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6
Discussion

The aim of this thesis was to introduce novel methodological approaches,

in particular graphical models and generalized additive models, to explore,

understand, and predict relationships between factors related to sustain-

able energy behaviours. In this thesis, we aimed to demonstrate that these

methodological approaches and statistical methods can be beneficial to better

understand which factors are related to sustainable energy behaviours. In this

conclusive chapter, we will discuss and reflect upon the main findings of the

thesis, and discuss the implications of using these methodological approaches

and statistical methods to understand which factors are related to sustainable

energy behaviours and thereby, encourage sustainable energy behaviours.
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Next, we discuss some limitations of the studies described, and provide sug-

gestions for future research. Moreover, we discuss practical implications of

the findings, and end with concluding remarks.

6.1 The main findings of this thesis

In this section, we present the main findings obtained using the methodolog-

ical approaches and statistical methods proposed in this thesis.

Using the Gaussian graphical model to explore relationships be-

tween a large set of items and variables related to sustainable

energy behaviours

Exploratory analyses are an important first step to understand sustainable

energy behaviours. Such analyses provide a first understanding of the rela-

tionships between items and variables included in a study, which enables

researchers to better understand the data before opting for more complicated

and sophisticated analyses. We proposed that a systematic approach to ex-

ploratory analyses would involve three steps. First, relationships between

items included in a study can be explored to get some initial insights into

whether items that are assumed to measure the same underlying construct

are correlated. Second, after aggregating individual items into relevant scales,

researchers can explore relationships between variables to get first insights

into whether relationships between variables are in line with theory. Third,

in cases where the dataset comprises of multiple groups, exploratory analyses

are helpful to examine similarities and differences in relationships between
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these variables across groups.

Particularly in settings where researchers include a large number of vari-

ables from multiple theoretical frameworks, they would profit from ex-

ploratory methods and analyses that help them examine and represent re-

lationships in an easy to understand manner. Typically, exploratory analyses

involve computing bivariate correlations between items and variables and

presenting them in a table. While this is suitable for relatively small data sets,

such tables can easily become overwhelming when researchers work with

large multivariate datasets.

In Chapter 2, we proposed the use of a Gaussian graphical model as a

novel exploratory analysis tool that provides an easy to grasp overview of

relationships between items and variables included in a study.

A Gaussian graphical model comprises of a set of items or variables, de-

picted by circles, and a set of lines that visualize relationships between the

items or variables (Epskamp et al., 2018; S. L. Lauritzen, 1996). Gaussian

graphical models have two advantages compared to common exploratory

analysis that typically study bivariate correlations between items and vari-

ables. First, while bivariate correlations are useful in small datasets, corre-

lational tables can become overwhelming in large datasets. In comparison,

the Gaussian graphical model uses a graph to visualize relationships, which

is more easy to comprehend than tables. Second, bivariate correlations be-

tween two variables can be spurious, i.e., caused by a third variable present in

the dataset (a so-called common cause). In contrast, relationships estimated

by Gaussian graphical models can be interpreted as partial correlation coef-
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ficients that reduce the risk of finding spurious relationships by taking into

account relationships with other variables included in the model.

We illustrated the use and value of the Gaussian graphical model by ex-

ploring relationships between items and variables included in a large dataset

aimed to understand the effects of community energy initiatives on sustain-

able energy behaviours and other type of pro-environmental and community

behaviours. First, we found that the items belonging to a scale are strongly

related, while partial correlations between items belonging to different scales

were much lower, suggesting that items belonging to a scale are correlated.

Next, results suggested that most relationships between variables were in line

with theory. Furthermore, the Gaussian graphical model did not reveal un-

expected relationships between variables included in the dataset. Finally, we

found that relationships between variables were very similar for members

and non-members of the community energy initiatives. Our results sug-

gested that the Gaussian graphical model is a useful tool which provides an

easy to understand visualisation of relationships between items and scales re-

lated to sustainable energy behaviours. Yet, a few points must be considered

when using and interpreting results from this model.

First, as the Gaussian graphical model captures partial correlation coef-

ficients, all interpretations are conditional on the variables included in the

model. To make the model and consequently, any interpretation meaning-

ful, researchers must ensure that all variables relevant for the study are in-

cluded. Researchers must also ensure that variables that are not relevant for

the phenomenon studied are not included, as including these may (because
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of chance) affect the strength of partial correlations between the relevant

variables included in the graphical model.

Second, as in any statistical model, researchers are advised to assess the re-

liability of the results. In our case, stability analysis using the non-parametric

bootstrap (Epskamp et al., 2018) revealed that the key relationships we found

are reliable.

Third, while comparing relationships between variables for members and

non-members of the community energy initiatives, we used the structural

Hamming distance to quantify the similarity between the estimated graphs.

It is important to note that this measure is descriptive and should not be in-

terpreted as a formal statistical method to test for differences between graphs.

Notably, the structural Hamming distance only compares graphs based on

the presence and absence of lines (partial correlation coefficients) and does

not compare graphs based on the thickness of the lines (i.e., strength of par-

tial correlation coefficients). This implies that two graphs which have similar

relationships will appear to be strongly similar, even though the strength of

the relationships may vary considerably between the two graphs.

Despite these limitations, the Gaussian graphical model can be a powerful

tool to explore relationships between items and variables, particularly, when

variables from multiple theories, not studied together are included in the

model. It’s key advantages include (i) an easy to understand visualization

of relationships between items and variables,(ii) methods such as the glasso

can be used to reliably estimate partial correlations that reduce the risk of

finding spurious relationships, (iii) easy to use software (R and JASP), (iv) it
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is computationally fast, (v) the stability of the results can be accessed using

the bootstrap method. Taking these advantages into account, we believe the

Gaussian graphical model is a useful exploratory analysis tool which provides

clear visualizations of key relationships between items and variables which

are related to sustainable energy behaviours.

Comparing the performance of causal search algorithms to ex-

plore potential causal relationships between variables related

to sustainable energy behaviours

To better understand which variables may be key determinants of sustain-

able energy behaviours, causal search algorithms can be used to explore causal

relationships between a multivariate set of variables related to sustainable en-

ergy behaviours (Eberhardt, 2016; Spirtes et al., 2000). The key advantage of

causal search methods is that they can generate substantive hypotheses which

indicate the strength and direction of an effect. Such substantive hypotheses

can next be validated on a new dataset.

To the best of our knowledge, the performance and applicability of causal

search methods to sustainable energy behaviours research is yet to be investi-

gated. Specifically, little is known about the accuracy and precision of these

methods, i.e., how good are these methods at retrieving a true causal effect;

and how robust are these methods to sampling variability. To this end, be-

fore researchers can apply these methods to explore causal structures between

a multivariate set of variables related to sustainable energy behaviours, it

is important to investigate their performance using a statistical simulation
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study.

In Chapter 3, we conducted a simulation study to compare the perfor-

mance of the PC (Spirtes et al., 2000) and the LiNGAM algorithm (Shimizu

et al., 2006). We chose these methods based on their applicability to sus-

tainable energy behaviors research. Specifically, we chose the PC algorithm

as it assumes a linear-Gaussian causal structure and researchers examining

household sustainable energy behaviours often use linear models assuming

Gaussian (normal) errors while testing their theories (e.g., Van der Werff et

al., 2013). However it is possible that measurements are sometimes skewed

towards one end of the scale due to self-selection or floor/ceiling effects. To

this end, we included a causal search algorithm which allows for non-normal

error terms, termed the LiNGAM algorithm.

In sum, we aimed to investigate (i) how accurate are these methods in re-

trieving causal relationships between a set of variables and (ii) how stable are

these methods to sampling variation using a statistical simulation study. The

simulation settings which we systematically vary to assess the performance of

these methods include the sample size, the number of nodes, graph sparsity,

the degree of non-normality of the error distribution, and the effect of latent

confounders. Each combination of simulation settings constitutes a scenario

and we ran 200 replications per scenario which we deemed to be sufficient to

investigate the performance of these methods.

We used the Structural Hamming Distance (SHD; see Sections 2.4.3 and

3.5.2) and the Structural Intervention Distance (SID; see Section 3.5.2) as

performance measures. The SHD compares the presence and absence of
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relationships between the true and the estimated graph. In addition to the

the presence and absence of relationships, the structural intervention dis-

tance also takes the direction of edges into account when comparing the true

and the estimated graph. We found no clear discrepancy in the conclusions

reached by using either criteria.

Our results suggested that the two methods considered do not markedly

differ in terms of performance. In terms of key parameters, we found that

an interaction between the number of parameters and graph sparsity has a

marked influence on the performance of methods. Both, the PC algorithm

as well as the LiNGAM algorithm perform best in low-dimensional and

sparse settings. The sample sizes considered in the simulation study do not

significantly influence the performance of these methods, this is in line with

Heinze-Deml et al. (2018) who demonstrated that these methods only tend

to perform better as the sample size extends to the thousands. In addition,

the degree of normality and effect of latent confounders did not significantly

affect the performance of these methods. Finally, the simulation study indi-

cated that the PC algorithm and the LiNGAM algorithm tend to be sensitive

to sampling variation.

In sum, the results of this study indicated that researchers must use and

interpret the results of these methods with care. This implies that, in empir-

ical settings, it would be hard to access if an estimated causal relationships

returned by these search methods is indeed a causal relationship or a false

positive. Therefore, while applying the PC algorithm or the LiNGAM algo-

rithm to real-world datasets, to ensure that the estimated relationships are
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reliable and do replicate, we strongly recommend researchers to use meth-

ods such as stability selection (Meinshausen & Bühlmann, 2010) to filter out

noise (false positives) which may be due to sampling variation.

Studying the effects of intervention programmes on sustainable

energy behaviours using graphical causal models.

Randomized controlled trials (RCTs) have been strongly advocated to evalu-

ate the effects of intervention programmes on sustainable energy behaviours

(Allcott & Mullainathan, 2010; Frederiks et al., 2016; Vine et al., 2014).

While randomized controlled trials are the ideal, in many cases, they are not

feasible. Notably, many intervention studies rely on voluntary participation

of households in the intervention programme, in which case random selec-

tion and random assignment are seriously challenged.

Random assignment ensures that the intervention and control groups do

not systematically differ from the outset, and ensure that changes in energy

use are not caused by specific characteristics of the intervention group. Fur-

thermore, random sampling ensures that results can be generalized to the

target population. When key elements of RCTs – random selection and ran-

dom assignment – are not feasible, one can no longer rule out the possibility

that participants in the study are not a representative sample of the target

population, or that intervention and control groups do not systematically

differ from the outset. This may result in inaccurate estimates of the effects

of the intervention programme on sustainable energy behaviours, as it is not

clear whether results can be generalized to the target population, or whether
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any differences in energy behaviour after the interventions are caused by the

intervention programme, and not by other systematic differences between

intervention and control groups.

In addition, most studies employing randomized controlled trials (when

feasible) estimate the effects of intervention programmes without trying to

understand the processes that underlie the effects of such interventions.

As such, one of the key drawback of RCTs is that they do not improve our

understanding of “why” these programmes work (Carey & Stiles, 2016;

Deaton & Cartwright, 2016; Vandenbroucke, 2008). Understanding the pro-

cesses through which intervention programmes affect sustainable energy be-

haviours is important to improve the design of such programmes and to ad-

vance scientific theory. For example, tailored information campaigns to pro-

mote sustainable energy behaviours may be effective because they enhance

knowledge about energy saving options, or maybe because information that

aligns with what people find important strengthens one’s motivation to save

energy. To study processes underlying intervention effects, one would need

to collect information on relevant process variables (e.g., knowledge, moti-

vation), which in many cases have to be collected via questionnaires. Here,

one again has to rely on voluntary participation of participants, challenging

random sampling and random assignment, and making RCTs infeasible.

Hence, an important question we raised is: which would be an appropri-

ate solution to carefully evaluate effects of intervention programmes aimed at

promoting sustainable energy behaviours when RCTs are not feasible? And

how can such a solution increase our understanding of processes underlying
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intervention effects?

In Chapter 4, we introduced the reader to graphical causal models, and

Directed Acyclic Graphs (DAGs) in particular, to identify causal effects when

RCTs are not feasible. A DAG consists of a set of variables (so-called nodes)

and a set of lines (so-called edges) denoting relationships between the vari-

ables. A key advantage of using DAGs is that it forces researchers to systemat-

ically consider possible biases that may obscure the true effect of an interven-

tion programme on sustainable energy behaviours (Greenland et al., 1999;

Shrier & Platt, 2008). We proposed a systematic approach based on DAGs to

carefully conduct and evaluate the effect of an intervention programme on

sustainable energy behaviours when RCTs are not feasible. We broke down

the process into four steps: (i) explicate a theoretical model that explains how

the intervention programme affects sustainable energy behaviours, (ii) draw

a DAG representing the theoretical model and identify which variables must

be controlled for in order to estimate the causal effect of the intervention

programme and which variables should not be controlled for, (iii) implement

the programme and collect data on sustainable energy behaviours and all rel-

evant process variables identified in the previous step, (iv) and estimate the

effects of the intervention programme on sustainable energy behaviours in

line with the DAG identified in step (ii).

Such a systematic approach to causal inference based on DAGs has several

advantages. First, DAGs are an explicit representation of the causal processes

underlying the effects of intervention programmes on sustainable energy be-

haviours. Second, by approaching bias systematically, effects of intervention
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programmes can be evaluated more carefully leading to greater confidence

in causal claims. Finally, as these models emphasize the need to develop

sound theory on how intervention programmes affect sustainable energy

behaviours, they improve our understanding of the process underlying the

effects of intervention programmes on sustainable energy behaviours.

However, there are limitations to using DAGs to evaluate effects of in-

tervention programmes on sustainable energy behaviours. First, drawing a

DAG that adequately captures the theory describing how the intervention

programme affects behaviour implies that researcher should have a clear the-

ory on which factors may affect intervention effects which may be challeng-

ing in some cases. Second, a key assumption of estimating a causal effect us-

ing DAGs is that all relevant confounding variables are known and measured.

Confounding variables are factors that influence participation in the inter-

vention programme as well as engaging in sustainable energy behaviours.

As such, the possibility of latent (hidden) confounders poses a problem to

studying the effects of intervention programmes on sustainable energy be-

haviours using DAGs. This is because identifying a relevant set of variables

which are to be controlled for in order to reduce bias in the estimated treat-

ment effect is only possible when there is a set of observed confounders that

satisfies the graphical criteria for causal identification (e.g., backdoor criteria).

Finally, specifying the causal model to be directed and acyclic further im-

poses constraints which may not always hold. In particular, feedback (see

Figure 4.4) may be a key feature of a lot of behavioural processes (Borsboom

& Cramer, 2013). A key limitation of DAGs is that they cannot model pro-
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cesses involving feedback without explicitly including longitudinal data.

Do households with PV consume energy in a sustainable manner?

To mitigate anthropogenic climate change, many households engage in sus-

tainable energy behaviours such as purchasing photo-voltaic panels (PV)

that do not emit carbon dioxide while generating electricity. Notably, many

households no longer only consume electricity, but also produce electricity

themselves, thus becoming prosumers (Oberst et al., 2019). Investing in PV

can be a highly effective mitigation strategy in the residential sector, particu-

larly when households utilize their PV in a sustainable way (Luthander et al.,

2015). Notably, they can adjust their electricity use to the available produc-

tion of electricity by their PV as much as possible, so they do not need to use

electricity from the grid that is oftentimes still produced by carbon dioxide

emitting sources (Schill et al., 2017).

Literature provides competing theories on the likelihood that PV owners

use their PV in a sustainable way (Luthander et al., 2015; Sommerfeld et al.,

2017). On the one hand, researchers have argued that installing PV makes

households more aware of the impact of their energy use on the environ-

ment and encourages them to use their PV in a sustainable way, including

using less electricity from the power grid, and using electricity particularly

when the sun is shining (Kobus et al., 2013; Schill et al., 2017). Indeed, a

few studies suggest that households with PV tend to engage in sustainable

PV usage and shift their energy consumption to periods of high PV pro-

duction (Gautier et al., 2019; Keirstead, 2007). On the other hand, others
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have argued that installing PV may not necessarily increase the likelihood

of sustainable PV use because doing so may prove more difficult than peo-

ple anticipated (Nicholls & Strengers, 2015; Oberst et al., 2019; A. M. Pe-

ters et al., 2019; Schick & Gad, 2015; Wittenberg & Matthies, 2016). Fur-

ther, some researchers have even argued that engaging in one sustainable en-

ergy behaviour such as installing PV is likely to discourage other sustainable

energy behaviours (Tiefenbeck et al., 2013). Owning PV panels may give

households the license to engage in unsustainable energy behaviours, thereby

increasing energy consumption from the grid (Schill et al., 2017).

These contradictory explanations indicate that the literature is inconclu-

sive regarding the likelihood that PV owners use their PV in a sustainable

way. To address this question, we conducted a large scale study to examine

whether PV owners use their PV in a sustainable way. Extending previous

research, we used generalized additive models (Hastie & Tibshirani, 1986;

Wood, 2017) to examine differences in electricity usage patterns using high-

frequency electricity consumption data. The models resulted in accurate

representations of net electricity usage patterns collected via smart meters.

By visually representing the patterns across the day and months of a year, we

could examine differences in electricity usage patterns between PV owning

households and non-PV owning households during moments of high and

low PV production.

The results suggested that, not surprisingly, households with PV use less

electricity from the grid, and actually sent electricity back to the grid, when

PV production is high. Yet, we did not observe significant differences in net
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electricity use between households with and without PV at times where PV

production is low, suggesting that households with PV are not likely to use

their PV in a sustainable way.

Our results are consistent with earlier studies based on self-reports that re-

vealed that households with PV generally do not use their PV in a sustainable

way (Oberst et al., 2019; A. M. Peters et al., 2019). As such, our findings do

not support the reasoning that households with PV become more aware of

the impact of their energy use on the environment, and therefore are more

motivated to use their PV in a sustainable way. Moreover, our findings also

do not support the notion that PV owners may feel licensed to use more

electricity when their PV production is low. An important topic for future

research is to understand why households with PV do not shift electricity

use to times when PV production is high. For example, it may be that house-

holds with PV find it difficult to engage in sustainable PV use (Nicholls &

Strengers, 2015; Schick & Gad, 2015).

Our findings have important implications for climate and energy policy.

Our results suggest that encouraging households to invest in PV alone seems

insufficient to mitigate climate change, as households with PV still consume

similar amounts of electricity from the grid as households without PV when

PV production is low, which is oftentimes produced by fossil fuels. Our re-

sults suggest it is also critical to encourage households that installed PV to

match their electricity consumption to the production of electricity by their

PV as much as possible. This can promote sustainable use of PV and reduce

the need for fossil-fuel powered plants and help maintain grid stability. An
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important question to be addressed in future research is which strategies are

most effective to promote sustainable PV use.

A key consideration of this study is that we only considered differences

in net electricity use from the grid between those who installed and did not

install PV, and were not able to examine differences in sustainable PV use of

households with PV. Related to this, we could not investigate which factors

may explain differences in sustainable PV use between households who in-

stalled PV, as we did not have background data of the households (e.g., socio-

demographic or psychological variables). Future research could examine to

what extent different psychological and socio-demographic characteristics

can explain any differences in net electricity use patterns of households that

install PV. Furthermore, we analyzed net electricity use from the grid. Future

studies could examine differences in electricity use in more detail, by consid-

ering total electricity use and electricity production separately, which requires

access to PV production data.

6.2 Concluding remarks

In this thesis, we introduced graphical models and generalised additive mod-

els to sustainable energy behaviours research, particularly to answers ques-

tions involving exploratory research, causal inference, and capturing differ-

ences in energy use patterns between groups. We motivate the use of these

methodological approaches and statistical tools using empirical data on fac-

tors related to sustainable energy behaviour of households (Chapter 2), a

statistical simulation study (Chapter 3), a didactic example (Chapter 4), and
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actual energy usage (Chapter 5). We demonstrated that these methodological

approaches and statistical tools are useful for addressing various questions

related to sustainable energy behaviours research*.

*All the R code used in this thesis is available at https://github.com/nbhushan
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