c) it
directly measures the speed of adjustment toward
equilibrium (ECT).

1.1 Research Questions and Hypotheses
This study formulates the following research
guestions (RQ) and testable hypotheses (H):

RQ1: How do changes in energy intensity affect
CO, emissions in the manufacturing—construction
sector in the short and long run?

RQ2: With what elasticity is sectoral activity
(output) transmitted to emissions, and does this effect
change after structural breaks?

RQ3: Through which channels does an increase in
investment affect CO2 emissions: a) via the capacity
expansion channel (positive effect), or b) via the
modernization/efficiency channel (negative effect)?

RQ4: How do the 2015 devaluation and the
COVID-19 pandemic shock affect the level of
relationships and the dynamics of adjustment toward
equilibrium?

Hypotheses:

H1: An increase in energy intensity leads to
higher CO, emissions in the manufacturing—
construction sector (B(logEI) > 0).

H2: As output (scale) increases, CO2 emissions also
increase (B(logY) > 0).

H3: The long-run effect of investment reduces
emissions through the modernization/efficiency
channel (B(logINV) < 0), while its short-run effect
may be ambiguous.

H4: If structural breaks (the 2015 devaluation and
the COVID-19 pandemic during 2020-2022) are not
accounted for, long-run elasticities may be biased;
when dummies are included, the error correction
term (ECT) should be negative and statistically
significant.
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1.2 Contribution and Novelty
The contribution of this study can be summarized in
four main aspects.

First, focusing on Azerbaijan, it evaluates the

determinants of CO2 emissions within a unified
mechanism linking energy intensity, output, and
investment, based on the “manufacturing and
construction” emissions series that captures energy-
intensive segments of the real sector, using the
ARDL-ECM framework.
Second, by modeling the 2015 devaluation and the
COVID-19 shock as structural breaks, the study
seeks to prevent the “leakage” of short-run shock
effects into long-run equilibrium elasticities and tests
the robustness of results through diagnostic checks
(stability, specification, and residual diagnostics).

Third, without imposing an a priori assumption
on the sign of investment, the study empirically

distinguishes whether the investment—-emissions
relationship is more consistent with the
modernization (decarbonization) channel or the

capacity expansion (scale) channel in both the short
and long run.

Fourth, it translates the estimated long-run
elasticities into a measurable policy framework: the
impact of a 1% improvement in energy intensity on
emissions, the potential “decarbonization dividend”
of investment waves, and the magnitude of the
output—emissions trade-off, thereby informing the
prioritization of policy actions.

2 Literature Review

The literature explaining the relationship between
CO2 emissions and economic activity is mainly built
around three mechanisms: a) scale effects; b)
technique effects; and c) composition effects. The
scale effect suggests that as economic activity and
output increase, energy demand — and consequently
emissions — also rise. In contrast, the technique effect
emphasizes that improvements in technology, energy
efficiency, and management quality enable
production with lower energy use and fewer
emissions for the same level of output. The
composition effect refers to structural shifts in the
economy from energy- and carbon-intensive sectors
toward less emission-intensive activities. Recent
empirical literature tests these mechanisms using
STIRPAT, LMDI, and dynamic time-series models,
showing that energy intensity and the level of
economic activity are among the most consistent
determinants of carbon emissions [2], [3], [4], [5],

[6].
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This framework is particularly important for the
present study because the dependent variable is
constructed based on the “manufacturing and
construction” aggregate. This implies that the
dynamics of emissions are shaped not only by energy
use in manufacturing but also by the direct and
indirect carbon impacts of construction activities.
The construction sector generates substantial
emissions both directly — through fuel and electricity
consumption — and indirectly via material supply
chains such as cement, metals, glass, and other
inputs. Therefore, emissions behavior within the
“manufacturing + construction” aggregate reflects a
more complex real-sector mechanism where scale,
technique, and composition channels intersect [7],
[8], [9], [10].

Energy intensity is widely regarded in the
literature as a compact indicator of technological
backwardness, process inefficiency, and the quality
of resource use. Numerous studies conducted at both
macro and sectoral levels show that higher energy
intensity is typically associated with increased CO,
emissions, while improvements in energy efficiency
represent one of the most direct channels for
decarbonization. For OECD countries, [11],
demonstrates that energy efficiency plays a
significant role in reducing emissions. [12], argue
that there is a positive long-run relationship between
energy intensity and CO2 emissions. More recent
evidence confirms similar findings, indicating that
labor—capital clustering can mitigate emissions by
reducing energy intensity [6].

Energy intensity plays a particularly critical role
in energy-intensive sectors such as manufacturing
and construction. [13], shows that energy intensity in
production sectors is closely related to -capital
formation, prices, and sectoral development. Studies
on embodied energy intensity in the construction
sector further demonstrate that energy intensity
determines the emissions trajectory not only at the
operational stage but also throughout material
production and supply chains [8]. Therefore, for the
“manufacturing and construction” aggregate, a
positive emissions elasticity of energy intensity is
theoretically and empirically expected.

The role of economic scale in increasing carbon
emissions is one of the most robust findings in the
literature. Energy use, industrial expansion, and
growth in real output are typically associated with
higher emissions. [2], finds a strong relationship
between energy use, economic growth, and CO2
emissions across global and regional samples. [3],
Emphasize the dynamic and interdependent nature of
the energy-emissions-growth nexus across country
groups. [4], show that urbanization and economic
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development contribute to rising emissions in lower-
income countries. These findings suggest that as the
real sector expands, the scale effect may dominate
the technique effect unless technological and
structural changes are sufficiently strong.

Construction activity plays a specific role within
this scale effect. The expansion of infrastructure and
residential construction not only increases energy
demand within the sector itself but also generates
indirect emission channels by raising demand for
cement, steel, and other materials. [7] and [9],
demonstrate that construction — and particularly the
cement supply chain — is a strategic area for carbon
mitigation.

The impact of investment on emissions is not
unambiguous in the literature. On the one hand,
capital formation can increase emissions by creating
new capacity, expansion, and higher levels of
production. On the other hand, investment may
reduce emissions through the replacement of
outdated equipment, energy efficiency projects,
technological modernization, and the formation of
green capital. Therefore, the sign of investment
depends on the country’s technological level, the
sectoral allocation of investment, and institutional
quality.

[13], emphasizes the role of capital formation in
sectoral energy intensity. [14], use gross fixed capital
formation as an important control variable in the
energy-growth-emissions nexus. More recent studies
also identify both emission-increasing and emission-
reducing channels of capital formation [15], [16],
[17]. If investment is directed toward energy-
efficient technologies, cleaner production, and
improved construction standards, its long-run effect
may be negative. This highlights the “capacity versus
efficiency” dilemma, particularly in transition
economies.

One of the key distinguishing features of the
present study is the use of the “manufacturing and
construction” aggregate as the emissions indicator.
This choice addresses a frequently noted issue in the
literature: the construction sector and its supply chain
account for a significant share of industrial
emissions. Due to its material- and project-intensive
nature, construction should not be viewed merely as
a service or assembly activity, but also as a strong
derived demand component of industrial and energy
systems. Therefore, analyses of industrial emissions
that exclude the construction component may
provide incomplete assessments of scale and
investment effects.

In recent years, a rapidly growing body of
literature has emerged in this field. [7], analyze life-
cycle emissions and their drivers in China’s
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construction sector. [8], examine embodied energy
intensity in the global construction industry. [9],
forecast future carbon emissions from cement
production in developing countries. [10], provide a
comprehensive review of building lifecycle carbon
emissions. These studies demonstrate that the
construction component is not merely additional
“noise” but rather a core mechanism in emission
models.

The ARDL/ECM approach is widely used in
analyzing the relationships between energy,
economic growth, and emissions, as it allows for
handling variables with mixed orders of integration
and distinguishes between short- and long-run
effects. [18], establish the theoretical foundations of
the ARDL model through the bounds testing
approach, while, [19], highlight its flexibility for
cointegration analysis. In the emissions literature,
this approach is particularly practical for small-
sample annual time-series data.

Applied studies further support this. [20], finds a
relationship  between CO2 emissions, energy
consumption, and economic growth using ARDL.
[21], test the pollution haven hypothesis for China
using a structural break ARDL approach. [15],
investigate both symmetric and asymmetric
relationships between capital formation and carbon
emissions within the ARDL framework.

Although the existing literature extensively
examines the relationship between energy intensity,
economic activity, and emissions, there is limited
analysis for Azerbaijan focusing on the
“manufacturing and construction” aggregate within
an ARDL/ECM framework that accounts for
structural breaks. Most studies either focus on
aggregate CO2 emissions at the macro level or treat
manufacturing and construction jointly within a
broader industrial category rather than as a distinct
analytical unit. Moreover, the “modernization versus
capacity expansion” duality of investment effects on
emissions has not been sufficiently tested empirically
in the Azerbaijani context.

3 Data & Variables

This study is based on annual time-series data and
evaluates the determinants of CO, (more precisely,
GHG/CO, -equivalent) emissions for the energy-
intensive segment of Azerbaijan’s real sector. The
dependent variable is the emissions series for the
“manufacturing and construction” category. This
series is obtained from the Our World in Data
(OWID) database, specifically from the “GHG
emissions by sector” dataset, where emissions are
reported in CO, -equivalent tons based on the 100-
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year global warming potential (GWP100). In the
analysis, the variable is log-transformed and used as
InCO, . Additional data including energy
consumption, investment, output, and price indices —
are obtained from the official website of the State
Statistical Committee of Azerbaijan, [22], [23], [24].

All quantitative variables used in the model are
transformed into their natural logarithmic form so
that the estimated coefficients can be interpreted as
elasticities. Energy intensity is constructed based on
the principle of sectoral consistency: since the
dependent variable is  “manufacturing and
construction,” the energy use series should, as far as
possible, capture energy consumption in both
manufacturing and construction.

The baseline is taken from the AzStat energy
balance table “Energy consumption of energy
products in industrial sectors” (in physical units). If a
separate series for “Energy consumption in
construction” is available in the same units, total
sectoral energy use is calculated as E(MC) =
E(M) + E(C) to improve consistency. Otherwise,
E(M) is used as a proxy for the real-sector emissions
aggregate, and this limitation is explicitly
acknowledged.

The scale variable Y is constructed as a
composite measure of real output in the
manufacturing and construction sectors. Specifically,
real output in manufacturing Y (M) is calculated
using the Producer Price Index (PPI) for
manufacturing with the base year 2000, while real
output in construction Y(C) is derived using the
construction cost index with the base year 2007. The
total real output is then obtained as the sum of the
two components: Y = Y(M) + Y(C)

The energy intensity (EI) indicator is calculated as
El = E(MC)/Y(MC) and is incorporated into the
model in logarithmic form.

The investment (INV) variable represents real
investment in the “manufacturing and construction”
sector. The ftransition from nominal to real
investment series is carried out using a deflator
constructed with the base year 2000.

Structural breaks. Dummy variables are included
to capture structural shocks: Dzos for the 2015
devaluation (step dummy: 2015-2023 = 1; otherwise
0) and Doy for the COVID episode (2020-2022 = 1;
otherwise 0). This helps prevent bias in the estimated
coefficients arising from regime shifts.

4 Methodology
This study evaluates the determinants of CO,
emissions in Azerbaijan’s “manufacturing and
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construction” (MC) sector using the ARDL/ECM
approach. The ARDL framework is chosen for three
main reasons. First, in annual time-series data,
variables often exhibit mixed orders of integration
(1(0) and 1(1)), and ARDL can accommodate such a
structure as long as none of the variables is 1(2).
Second, the ECM representation of ARDL allows for
separating short-run effects from the long-run
equilibrium relationship. Third, in small samples
(annual data), ARDL provides a practical way to
construct parsimonious specifications and to apply
the cointegration (bounds) testing procedure.

In the baseline model, the dependent variable is
specified as [nCO2,. The independent variables
include output (InY;), energy intensity (InEl,),
investment (InINV;), and structural break dummy
variables (D15, Dcoy)-

The baseline ARDL is as (1)

InCO2¢ = ag + X7_1 Bi * InCO2_; +¥IL, y; *
lnYt—j"‘ZZZ:o Oy * lnEit—k"‘ZEg py* ININVe_+@q *
D2015; +¢@, * DCOV,+¢,

1)

Here, &; is a white-noise error term. Short-run
dynamics are captured through lagged differences,
while the long-run relationship is identified through
level terms.

The ECM representation of the ARDL model
combines short-run adjustments and the speed of
return to equilibrium within a single equation. The
general ECM form of the ARDL model is as (2) and

3).

AlnCO2; = ay + Zf;ll Bi *
AlnCO2,_+3 11 y;  AlnY,_j+¥{2 " 6 +
AlnEl,_+¥580 1 py * AInINV,_+@, * InCO2,_; +
@, * InY,_1+@3 x INEl,_ + @4 * MINV,_; + w; *
D2015;+w, * DCOV; + &;

)

Here, Hy: o1 = @2 = @3 = @4

AlnCO2; = ay + Y7 B *
AlnCO2,_+% 11 y; « AlnY,_j+ X2 " 6 +
AIET,_i +X%251 py + AININV,_ +wq *
D2015t+(1)2 * DCOVt + Ty * ECTt_l + Et

3)
Here, ECT;_, is the error correction term that
represents the deviation from the long-run

equilibrium and is defined as (4)
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ECT;_1=InC02;_; —(6y + 0, * InY;_,-0, *

lTlEIt_l '93 * lnINVt_l (4)
Here, 0, = — 22,0, = — 23,9, = - &

1 @1’ 2 @1’ 3 P1

The parameter t represents the speed of

adjustment toward equilibrium and is theoretically
expected to be negative (t < 0). As t increases, the
system returns more rapidly to its equilibrium path
after shocks.

5 Results

5.1 Descriptive Statistics

This subsection presents the descriptive statistics and
the pairwise correlation structure of the main
variables used in the model (LOGCO, , El, LOGY,
LOGINV). The sample covers the period 20072023
(17 observations). The descriptive statistics (mean,
standard deviation, minimum, and maximum) are
reported in Table 1, while the correlation matrix is
presented in Table 2.
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root test results at levels and first differences are
summarized in Table 3 and Table 4, respectively.

Table 3. Unit-root tests (levels)

Varia AD AD KP KPS ZA ZA ZA((
ble F F(p) SS S(p) (sta (p) reak
(sta (sta t) year)
t) t)
LOG | - 0.04 0.1 0.100 - 0.0 2015
CO2 (29 09 214 0 9.7 000
403 743
LOG | - 0.01 04 0.044 2012
Y 33 21 857 9
674
logél | 1.3 099 06 0.018 - 0.2 2014
663 70 450 6 4.0 993
871
LOG | - 0.36 0.1 0.100 - 0.7 2011
INV 18 66 892 0 33 754
281 374

Source: Calculated by the authors using EViews-12

Table 4. Unit-root tests (first differences)

Table 1. Descriptive statistics (2007—-2023)
Variabl Mean Std. Min Max Ob
e Dev. S
LOGC | 145623 0.2126 14.1229 14.8451 17
02 16 60 95 30
El - 0.3547 - - 17

6.94013 48 7.48098 6.16996

5 2 0
LOGY | 22.8564 0.2371 22.3461 23.1007 17

40 29 35 36
LOGIN | 21.9228 0.2287 21.4941 22.2982 17
\ 01 22 93 78
Source: Calculated by the authors using EViews-12

Table 2. Correlation matrix
LOGCO2 EI LOGY LOGINV

LOGCO2 | 1.0000 -0.1542 0.2789  -0.0229
El -0.1542 1.0000 -0.8745 -0.3155
LOGY | 0.2789 -0.8745 1.0000 0.6826
LOGINV | -0.0229 -0.3155 0.6826  1.0000

Source: Calculated by the authors using EViews-12

5.2 Stationarity and Order of Integration

For the application of the ARDL/ECM approach, the
variables must be integrated of order 1(0) or 1(1), but
not I1(2). To this end, three sets of tests are employed:
the ADF test (Ho: unit root), the KPSS test (H, :
stationarity), and the Zivot-Andrews (ZA) test, which
accounts for structural breaks (Ho : unit root with
break; Ho: trend/stationarity with break). The unit-
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Varia. AD AD KP KP ZA ZA ZA(b
ble F F(p) SS SS (stat (p) reak
(sta (sta (p) ) year)
t) t)
LOG | - 000 00 01 - - -
CO2 |53 00 788 000
065
LOG | - 083 02 01 - 0.0 2013
Y 0.7 94 382 000 000
280
logEl | - 028 02 01 - 0.0 2020
19 78 860 000 26.8 000
972 492
LOGI | - 005 03 01 - 0.0 2015
NV 28 24 447 000 5.07 222
430 92

Source: Calculated by the authors using EViews-12

The interpretation is based on the different null
hypotheses of the two tests: ADF tests for the
presence of a unit root, while KPSS tests for
stationarity. Therefore, in small samples (T = 17),
ADF and KPSS may sometimes provide conflicting
signals. In particular, for LOGY, the ADF test rejects
the unit root at levels (p = 0.0121), whereas the
KPSS test rejects the null of stationarity at a
borderline level (p = 0.0449). This contradiction
suggests two possibilities: a) LOGY may follow a
near-unit-root process at levels, with KPSS being
more sensitive; or b) the series may contain a trend
or structural break that is not fully captured by the
standard ADF/KPSS specifications. For this reason,
the decision regarding LOGY is not based on a
single test but on a combined interpretation of the
test package. The key requirement for the ARDL
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approach is that no variable is integrated of order
I(2). Considering the sensitivity of LOGY’s
stationarity, appropriate lag selection and the
inclusion of D2015 and DCOV are implemented. In
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significance of the level terms in the conditional
ECM equation.

Table 6. ARDL bounds test: critical values and

the robustness section, the stability of results is decision

further tested using alternative trend specifications Source Sig I(0 I(1 Com Decisio Implic

and lag limits. nif. ) ) pare n ation
with

5.3 Model Selection F .

The Model Selection Criteria table indicates that the f‘symp 10020 30 F>  Cointegr Long-
e . . . otic % 80 00 (1) ation run
specification with the lowest Akaike Information (n=100 e

Criterion (AIC*) corresponds to the ) ship
ARDL(1,1,0,0,1,1) model (AIC* = —0.994479; BIC support
=—0.511611; Included observations = 16). However, ed
as the baseline model, we adopt the Asymp | 5% 23 33 F> Cointegr  Long-
ARDL(1,0,0,0,0,0) specification (AIC* = —0.644; totic 9 80 I(1) ation run
BIC = —0.306; Included observations = 16) (Table  (n=100 relation
5). The ARDL(1,0,0,0,0,0) model implies that one ~ 0) ship
lag of the dependent variable (LOGCO, (-1)) sgpport
captures inertia in emissions o_lynamics, wh_ile t_he Asymp | 25 27 37 F> Cointegr eLong_
effects of the explanatory variables are primarily ot % 00 30 I1) . -
contemporaneous (0 lag). In small samples, (n=100 relation
unnecessary lags increase the number of parameters 0) ship
and are penalized by information criteria such as AIC support
and BIC, which tend to favor more parsimonious ed
specifications. This choice allows for a clearer ~ Asymp | 1% 30 41 F> Cointegr  Long-
interpretation of short- and long-run effects in the  totic 60 50 I(1)  ation run -
subsequent ARDL/ECM  representation. The  (n=100 relation
ARDL(1,1,0,0,1,1) model is retained for robustness ~ ©) ship
analysis. ngport
. . . Finite |10 23 34 F> Cointegr  Long-
Table 5. Model selection summary (information sample | % 31 17 I(1)  ation run
criteria) (n=35) relation
Max lag Selected Includ AIC* BIC ship
(annual) ARDL ed obs. support
ed
Finite |5% 28 40 F> Cointegr  Long-
Baseline: | ARDL(1,0,0,0, 16 - - ?2:’“3"5')6 04 13 1)  ation o on
0,0) 0.6441 0.3061 .

72 64 ship
support
ed

Robustne | ARDL(1,1,0,0, 16 - - Finite | 1% 39 54 [I(0)< Inconclu Use
SS: 1,1) 0.9944 0.5116 sample 00 19 F< sive additio

79 11 (n=35) 1(1) nal
evidenc
e (ECT,
stabilit

Source: Calculated by the authors using EViews-12 y)
Finite |10 24 35 F> Cointegr  Long-
5.4 Bounds test for Cointegration sample | % 07 17 I(1) ation run
In the ARDL(1,0,0,0,0,0) model, the existence of a  (n=30) relation
long-run (level) relationship is tested using the [18], ship
[19] ARDL bounds test. The null hypothesis Ho “no Zlépport
e e palvae Fmte |5k 20 41 E>  coney Lo
' ] sample 10 93 I(1) ation run
E-ISSN: 2224-3496 868 Volume 22, 2026
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relation
ship
support
ed

Use
additio
nal
evidenc
e (ECT,
stabilit
y)

(n=30)

1% 4.1

34

5.7
61

Inconclu
sive

Finite
sample
(n=30)

1(0) <
F<
1(1)

Source: Calculated by the authors using EViews-12

The results of the bounds test are presented in
Table 6. Based on the obtained results, the F-statistic
is 4.416890 (k = 5), with a sample size of n = 16.
The F-statistic supports cointegration even at the 1%
significance level under asymptotic critical values
(4.4169 > 4.15). Under small-sample critical values,
the result supports cointegration at least at the 5%
level (for n = 35: 4.4169 > 4.013; for n = 30: 4.4169
> 4.193). Therefore, the existence of a long-run
equilibrium relationship between InCO, , InEl, InY,
InINV, and the control variables is confirmed for the
baseline model.

5.5 Baseline ARDL results (short-run) and
long-run coefficients

Table 7. Baseline ARDL(1,0,0,0,0,0) short-run
coefficients (Dependent variable: LOGCO2)

Mayis Gulaliyev, Gulsura Mehdiyeva,
Irshad Abbasov, Mehriban Zeynalova, Ziya Guliyev

increase in energy intensity leads to approximately a
1.6% increase in emissions. The effect of output
(LOGY) is also positive and strong (p=3.246;
p=0.0007), confirming the scale effect. The
coefficient of investment (LOGINV) is negative and
significant (p=—1.651; p=0.0009), suggesting that
investment in this sample is more aligned with the
modernization/efficiency  channel. The 2015
devaluation and COVID dummy variables do not
show a statistically significant effect in the baseline
specification. Instead, they primarily serve to control
for potential level effects associated with regime
shifts.

Table 8. Long-run coefficients (Levels Equation) for

Regressor ~ Coefficien  Std. t-Stat. p-
t Error value
LOGCO2( | 0.229476  0.16383 1.40061 0.194
-1) 9 8 8
LOGEI 1.598536  0.38903 4.10894  0.002
8 2 6
LOGINV | -1.651096 0.33795 - 0.000
8 488550 9
2
LOGY 3.245991  0.64017 5.07048 0.000
3 6 7
D2015 0.055168  0.06804 0.81071 0.438
9 1 4
DCOV 0.001288  0.06800 0.01894  0.985
2 8 3
C - 6.49987 - 0.038
15.695340 4 241471 9
4

Source: Calculated by the authors using EViews-12

The specification of this model yields R>=0.714,
Adj.R?>=0.523, SER=0.151, AIC=-0.644, BIC=-
0.306, DW=2.922, and n=16 (2008-2023, adjusted).
The short-run results clearly reveal the main
mechanisms (Table 7). The coefficient of energy
intensity (LOGEI) is positive and statistically
significant ($=1.599; p=0.0026), indicating that a 1%
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ARDL(1,0,0,0,0,0)
Regressor Long- Std. t-Stat. p-
run coef. Error value
LOGEI 2.074610 0.651461 3.18454 0.011
8 1
LOGINVES | - 0.555591 - 0.003
T 2.142824 3.85683 9
7
LOGY 4212707 1.162501 3.62383 0.005
1 5
D2015 0.071598 0.085165 0.84070 0.422
3 3
DCoV 0.001672 0.088481 0.01889 0.985
9 3
C - 11.04039 - 0.098
20.36971 0 1.84501 1
0 7

Source: Calculated by the authors using EViews-12

The long-run elasticities maintain the same
direction: LOGEI (2.075; p = 0.011) and LOGY
(4.213; p = 0.0055) increase emissions in the long
run, while LOGINV reduces emissions (—2.143; p =
0.0039). This indicates that energy efficiency
improvements (i.e., reductions in EI) and “green”
modernization investments are key instruments for
long-term decarbonization. The dummy coefficients
are also not statistically significant in the long run.
This suggests that, within the selected period and
model specification, the effects of structural shocks
are either absorbed by the main determinants (El, Y,
INV) or the dummies primarily serve a stability
control function.

In Table 7 and Table 8, the coefficients are
interpreted as elasticities due to the log-log
specification: a 1% increase in an explanatory
variable leads to an approximate % change in CO,
emissions. Since the model is estimated using
HAC/Newey-West standard errors, the inference is
more robust to heteroskedasticity and
autocorrelation.
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5.6 Error-Correction Model (ECM) and
Speed of Adjustment
Table 9 presents the conditional ECM

representation of the baseline ARDL specification
and interprets the results of the error-correction term
(ECT), which measures how quickly deviations from
the long-run equilibrium are corrected. Within the
ECM framework, AInCO; captures the short-run
changes in emissions, while ECT(—1) indicates the
extent to which the previous period’s deviation from
equilibrium is corrected in the current period

Table 9. Error-correction model estimates
(Dependent variable: ALOGCQO2)

Term Coefficie | Std. t-Stat. p-
nt Error value
D(LOGEI) 1.598536 | 0.25022 | 6.38756 | 0.000
9 2 1
D(LOGINVES | - 0.26031 | - 0.000
T) 1.651096 | 7 6.34222 | 1
7
D(LOGY) 3.245991 | 0.42525 | 7.63136 | 0.000
8 1 0
D(D2015) 0.055168 | 0.06141 | 0.89839 | 0.390
6 1 1
D(DCOV) 0.001288 | 0.05777 | 0.02229 | 0.982
9 5 6
CointEq(-1) - 0.11996 | - 0.000
0.770524 | 8 6.42315 | 1
9
C - 2.80374 | - 0.000
15.69534 | 8 5.59873 | 2
0 7

Source: Calculated by the authors using EViews-12

Based on the model specification, R?=0.806,
Adj.R>=0.710, SER=0.081, AIC=-1.949, BIC=-
1.616, DW=2.703,and n=16. In the ECM results, the
most important parameter is the coefficient of
ECT(-1) (CointEq(—1)). The negative and
statistically significant coefficient of ECT(—1) (7 =
—0.7705; p=0.0001) confirms the existence of a long-
run equilibrium relationship and the system’s
adjustment mechanism toward equilibrium after
shocks. In terms of magnitude, approximately 77%
of the deviation from equilibrium in the previous
year is corrected in the current year. In other words,
the emissions system returns to equilibrium relatively
quickly. This high speed of adjustment indicates that
shocks in key determinants such as energy intensity,
output, and investment do not persist for long in
influencing the emissions trajectory.

From the perspective of short-run dynamics,
ALOGEI and ALOGY are positive and highly
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significant. This indicates that increases in energy
intensity and economic scale lead to higher
emissions in the short run. The negative and
significant coefficient of ALOGINV suggests that
investment also reduces emissions in the short run,
consistent with the modernization/efficiency channel.
The differences of the structural break dummies are
not statistically significant in this specification. Their
role is primarily to control for regime shifts and to
prevent bias in the estimated coefficients.

It can be argued that the ECT(—1) result
complements the cointegration evidence obtained
from the bounds test. While the bounds test confirms
the existence of a long-run relationship, the ECM
measures the speed of adjustment toward
equilibrium. Thus, the ARDL/ECM framework
provides both long-run elasticities and short-run
shock dynamics within a unified analytical structure.

5.7 Diagnostic Tests and Stability

The reliability of the ARDL specification is assessed
through residual diagnostics and parameter stability
tests. In a small sample setting (n = 16), the risks of
autocorrelation and heteroskedasticity  are
particularly important; therefore, all inference results
are supported by HAC (Newey-West) standard
errors. The results of the diagnostic tests are
summarized in Table 10, while the CUSUM and
CUSUMSQ stability plots are presented in Figure 1
and Figure 2, respectively.

Table 10 shows that there are no serious issues
regarding  heteroskedasticity  (Breusch—Pagan-—
Godfrey) or functional form (RESET), and the null
hypothesis of normality of residuals cannot be
rejected. However, for serial correlation, the y?
version of the Breusch—Godfrey LM test indicates a
risk of autocorrelation at the 5% level (p < 0.05),
while the F-version remains in the borderline (=10%)
region. This result should be interpreted cautiously,
considering the size properties of the LM test in
small samples. In practice, since the main results are
reported using HAC (Newey-West) standard errors,
the sensitivity of coefficient significance to serial
correlation is substantially reduced.

Table 10. Diagnostic tests (baseline model)

Test Null Statistic p- Conclusion

870
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hypothesis valu (5%)

(HO) e
BG No serial F=4.8602; 0.05 Borderline
LM (1 | correlation ~ Obs*R*>=6  86; by F; reject
lag) uptollag  .0468 0.01 byy?

39
BG No serial F=3.6755; 0.08 Borderline
LM (2 | correlation ~ Obs*R>=8  11; by F; reject
lags) upto2lags .1957 0.01 byy?
66

Breus | Homoskeda F=1.4451; 0.29 Fail to reject
ch- sticity Obs*R>=7  72; (no
Pagan .8508 0.24  heteroskedas
- 92 ticity)
Godfr
ey
Rams | Correct F=0.0797; 0.78 Fail to reject
ey functional t=0.2822 49; (specificatio
RESE | form (no 0.78 nadequate)
T omitted 49

nonlineariti

es)
Jarqu | Normality JB=0.331 0.84 Fail to reject
e— of residuals 2 74 (residuals
Bera approx.

normal)

Source: Calculated by the authors using EViews-12

6

2021 2022

—— CUSUM  ——---- 5% Significance

2023

Fig. 1:CUSUM stability test (baseline model)
Source: Calculated by the authors using EViews-12

1.6

1.2

0.8

0.4

0.0

-0.4

2021 2022

2023

—— CUSUM of Squares --—--- 5% Significance

Fig. 2:CUSUMSAQ stability test (baseline model)

Source: Calculated by the authors using EViews-12
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5.8 Robustness: Alternative Lag Dynamics
(Model 2) and Comparison

To address the potential presence of serial correlation
(particularly indicated by the y*> version of the BG
LM test) and to assess the sensitivity of the dynamic
specification, an alternative lag structure -
ARDL(1,1,0,0,1,1) — is estimated as a robustness
model in addition to the baseline specification. This
model is selected in EViews based on the AIC
criterion, incorporating an additional lag for LOGEI
and the dummy variables among the dynamic
regressors. Standard errors are reported using HAC
(Newey-West) corrections.

Model 2 (ARDL(1,1,0,0,1,1)) provides a better fit
in terms of information criteria (AIC = —0.994, BIC
= —-0.512; Adj. R? = 0.654; n=16). The evidence of
cointegration is also stronger: the bounds test yields
F = 6.953, exceeding the 1% upper bound of the
asymptotic critical values, thus providing stronger
support for the existence of a long-run relationship
compared to the baseline model (Table 11). In the
ECM representation, the coefficient of ECT(—1) is
negative and highly significant (—1.023; p<0.001),
indicating a very rapid adjustment toward
equilibrium.

In terms of the main mechanisms, both models
maintain the same direction of effects. Specifically,
the coefficient of output (LOGY) remains positive
and strong; energy intensity (LOGEI) is positive,
while investment (LOGINV) retains a negative sign.
However, in Model 2, the inclusion of additional lags
increases the number of parameters, causing the
significance levels of El and investment to shift from
the 5% level toward the 10% level (p = 0.067 and p =
0.073). This reflects the sensitivity of inference in a
small sample.

Table 11. Model 1 vs Model 2: selection metrics,
cointegration, and key coefficients
Mode ARDL Adfj D Bou LO LO LO
| order R W nds GE GIN GY

871

F | \% (p)

() (p)
Mode | ARDL(1 052 2. 441 15 - 3.2
11 ,00,00, 349 92 689 99 1.65 46
(basel | 0) 3 2 0 00 1 (0.0
ine) 026 (0.0 007

) 009) )
Mode | ARDL(1 0.65 2. 695 15 - 3.6
12 ,1,001, 393 93 341 62 097 72
(robu | 1) 0 8 7 00 5 (0.0
stness 671 (0.0 001
) ) 733) )

Source: Calculated by the authors using EViews-12
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Therefore, the main results of the study are
presented based on the parsimonious Model 1, while
Model 2 is used as a robustness check, demonstrating
that the signs and magnitudes of the results remain
stable under an alternative dynamic specification.

The diagnostic test results for Model 2 are
reported in Table 12. Based on these results, the
normality of residuals is confirmed, the risk of serial
correlation  persists to some extent, no
heteroskedasticity is detected, and no functional-
form misspecification is observed at the 5%
significance level.

Table 12. Diagnostic checks for Model 2
(ARDL(1,1,0,0,1,1)

Test Statistic p-value
Normality (JB) JB=0.4635 p=0.7932
BG LM (1 lag) F=2.7748 / p(F)=0.1566;
¥?=5.7104 p(x)=0.0169
BG LM (2 lags) F=3.0038 / p(F)=0.1598;
1*=9.6049 p(x*)=0.0082
Heteroskedasticity F=1.5771/ p(F)=0.2982;
(BPG) =11.2460 p(x*)=0.2592
RESET F=1.0531; p=0.3518
t=1.0262

Source: Calculated by the authors using EViews-12

Thus, based on the results of both Model 1 and
Model 2, it can be concluded that the increase in
emissions in the manufacturing and construction
sector is mainly explained by energy intensity and
scale expansion, while investment contributes to
decarbonization through the
modernization/efficiency channel. These findings
support prioritizing energy efficiency measures and
“green”  capital  investments  within  the
decarbonization strategy of the real sector.

6 Discussion

6.1 Interpreting the Core Mechanisms: Scale,
Technique, and Investment Channels
The empirical results of this study show that
emissions dynamics in the manufacturing and
construction (MC) sector are mainly driven by three
mechanisms: scale (output), technique (energy
intensity), and capital/modernization (investment).
First, the positive and strong coefficient of output
(LOGY) in both the short and long run confirms the
dominance of the scale effect in the MC sector. In
other words, as real sector activity expands, energy
demand increases, and under existing technological
conditions, this expansion leads to higher emissions.
This finding is consistent with the widely
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documented “growth—emissions” relationship in the
energy—environment literature and suggests that,
within the framework of non-oil diversification

strategies, there exists a measurable trade-off
between growth objectives and decarbonization
goals.

Second, the positive coefficient of energy

intensity (LOGEI) highlights the critical role of the
technique effect: higher energy use for the same level
of output (i.e., lower efficiency) leads to increased
emissions. This result is particularly important for
the MC sector, as the energy-intensive nature of
construction  activities especially  through
infrastructure development and material supply
chains — amplifies the EI channel. The findings
suggest that energy efficiency measures have a direct
impact on emission reduction and can help mitigate
the carbon burden associated with scale expansion.
Third, the negative coefficient of investment
(LOGINYV) indicates that, within the “capacity vs.
efficiency” trade-off, the efficiency/modernization
channel is more dominant in this sample. This
supports the idea of a potential “decarbonization
dividend,” whereby investment not only creates new
capacity (and potentially higher emissions) but also
reduces emission intensity through the replacement
of outdated technologies, improvements in energy-
intensive processes, and the adoption of more
efficient capital. Given that the effect of investment
may be sensitive to measurement proxies and
deflator choices, this claim has been tested and
confirmed within the robustness framework.

7 Study Limitations and Avenues for

Future Research
Several limitations should be considered when
interpreting the results of this study. First, since the
dependent variable is constructed as the MC
aggregate, it is not possible to fully disentangle the
separate effects of the manufacturing and
construction sectors. Second, due to data limitations,
the sectoral alignment of energy consumption and
investment  variables may introduce proxy
measurement errors. The choice of deflator may also
affect the estimated impact of investment. Third,
there is a potential simultaneity (feedback) issue
between energy intensity and output. Although
ARDL partially mitigates this concern, the results
should be interpreted as reflecting dynamic
associative relationships rather than strict structural
causality.

For future research, several priority directions can
be identified: a) constructing disaggregated models
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by developing separate emissions and energy series
for manufacturing and construction; b) incorporating
alternative proxies for energy prices and technology,
such as energy tariffs, capital quality, and technology
imports; c) addressing endogeneity more rigorously
through the use of instrumental variables or
structural modeling approaches where feasible; d)
conducting scenario analysis and policy simulations
to quantify the emission-reducing effects of energy
intensity improvements and investment measures.

8 Conclusion

A long-run equilibrium relationship exists: the
bounds test supports cointegration in the baseline
specification, and the negative and statistically
significant error correction term (ECT) in the ECM
further reinforces this result. The scale effect is
dominant: the positive elasticity of output indicates
that the expansion of real sector activity increases
emissions in both the short and long run. The
technique effect is decisive: energy intensity has a
positive elasticity with respect to emissions,
highlighting that improvements in energy efficiency
represent one of the most direct policy channels for
decarbonization. The investment channel appears
consistent with decarbonization: the negative
coefficient of investment suggests that modernization
and efficiency gains can reduce emission intensity.
The speed of adjustment is high: based on the
magnitude of the ECT coefficient, a large portion of
deviations from equilibrium is corrected within one
year, indicating that the persistence of shock effects
is relatively limited.
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