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Abstract. Targeting the 21 port provinces of China, this paper constructs a panel vector autoregressive 

(PVAR) model to explore the dynamic relationship between China’s green economy and inflation, and to 

verify whether China’s green economy has a negative effect on inflation. Both the global Malmquist-

Luenberger (GML) index and the Malmquist-Luenberger (ML) index, which represent the production 

efficiency under pollution, were adopted to measure China’s green economy. It is assumed that the green 

economy and inflation interact with each other through the output gap, which is associated with pollution, 

the side-effect of production. The calculated results were tested by impulse response analysis. The final 

conclusion goes that China’s green economy has a weak but long-lasting negative effect on inflation. In 

other words, China’s green economy can alleviate the inflation. Thus, China should speed up pollution 

control and green economy development to control inflation. 

Keywords: port provinces, global Malmquist-Luenberger (GML) index, Malmquist-Luenberger (ML) 

index, monetary policy, panel vector autoregressive (PVAR) model 

Introduction 

In recent years, the Chinese economy has entered a “new normal” stage, which is 

characterized by a balanced and manageable growth. According to the National Bureau 

of Statistics, China’s GDP increased 6.6% to RMB 900.309 billion yuan from 2017 to 

2018, about 0.1% higher than expected. The fast growth resulted in a hike in China’s 

consumer price index (CPI), an indicator of inflation rate, posing a huge challenge to 

further economic development (Figure 1). 

Recent years have also seen growing awareness of global warming across the world. 

Both the public and the governments are paying more and more attention to the 

environmental issues induced by global warming. The World Meteorological 

Organization (WMO) reported that the global mean temperature from January to 

October in 2018 was 0.98±0.1℃ higher than that before the industrial revolution, 

making 2018 the fourth warmest year on record. If El Niño occurs in the near future, 

2019 may be even warmer than 2018 (NOAA, 2019). 

Against this backdrop, it is imperative to strike a balance between economic growth 

and pollution control, even though many countries used to prioritize economic gains 

over the environmental benefits and perceive the two factors as contradictory. In other 

words, special efforts should be paid to develop a green economy, which generates 

output while reducing pollution, aiming to curb global warming. The official definition 

of green economy is “one that results in improved human well-being and social equity, 

while significantly reducing environmental risks and ecological scarcities (UNEP, 

2011). 

Considering the above, this paper examines whether the development of China’s 

green economy has relieved inflation. It is assumed that China’s green economy can 

suppress the pollution in production, and thus the inflation rate. This hypothesis was 
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tested with the data from the 21 port provinces in China. Meanwhile, a panel vector 

autoregressive (PVAR) model was employed to study the dynamic relationship between 

China’s green economy and inflation rate. 

The port provinces were targeted in this research because they are both transport 

hubs and industrial centers. In the past three decades, the main coastal economic zones 

have concentrated 70% of the industries above designated size in China (Chen, 2016). 

The rapid industrial development, coupled with economic growth, lead to various 

environmental problems, such as water pollution and land-based wastes (e.g. domestic 

waste and industrial waste) (Yan et al., 2018). As a result, the port provinces are more 

polluted than the rest of provinces in the country. Taking SO2 emissions as an example 

(Figure 2), more SO2 was emitted in the port provinces than other Chinese provinces in 

2016. 

 

Figure 1. The variation in China’s CPI over time (Data source: The National Bureau of 

Statistics of China) 

 

 

Figure 2. The distribution of SO2 emissions across China in 2016 (Data source: The National 

Bureau of Statistics of China) 

 

 

Through an impulse response analysis, it is confirmed that the green economy of 

each port province has a negative effect on inflation. Note that the term “port provinces” 

refers to provincial administrative regions in Chinese mainland that contains riverside 

and/or seaside port cities. 

The contributions and limitations of this research can be summed up as: (1) The 

author disclosed the dynamic relationship between China’s green economy and the 
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macroeconomic variable of inflation; (2) It is verified that the green economy interacts 

with inflation through the output gap, and that China’s green economy has a negative 

impact on inflation, making it possible to control pollution and inflation at the same 

time; (3) The conclusions are backed up firmly by the actual data from the 21 port 

provinces in China, which are more polluted than the other Chinese provinces; (4) Due 

to the lack of a widely accepted way to measure the size of China’s green economy, 

there might be statistical errors in the calculation of the global Malmquist-Luenberger 

(GML) index or the Malmquist-Luenberger (ML) index; (5) Some biases may exist in 

the construction of capital stock and output variables. 

The remainder of this paper is organized as follows: Section 2 reviews the previous 

studies on China’s green economy and inflation; Section 3 introduces the main variables 

and estimation methods in our research; Section 4 empirically analyzes the dynamic 

relationship between China’s green economy and inflation, measures China’s green 

economy with its GML index, and tests the robustness by the ML index; Section 5 

wraps up this paper with several conclusions. 

Materials and methods 

Relationship between inflation and output gap 

Much research has been done to disclose the relationship between inflation and 

output gap. For instance, the Phillips curve (1958) reflects the negative correlation 

between the inflation rate and the unemployment rate, while the New Keynesian 

Phillips curve (NKPC) reveals the intrinsic causal link between economic output and 

inflation (Taylor, 1980; Calvo, 1983). 

In addition, Jarociński and Lenza (2018) employed a Bayesian dynamic factor model 

to estimate the output gap in the Eurozone and illustrated the model’s predictive power 

of inflation. With the aid of discrete and continuous wavelet transforms, Tiwari et al. 

(2014) explored the relationship between inflation and output gap in France, suggesting 

that the inflation rate can be predicted by economic output in the short and medium 

terms. Justiniano et al. (2013) confirmed the significant correlation between output gap 

and inflation through the analysis of the economic data of the US from 1954 to 2009. 

Based on the NKPC and hybrid NKPC, Bian and Hu (2016) designed the sticky 

information Phillips curve (SIPC) and double sticky Phillips curve (DSPC) for China, 

and proved the significance of output gap coefficients in the models, thus validating the 

Phillips curve. 

Measure of China’s green economy 

There is not yet a widely accepted way to accurately measure the green economy, 

despite repeated attempts to do so. This is partially attributable to the significant country 

differences in the status and policies of green economy. On China’s green economy, the 

existing research methods can be divided into four categories: data envelopment 

analysis (DEA) (Guo et al., 2017; Bao, 2017; Marino et al., 2017; Wang and Zhao, 2017; 

Yan, 2017, 2018; Shen et al., 2017; Han et al., 2018; Song, 2018), the stochastic 

impacts by regression on population, affluence and technology (STIRPAT) (Wang, 

2017; He, 2017), the logarithmic mean Divisia index (LMDI) model (Wang and Feng, 

2018; Chen, 2018), and the GML/ML index. 
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Coupling the DEA and the directional distance function (DDF), the ML index was 

modified from the Malmquist index (Chung et al., 1997), which is traditionally 

calculated from the output distance between different technologies. Compared with the 

Malmquist index, the ML index is still applicable when undesired outputs like CO2 

emissions or pollution are considered. The index was adopted by Li et al. (2018) to 

measure the carbon productivity of 36 industrial sectors in from 2003 to 2015. However, 

the ML still has certain shortcomings, such as the inability to solve linear prediction, 

non-transferability and additivity. 

In 2010, the ML index was further improved by Oh into the GML index. Since then, 

the GML index has been widely adopted to measure economic output. For example, 

Emrouznejad and Yang (2016) employed the GML index to evaluate China’s 

manufacturing industry between 2004 and 2012, and built a framework to measure the 

industrial eco-efficiency in terms of CO2 emissions. Based on the GML index, Lei et al. 

(2017) constructed a carbon-weighted economic development indicator for 30 Chinese 

provinces between 1998 and 2014, and evaluated the economic performance of the 

carbon emissions-aware economy. Ren et al. (2018) relied on the GML index to 

incorporate undesirable outputs into the measurement of total factor productivity (TFP) 

for 11 coastal regions of China between 2006 and 2014, and assessed the efficiency of 

China’s marine economy under environmental constraints. With the aid of the GML 

index, Pan et al. (2018) designed a measure of the green economy of 30 provinces in 

China between 1999 and 2016, and evaluated the provincial green economic 

development. In this paper, the GML index proposed by Oh (2010) is taken as a 

measure of China’s green economy. 

The effects of China’s green economy 

Several scholars have studied the drivers and impacts of China’s green economy. 

Among them, Zeng et al. (2017) built a structural vector autoregressive (SVAR) model 

to analyze the dynamic relationship between carbon subsidy price, stock price and 

energy price in Beijing between 2014 and 2015. Lin and Zhu (2017) created a PVAR 

model to investigate the relationship between urbanization, industrial structure, energy 

density and carbon density in 30 Chinese provinces between 2000 and 2015. Ouyang 

and Li (2018) probed into the dynamic relationship between energy consumption, M2 

money supply, credit, income, and stock price from Q1, 1996 to Q4, 2015. Using the 

panel data of 30 Chinese provinces between 1998 and 2014, Lei et al. (2017) 

investigated the dynamic relationship between the industrial structure, energy structure, 

low carbon index, foreign direct investment (FDI) and trade, using the PVAR model. In 

fact, the PVAR is the most frequently used model for the dynamic relationship between 

China’s green economy and other variables. Thus, this model was selected for our 

research. 

The price impact of China’s green economy has long been a research hotspot. For 

example, Zeng et al. (2014) found that, while other factors are under control, land 

pollution induces a net loss of 31% in the value of nearby plots. On the provincial data 

in 2001~2010, Leng and Du (2016) verified the positive correlation between energy 

price distortion and haze pollution in China. Zhang (2018) suggested that the pollution 

control costs of key monitoring enterprises in China has a significant causal effect on 

the marginal cost and price of multi-product enterprises. 

Drawing from the previous research, the author assumed that pollution, as an 

externality, will affect the production output, and thus the price (Mas-Colell et al., 1995). 
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The price change will in turn cause changes in inflation. On the one hand, the mitigation 

of pollution, a side-effect of production, drags down the output of the whole society and 

pushes up the marginal production cost, resulting in economic losses (Xi et al., 2013). 

On the other hand, pollution control also affects the marginal cost of enterprises, e.g. the 

cost of power generation is influenced by effective energy policies (Zhang et al., 2007; 

Bianco et al., 2017; Borchiellini et al., 2017; Silvestro et al., 2017; Domenico et al., 

2018). In other words, the overall societal cost is subjected to the impacts of 

externalities. Being a developing country, China tends to suffer greater loss in economic 

output, which stems from pollution control, than developed countries (Maradan and 

Anatoli, 2005). Hence, the PVAR model is selected here to study the dynamic 

relationship between China’s green economy and price changes, i.e., inflation. 

Methodology of main variables 

ML index 

The ML index was proposed by Chung et al. (1997) and modified by Oh (2010) to 

overcome suboptimal properties. In this paper, this index is employed in the robustness 

test. The ML index of country i can be defined by two contemporaneous continuous 

reference vectors, as in Equation (1): 

 

 
),,(1

),,(1
),,,,,(

111

111

+++

+++

+

+
=

ttts

ttts
ttttttS

byxD

byxD
byxbyxML

 

(Eq.1) 

 

where, Ds is the DDF. The DDF can be defined by the synchronous technology set (Ps) 

in Equation (2): 
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If the production activity achieves higher output and lower externalities in year t+1, 

then MLs >1 and production efficiency increases. Otherwise, MLs < 1 and the 

production efficiency declines. So in Equation (3): 
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The ML index can also be defined as the geometric mean of two consecutive periods, 

as in Equation (4): 
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where, TEs is technical efficiency of period s; TGt, t+1 is the technical gap between 

periods t and t+1; ECt, t+1 is the variation in technical efficiency gap between periods t 

and t+1; TCt,t+1 is the variation in technical boundary gap between periods t and t+1. 

Obvious, ECt,t+1>1 indicates an increase in technical efficiency, and ECt,t+1 < 1 

indicates the opposite; TCt, t+1>1 means the technical boundary increases with the 

growth in output and the reduction of externalities. 

GML index 

The GML index can be defined in Equation (5): 
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where, DG is the DDF. The DDF can be defined by the global technology set (PG) in 

Equation (6): 
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If production activities achieve higher output and lower externalities, then 

GMLt,t+1 >1 and productivity increases. Otherwise, GMLt, t+1<1 and productivity 

decreases. The GML index can be broken down in Equation (7): 
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(Eq.7) 

 

where, TEs is technical efficiency of period s; ECt, t+1 is the variation in technical 

efficiency gap between periods t and t+1; BPGt,t+1 is the optimal practice gap between 

the synchronous technology boundary and the global technology boundary. 

Output gap 

The potential output can either be estimated from the time series data of actual output 

or be determined by the production function. The former approach needs to detrend the 

data and extrapolate growth rates. However, the estimation is too simple to derive the 

exact amount of potential output. The latter method mainly considers the factor 

utilization and the impact of technical progress on output, revealing the supply-side of 

potential output. The production function method has been adopted by many scholars 

(Guo and Jia, 2004). 

In this paper, the production function method is selected to measure the potential 

output, such as to determine the output gap of each port province in China. Firstly, the 
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aggregate production function was estimated based on the data on the actual output, 

labor and capital stock, laying the basis for acquiring the TFP. The Cobb-Douglas 

production function is adopted in Equation (8): 

 

 

ttt LAKY =
 

(Eq.8) 

 

where, Yt is the actual output; Lt is the actual labor; Kt is the capital stock; α and β are 

the output elasticities for capital and labor, respectively. Taking the natural logarithm on 

both sides of Equation (8), we have Equation (9): 
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If the production has constant scale of returns, then α + β = 1. In this case, a double 

logarithmic model can be constructed in Equation (10): 
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The TFP can be obtained from the residual term of this regression ( t). Secondly, the 

TFP was decomposed by the Hodrick–Prescott (HP) filter, and the potential 

employment was estimated under the potential output in Equation (11): 
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(Eq.11) 

 

where, LSt is the number of people in the working age; Trp,t is the trend participation rate; 

NAWRUt is the unemployment rate induced by non-wage factors. Thirdly, the potential 

output was established from the estimated TFP trend, potential employment and 

potential output. Finally, the output gap was determined as the difference between the 

estimated output and the potential output. 

Research data and calculation results 

Research data 

The 21 port provinces in China were taken as the research objects. As shown in 

Table 1, some of these provinces have both riverside and seaside port cities, and some 

have either riverside or seaside port cities. 

The annual data of these provinces in 2006~2015 were collected to reduce the 

regression bias in PVAR model estimation. The annual data were selected for three 

reasons: the large-scale changes in macroeconomic variables are unlikely to occur 

within a monthly or quarterly range (Beetsma et al., 2008), the macroeconomic 

variables may change systematically under the expectation effect, which is more 

prevalent in shorter time windows, and the annual data do not contain any potential 

seasonal effect. 

Calculation of the GML index 

The GML index was computed by the method of Oh (2010) according to the annual 

data of the 21 provinces in 2006~2015. The following variables were covered in the 

computing process. 
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(i) The desirable output: the annual GDP of the 21 port provinces. This variable was 

converted into a constant price by the GDP deflator (unit: RMB 100 million yuan). Data 

source: CEInet Statistics Database. 

(ii) The undesirable output: the annual SO2 emissions (unit: ton) and wastewater 

discharge (unit: ton). Data source: The National Bureau of Statistics of China. 

(iii) The inputs of production technology: the inputs were measured by three indices, 

namely, capital stock (unit: RMB 100 million yuan), labor force (unit: 10,000 people) 

and energy consumption (unit: TCE). 

The capital stock was calculated by the method of Shan (2008), who computed the 

capital stock of China and its provinces in 1952~2006 using the perpetual inventory 

method (PIM). The PIM assumes that the relative efficiency is geometrically decreasing, 

while the reset rate is constant. Here, the calculation formula of the capital stock can be 

expressed in Equation (12): 

 

 tttt PIKK +−= −1)1( 
 (Eq.12) 

 

where, Kt-1 is the capital stock of the year t-1; δ is the economic depreciation rate; It is 

the investment amount in year t; Pt is the investment price index used to convert the 

investment amount into constant price. Here, the investment amount is measured by the 

fixed capital formation amount of each province, which comes from the China 

Economic and Trade Network, while the investment price index of each province was 

extracted the CEInet Statistics Database. Under the PIM assumption, the economic 

depreciation rate of the 21 provinces was set to 10.96%. 

 
Table 1. List of 21 port provinces in China 

No. Province Type No. Province Type No. Province Type 

1 Anhui Riverside 8 Hebei Seaside 15 Liaoning Seaside 

2 Chongqing Riverside 9 Heilongjiang Riverside 16 Shandong 
Riverside and 

seaside 

3 Fujian Seaside 10 Henan Riverside 17 Shanghai 
Riverside and 

seaside 

4 Guangdong 
Riverside and 

seaside 
11 Hubei Riverside 18 Sichuan Riverside 

5 Guangxi 
Riverside and 

seaside 
12 Hunan Riverside 19 Tianjin Seaside 

6 Guizhou Riverside 13 Jiangsu 
Riverside and 

seaside 
20 Yunnan Riverside 

7 Hainan Seaside 14 Jiangxi Riverside 21 Zhejiang 
Riverside and 

seaside 

Data source: Chinese Ministry of Transport 

 

 

In addition, the labor force in each province was obtained by adding up the urban 

residents employed in the public sector, in the private sector, and self-employed, 

without considering the employment of rural residents. The employment data before 

2008 were drawn from the China Stock Market & Accounting Research (CSMAR) 

Database, and those after 2008 were extracted from the National Bureau of Statistics of 

China. The provincial data on annual energy consumption were also downloaded from 

the CSMAR database. 
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Calculation of the output gap 

The annual output gap of each port province in 2006~2015 was calculated by the 

method of Guo and Jia (2004), using the following variables: 

(i) The actual output: the annual GDP of each port province. 

(ii) The actual labor force: the annual urban labor force of each province. 

(iii) The capital stock: this variable was computed the same as in the preceding sub-

section. 

(iv) LSt·Trp,t: the number of people in the working age multiplied by the trend value. 

(v) NAWRUt: the number of laborers divided by the total number of people involved 

in social and economic activities. The latter was defined as the sum of the number of 

laborers and the number of registered unemployed urban residents. The data were 

collected from the National Bureau of Statistics of China. 

(vi) Constant return on scale: The assumption that the scale of return is constant was 

verified by the Wald test. The original hypothesis H0 can be expressed as α + β = 1. The 

test results are listed in Table 2 below. 

 
Table 2. The results of the Wald test 

H0 x2 (1) P>x2 

α+β=1 1.17 0.2803 

 

 

The results in Table 2 show that the P-value is greater than 0.05, revealing the 

validity of the original hypothesis. Thus, the production mode of China’s economy was 

considered as having constant returns to scale between 2006 and 2015. 

PVAR model 

The PVAR model was established to analyze the relationship between China’s green 

economy and the inflation rate. The variables were treated as endogenous and 

interdependent. To reflect the real interaction between the variables, the lag term of all 

variables was included in the model. The basic form of the PVAR model is established 

as Equation (13): 

 

  ++++= −

L

l

ittiltilit TIyy  ,0

 
(Eq.13) 

 

where, yit is the column vector containing endogenous variables; i is the serial number 

of port provinces; t is the year; L is the post-order; Ii is the individual effect vector; Tt is 

the time effect vector; μit is a random disturbance term (i.e. the white noise). 

The individual effect vector does not change with time, and the right side of 

Equation (13) contains the lag term of the dependent variables. Thus, the mean 

differencing was adopted to prevent the estimation bias from potential endogeneity. 

More specifically, the forward-mean-differencing method was adopted to remove the 

fixed effect in the model (Arellano and Bover, 1995). Besides, the generalized method 

of moments (GMM) was used to obtain a consistent estimator of the coefficient of the 

explanatory variable, with the lag term of the explanatory variables as the instrumental 

variables. Furthermore, an impulse response analysis was conducted through Monte-

Carlo simulation. 
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Results 

The dynamic relationship between GML index and inflation 

Basic regression 

Considering the negative correlation between pollution and the GML, it is assumed 

that the GML has a negative effect on the CPI. The orthogonal impact response function 

is the disturbance term of the Cholesky decomposition. By exogenous nature, the 

Cholesky decomposition variables can be ranked as output gap (outgap), China’s green 

economy (GML) and inflation (CPI). The regression model can thus be established as 

Equation (14): 

 

 
T

itititit CPIGMLoutgapy ),,(=
 

(Eq.14) 

 

Prior to the regression, the Fisher-Phillips-Perron (PP) test, the Im-Pesaran-Shin (IPS) 

test and the Levin-Lin-Chu (LLC) test were carried out, proving that the level values of 

all variables can be directly used for the regression of the PVAR model. The level 

values of all variables rejected the null hypothesis at a significance level of 1%, that is, 

the level values of all variables do not possess unit roots, and all sequences are 

stationary. Moreover, the optimal lag order (2) was determined by the Akaike 

information criterion (AIC), Bayesian information criterion (BIC) and Hannan & Quinn 

information criterion (HQIC). The test results are shown in Table 3 below. 

 
Table 3. The results on the optimal lag order 

Lag AIC BIC HQIC 

1 6.18901 7.04927 6.53857 

2 4.62324* 6.16506* 5.23567* 

3 4.63834 6.81804 5.46838 

Note: ***, ** and * stand for the significance levels of 1%, 5% and 10%, respectively 

 

 

As such, the PVAR (2) model was selected for our research. 

Impulse response analysis 

Through Cholesky decomposition, the author analyzed the interaction between 

China’s green economy and inflation, after excluding the effects of other endogenous 

variables. Since the data run from 2006 to 2015, a total of 10 years, the impact duration 

was divided into 10 periods. The impulse response function (IRF) graph of the CPI to 

the GML was obtained through 1,000 random Monte-Carlo simulations. 

Robustness test 

Basic regression 

The same analysis was performed using the ML index, assuming that the ML also 

has a negative impact on the CPI. The variables were the same as those in the analysis 

based on the GML. In the ML-based analysis, the PVAR model was still adopted, and 

the Cholesky decomposition variables were still ranked as the output gap (outgap), 
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China’s green economy (ML) and inflation (CPI). Thus, the regression model is parallel 

to Equation (13). 

Prior to the regression, the PP-Fisher test, IPS test and LLC test were conducted as 

well, and the optimal lag order (3) was determined by the AIC, BIC and HQIC criteria. 

These results are displayed in Table 4 below. 

 
Table 4. The results on the optimal lag order 

Lag AIC BIC HQIC 

1 6.00907 6.86933 6.35863 

2 9.7832 11.325 10.3956 

3 2.53134* 4.71105* 3.36139* 

Note: ***, ** and * stand for the significance levels of 1%, 5% and 10%, respectively 
 

 

As such, the PVAR (3) model was selected for our research. 

Impulse response analysis 

The IRF graph of the CPI to the ML was obtained through 1,000 random Monte-

Carlo simulations. 

Discussion 

As shown in Figure 3, the effect of the GML on the CPI was not observable at the 

start, decreased in the first period, and slightly increased in the second period. After that, 

the effect continued to decline until the fourth period, and then tended to be stable 

through the tenth period. Overall, China’s green economy has a weak negative effect on 

inflation in the long run, which agrees with our hypothesis. 

 

Figure 3. The IRF graph of the CPI to the GML (Note: The red line is the impulse response 

curve; the green dotted line stands for the points in the confidence interval of 5%; the blue 

dotted line stands for the points in the confidence interval of 95%) 

 

 

As shown in Figure 4, the effect of the ML on the CPI was not observable at the start, 

decreased in the first period, and slightly increased in the second period. After that, the 

effect continued to decline until the fourth period, and then tended to be stable through 

the tenth period. In general, China’s green economy has a weak negative effect on 

inflation in the long run. 
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To sum up, China’s green economy has a weak but long-lasting negative effect on 

inflation. In other words, China’s green economy can alleviate the inflation. 

 

Figure 4. The IRF graph of the CPI to the ML (Note: The red line is the impulse response curve; 

the green dotted line stands for the points in the confidence interval of 5%; the blue dotted line 

stands for the points in the confidence interval of 95%) 

 

 

Conclusions 

Targeting the most polluted 21 port provinces in China, this paper attempt to disclose 

the dynamic relationship between China’s green economy and inflation, and verify the 

hypothesis that China’s green economy can alleviate the inflation through the output 

gap. Specifically, a PVAR model was constructed to explore the relationship, and the 

result was tested by impulse response analysis. It is proved that China’s green economy 

has a causal relationship with inflation, whether it is calculated by the GML or the ML. 

The final conclusion goes that China’s green economy has a weak but long-lasting 

negative effect on inflation. In other words, China’s green economy can alleviate the 

inflation. Thus, the pollution is positively correlated with inflation. 

In light of the findings, China should speed up pollution control and green economy 

development, such as to complete the 2020 climate targets ahead of schedule and lay the 

foundation for implementing the 2030 climate targets. Meanwhile, proper monetary 

policy should be rolled out to enhance the suppression effect of green economy over 

inflation. 

The conclusion about the relationship between the green economy and inflation 

could indicate that the green economy can be a good signal for monetary policy. So 

further studies about the analysis of effects of monetary policy signalling within green 

economy over the clarity of central bank communication could be recommended. 
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