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Abstract

:

The current understanding of determinants of climate action and mitigation behaviour is largely based on measures of climate change including concerns, attitudes and beliefs. However, few studies have shown the actual effects of external and internal drivers on citizens’ lifestyles related to climate change, particularly in terms of their carbon footprint (CF). A questionnaire (N = 845) assessing the impact of potential explanation factors for personal CF was carried out in Spain. The study showed the importance of better understanding the factors affecting citizen’s consumption and climate change mitigation policies. Internal factors were not very explicative. Knowledge was linked to clothing and perceived commitment to food, with both sectors being more directly linked to personal choices than other CF sections. Both accounted for 40% of personal emissions. Frequency of action was not shown to be significantly related to any CF section. External factors, such as income, level of studies, age and type of work, were found to be more important than internal drivers in explaining personal CF, particularly type of work, age and income, which were linked to all CF sectors but household energy. Sex was highly associated to clothing, but also significant for transport. Political orientation was not found to be linked to any section of personal CF.
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1. Introduction


In spite of the scientific consensus on climate change (CC) [1] and the extent of international agreement on this topic [2], public debate on the relevance and urgency of the problem is still present on media and social networks [3,4]. As a result, the reductions in national emissions are not ambitious enough to curve the observed trends of the last two decades, while the current CC mitigation policies are far from meeting the ambition of the Paris agreement [5] and the 13rd Sustainable Development Goal (Climate Action). For instance, a recent study indicates that CO2 atmospheric density should be reduced from the current 415 ppm to 350 ppm to recuperate the Earth’s energy balance [6] and avoid further climate destabilization [7]



Reducing GHG emissions implies further efforts being taken not only by governments and private companies, but also by citizens. Different assessments have shown that a high proportion (60–70%) of total emissions are related to individual decisions and personal lifestyles, including household consumption [8,9]. Emphasizing this, several strategies to reduce personal emissions have been suggested in recent decades, including carbon footprinting, carbon offsetting, carbon dieting, Carbon Reduction Action Groups, and Personal Carbon Allowances [10,11,12]. Among these strategies, the calculation of personal carbon footprint (CF) has shown a great potential for extending citizens’ awareness of the impacts of their personal habits in terms of CC mitigation [13,14], and encouraging them to take specific actions to further reduce their footprint. Different CF calculations and databases have been developed in recent years to facilitate a quantitative estimation of personal emissions [13,15,16], and also as a means to evaluate different mitigation policies [17].



However, as occurs in other environmental problems, CC concern and action are not always linked, not even public CC activism and personal change mitigation behaviour [18]. Inconsistent responses and limited actions have been observed in several studies [19]; others have shown relationships between motivations and actions, but these, in many cases, have only a marginal impact on personal emissions [20]. For this reason, a better understanding of the drivers affecting personal CF could greatly benefit CC mitigation policies.



Following the model of Clayton and Myers [21] personal environmental behaviour is explained by a wide set of factors, including external and internal drivers. The external ones refer to physical and socio-economic constraints and benefits, while the internal ones are linked to individual knowledge, values, attitudes and emotions. Previous studies have identified income as the most explicative factor of personal CF, with a higher income associated with higher emissions [21,22,23]. House size has also been found to be related to emissions, with higher per capita emissions for those with lower family sizes [24]. Place of residence (rural or urban location) has an influence in some cases [10,25,26], but not always [27], with influence differing with regard to the various types of emissions (household energy, transport, food, etc.) [23]. Age was found to be closely associated to CF in a sample of the UK population, linked to income and working status, while gender was not found to be relevant [27].



Internal factors associated with personal CF should be linked to the knowledge, values, emotions and perceptions of individuals towards the environment, and particularly towards CC. These drivers have been less explored than the external ones, although different environmental psychologists consider them to be more influential, particularly when affecting curtailed behaviours [21,28,29]. Previous studies have shown that knowledge of CC correlates well with higher concern and positive attitudes towards the climate [30]. Closely related to knowledge of CC is confidence that CC is currently occurring and is mainly caused by anthropogenic actions. Scepticism about CC science is identified as a significant barrier to public engagement [4]. The influence of a perceived social consensus about CC also has relevant impacts on personal opinions and attitudes [3]. On the other hand, a meta-analysis carried out by Van Valkengoed and Steg [30] found a strong correlation between perceived outcome efficacy (the extent to which individuals believe that mitigation actions will be effective) and CC commitment. In the same way, Xiang et al. [31] found a significant relationship between perceived intractability and climate action. This implies that those respondents who considered that CC is either too global to affect them or too great to be affected by their personal efforts tended to be much less involved in climate action than those with higher tractability perceptions. Research has shown that self-transcendent or altruistic values affect personal perceptions of and concern regarding CC; those who report holding altruistic values have higher levels of concern and are more likely to trust science regarding the anthropogenic causes of CC [32,33,34].



Most of the revised literature explaining drivers of CC action aims to understand individuals’ concerns and perceptions, but much less research has been focused on the actual implications of those perceptions on personal behaviour, and particularly on personal CF. On the other hand, previous studies have focused on external factors, with only a few dealing with internal motivations. In this paper, we examine the impacts of internal factors on CC mitigation actions, including knowledge, perception and commitment, using personal CF as an indicator. Since those internal factors are mediated by external drivers, we analyse the cross-correlation between them. The study is based on a sample of the Spanish population, which was interviewed using an internet survey in May 2020. Our initial hypotheses were that people with a better knowledge of CC science, who valued the impact of their personal responsibility on the problem and who had participated in climate actions would have a lower CF than the rest of the sample. We also analysed the role of external factors that mediate these relations, particularly the impact of sex, age, profession, income, place of living and political orientation. Finally, we researched whether explanation variables may change regarding different components of the CF, particularly the two most important factors: Food and Transport.




2. Materials and Methods


2.1. Carbon Footprint Calculator


This survey was carried out within the framework of developing and testing an online Carbon Footprint Observatory “CO2web” (https://www.huellaco2.org/). This CO2 observatory has three main interrelated blocks: the first section presents the scientific basis of CC, the concept of CF and its calculation; the second one compiles data on emissions associated with the main consumption and transport habits of citizens; the third one contains a CF calculator that computes personal emissions (in kg of CO2 equivalent) for the main consumer categories: household energy, transport (car, train, bus, subway), clothing, food and drinks, and others (including tobacco consumption, computers and pets). All CF values are computed in CO2 equivalent units (CO2e) and are based on standard life-cycle assessments, published in scientific sources, mostly peer-reviewed papers (see Burgui-Burgui and Chuvieco [35] for a full description of the CO2 observatory and the associated CF calculator). Emission factors for the Spanish electrical system were taken from the annual average of 2018, provided by the Spanish regulator (https://www.ree.es/, accessed on 12 February 2019).




2.2. Data Collection


An internet survey was conducted by a social studies company, specializing in internet questionnaires. The sample was extracted following a non-random stratified selection, which aimed to represent the whole Spanish population. Sampling strata included sex, age and place of residence, including a quota from their own database of respondents to mimic the whole Spanish population distribution of those strata. The target population was 1000 people, which was recommended by the company experts, based on their previous surveys. Annex I includes a full technical description of the survey.



The questionnaire comprised two blocks. The first one included three groups of questions:




	
Those related to external factors (age, sex, studies, working sector, income level, size of the town of residence, and political orientation);



	
Those related to motivations and perceived connection to nature;



	
Those linked to internal factors: CC knowledge, perception and actions.








The second block of questions referred to the personal consumption of the interviewed persons, including the different categories of the CF calculator. Personal GHG emissions were grouped in five categories: 1. Household energy (including heating and cooling), 2. Transport (including car, train, bus and subway displacements), 3. Food (+drinks), 4. Clothing (+shoes), and 5. Others (including tobacco, electronic devices and pets: cats and dogs). The CF calculator was based on emission ratios computed from peer-reviewed papers and national agencies. The CF estimations were based on quantitative estimations of respondents’ consumption in the five previously indicated categories. To improve the accuracy of the estimations, the interviewed citizens were previously informed that they would need to have detailed data related to their transport journeys or household energy consumption (monthly bills) on hand. For instance, to estimate their car emissions, the questionnaire asked about the size of their car, the total number of km driven during the previous year, fuel type (gasoline, gasoil, natural gas, electric), and average consumption (l/100 km or kW/100 km). The questionnaire asked the respondents to base the estimations on what they did in 2019, to avoid the potential bias introduced by the COVID-19 confinements’ impact on their ordinary habits.




2.3. Selection of Variables


Since we aimed to explain the drivers of CF, the target variable was the estimation of total CF and their five components (household energy, transport, food, clothing and others). The explanatory variables included external and internal factors (Table 1). The former comprised sex, age, level of studies, work activity, income level, town size and political orientation, while the latter involved the knowledge, perception and action of respondents regarding CC. These three aspects were related to the main hypothesis of our analysis, while the former aspects were mediators of those internal factors. More specifically, the following internal variables related to CC were considered:




	
Knowledge. This item aimed to classify respondents based on their understanding of the scientific basis of CC. To do this, two questions were included in the survey. In the first one, respondents were asked to select the main cause of CC from five choices: deterioration of the ozone layer, variations of solar radiation, aerosols, greenhouse gases (GHG) and “Don’t know”. In the second, the respondents were asked to rank the importance of natural factors to CC between 1 (very low) and 5 (very high). From these answers, a synthetic variable was created, named Knowledge. It was binary coded, assigning a code of 1 to those answers that correctly indicated the main cause of CC, while simultaneously considering the importance of natural factors as very low or low, and a code of 2 otherwise;



	
Perception. This included several questions related to the respondents’ self-perception oftheir CC actions, using a Likert scale of five intervals. The questions aimed to estimate their perception of their self-commitment (from very high to very low) and the relationship between their CF and the social norm (from much higher to much lower than national average). Other questions included perception of the responsibility of different agents to mitigate CC, including companies, governments, other countries and each one of us, and the main obstacles they perceived in reducing their CF, including economic, legal, social, and personal aspects. These four questions were summarized into two variables:




	a. 

	
Perceived commitment, aimed to link self-reported responsibility and personal CF values. This variable was coded in three categories: 1. highly committed and below average emissions (that is, self-perceived as having a low CF); 2. highly committed and above average (self-perceived as having a medium-high CF); 3. otherwise (no particular commitment to CC);




	b. 

	
Perceived intractability, this variable tried to relate CF with the self-perceived efficacy of personal actions to mitigate CC [30], assuming those who were confident in the relevance of personal actions would have a lower CF. This variable was coded as 1 when the respondent indicated that the importance of our personal actions in CC mitigation was high or very high, and 2 (otherwise);









	
Frequency of Action. The respondents were asked to rate, in a Likert scale from 1 (never) to 7 (very frequently), the frequency with which they participated in CC mitigation actions, including actions to reduce transport or consumption, changes in food habits, or being involved in CC-related rallies. This question was also adapted from Xiang et al. [31].









2.4. Analysis


2.4.1. Carbon Footprint and Its Components


Relationships between total CF and its components were explored using correlation and dispersion plots. Of the five components of CF, we focused mainly on transport and food values, as they were the most important factors in our data, and have been identified as the most clearly linked to daily habits and personal decisions [23,36]. In addition, the result of the clustering algorithm was used as the response variable, as it indicated a classification of personal CF values, which was related to different patterns of personal consumption.




2.4.2. Effect of External and Internal Factors


Descriptive statistics were computed to obtain mean and dispersion values of the different response variables (i.e., total CF and its components) and explanatory variables. The main hypothesis required the computation of different confidence tests to verify whether differences in CF values were significant or not. As most of the explanation variables were measured in a nominal or ordinal scale, we selected the Kruskal–Wallis (KW) non-parametric test for most of the comparison tests. The KW metric is defined as:


  H =   12   N   N + 1       ∑   i = 1  m     R i 2     n i    − 3     N + 1    



(1)




where m is the number of groups, ni the number of cases for group i, Ri the ranking of CF values for group i, and N the total sample size. We selected a confidence level of 0.99 to identify significant differences (p < 0.01).




2.4.3. Relevance of Explanatory Variables


We used two complementary approaches to determine the relative importance of the explanatory variables for CF. The first one aimed to explain the full range of CF variation, using the actual values of CF (total) and its main components (food and transport) as a target variable. The second one was based on the classification of CF groups obtained by the k-means algorithm, which provided a summary of different types of personal CF values and, to some extent, particular lifestyles.



Having two different sets of response variables implies the application of two different set of methods, one directed at continuous variables (CF values) and the other one at categorical variables (CF groups). In both cases, the final goal was to identify the main variables that explained the variation in CF values (first case) or the assignment to CF categories (second case). Since the explanatory variables were measured in categorical and ordinal scales, and most did not comply with normality assumptions, we opted to use the Random Forest (RF) algorithm in both models, which is a non-parametric model widely used in multiple fields [37,38,39]. RF is a recursive partitioning method that creates a collection of decision trees from a random selection of cases. Each tree is built from the training data, choosing a set of input variables by maximizing the interclass divergence of the selected cases. A collection of individual trees forms a “forest” that is trained from a percentage of the input data. The algorithm assigns an unknown case to the most repeated class in the trees’ outputs. The accuracy of the algorithm is computed from cases not used to build the RF model (named “out of bag” (OOB)). In this way, the estimation of error is more accurate.



RF provides descriptive measures that reflect the impact of each variable in terms of both the main effects and interactions [40] and unbalanced size classes in factors [41]. The optimal number of attributes was randomly selected and the optimal node size at each split was adjusted following the specialized literature [42], before being determined for each response variable. For the original CF values, we used the RF regression mode. For the clusters of CF categories, we used the RF classification mode. In both cases, the indicator of variable importance was the mean decrease in accuracy that represents how much the OOB error decreases when each variable is removed [43].


  O O B _ M S E =  1 n    ∑   i = 1  n    ( y i −     y i  ¯    O O B   )  2   



(2)




where       y i  ¯    O O B     is the average prediction for the ith observation from all trees for which the observation was OOB.






3. Results


3.1. Average CF Values and Clusters


The mean personal CF of our sample was 5010 kg of CO2e/year. This value was found to be lower than the per capita emission rate of Spain (6861.21 kgCO2e/year in 2019: (https://www.ine.es/jaxi/Datos.htm?path=/t26/p084/base_2010/serie/&file=01004.px, last accessed on 2 March 2021)). It should be noted that our estimation only included consumption emissions (emissions linked to construction or export goods, for instance, were not considered) and population older than 16 years. The main contributor to the meanpersonal emissions value was the transport section, which implied 45% of total emissions (2164 kg). The second one was food, with 33% (1509 kg), which was far greater than household energy consumption (9.25%), clothing (7.35%) or others (11%), with the latter mainly related to emissions from electronic tools and pets (see Table A1 within the Appendix B). The highest correlations between total CF and its components were found for transport (Spearman rs = 0.726) and food (rs = 0.448), with both being highly significant (Table 2). Lower values were observed for household energy, clothing and others, although they were still significant (rs < 0.35). Relationships between the CF components were observed in the case of household energy and transport, and food and clothing, which were significant in both cases, but with low values (rs < 0.158).



Table 3 shows the average CF values for the different groups obtained by automatic clustering (see also Figure A1). They can be described by their main CF component:




	
Group 1 indicated high food emissions, medium to high transport emissions and low emissions from the three remaining CF sectors;



	
Group 2 had particularly high CF values of others and medium to high values for transport and food. This was the less frequent group (6% of cases);



	
Group 3 was characterized by high transport emissions, medium food emissions and low emissions from the remaining sectors;



	
Group 4 indicated mean emission levels for all categories. This was the most populated cluster, with 425 respondents (50.3%);



	
Group 5 included high values for household energy and mean of CF transport and food, while low values for the two remaining sectors.









3.2. External Explanation Factors


The influence of external factors on CF values was measured by the Kruskall–Wallis rank differences. KW test values determined which external factors were more closely related to the distribution of CF values (Table 4 and Table A2).



Sex groups had significantly different emissions in terms of household energy, transport, clothing and others. However, a remarkably similar distribution in terms food emissions between sexes was found, with only minor differences in total emissions. The males in our sample consumed more in terms of household energy and transport (Figure 1 and Appendix B Table A1), but they had significantly lower emissions regarding clothing and others than females.



Age implied significant differences in total CF, transport, clothing and others. Transport CF was found to be higher for the intermediate groups, and lower for teenagers (16–17 years) and people above 65 years. However, clothing had higher values for the two younger groups (<30 years), with significantly lower values for those >65 years. Food emissions had fewer significant differences among age groups.



Income was observed to only be directly related to transport CF, with higher values related to higher income, while, for the other components, the relations were not clear, with intermediate values for higher incomes. Study level had a significant association with transport and household energy, with higher values for persons with university degrees. However, this group had a lower CF for food and others. Working activity implied different levels of personal emissions in terms of both the total CF and its components, with the exception of household energy (Table 4). It was observed that students and domestic workers had significantly lower transport and food emissions, while for industrial workers and entrepreneurs, CF values were significantly higher (Figure 1 and Table A1). Total CF was higher for agricultural workers and catering services and lower for students and home workers (Figure 1).



Regarding the size of the town where respondents live, the only significant differences were found in terms of household energy and others, with higher emissions for smaller towns. Transport and food was more equilibrated among town groups.



Finally, political orientation was found to be significantly associated with CF in neither total values nor any of the CF components, although a tendency towards higher values was observed for the more right-wing orientation regarding total CF, food and transport.




3.3. Internal Explanation Factors


Regarding the internal factors, the KW test provided insights into the driving factors of personal CF. Knowledge about the causes of CC only implied significant differences in clothing CF, but not in total CF values, neither in their main components (Table 4). Although not highly significant, it was observed that respondents with higher knowledge about CC had less emissions in food and clothing than the others, but higher in transport and household energy (Figure 2).



The different levels of perceived personal commitment were found to be significantly related to food CF, while in other CF sections, they showed lower differences (Table 4). The CF values of those self-perceived to be highly committed and with below-average emissions, in fact, had the lowest total CF values, as well as lowest emissions in terms of transport, food and clothing, and the second lowest in terms of household energy (Figure 2 and Table A2). Those self-perceived as having low commitment in fact had the highest emissions for total, transport, household energy, clothing and others, while those self-perceived as with high commitment but with higher than average emissions only had the highest values for food.



Perceived intractability, as indicated by the self-perceived relevance of personal responsibility for CC mitigation, only showed significant differences in energy CF (Table 4). Here, our initial assumptions were confirmed, as emissions from household energy use were lower for those that emphasized the importance of personal actions in CC mitigation. However, in other CF sections, the values were very similar, or even slightly higher, for those who were less concerned about personal responsibility, particularly for food and others.



Finally, the frequency of climate action did not imply significant differences in CF in any of the CF sectors (Table 4 and Figure 2). Considering the trends in this variable, higher emissions were not related to a lower frequency of CC actions, as was expected. In fact, similar emissions regarding transport and food were found for people in both extremes of the action scale: those never participating in any action and those with a high frequency of participation. The lowest values in both CF sections were observed for categories with a medium frequency of CC action (from 3 to 4 in the original Likert scale), indicating a low impact of CC activism on personal lifestyle.




3.4. Factors Driving CF Clusters


Clusters generated from automatic classification of CF values were cross-tabulated with the different external and internal factors to detect significance associations. However, only external factors were found to be significantly (p < 0.01) associated with CF clusters, particularly sex, working activity, income and population (Table A3).



Regarding those external factors, cross-analysis showed that male and higher-income respondents had higher proportions than expected in group 3 (high CF transport, medium CF food and low of the remaining), those with university degrees and people living in small towns (<10 K) had a higher proportion than expected in group 2 (high CF of others, medium to high transport and food), and domestic workers and residents of medium-size towns (50–500 K) were more represented than expected in group 1 (high food CF). However, in most cases, the distribution of the cases among groups was very diverse, with no clear associations with specific categories of explanatory variables.




3.5. Global Random Forest Models


We included all external and internal factors in the RF models, with the exception of income, which had a large number of unfilled answers (172). Since this variable was correlated with level of studies (rs = 0.34, p < 0.001), we used the latter variable as an explanatory factor to maintain the total number of cases. We intended to use RF models to identify the most explanatory variables of personal CF values. However, neither the regression nor the categorical RF models provided satisfactory results, with low explanation metrics for both the CF values and the CF clusters, respectively.



We developed RF regression models for the total CF values and the different CF sectors. In all cases, we found only a marginal explanation for the observed CF: 0.87% for total CF, 3.74% for transport CF and 0.18% for food CF. These values implied that neither external nor internal factors provided a good estimation of personal CF. Among the external factors, the accuracy metric for the total CF provided higher values for working activity, age, studies and political orientation, while, of the internal factors, the frequency of action showed the highest explanation power (Figure 3). The main variables explaining transport CF were working activity, sex, politics and age, while for the model of food CF, studies, age and perceived commitment showed the most explanatory power.



The RF classification mode also provided a poor explanation of the CF clusters. The OOB classification error was 0.58 using ten variables and 0.5 using only the two most explicative variables (Action and Work). Besides these two variables, the first model included population, age, perceived intractability, commitment, sex, studies, knowledge and politics. The less explicative variables in the model (the last eight) were rejected in the second model. However, these rejections should be taken with care, considering the low explanation capacity of the model.





4. Discussion


This study has analysed factors affecting personal carbon emissions through a quantitative measurement of personal CF for the main consumption sectors (household energy, transport, food, clothing, others). Although the previous literature has identified potential drivers of consumption impacting CF, only a few have used numerical estimations of personal CF based on detailed emission factors. As explained earlier, different studies have shown the discrepancies between concern and commitment, and even between commitment and personal behaviour [19,44]. Our approach makes it possible to verify whether external and internal factors, such as CC knowledge, perception and action, are really linked to low-carbon lifestyles.



We found that the personal CF of Spanish consumers accounted for an important share of the country’s per capita emissions. With data from 2019, our estimations indicate that 73% of the total GHG emissions were derived from personal consumption. This value was similar to what was estimated by other authors based on census data (72% in the UK, found by [10], and >60% in a sample of 43 countries, found by [9]), although in our case we should consider that only the population older than 16 years participated in the questionnaire.



Regarding the distribution of sectors, personal CF was mainly related to transport and food, which form 78% of total personal emissions. Household energy, clothing and others accounted only for 10% each, approximately. Automatic classification of CF “profiles” included a very large group (covering 50% of cases) with lower-than-average values for all CF sectors, followed by a cluster 3 (with 24% of cases), with high transport CF and average results for the other CF sectors, and two smaller groups (80 cases each) with a high food (group 1) and energy CF (group 5). Finally, a marginal group (with 51 cases) was composed of those respondents with a high CF from others (tobacco, computers, and pets).



In the search for global models that would provide an insight into the most explanatory variables, we have not found any that properly explained overall CF trends, including both quantitative CF values and classified CF groups. Random forest models performed poorly in both cases; therefore, the approaches used to derive global explanatory models should be further studied.



Explanation variables had generally low correlations between them. The exceptions were income and level of education; this was also observed by other authors analysing CF [10,23]



In terms of single relations between CF values and explanatory factors, the Kruskal–Wallis test highlighted the higher importance of external over internal factors, as was also observed in other studies [20]. Total CF was mainly related to age, income and work, with higher emissions for intermediate ages (30–65 years), greater incomes (>3000 €), and agricultural and catering employments, while lower emissions were observed for younger (16–17 years) and older ages (>65 years), lower income (<1500 €), and students and domestic workers. This is in line with previous studies, particularly those relating income and CF [10,22]. Age and work have been less frequently tested, as most CF studies were based on census data, rather than on personal questionnaires [10].



The explanation factors of different CF sectors were quite diverse. Food CF was significantly related to working activity, with higher emissions for agriculture, home, catering and administration workers, and low for students and entrepreneurs. Commitment was also significantly associated with the food CF, following expected trends, with lower values for those self-perceived to be highly committed. However, those that were self-declared to be highly committed but with perceived higher emissions in fact had higher values than those declared to have low commitment. Perception, in this case, parallels the actual values.



Transport CF was related exclusively to external factors, including income, work, age, sex and education, in that order. Following expected trends, lower transport CF values were found for lower incomes and for the two extremes of the age cohorts: young and old respondents. Lower values were also observed for catering and domestic workers, females and students. The size of the residence town only implied significant differences in household energy and others, but not in transport, as was expected, as location is related to accessibility to work and food. Political orientation was not related to any of the CF sectors.



It was observed that the CF sectors more linked to personal decisions, such as food and clothing, were the most closely related to internal factors, although only a few were significant. For instance, CC knowledge only significantly impacted the CF of clothing, which is related to a consumerism mentality, with higher values for those ignoring the basis of CC. Knowledge also impacted food CF, although not significantly, with lower emissions for those who were more informed about CC.



Self-perceived commitment was also associated with food and clothing CF, with significantly lower values for those who were more committed. Other authors have found controversial results regarding the relationship between internal factors and climate behaviour [45], with some showing positive trends and some negative ones.



The self-perception of personal responsibility and impact of personal decisions to solve the problem (perceived intractability) was only found significantly related to household energy, but with low significance, and not with other sectors more related with personal decisions. This finding contradicts previous studies [31], that found significant differences between perceived intractability and climate action, although in that case, the study did not test actual CF indicators.



The frequency of CC actions was not significantly associated with any CF sector. This was particularly surprising, since it was the only variable that indicated actual behaviour, not just concern. However, apparently, the impact of this activity on personal lifestyles is not evident, with very similar values in the CF regarding food or clothing for those with a low and high frequency of activism. A recent study on climate protesters during the 2019 youth rallies showed that climate action does not necessarily affect personal behaviours [18].



The inconsistent relationship between CF values and internal factors confirms other studies that observed uneven relationships between concerns and personal habits, observed in several environmental topics [46], and particularly in terms of CC mitigation [47]. Certainly, concern relies on self-reporting of a value that is widely accepted by society, while actual facts require changes that are much more complex to undertake; therefore, they are not necessarily highly related to objective indicators [48]. This also affects knowledge of CC (and other environmental issues), which is not necessarily related to personal commitment and environmentally friendly lifestyles [49]. In our results, some of the CF sectors may have, in fact, depend little on personal choices, as they are mediated by family or working activities, as is the case for the CF of household energy and transport. However, personal choices are more evident for food and clothing, which form a significant part of the total CF (>40%).




5. Limitations


When interpreting our results, it should be noted that CF values were computed from a CF personal calculator, with all the strengths and limitations that this approach includes. On the positive side, the emission coefficients were estimated from updated scientific references and adapted to Spanish conditions [35]. On the negative side, quantitative estimations of CF require accurate inputs (energy bills, food amounts, transport distances), which are difficult to calculate and rely on the respondent to providing accurate data. Although all respondents were warned about this before starting the interview, we had to remove questionnaires later, as they included very unlikely CF values, using visual and automatic classification methods. The final values included in our analysis seem reasonable, but it was not possible to test their actual accuracy, as the analysis was based on the “bona fide” answers of the respondent. On the other hand, the sample was selected using a statistically designed sample, and included an unbiased representation of the Spanish population above 17 years. Consequently, we are confident the conclusions drawn from our work, which mostly align with previous research, but further studies based on actual CF measurements are necessary to verify some of the results.



Another limitation refers to the date on which the survey was conducted (May 2020). At that time, Spain was confined because of the COVID-19 pandemic; therefore, the consumption habits of the population were very different from ordinary. For this reason, we asked the respondents to base their estimations on data from 2019. In spite of this, some respondents may have been affected by the situation at the time of filling in the questionnaires. It is difficult to assess the impact of this, as no previous studies have dealt with personal CF values of the Spanish population.




6. Conclusions


In spite of these limitations, this study has shown the importance of better understanding the factors affecting citizen’s consumption links to CC mitigation policies. Moving from declared concern or commitment to actual consumption habits requires quantitative assessment of CF values; this is complex and includes uncertainties, but still reveals interesting outcomes that go beyond declared concern and are obviously more important than this in quantifying CC mitigation efforts.



Reducing overall emissions should imply decreasing and reshaping consumption. Our initial hypothesis assumed that people with better knowledge about CC science, those who value the impact of their personal responsibility on the problem and those who have participated in CC-related activities would have a lower CF. From our results, none of these internal factors were found to be significantly related to total CF, but knowledge and concern about CC were found to be linked to food and clothing emissions, which account for 40% of average CF. External factors were more relevant than internal ones to explain differences in terms of transport, household energy and total CF, with income, level of studies, age and working activity as the most important drivers.
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Appendix A. Survey Description


The opinion poll used to obtain the data for this paper was performed by a social-studies company (Netquest) specializing in internet surveys, which follows the ISO 20252 for panellist selection. The sample was extracted from their population database, who were willing to respond to questionnaires. Three strata were defined to select a representative sample of the Spanish population: sex (50%), age (16–17 years: 4.44%; 18–30 18.16%; 30–65: 64.36% and >65: 13.03%), and geographical regions (also in proportion to their population size). The survey company invited 1584 respondents, finally obtaining 1016 answers. Each invited panellist was sent up to three reminders to complete the questionnaire. In case they did not respond or finish the questionnaire, the invitation was transferred to another person, considering the expected quotas for sex, age and geographical regions that mimic the overall Spanish population characteristics. In all cases, the representative size of each strata was met by the final sample. Each respondent was encouraged to fill out the questionnaire using a bonus point system given by the survey company. The reward was proportional to the time dedicated to completing the survey. The target sample size was 1000 people.



The questionnaire included some internal checks to avoid wrong answers. For instance, questions related to the CF included a range of minimum and maximum expected values (kg of food/person or litters of gasoline/100 km). The company also included some verification measures to ensure that respondents understood the questions and were properly answering them. However, some answers were still found to be unreliable, either because they had quite unrealistic accumulated values (food or transport) or because they were very unusual. For this reason, we applied additional post-survey filters, first by removing those records with obvious errors, and then by applying an automatic cluster analysis, as explained in the main text. The final size of the sample was 845 persons, which were still distributed according to the initial quotas defined in the initial survey.




Appendix B. Additional Tables




[image: Table] 





Table A1. Average CF values for the different groups of external factors.
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Variable

	
Categories

	
#Cases

	
Hous.

Energy

	
Transp.

	
Food

	
Clothing

	
Other

	
Total






	
All

	

	
845

	
478

	
2164

	
1509

	
317

	
543

	
5010




	
Sex

	
Male

	
436

	
518

	
2391

	
1489

	
215

	
495

	
5108




	
Female

	
409

	
434

	
1921

	
1531

	
426

	
593

	
4906




	
Age (years)

	
16–17

	
21

	
318

	
1012

	
1266

	
429

	
862

	
3887




	
18–30

	
142

	
439

	
2204

	
1347

	
440

	
676

	
5105




	
30–65

	
558

	
470

	
2288

	
1546

	
311

	
531

	
5146




	
>65

	
124

	
584

	
1752

	
1572

	
183

	
387

	
4479




	
Studies

	
Primary

	
34

	
314

	
1307

	
1639

	
225

	
528

	
4013




	
Secondary

	
375

	
462

	
2047

	
1548

	
323

	
626

	
5006




	
University

	
436

	
504

	
2331

	
1465

	
319

	
472

	
5091




	
Income (€)

	
<1500

	
305

	
457

	
1760

	
1541

	
318

	
565

	
4642




	
1500–3000

	
245

	
532

	
2443

	
1495

	
332

	
520

	
5322




	
>3000

	
123

	
474

	
2889

	
1560

	
306

	
553

	
5782




	
Town size (inhab.)

	
<10,000

	
128

	
596

	
2281

	
1491

	
330

	
693

	
5392




	
10,000–50,000

	
230

	
443

	
2187

	
1369

	
305

	
647

	
4952




	
50,000–500,000

	
330

	
490

	
2093

	
1637

	
326

	
509

	
5056




	
>500,000

	
157

	
404

	
2183

	
1459

	
305

	
336

	
4688




	
Political ideology

	
Left

	
312

	
490

	
2157

	
1445

	
303

	
584

	
4979




	
Centre

	
429

	
472

	
2143

	
1522

	
315

	
512

	
4963




	
Right

	
104

	
463

	
2270

	
1649

	
368

	
545

	
5295




	
Working activity

	
Student

	
65

	
370

	
1664

	
1162

	
395

	
898

	
4489




	
Agriculture

	
9

	
379

	
2466

	
1868

	
571

	
1325

	
6609




	
Industry

	
98

	
527

	
2637

	
1343

	
224

	
392

	
5124




	
Administration

	
191

	
438

	
2265

	
1601

	
334

	
527

	
5166




	
Education

	
64

	
552

	
2097

	
1572

	
347

	
457

	
5025




	
Catering

	
66

	
577

	
1986

	
1609

	
444

	
766

	
5382




	
Health, Military

	
178

	
420

	
2255

	
1561

	
303

	
527

	
5066




	
Entrepreneurs

	
57

	
691

	
2549

	
1245

	
207

	
391

	
5084




	
Domestic workers

	
117

	
454

	
1667

	
1622

	
291

	
454

	
4488
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Table A2. Average CF values for the different groups of internal factors.
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#Cases

	
Hous.

Energy

	
Transp

	
Food

	
Clothing

	
Other

	
Total






	
Knowledge

	
Yes

	
438

	
501

	
2281

	
1420

	
279

	
517

	
4998




	
No

	
407

	
452

	
2038

	
1605

	
358

	
570

	
5023




	
Perceived commitment

	
>committed and

<emissions

	
152

	
480

	
1988

	
1361

	
267

	
484

	
4580




	
>committed and >emissions

	
234

	
446

	
2157

	
1643

	
312

	
535

	
5094




	
<committed

	
459

	
493

	
2225

	
1490

	
336

	
566

	
5110




	
Perceived

intractability

	
High

	
523

	
433

	
2138

	
1532

	
319

	
563

	
4986




	
Low

	
322

	
550

	
2205

	
1471

	
314

	
509

	
5049




	
Frequency

of Action

	
1

	
14

	
411

	
2009

	
1559

	
313

	
312

	
4603




	
2

	
29

	
539

	
2349

	
1581

	
347

	
746

	
5563




	
3

	
87

	
583

	
2243

	
1428

	
314

	
519

	
5087




	
4

	
222

	
485

	
2176

	
1433

	
316

	
527

	
4937




	
5

	
274

	
478

	
2237

	
1577

	
313

	
486

	
5091




	
6

	
150

	
471

	
1999

	
1528

	
311

	
619

	
4928




	
7

	
69

	
318

	
2043

	
1506

	
343

	
645

	
4856
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Table A3. Contingency coefficient and Chi-square significance values for cross comparison of CF clusters and the different explanation factors.
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	Chi-Square
	p





	Sex
	0.156
	0.00



	Age
	0.156
	0.05



	Studies
	0.155
	0.007



	Working activity
	0.268
	0.00



	Income
	0.225
	0.00



	Population
	0.192
	0.001



	Politics
	0.069
	0.853



	Knowledge
	0.101
	0.071



	Perceived commitment
	0.088
	0.575



	Perceived intractability
	0.069
	0.407



	Frequency of Action
	0.18
	0.251
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Figure A1. Boxplots of carbon footprint values for the different clusters. 
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Figure 1. Boxplots of total, transport and food carbon footprint values (kg CO2e), depending on external drivers. Box categories are included in the same order as in Table 1. 
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Figure 2. Boxplots of total carbon footprint and its components (kg CO2e) depending on climate change knowledge, perception and action. 
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Figure 3. Variable importance for total, transport and food CF from regression RF models. 
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Table 1. External and internal variables included in the questionnaire to explain personal CF.
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Name

	
Type

	
#Categories

	
Description






	
External variables




	
Sex

	
Binary

	
2

	
Male, female




	
Ages groups

	
Ordinal

	
4

	
16–17, 18–30, 31–65, >65 years




	
Studies

	
Ordinal

	
3

	
No studies or primary, secondary school, university studies




	
Work

	
Nominal

	
9

	
Student, agriculture, industry, office work, education, catering, other services, management, home




	
Monthly Income

	
Ordinal

	
3

	
<1500 €, 1500 a 3000 € and >3000 €




	
Population

	
Ordinal

	
4

	
Number of residents in the town of respondents: <10.000, 10.000–50.000, 50.000–500.000, or >500.000 persons




	
Politics

	
Ordinal

	
3

	
From the original 9 Likert scale, we formed 3 classes: left (<4), Centre (4–6) and right mind (>6)




	
Internal variables




	
Knowledge

	
Binary

	
2

	
1 = Identify GHG as main cause and consider natural factors as having low o very low importance in CC; 2 = otherwise




	
Perceived commitment

	
Nominal

	
3

	
1 = highly committed and below average emissions; 2 = highly committed and above average; 3 = otherwise




	
Perceived intractability

	
Binary

	
2

	
1 = importance of personal actions high or very high; 2 = otherwise




	
Frequency of Action

	
Ordinal

	
7

	
Likert scale from 1 (never) to 7 (very frequently)
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Table 2. Spearman correlation values between the different components of the carbon footprint.






Table 2. Spearman correlation values between the different components of the carbon footprint.














	
	Energy
	Transport
	Food
	Clothing
	Others
	Total





	Energy
	1
	
	
	
	
	



	Transport
	0.158 *
	1
	
	
	
	



	Food
	−0.071
	0.019
	1
	
	
	



	Clothing
	−0.054
	0.026
	0.156 **
	1
	
	



	Others
	−0.007
	0.055
	0.039
	0.158 *
	1
	



	Total
	0.325 **
	0.726 **
	0.448 **
	0.204 **
	0.321 **
	1







p-values lower than 0.001 are marked as ** and lower than 0.01 as *.
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Table 3. Average CF values for the different clusters (kg CO2e).
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	1
	2
	3
	4
	5
	Average Values





	Energy
	385.05
	525.61
	447.37
	261.26
	1773.89
	477.58



	Transport
	1612.28
	1882.69
	4265.49
	1337.96
	2054.99
	2163.66



	Food
	3663.79
	1339.45
	1405.25
	1151.2
	1410.15
	1509.17



	Clothing
	445.11
	372.32
	306.11
	291.75
	301.69
	316.94



	Others
	471.24
	2989.26
	443.53
	342.2
	374.61
	542.57



	Number of cases
	88
	51
	201
	425
	80
	845
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Table 4. Kruskall–Wallis values of CF differences for the explanatory variables (external and internal factors).
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	Food
	Transport
	Household Energy
	Clothing
	Others
	Total





	Sex
	0.05
	26.56 *
	11.12 *
	168.35 *
	6.91 *
	2.97



	Age
	8.30
	29.43 *
	9.41
	74.31 *
	25.70 *
	15.96 *



	Studies
	4.10
	14.03 *
	3.24
	5.67
	12.77 *
	8.53



	Income
	2.72
	53.65 *
	2.28
	2.44
	2.16
	31.73 *



	Work
	20.47 *
	42.70 *
	12.63
	51.69 *
	36.83 *
	21.57 *



	Population
	4.94
	3.63
	14.73 *
	4.41
	16.98 *
	8.26



	Politics
	3.57
	0.73
	1.18
	1.62
	5.93
	2.72



	Knowledge
	6.16
	5.56
	3.97
	9.43 *
	1.86
	0.10



	Perceived Commitment
	10.82 *
	3.68
	0.97
	6.18
	3.26
	6.74



	Perceived Intractability
	0.70
	1.56
	7.60 *
	0.23
	3.88
	0.11



	Frequency of Action
	3.02
	7.58
	8.06
	2.27
	5.92
	4.62







Values marked with * indicate p < 0.01.
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