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ABSTRACT
In the Russian Federation with vulnerable permafrost areas and large forested areas as elsewhere climate change affects the lives of citizens. Action depends on levels of awareness, a latent variable, calculated by means of a multiple-indicator-multiple-causes (MIMIC) model and indicators derived from regional search entries in ®Yandex. The results show that climate change awareness increases with gross regional product per capita, decreases from east to west and declines and varies seasonally with increasing average temperature. The UN Climate Change Conference affected awareness positively, but the devaluation of the Russian Rouble in 2014–2015 had no measurable impact.
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摘要
俄罗斯气候变化意识的区域差异研究. Area Development and Policy. 在拥有脆弱的冻土区和大面积林区的俄罗斯，人们的生活与在其他地方一样，受到气候变化的影响。本研究通过多指标多因素模型和从搜索引擎Yandex区域搜索条目中获取的指标对意识水平这一潜变量进行了分析。结果显示气候意识水平随人均地区生产总值的增加而提高，自东向西逐渐降低，并呈现出随平均气温的增高而降低的季节变化。联合国的气候变化大会对气候变化意识产生了积极影响，但俄罗斯卢布在2014-2015年中的贬值并没有产生显著影响。

关键词
区域经济；气候变化；环境意识；《京都议定书》；多指标多因素模型

Conciencia sobre el cambio climático: diferencias entre las regiones rusas

Resumen: 

Al igual que en todas partes, la vida de las personas en las áreas de permafrost vulnerables y grandes zonas de bosques en la Federación Rusa se ve afectada por el cambio climático. Las medidas a tomar dependen de los niveles de concienciación, una variable latente calculada por medio de un modelo de indicadores y causas múltiples  (MIMIC) y de indicadores que proceden de las entradas de búsquedas regionales en ®Yandex. Los resultados muestran que el interés por el cambio climático aumenta con el producto regional bruto per cápita, se reduce de este a oeste y disminuye y varía por estaciones con el aumento de la temperatura media. La Conferencia sobre el Cambio Climático de la ONU afectó a la sensibilización de manera positiva, pero la devaluación del rublo ruso en 2014-2015 no tuvo ninguna repercusión apreciable.
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Уровень осведомленности об изменении климата: различия в российских регионах
Аннотация: В Российской Федерации, где расположены районы вечной мерзлоты и большие лесные массивы, изменение климата так же, как и в других регионах, влияет на жизнь граждан. Принятие соответствующих мер зависит от уровня осведомленности - это скрытая переменная, рассчитываемая с помощью мультииндикаторной мультифакторной модели (MIMIC) и индикаторов, выведенных из региональных поисковых запросов в системе Яндекс. Результаты показывают, что чем больше валовый региональный продукт, тем больше осведомленность об изменении климата. Уровень осведомленности снижается от востока к западу, а также снижается и изменяется сезонно с повышением средней температуры воздуха. Конференция ООН по изменению климата положительно повлияла на уровень осведомленности, а девальвация рубля в 2014-2015 гг. не оказала никакого поддающегося измерению воздействия.
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[bookmark: bk_body_Part]INTRODUCTION
To what extent are individuals aware of climate change? To what extent are they concerned about climate change (CC), which may affect their lives or, at least, the lives of their children and grandchildren? Clear answers to these questions might influence the attention governments pay to the potential consequences of climate change, and they might induce more general behavioural change (Halady & Rao, 2009). The available climate change options include efforts to mitigate CC by reducing greenhouse gas emissions and establishing reforestation programmes, or adaptations to an increasing number of severe storms, floods, and droughts. On a global scale, the parties to the Kyoto Protocol reached an agreement for reducing anthropogenic greenhouse gas emissions and adapting to CC at the Climate Change Conference in Paris (COP 21) in December 2015, reinforced in Marrakesh in 2016, and in Bonn in 2017. On an individual scale, awareness of CC is likely to foster environmentally-friendly behaviour (Masud, Akhtar, Afroz, Al-Amin, & Kari, 2015), or adaptations in agriculture (cf. Lehmann, Finger, Klein, Calanca, & Walter, 2013; or Anwar et al., 2013; for example).
According to RosHydromet (2014), the northern regions of Russia will experience significantly faster warming than the global average. A decreasing permafrost area might require adaptations in urban and industry planning, and global warming might have serious effects on agriculture. Moreover, with 70% of the world’s boreal forests and 25% of its forest resources, the country plays a significant role in efforts to mitigate CC. Russia is, thus, likely to experience severe consequences of CC, but, according to current scientific results, has also the potential to mitigate CC by protecting its forest and water resources (cf. again RosHydromet, 2014).
[bookmark: LinkManagerBM_TMPREF_O3x3jkoh][bookmark: REFTMPBKzuSPBrcu]So far, Russia has presented its ‘intended nationally determined contribution’ (INDC) in the context of the Kyoto Protocol with the declared goal to limit anthropogenic greenhouse gases to 70–75% of 1990 levels by the year 2030, ‘subject to the maximum possible account of absorbing capacity of forests’ (cf. United Nations Framework Convention on Climate Change, 2017). As Russia’s greenhouse gas emissions are still some 20% below 1990 levels, this more or less implies stabilizing emissions in the Russian Federation at the current level.
A central question refers to the concept of ‘awareness of CC’: How should it be defined? How should it be measured? The literature review presents some of the approaches used in various investigations. This paper applies the multiple-indicator-multiple-causes (MIMIC) model to explain the latent variable ‘awareness of CC’. As indicators, regionally stratified search entries in ®Yandex, the Russian Internet search engine, are used. Certain economic and non-economic causal variables help to explain awareness. This approach mirrors the fact that this ‘awareness’ seems to be a broad construct, and that not each of its possible dimensions is equally or similarly understood by all individuals (cf. also Halady & Rao, 2009, p. 9).
The regional data from ®Yandex, collected over a period of 28 months (from January 2014 to April 2016) serve as indicators for awareness of CC. They allow a variety of investigations pointing to interesting differences among Russian regions. Besides rankings of the regions regarding their awareness levels, the results reveal a dependence of awareness on GRP (gross regional product) per capita. Furthermore, the local climate in the regions seems to affect awareness of CC issues: there is a strong negative effect of regional temperature on awareness of CC. The influence of various other causal variables, such as share of manufacturing, air pollution, or share of old people is analysed as well, explaining some further regional differences in awareness.
The period from January 2014 to April 2016 was marked by some special developments, which might influence awareness of CC. Those developments include the strong devaluation of the Russian Rouble (RUB) at the end of 2014/beginning of 2015, and COP 21 in Paris in December 2015. The empirical investigation shows some effect of the RUB devaluation in the richer regions, whereas COP 21, meaning new and enforced efforts to mitigate CC, raised awareness, at least for some months before the conference. Unfortunately, these effects seem not to be long-lasting.
The paper shows in particular, that there are regional differences regarding citizens’ awareness of CC, probably affecting ‘social capital for CC policies’. Any attempts to raise this social capital can improve ‘the efficiency of society by facilitating coordinated actions’ (Kawamoto, 2010) for mitigating CC or adapting to its likely consequences. Thus, this analysis might help to better understand how mitigating CC or adapting to its consequences could be furthered on a regional level.
The paper is structured as follows. Section 1 examines the literature on CC awareness. Section 2 outlines the methodology including relevant aspects of the MIMIC model and the data. In Section 3 the empirical results of the model will be discussed, while regional effects are examined in section 4. Some final remarks conclude the paper.
CLIMATE CHANGE AWARENESS
Individuals, who are ‘aware of CC’, are concerned that CC might substantially and in unpredictable ways alter their lives, and the lives of their children and grandchildren. They tend to be susceptible to local and global efforts to build ‘resilience to CC’ (Wilson & Stevenson, 2016). In this sense, CC awareness can be considered a special case of ‘environmental awareness’, which might induce environmentally-friendly behaviour, although there is still some debate about the role of increasing awareness and of education in this context (cf. Halady & Rao, 2009, p. 9; Masud et al., 2015, p. 592).
Various ways of conceptualizing environmental awareness have been identified. In the 1960s, researchers in marketing and social psychology focused on the personal characteristics of environmentally conscious people (cf. Soyez, Hoffmann, Wünschmann, & Gelbrich, 2009). In the 1970s and 1980s environmentally-friendly behaviour was largely explained as ‘planned behaviour’ in terms of attitudes measurable by means of multi-item scales (cf. Ajzen, 1991). In the context of CC, Ajzen’s approach was used by, among others, Skalik (2015). Personal value orientation as a precursor of sustainable behaviour was considered in a further stream of research followed by a focus on cultural values (cf. Soyez, 2012; Soyez et al., 2009). Moreover, Diederich and Goeschl (2014) uncovered causes of voluntary climate action, among them education. Karytsas and Theodoropoulou (2014) examined the demographic and socioeconomic factors that determine someone’s knowledge about different forms of renewable energy.
Lin (2015), by applying Ajzen’s ‘Theory of Planned Behaviour’, developed a model of ‘efficiency action toward climate change’ (ECC). Structural equation modelling (cf., for example, Bollen, 1989) was then used to confirm the model’s applicability. Similarly, Halady and Rao (2009) used structural equation modelling to validate different approaches (cf. p. 12).
This paper utilizes a special case of the general structural equation model, the MIMIC model that was introduced originally by Jöreskog and Goldberger (1975). It uses well defined indicators to measure a latent construct with associated properties and regresses them against theoretically discovered causes. As environmental commodities are likely characterized by a higher income elasticity of demand, at least in industrialized countries, there is a plausible link between economic situation and environmentally-friendly behaviour. Inglehart (1990) analysed these cultural changes and saw them as gradually transforming industrial societies and the nature of their economic development. Therefore, ‘causes’ of environmental awareness in general, or of awareness of CC in particular, are often related to the performance of the economy. Buehn and Farzanegan (2013) applied the MIMIC model – with a focus on economic and socio-economic causes – to construct an index of air pollution for 122 countries for the period between 1985 and 2005.
Aspects of regional diversity in Russia play a role in the literature: thus, regional cultural diversity in its relation to economic performance is addressed (cf. Limonov & Nesena, 2016), other papers refer to the development of regions and the corresponding policy requirements (Reisinger, 2013), or point to differences regarding the economic development of the regions (cf. Fedyunina & Kadochnikov, 2015; Gerasimova & Dunford, 2017; Ivanov, 2012).
RESEARCH METHODOLOGY AND DATA CONSIDERATIONS
The MIMIC model
‘Environmental awareness’ in general means social capital motivating environmentally-friendly behaviour, which is of relevance for many issues, ranging from marketing to CC (Kawamoto, 2010). Moreover, the existing literature suggests that the level of awareness depends on both economic (GRP per capita, industrialization, etc.) and socio-economic variables (education, demographics, etc.). Consequently, this concept reveals regional qualities (cf. again Kawamoto, 2010).
The index of awareness of CC introduced in this paper is derived as a latent variable from various categories of search entries in ®Yandex, the prominent Russian search engine, with data from January 2014 through April 2016.
Each query provides insight into the current interests of an individual. The regional concentration of such queries reflects aspects of the current feelings and thinking of the population or rather ‘the collective intelligence of Internet users’ (cf. Preis, Reith, & Stanley, 2010). Ford, Jebb, Tay, and Diener (2018) used Internet search data collected from Google Trends™ as an indicator of subjective well-being at state and metropolitan area level. In addition, Ford et al. (2018) tried to predict the physical and mental health of the local population.
Search engine data, for example from ®Google or ®Yandex, were also used to predict the spreading of diseases, such as seasonal influenza (cf. Ginsberg et al., 2009). Similarly, Internet data can help to forecast economic activity (unemployment claimants or motor vehicle sales), as Choi and Varian (2012) showed with Google Trends™ data. Furthermore, Preis et al. (2010) revealed a link between economic events, such as financial market fluctuations and certain aggregated Internet queries. Chauvet, Stuart, and Chandler (2016) estimated a broad-based real-time index of mortgage default risk by using Google search queries. Internet queries are particularly appropriate to capture the regional situation, moods – also related to regional interest in CC topics – and, thus, awareness of environmental issues. Furthermore, using Internet queries instead of conducting surveys, has some advantages: avoiding ‘yes-bias’ (Hiramatsu, Kiyo, & Keisuke, 2015), being comparable, more cost-effective, as well as less time-consuming.
The queries used in the paper are from ®Yandex with numbers of entries per month and region, instead of converted index values from other search engines, for example ®Google. ®Yandex is important in Russia. The market share of ®Yandex in Russia (April 2018) was 53.2%, compared with 43.1% for ®Google. In the study period, 2014 to 2016, the market share of ®Yandex was a little smaller, approximately 41%, with 51% for ®Google. Notwithstanding, the influence of ®Yandex in Russia is large enough to ensure statistical representativeness of the query data (cf. StatCounter Global Stats, 2018, for more information on the market shares of Internet search engines).
As already mentioned, these Internet queries are presumably dependent on certain causes, which have to be integrated into the model. The MIMIC model is then used to estimate the proposed index. It is, thus, based on the assumption that awareness of CC is a latent variable that can hardly be described by means of a single indicator, and that framework conditions, causes, can affect awareness. Halady and Rao (2009), for example, identified certain causal factors of CC, such as burning fossil fuels and deforestation, and consider ‘three specific pillars’ of CC awareness (cf. pp. 10). Khakimova, Lösch, Wende, Wiesmeth, and Okhrin (2017) introduced an environmental awareness index, estimated by a MIMIC model. In contrast to Khakimova et al. (2017), this paper introduces seasonal and trend components, which allow estimation of the evolution of the index over a significantly longer time period. In addition, the influence of the average regional temperature on CC awareness is investigated. In this context, Anwar et al. (2013) reviewed possibilities to make farmers aware of CC, and Otrachshenko, Popova, and Solomin (2017) analysed the health consequences of the Russian weather. Again, CC awareness might be sharpened by personal health risks due to CC. Powell (2016), on the other hand, argued in favour of a strong consensus on anthropogenic global warming, thereby supporting the relevance of awareness of CC.
CC awareness, or rather the interests in CC topics, might be driven by regional climate and weather conditions as well as other weather phenomenona. The population in the North is especially exposed to extreme weather . This might lead to two effects: questioning the reality of CC in the case of sometimes long and very cold winter periods, as well as inquiring, whether occasional warmer winter months result from CC, amplified through the thaw of permafrost areas (Witman, 2017). Both effects might induce a higher interest in CC and its consequences. For that reason, seasonal as well as temperature-induced influences on the regional awareness index are studied, in addition to the influences of other possible causes.
The two parts of the basic MIMIC model can be explained as a measurement model for the latent construct and a structural part, which describes the causal structure of the model.

The measurement part includes observable endogenous indicators y = , which reveal concern about CC, and are in this sense ‘the pillars’ (Halady & Rao, 2009) of CC awareness, the latent variable η:
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where  ~  with Θ =  and ζ ~ ) are random errors with  ⊥ ζ. The factor loadings are summarized in the p-vector λ. The structural part (η) includes the exogenous causal variables , and the model parameters . The parameters λ and β, as well as the variances Θ2 and σ2 of the error terms ε and ζ, were estimated using a maximum likelihood (ML) approach (cf. Jöreskog & Goldberger, 1975; Khakimova et al., 2017)). Simplifying, equation (1) can be rewritten as follows

,	(2)

with  and v = λζ + ε. For estimating the parameter vector Π and the variances Θ2 and σ2 of the error terms, the ML function

	(3)





was maximized. Thereby N denotes the sample size,  and  with and . An internal maximum of  results then from the first- and second-order conditions.


Because of indeterminacy in the structural parameters, one of them was fixed before model estimation (cf. Goldberger & Hauser, 1971). Making the values of the λ-parameter comparable and interpretable, the were standardized after each ML estimation such that . To correct the estimated variances, the method from Satorra and Bentler (1994) was applied (cf. Trujillo-Ortiz and Hernandez-Wall, 2003).
· Relative numbers of queries from the search engine ®Yandex, filtered according to approximately 200 climate-related phrases in Russian and English, constituted the indicator variables y. These phrases, and subsequently also the queries, collected monthly from January 2014 through April 2016, were clustered into the following categories: Y1: Climate Change Queries; Y2: Endangered Environment Queries; Y3: Political Queries; Y4: Science Queries; and Y5: Renewable Energies and Technologies Queries.
The Climate Change cluster included words and phrases such as ”global warming”, ‘temperature record’, ‘climate refugee’ and others. The Endangered Environment cluster contained ‘sea level rise’, ‘Arctic shrinkage’, ‘extreme events’ and others. Political queries summarized words and phrases in the context of political engagement and environmental contracts such as ‘Asia-Pacific Partnership on Clean Development and Climate’, ‘Kyoto Protocol’ as well as ‘Climate Change Conference’, ‘carbon trading’, etc. The Science queries cluster included words or phrases such as ‘North Atlantic oscillation’, ‘El Nino’ and ‘cloud reflectivity enhancement’ and stands for the interest in climate and ecological science. The last category summarized words and phrases about energy and technology like ‘ecologically clean energy’, ‘biofuel’ and ‘electric mobility’.
Most of the phrases relate to CC issues, but some of them refer to more general environmental awareness topics. In some cases, a clear assignment of a word or a phrase to one group was not straightforward, and different classifications seemed plausible. The whole list of the phrases is provided as supplementary material (Supplementary material 1).
Following the data collection, the numbers of compatible requests in each region and in each category were summarized and divided by the number of all search requests from ®Yandex in these regions. This yielded the indicator variables y:

,	(4)




where with  referring to the categories, and  with  to the regions of the Russian Federation.
Regarding observable causes, which might influence the index variable η, GRP per capita at purchasing power parity, the basic structure of industry, the per capita emissions of greenhouse gases and temperature were used in addition to some controls for industry, social status and education. GRP per capita was considered in first, second and third order to provide more insight into the dependence of the index on GDP. Figure 1 shows the model with all specifications. Arrows mark the direct effects of the exogenous variables on awareness of CC, and the mediation effect of the index on the indicators. The associated default MIMIC model was then given by (cf. Khakimova et al., 2017):

 (5)
The empirical model with seasonal and trend components
Since the relative numbers of Internet queries are subject to seasonal variations, the primary structural part of the MIMIC model was extended by including a time component, which captured quarterly and yearly fixed effects.

As a result, the structural model part, which explains the latent variable , was as follows:

	(6)


in which  is the vector of causes variables. The vector  includes three binary variables for the quarters (reference is the 4th quarter) and two binary variables for the years (reference is the year 2016). Moreover, β and γ are coefficient vectors and ζ is the normally distributed random error. The extended MIMIC model was:

	(7)
As with the basic MIMIC model, the extended model was also estimated in one step.

Seasonal effects on regional interest in CC might be driven by climate circumstances related to the regional seasonal temperature. In particular, the population might be more concerned in regions with long and cold winters and a vulnerable environment in the northern parts of the country. A relationship between  and temperature is, thus, conceivable. For that reason, in order to estimate the CC awareness index, the seasonal dummies in model (7) were replaced with the average monthly regional temperature. This procedure, based on binary variables not subject to the collinearity problem allowed estimation of the effect on regional CC awareness of the RUB devaluation at end of 2014, and of COP 21 at the end of 2015. For the robustness check, temperature and seasonal dummies in the model were also simultaneously estimated.
After estimating the CC awareness index for each region and each available time point, commonalities of regions with similar awareness structure were analysed. For this purpose, a k-means clustering algorithm from Hartigan and Wong (1979) was used. The main idea was to minimize the within-cluster sum of squares for a given number of clusters. The optimal number of clusters can be found by using the Silhouette method by Rousseeuw (1987) or the elbow criterion (cf., for example, Ketchen and Shook, 1996; Thorndike, 1953).
In addition, different cluster compositions for CC awareness in 2014, 2015 and 2016 were computed, and the temporal evolution of the incurred groups over was compared. This method is called ‘cluster-break-analysis’. Furthermore, the regions were grouped by certain characteristics, for example by GRP per capita quantile levels, and their CC awareness indices were compared.
Identification and data considerations
As already mentioned, ®Yandex filtered the Internet queries from January 2014 to April 2016 (28 months) according to the environmental phrases provided and according to the Russian regions. This allowed investigation of the temporal and spatial development of the CC awareness index (cf. Lösch, Okhrin, & Wiesmeth, 2017).
The data for the regional causes variables is available on a yearly level, provided by the Federal Statistics Service of Russia (RFSSS, 2016). They include GRP per capita at purchasing power parity, the unemployment rate, the share of population that was young (< 18 years) and elderly (> 65 years), the share of labour force in the mining and manufacturing sectors and in fisheries. In addition, information about the share of households with broadband Internet access, number of vehicles per 1000 population, and the share of employees in education was available.
Information on nitrogen oxides and carbon dioxide emissions for 2014 and 2015 was also available, allowing the consideration of pollutants released into the atmosphere from fuel combustion (for generating electricity and heat), and from stationary sources (as index values) during the year.
As mentioned above, the average temperature in °C for each region and each month from Meteo (2018) was included in the data set, as were binary variables for the RUB devaluation (‘1’ from December 2014 until April 2015) and for COP 21 (‘1’ from November until December 2015).
The MIMIC model (7) was estimated with various selections of specifications for the period from January 2014 to April 2016. In some situations, it was not possible to get data for the causeal variables for 2015 and 2016. In these cases, data from 2014 were used, biasing the CC awareness index for these years. However, the bias arises equally to all regions and does not significantly affects their ranking on the CC awareness index for these years.

The Internet queries for each of the 81 Russian regions at a monthly level were used as indicators. Since regional data are not available on a monthly basis, annual values of the causal variables were included in the model. Then, the data were stacked, leading to a sample size of  × 28 months = 2268 observations. All variables were standardized over the complete period (all 2268 observations), without removing the time component. The standardization of the variables compensated for different scaling and helped to avoid problems in the convergence of the iterative ML approach.
RESULTS OF THE MIMIC MODEL

















In order to investigate the development of CC awareness in the Russian regions, the index  was estimated with the MIMIC model (7), without and with time components. The estimated coefficients are shown in Table 1. The models  to  included the five indicators and GRP per capita. However, either  together with  and , or  were considered in order to capture the expected non-linear relationship between income and regional CC awareness. The binary variables  for the time components: quarters (,  and ) and years (, , were included in models  and . All other models used ‘temperature’ to capture seasonal and spatial differences. In addition, binary variables for geographical affiliation were included in models and  with further causal variables.



The reduced model  has the lowest Akaike information criterion (AIC) value and the lowest robust root mean square error of approximation (r.RMSEA), thus showing the best model fit. The fit of model  hardly differs from that of . The two models differ only regarding the form of the GRP variables. Interestingly, the models, which include temperature variables instead of time dummies, reveal a better model fit. Thus, the temperature variable seems to adequately capture seasonal deviations and additional, spatially conditioned climate characteristics. Information about the model fit measurements is provided in Table 2 in the Appendix.	Comment by Editorial Integra: 
TS: Insert Table 2 near here

Signs and variances of the estimated coefficients are of interest: the coefficient of the temperature variable is negative, highly negative-significant and very robust over all 11 model variations, even with additionally introduced time dummies (cf. model ). This result confirms the expectation of stronger CC interest in colder regions.
If the temperature variable is included instead of time dummies, the coefficient of the COP 21 dummy becomes positive and significant, in contrast to the coefficient of the RUB devaluation, which is typically insignificant. However, a longer time-series might help to reveal differences between seasonal effects and the actual influence of these events.

All λs are positive and significant. Thus, as expected, there is a positive relationship between the index and environmental queries. The most interesting Internet queries seem to be the general CC topics, because  shows the highest coefficient value in each model. As the other indicator variables refer to phrases, which are also close to CC issues, the awareness index can be interpreted as a measure of interest in CC.

To sum up, model fits the data well enough. The other causal variables, besides GRP per capita, temperature and the COP 21 dummy, seem to have a weak impact on the CC awareness index. Most of them have significant coefficients, but have little effect on the model fit.


Nonetheless, it is worthwhile looking at the signs of the other coefficients. The coefficient of  is positive in the first and third order, but negative in the second order. This suggests a curvilinear relationship between the wealth of a region and the awareness index. In the models in which  is included show positive highly significant coefficients for it, supporting this hypothesis.
From the geographical aspect, the coefficient of the North-Eastern Europe dummy is negative and significant compared to the reference region (Far) Eastern Siberia. The geographical clusters can be found in Table 5 in the Appendix.	Comment by Editorial Integra: 
TS: Insert Table 5 near here
Moreover, other socio-economic causes such as the share of employees in manufacturing or the rate of unemployment have a certain influence on awareness. Consequently, as in Khakimova et al. (2017), promising efforts to stimulate awareness of CC are fundamentally related to the economic system.
REGIONAL ASPECTS OF AWARENESS OF CLIMATE CHANGE
This section investigates dependence of awareness of CC in the various regions of the Russian Federation on certain regional characteristics. Also, the possible effects of the RUB devaluation and of COP 21, as well as their dependence on regional aspects, are of interest.
Influence of causes variables

Russian regions differ substantially regarding GRP per capita, the share of manufacturing, level of air pollution, the share of the older people and climate conditions, just to name a few. Using estimation results from version  of the MIMIC model (7), the goal is to investigate, how these causal variables and, in particular, GRP per capita and temperature affect CC awareness.

For all figures, model is used for estimating the CC awareness index; for Figure 2–5 the identification numbers (IDs) of the regions are provided in Table 3 in the Appendix; moreover, for Figure 2–6 the regional affiliations to the awareness level clusters can be found in Table 4 in the Appendix.	Comment by Editorial Integra: 
TS: Insert Table 3 near here	Comment by Editorial Integra: 
TS: Insert Table 4 near here
The effect of GRP per capita is visible in Figure 2. The regions are grouped into four clusters according to the level of the CC awareness index by using the k-means algorithm from Hartigan and Wong (1979). Figure 2 reveals that a higher GRP per capita tends to induce a higher level of awareness.
Interestingly, there is an almost linear relationship between average temperature and the average CC index, as Figure 3 shows. This result confirms expectations of higher interest in CC topics in colder than in warmer areas. However, there is also a larger temperature variation in regions with higher CC indices. This result might be driven by other causes variables, such as GRP per capita.	Comment by Editorial Integra: 
TS: Insert Figure 3 near here
Figure 4 refers to the relevance of the share of employees in manufacturing in the various regions. Interestingly, awareness increases with a rising share of manufacturing in the lowest cluster (red), and decreases in the other clusters. Regions with a relatively low share of employees in the manufacturing sector and low CC awareness indices, such as Dagestan, Chechnya and Ingushetia in the lowest (red) cluster, have a strong agricultural sector and are still ‘traditional’. The population in these areas seems less interested in more ‘modern’ issues such as CC. The population in the (higher) clusters (grey and blue) with a relatively weak manufacturing sector and high CC awareness index values are richer regions, especially dependent on the oil-extracting industry (for example Nenets Autonomous Okrug, Yamalo-Nenets Autonomous Okrug). The regions with a relatively high share of employees in manufacturing and low CC awareness indices are again relatively poor. There is, thus, a relation between GRP per capita and the share of employees in manufacturing sector.
Surprisingly, the situation is quite different when one examines the effect of higher levels of ‘air pollution’ on CC awareness (cf. Figure 5). Especially the second and third clusters with large variances for these emissions show no sensitivity regarding awareness with respect to increasing levels. Similar results hold for the influence of the rate of unemployment, the share of employees in mining, and the share of older people in the population of these regions. These results are also mirrored in some unstable coefficients (changing signs) in Table 1.
Devaluation of the rouble and the climate change conference
The substantial fall of the world market prices of oil and gas starting at the end of 2014 saw a decline of the RUB-Dollar exchange rate and had other impacts on the Russian economy, which is largely dependent on the export of oil and gas. Moreover, environmental issues might be associated with these developments: efforts to reduce the consumption of oil and to mitigate CC might, in particular, be weakened,.
Conversely, the end of November 2015 COP 21 inspired many countries to contribute towards CC mitigation and support efforts to adapt to the consequences of CC, especially in developing countries.
Thus, for both of these events raise questions as to whether there were measurable effects on CC awareness, perhaps dependent on the characteristics of certain regions of the Russian Federation.


Again, the estimation of version of model (7) yields interesting results regarding awareness in different contexts. Figure 6 shows the time-series of CC awareness (left) and average temperature (right) per month and region. The regions are clustered according to their awareness index by using a k-means algorithm. The colours reveal their rank on the awareness index: . The coloured areas are the 95% confidence intervals. The pictures in Figure 6 confirm the relationship between CC awareness and temperature as shown in Figure 3. In addition, Figure 6 reveals seasonal variations in CC awareness, related to the monthly temperature: the higher the temperature, the lower the interest in CC topics.
These results remain, if the regions are clustered separately for each year. Figure 7 shows the result of this ‘cluster-break-analysis’. From the algorithm of clustering, it can happen that a certain cluster includes different regions in 2014 and in 2015, but the within-cluster variances are minimized for each year and each cluster.

It seems that, the currency devaluation starting at the end of 2014 did not significantly affect interest in CC topics. The awareness index remains on a high level. This result is confirmed in Table 1 by the insignificant coefficient, . The devaluation of the RUB might have deflected interest to other areas.


However, in Figure 6 an increase of the CC index between August and December 2015 is observable, in particular in clusters 2, 3 and 4, which might be interpreted as an increasing interest in CC topics before and during COP 21. But a short time after the conference, interest in CC topics declined again. This result could also be driven by seasonal, or, rather, temperature effects. The coefficient for COP 21, in Table 1, is positive and significant in most models, but if season dummies are included, the coefficient becomes insignificant, as  shows.
Clustering the regions differently, regarding the value of GRP per capita, for example, as in Figure 8, or regarding the share of employees in mining or manufacturing, or the emission of greenhouse gases, does not change this result.
Clustering regions according to their geographical affiliation, as in Figure 9, hardly changes the results from those in Figure 6 (cf. Table 5 in the Appendix for the corresponding regions within the geographical clusters). Figure 9 shows that the highest awareness indices can be found in the East of Russia. The intensity decreases from east to west (cf. also Lösch et al., 2017).
Regional variations of climate change awareness
Figure 9 shows that the regions located in the eastern part of the Russian Federation tended to reveal a higher level of CC awareness compared with regions located in Europe or in Central and Western Siberia. The intensity seems to decrease from east to west. The estimated coefficients in Table 1 already confirm these results.
Figure 10 details the location of the clustered regions with the highest (grey) and lowest (red) values of CC awareness. Lösch et al. (2017) provide more information on the ‘diffusion’ of CC awareness, which seems to spread from the eastern parts of the country to the western parts.
The final Figure 11 shows some box plots for changes in the average levels of awareness in the regions clustered according to their awareness levels. The graphic depicts the changes in the levels of awareness from 2014 to 2015. Although the composition of the clusters change a little, considering this effect does not alter the picture radically.	Comment by Editorial Integra: 
TS: Insert Figure 11 near here
There is, thus, a slight upward development of average awareness levels in each cluster when moving from 2014 to 2015 levels. The variability within the clusters decreases.
CONCLUDING REMARKS
This research investigated the development of temporal and spatial CC awareness in 81 Russian regions. Furthermore, the study considered the potential effects of the RUB devaluation at the end of 2014 and of COP 21 in December 2015. To quantify a regional awareness index, the MIMIC model, a special kind of a structural equation model, was used. Awareness was therefore assumed to depend on various exogenous causes, such as the regional economic, climate and environmental situations. Since awareness is considered a latent construct, not directly observable, Internet queries using environmental phrases from the search engine ®Yandex were used as indicators. These entries were available for 28 months, from January 2014 to April 2016.
Constructing the index in this way avoids the introduction of exogenous weights for aggregating various sub-indices into an awareness index. The resulting endogenously calculated parameters show, as in Khakimova et al. (2017) and Lösch et al. (2017), a positive non-linear relationship between GRP per capita and regional awareness. Surprising, at first glance, is the significantly negative dependence of interest in CC topics on climate conditions, represented by regional average temperature. As the colder regions are, for various reasons, likely more to be affected by CC than warmer ones, one might expect a higher interest of the regional population in CC topics.
Other regional characteristics, such as the share of employees in the manufacturing sector, the unemployment rate and greenhouse gas emissions, affect the awareness only weakly. Index levels are highest in the eastern part of Russia, particular in Chukotka Autonomous Okrug, Oblast Magadan and Kamchatka. Large parts of these regions are ecologically vulnerable and contain UNESCO natural heritage sites. Other high-awareness regions are Nenets Autonomous Okrug and Sakha Republic with oil-intensive industry sectors.
As a result, most of the regions with high awareness indices are located in the cold North of the country. Fears that Arctic permafrost thaw will amplify climate change might induce this result (cf., for example, Witman, 2017). Moreover, CC interest seems to decrease from east to west. The smallest CC index values can be measured in the European part of Russia, especially in the Caucasus regions, which amongst the poorest as well as the warmest regions in the country.
Furthermore, there is seasonal variability in the temporal development of CC awareness, which can be partly explained by regional climate circumstances. The interest in environmental topics is lower in warmer months and regions than in colder months and regions. There are peaks between October and December as well as in March and April of 2014 and 2015. The RUB devaluation at the end of 2014 seems not to have influenced regional CC awareness, although a positive effect of COP 21 is measurable. However, the analysis cannot conclusively answer the question as to whether this positive effect was driven by COP 21 or was a consequence of seasonal effects. A longer observation period might clarify this issue.
Developing an index of CC awareness considered as a latent variable affected by causal factors is certainly one of the main contributions of this analysis. The MIMIC model permits identification of relevant causes of increased awareness which in this case were economic factors such as economic growth and also strong exogenous factors, such as the regional average temperature. At the same time the analysis points to weak causes, such as the share of employees in manufacturing.
Regarding Russia, one of the conclusions therefore is that, contrary to common belief, CC awareness tends to be higher in the colder regions. Also as Inglehart (1990) argued, economic growth will raise CC awareness. This conclusion, emphasizing a certain role for economic factors in environmental issues, is likely to apply to other countries. More detailed studies using an extended data base could help to clarify the role of other potential causal variables, such as education, for example.
The methodology used in this research can be used to estimate comparable parameters for other environmental issues and for other countries and regions. The limitations of this analysis relate to the data used to estimate an awareness index. Activities other than internet searches are related to CC awareness: examples include the consumption of electrical energy from renewable sources, or the share of hybrid or electric cars. In addition, the empirical research involves certain assumptions about the distribution of the random variables which may not hold. These issues along with the use of a larger data set should be the concerns of further studies.
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	Climate Change
	0.391
	0.394
	0.487
	0.467
	0.365
	0.375
	0.320
	0.318
	0.318
	0.315
	0.389

	

	Endangered Environment
	0.102 ***
(0.034)
	0.106 ***
(0.035)
	0.092 ***
(0.026)
	0.100 ***
(0.028)
	0.104 ***
(0.034)
	0.109 ***
(0.034)
	0.088 ***
(0.042)
	0.091 ***
(0.041)
	0.088 ***
(0.043)
	0.097 ***
(0.046)
	0.124 ***
(0.037)

	

	Political Queries
	0.118 ***
(0.041)
	0.117 ***
(0.040)
	0.109 ***
(0.032)
	0.113 ***
(0.031)
	0.104 ***
(0.043)
	0.107 ***
(0.041)
	0.125 ***
(0.056)
	0.125 ***
(0.055)
	0.121 ***
(0.055)
	0.105 ***
(0.054)
	0.106 ***
(0.038)

	

	Renewable Energy
	0.216 ***
(0.052)
	0.209 ***
(0.050)
	0.173 ***
(0.036)
	0.178 ***
(0.038)
	0.251 ***
(0.052)
	0.233 ***
(0.049)
	0.300 ***
(0.069)
	0.301 ***
(0.069)
	0.312 ***
(0.070)
	0.329 ***
(0.070)
	0.238 ***
(0.049)

	

	Science Queries
	0.174 ***
(0.046)
	0.174 ***
(0.045)
	0.138 ***
(0.027)
	0.142 ***
(0.028)
	0.175 ***
(0.046)
	0.176 ***
(0.044)
	0.166 ***
(0.066)
	0.165 ***
(0.065)
	0.160 ***
(0.065)
	0.154 ***
(0.064)
	0.144 ***
(0.039)

	

	GRP per capita
	1.329 ***
(0.181)
	
	2.006 ***
(0.192)
	1.306 ***
(0.178)
	1.326 ***
(0.183)
	
	1.043 ***
(0.159)
	1.076 ***
(0.194)
	0.856 ***
(0.186)
	0.985 ***
(0.187)
	1.138 ***
(0.209)

	

	(GRP per capita)2
	−2.992 ***
(0.436)
	
	−4.339 ***
(0.474)
	−2.989 ***
(0.447)
	−3.049 ***
(0.424)
	
	−2.860 ***
(0.410)
	−2.906 ***
(0.461)
	−2.793 ***
(0.469)
	−3.099 ***
(0.484)
	−3.429 ***
(0.527)

	

	(GRP per capita)3
	1.816 ***
(0.281)
	
	2.609 ***
(0.311)
	1.844 ***
(0.297)
	1.850 ***
(0.268)
	
	1.754 ***
(0.256)
	1.776 ***
(0.279)
	1.838 ***
(0.300)
	1.995 ***
(0.308)
	2.217 ***
(0.342)

	

	log(GRP per capita)
	
	0.163 ***
(0.024)
	
	
	
	0.152 ***
(0.026)
	
	
	
	
	

	

	Temperature
	−0.415 ***
(0.024)
	−0.425 ***
(0.024)
	
	−0.514 ***
(0.039)
	−0.376 ***
(0.025)
	−0.389 ***
(0.025)
	−0.341 ***
(0.024)
	−0.334 ***
(0.024)
	−0.311 ***
(0.024)
	−0.289 ***
(0.024)
	−0.409 ***
(0.043)

	

	Climate Conference
	0.290 ***
(0.111)
	0.293 ***
(0.112)
	
	0.076
(0.132)
	0.381 ***
(0.108)
	0.412 ***
(0.111)
	0.171 *
(0.092)
	0.176 *
(0.092)
	0.187 **
(0.091)
	0.222 **
(0.092)
	0.232 *
(0.129)

	

	Rubel devaluation
	−0.054
(0.043)
	−0.059
(0.043)
	
	0.018
(0.059)
	0.062
(0.050)
	0.075
(0.050)
	−0.065 *
(0.039)
	−0.062
(0.039)
	−0.053
(0.039)
	−0.015
(0.046)
	−0.002
(0.058)

	

	North-Eastern Europe
	
	
	
	
	−0.271 ***
(0.025)
	−0.247 ***
(0.025)
	
	
	
	−0.231 ***
(0.031)
	−0.141 ***
(0.034)

	

	South-Eastern Europe
	
	
	
	
	0.035
(0.041)
	−0.005
(0.041)
	
	
	
	0.064 *
(0.037)
	0.089
(0.069)

	

	Western Siberia
	
	
	
	
	−0.037
(0.043)
	−0.097 **
(0.046)
	
	
	
	0.235 ***
(0.057)
	−0.151 ***
(0.034)

	

	Manufacturing
	
	
	
	
	
	
	−0.248 ***
(0.023)
	−0.236 ***
(0.027)
	−0.232 ***
(0.030)
	−0.189 ***
(0.029)
	−0.025
(0.038)

	

	Mining
	
	
	
	
	
	
	0.123 **
(0.061)
	0.124 **
(0.062)
	0.039
(0.064)
	0.028
(0.063)
	−0.116 ***
(0.030)

	

	Fishery
	
	
	
	
	
	
	
	0.013
(0.025)
	−0.019
(0.024)
	−0.058 **
(0.025)
	−0.312 ***
(0.069)

	

	Air Pollution
	
	
	
	
	
	
	−0.156 ***
(0.024)
	−0.195 ***
(0.027)
	−0.195 ***
(0.028)
	−0.185 ***
(0.029)
	−0.112
(0.074)

	

	Carbon Dioxide
	
	
	
	
	
	
	
	0.057 **
(0.026)
	0.061 **
(0.027)
	0.029
(0.031)
	0.223 ***
(0.076)

	

	Nitrogen Dioxide
	
	
	
	
	
	
	
	−0.002
(0.019)
	−0.006
(0.019)
	−0.088 ***
(0.024)
	−0.017
(0.031)

	

	Unemployment Rate
	
	
	
	
	
	
	
	
	−0.159 ***
(0.037)
	−0.161 ***
(0.035)
	−0.167 ***
(0.046)

	

	Share Of Old People
	
	
	
	
	
	
	
	
	−0.205 **
(0.082)
	−0.195 **
(0.082)
	−0.067
(0.098)

	

	Share of Young People
	
	
	
	
	
	
	
	
	0.026
(0.082)
	0.013
(0.081)
	−0.194 **
(0.096)

	

	Education
	
	
	
	
	
	
	
	
	−0.043
0.052)
	−0.068
0.051)
	−0.045
0.055)

	

	January – March
	
	
	−0.248 ***
(0.038)
	−0.551 ***
(0.043)
	
	
	
	
	
	
	−0.301 ***
(0.056)

	

	April – June
	
	
	−0.023
(0.051)
	0.443 ***
(0.064)
	
	
	
	
	
	
	0.398 ***
(0.071)

	

	July – September
	
	
	−1.300 ***
(0.061)
	−0.568 ***
(0.082)
	
	
	
	
	
	
	−0.531 ***
(0.085)

	

	Year 2014
	
	
	0.343 ***
(0.045)
	0.136 ***
(0.048)
	
	
	
	
	
	
	0.230 ***
(0.056)

	

	Year 2015
	
	
	0.382 ***
(0.042)
	0.203 ***
(0.054)
	
	
	
	
	
	
	0.208 ***
(0.059)

	N
	2268
	2268
	2268
	2268
	2268
	2268
	22,268
	2268
	2268
	2268
	2268

	AIC
	40,040
	43,993
	43,927
	46,629
	44,940
	49,136
	53,751
	66,680
	77,568
	78,446
	84,416

	RMSEA (robust)
	0.057
	0.059
	0.093
	0.089
	0.107
	0.119
	0.077
	0.073
	0.074
	0.083
	0.098


Appendix AStandard errors in parentheses; significance level: ***p < 0.01, **p < 0.01, *p < 0.1


[bookmark: LinkManagerBM_TABLE_kj8OwXub][bookmark: Tmpbk_1]Table 2A1. Goodness-of-fit measures.
	Measure
	Formula

	Akaike information criterion (AIC)
	







Source: Tanaka (1993)

	Robust root mean square error of approximation (RMSEA)
	





[bookmark: LinkManagerBM_CAREF_kpTtd36F][bookmark: LinkManagerBM_TMPREF_1Z4ltdJy]Source: Brousseau-Liard et al. (2012)
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Table 3A2. Region identification numbers (IDs) IDs, which are used in Figures 2 – –5.
	ID
	Region (NUTS-2)
	ID
	Region (NUTS-2)
	ID
	Region (NUTS-2)
	ID
	Region (NUTS-2)

	1
	Adygea
	21
	Kaliningrad
	41
	Mari El
	61
	Samara

	2
	Altai (Republic)
	22
	Kalmykia
	42
	Mordovia
	62
	Saratov

	3
	Altai (Krai)
	23
	Kaluga
	43
	Moscow
	63
	Smolensk

	4
	Amur
	24
	Kamchatka
	44
	Murmansk
	64
	Stavropol

	5
	Arkhangelsk
	25
	Karachay-Cherkessia
	45
	Nenets AO
	65
	Sverdlovsk

	6
	Astrakhan
	26
	Karelia
	46
	Nizhny Novgorod
	66
	Tambovsk

	7
	Bashkortostan
	27
	Kemerovo
	47
	North Ossetia-Alania
	67
	Tatarstan

	8
	Belgorod
	28
	Khabarovsk
	48
	Novgorod
	68
	Tomsk

	9
	Bryansk
	29
	Khakassia
	49
	Novosibirsk
	69
	Tula

	10
	Buryatia
	30
	Khanty-Mansi AO
	50
	Omsk
	70
	Tuva

	11
	Chechnya
	31
	Kirov
	51
	Orenburg
	71
	Tver

	12
	Chelyabinsk
	32
	Komi
	52
	Oryol
	72
	Tyumen

	13
	Chukotka AO
	33
	Kostroma
	53
	Penza
	73
	Udmurtia

	14
	Chuvashia
	34
	Krasnodar
	54
	Perm
	74
	Ulyanovsk

	15
	Dagestan
	35
	Krasnoyarsk
	55
	Primorsky
	75
	Vladimir

	16
	Ingushetia
	36
	Kurgan
	56
	Pskov
	76
	Volgograd

	17
	Irkutsk
	37
	Kursk
	57
	Rostov
	77
	Vologda

	18
	Ivanovo
	38
	Leningrad/St. Petersburg
	58
	Ryazan
	78
	Voronezh

	19
	Jewish
	39
	Lipetsk
	59
	Sakha
	79
	Yamalo-Nenets AO

	20
	Kabardino-Balkaria
	40
	Magadan
	60
	Sakhalin
	80
	Yaroslavl

	 
	 
	 
	 
	 
	 
	81
	Zabaykalsky






[bookmark: LinkManagerBM_TABLE_5slUoKis][bookmark: Tmpbk_3]

Table 4A3. Generated cluster solution by using a k-means algorithm on the estimated regional climate change (CC) CC awareness indices from 01/January 2014 to 04/April 2016.
	Cluster (CC Iindex)
	Regions	

	Cluster 1
	Chechnya, Dagestan, 	Ingushetia, Kabardino-Balkaria, Karachay-Cherkessia, North Ossetia-Alania

	Cluster 2
	Adygea, Arkhangelsk, 	Bashkortostan, Belgorod, Bryansk, Chelyabinsk, Chuvashia, Ivanovo, Kaliningrad, Kaluga, Karelia, Kemerovo, Kirov, Kostroma, Kurgan, Kursk, Leningrad/St. Petersburg, Lipetsk, Mari El, Mordovia, Nizhny Novgorod, 	Novgorod, Oryol, Penza, Pskov, Rostov, Ryazan, Samara, Saratov, Smolensk, 	Stavropol, Sverdlovsk, Tambovsk, Tula, Tver, Ulyanovsk, Vladimir, Voronezh

	Cluster 3
	Altai (Krai), Amur, Astrakhan, Buryatia, Irkutsk, Jewish, Kalmykia, Khakassia, Khanty-Mansi AO, 	Komi, Krasnodar, Krasnoyarsk, Moscow, Murmansk, Novosibirsk, Omsk, Orenburg, Perm, Primorsky, Tatarstan, Tomsk, 	Tyumen, Udmurtia, Vologda, Yamalo-Nenets AO, Yaroslavl, Zabaykalsky

	Cluster 4
	Altai (Republic), Chukotka AO, Kamchatka, Khabarovsk, Magadan, Nenets AO, Sakha, Sakhalin, Tuva







[bookmark: LinkManagerBM_TABLE_ob4lGIk1][bookmark: Tmpbk_4]

Table 5A4. Russian regions grouped geographically
	Geo-Ccluster
	Regions

	North-Eastern Europe
	Arkhangelsk, Bryansk, Chuvashia, Ivanovo, Kaliningrad, Kaluga, Karelia, Kirov,	Komi, Kostroma, Kursk, Leningrad/St. Petersburg, Lipetsk, Mari El, Mordovia, Moscow, Murmansk, Nizhny Novgorod, Novgorod, Oryol, Penza, Perm, Pskov, Ryazan, Smolensk, Tambovsk, Tatarstan, Tula, Tver, 	Udmurtia, Ulyanovsk, 	Vladimir, Vologda, Yaroslavl

	South-Eastern Europe
	Adygea, Astrakhan, Bashkortostan, Belgorod, Chechnya, Dagestan, Ingushetia, Kabardino-Balkaria, Kalmykia, Karachay-Cherkessia, Krasnodar, North Ossetia-Alania, Orenburg, 	Rostov, Samara, Saratov, Stavropol, Volgograd, 	Voronezh

	Western and Central Siberia
	Altai (Krai), Altai (Republic), Chelyabinsk, Irkutsk, Kemerovo, Khakassia, Khanty-Mansi AO, 	Krasnoyarsk, Kurgan,	Nenets AO, Novosibirsk, Omsk, Sverdlovsk, Tomsk, Tuva, Tyumen, Yamalo-Nenets AO

	Far-Eastern Siberia
	Amur, Buryatia, Chukotka AO, Jewish, Kamchatka, 	Khabarovsk, Magadan, Primorsky, 	Sakha,	Sakhalin, Zabaykalsky






References for Appendix A
Brosseau-Liard, P. E., Savalei, V., & Li, L. (2012). An investigation of the sample performance of two nonnormality corrections for RMSEA. Multivariate Behavioural Research, 47, 904–930. 
Tanaka, J. S. (1993). Multifaceted conceptions of fit in structural equation models. In K. A. Bollen & J. S. Long (Eds.), Testing structural equation models. Newbury Park, CA: Sage.
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