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Abstract

A key factor to energy-efficiency of heating in buildings is the behavior of households, in particular how they ventilate rooms.

Energy demand can be reduced by behavioral change; devices can support this by giving feedback to consumers on their behavior.

One such feedback device, called the ‘CO2 meter’, shows indoor air-quality in the colors of a traffic light to motivate so called

‘shock ventilation’, which is energy-efficient ventilation behavior. The following effects of the ‘CO2 meter’ are analyzed: (1) the

effect of the device on ventilation behavior within households, (2) the diffusion of ‘CO2 meter’ to other households, and (3) the

diffusion of changed behavior to households that do not adopt a ‘CO2 meter’. An agent-based model of these processes for the

city of Bottrop (Germany) was developed using a variety of data sources. The model shows that the ‘CO2 meter’ would increase

adoption of energy-efficient ventilation by c. 12% and reduce heating demand by c. 1% within 15 years. Technology diffusion was

found to explain at least c. 54% of the estimated energy savings; behavior diffusion explains up to 46%. These findings indicate

that the ‘CO2 meter’ is an interesting low-cost solution to increase the energy-efficiency in residential heating.

Keywords: Energy efficiency, ventilation behavior, behavior change, diffusion, agent-based modeling

1. Introduction1

The main factors that determine energy demand of houses2

are (1) the climate, (2) building properties, e.g. heat permeabil-3

ity of building envelope, (3) efficiency of installed heating tech-4

nology, and (4) the heating behavior of households, e.g. how5

to heat and how to ventilate rooms [1, 2]. In this paper, the6

focus lies on household behavior, which is an important pillar7

for reduction of energy consumption [3]. For instance, identical8

buildings can vary by a factor of over 3 between minimum and9

maximum energy consumption, only due to different users [2].10

Interventions that persuade households to practice energy-11

efficient heating behavior are an attractive approach to reduce12
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heating energy consumption with low overall effort. Two im- 13

portant advantages of focusing on household behavior are that 14

(1) it is a low-cost option to mitigate CO2 emissions [4], as 15

no significant financial investment is required [5] and (2) be- 16

havior interventions are less prone (in comparison to build- 17

ing insulation) to trigger rebound effects in domestic heating 18

[cf. 6]. One example of efficient heating behavior is ‘shock- 19

ventilation’ (SV) (i.e. completely opening windows for 5 min- 20

utes two to four times per day), which saves up to c. 25% of 21

heating energy—with an average of c. 8%—compared to com- 22

monly practiced trickle ventilation (i.e. ventilating at low flow 23

of air, e.g. by opening windows only slightly)1 [7, 8]. Previous 24

studies showed that these savings rely on both the quicker ven- 25

tilation rate and on preventing the too long ventilation times of 26

1Practicing SV can also consume more energy, e.g. compared to not venti-

lating rooms at all
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trickle-ventilation [9].27

Devices that provide feedback to households on their heating28

behavior appear promising as a means to change these routines.29

Their installation in households leads to a relatively high fre-30

quency of interaction with their users, supporting habituation31

of new behavior [10]. One such device is the ‘CO2 meter’,32

which visualizes indoor air-quality (measured by CO2 level)33

in the colors of a traffic light. This feedback proved success-34

ful at persuading its users to practice SV behavior and to save35

heating energy (see 3.2.7). Such behavior change of device36

users is commonly identified by combined monitoring of be-37

havior and energy consumption [17] (e.g. in ‘Living Labs’ in38

which interventions are tested in the users’ real life surround-39

ings [18]). The direct stimulation of behavior change within40

adopting households—in the following referred to as ‘feedback41

effect’—, is the keystone of the impact of a feedback device.42

However, the effect of the ‘CO2 meter’ in a multi-household43

setting on a larger scale, such as a city, depends on additional44

processes [15]: (1) The technology diffusion of the feedback45

device among households, by which more households are ex-46

posed to feedback. Market research methods can give insights47

into future market diffusion of household devices. This ranges48

from qualitative field experimenting [19, pp. 71] to quantitative49

simulation models that project future diffusion [20–22]. (2) The50

diffusion of changed behavior via social influence that adopters51

exceed on non-adopters in their social environment. Social in-52

fluence is a strong motivation for behavior change [13, 14] and53

thus has the potential to influence the overall effect of feedback54

devices [15]. The effect of feedback devices within households,55

the diffusion of devices, and diffusion of (changed) behavior56

have commonly been researched separately [23–26]. However,57

Jensen et al. [16] have shown that interactions of device diffu-58

sion and behavior diffusion, coined co-diffusion of technology59

and behavior can induce effects that become only visible from60

the holistic perspective.61

Assessing the overall effect of feedback devices beyond sin-62

gle households can be achieved by simulation modeling. This63

can be done by integrating the above outlined these three pro-64

cesses into one model. Agent-based modeling has been used 65

successfully for this integration [15], because it allows direct 66

modeling on existing empirical and theoretical knowledge [27]. 67

This previous modeling approach should be refined into a more 68

empirical-based model, in order to allow a realistic assessment 69

of the magnitude of the impact of feedback devices. 70

In this paper, we therefore assess the impact from the ‘CO2 71

meter’ via an empirically-based agent-based model (ABM) that 72

integrates feedback effect and the diffusions of technology and 73

behavior. To support practical applications with more insight, 74

also the contributions of sub-processes to this impact are quan- 75

tified. This aims to answer the following question: what is the 76

overall effect of the ‘CO2 meter’ on energy-efficient heating be- 77

havior, as emerging from its sub-processes of feedback effect, 78

technology diffusion and behavior diffusion? The remainder 79

of this paper is structured as follows. First, the functioning of 80

behavior-changing feedback devices is explained, using the ex- 81

ample of the ‘CO2 meter’. Second, the framework used to an- 82

alyze the effect of this device in a multi-household setting is 83

described. Third, a novel simulation model is introduced that 84

projects the potential future impact of the ‘CO2 meter’ on heat- 85

ing behavior within the city of Bottrop, Germany. This model 86

is developed and calibrated based on empirical research con- 87

ducted by some of the authors. Finally, simulation experiments 88

are analyzed in order to answer the stated research question. 89

2. Background 90

In this section is presented how the ‘CO2 meter’ affects be- 91

havior of its users and second, how it unfolds its overall effect 92

in a multi-household setting. 93

2.1. Feedback effect of device to its users 94

The success of the ‘CO2 meter’ in reducing heating demand 95

bases on its relative advantage2, perceived by its users, and on 96

its conscious and its pre-conscious influence on them. 97

2Relative advantage is “the degree to which an innovation is perceived as

better than the idea it supersedes.” [19, p. 15].
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Use of the ‘CO2 meter’ is motivated by its assistance to im-98

prove indoor air quality as a means to health and air quality99

comfort, which has a relative advantage over manual ventila-100

tion without knowing CO2 levels. Previous research showed101

that a ‘CO2 meter’ can change behavior and improve indoor102

air-quality significantly [28]. As the focus of ventilation dur-103

ing the heating period lies mainly on thermal comfort [29, 30],104

feedback can shift this focus towards air-quality. Energy sav-105

ings from incentivized SV behavior are a positive side-effect to106

this, which can additionally motivate use of the device.107

A feedback device, such as ‘CO2 meter’, can influence the108

heating behavior of its users [15] via two routes: (1) via infor-109

mation it persuades users to start and to stop ventilation. Even110

though households can be aware of air quality, additional infor-111

mation can lead to reinterpretation and thus to conscious and112

intentional behavior change. (2) via supporting habituation of113

changed ventilation behavior. Habits are action sequences trig-114

gered by environmental cues and performed without significant115

deliberation. Repeatedly practicing a habit with positive out-116

come increases its strength, making it self-reinforcing and rel-117

atively stable [10]. Combining the two routes of information118

provision and support of habituation, new habits would form119

starting from initially conscious interactions with the feedback120

device which are then more and more enacted without extensive121

deliberation. For example, keeping track of exact CO2 levels122

would convert into the habit of ventilating for a certain amount123

of time at certain times of the day, e.g. after getting up in the124

morning. Thus, habit formation could stabilize the behavior in-125

duced by the ‘CO2 meter’.126

However, the empirical evidence about long-term effects of127

feedback-devices is mixed. Some research suggests that be-128

havior change from feedback devices relapses eventually [31].129

Conversely, others suggest conditions under which behavior re-130

lapse does not take place, e.g. if reoccurring feedback is in-131

tuitive [32], or if coming from a permanently installed device132

[33]. Also, ongoing behavior change has been observed at par-133

ticularly long-term exposure to feedback devices [34]. Due to134

these contradicting findings, the long-term effect of the ‘CO2135

meter’ on users can not be clearly deduced from experience 136

with other feedback devices. Therefore, feedback effect was 137

modeled to be neither relapsing, nor increasing, but to be con- 138

stant over time. 139

2.2. Overall effect of feedback device 140

Figure 1 shows how the overall effect of a feedback de- 141

vice emerges from interactions between individual households, 142

based on an assessment framework by Jensen et al. [15]. Be- 143

sides behavior change from feedback devices, central entities 144

of this framework are households who make two decisions: 145

whether to adopt a feedback device and whether to practice SV 146

behavior. 147
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Fig. 1. Conceptual framework on the effect of behavior-changing

feedback devices. Each of the three shown households (A, B and C) has two

roles: to decide on device adoption (bottom level) and on heating behavior

(top level). These decisions are influenced by media information and social

influence. Those households that adopt a feedback device are also affected in

their heating behavior by feedback from the device.

At ‘decision events’, households decide on the adoption of 148

feedback devices and on which heating behavior to practice— 149

but they do not decide on it continuously. For device adoption, 150

there are certain windows of opportunity, e.g. when the device 151

becomes available or when previous technology is replaced. 152

Similarly, households do not continuously deliberate on heat- 153

ing behavior. Daily repeated behavior is commonly habitual, 154

which limits its re-evaluation—and thus potential intrinsic be- 155

havior change—to sporadic events. Due to the relative stability 156

of habits [10], external events are ideal to trigger the breaking 157
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of a habit. In the context of ventilation behavior, such triggering158

events can be changes of heating costs, household demograph-159

ics, the place of living, or the appearance of mold within the160

home. Such events can ‘unfreeze’ a habit environment, create161

a window of opportunity for conscious deliberation and behav-162

ior change, and—via anew habit formation—‘refreeze’ into a163

(potentially changed) habit [35].164

Once a decision event occurs, the actual decisions on adop-165

tion of devices and SV behavior depend on both intrinsic factors166

of households and their environment. According to the Theory167

of Planned Behavior3 [36], adoption depends on the intention168

to do so, and intentions depend on the households’ attitudes to-169

wards the adoption choice, their perceived behavioral control170

over adoption and the subjective norm, i.e. the perceived adop-171

tion prevalence within their social environment. We propose172

information to have the potential to change attitude (i.e. per-173

suading to adopt) and therefore to have an influence on adop-174

tion decisions. The importance of subjective norms [13] moti-175

vates considering interactions in social networks and the effect176

that adoption behavior of peers has on a particular household.177

The perceived behavioral control of households is assumed to178

be high, as ventilation behavior can easily be changed.179

The two diffusions of technology and behavior are connected180

by the effect that a feedback device has on heating behavior of181

a household. The diffusion of a feedback device can change the182

behavior of device adopters. This changed behavior can then183

influence social norms in the social network of the adopting184

household. Through this change in norms, the energy-efficient185

behavior can further diffuse among households, including to186

households that are either not using the feedback device or that187

are not influenced by it [15].188

3. Methodology189

In this section, first, the use of agent-based modeling for our190

study is motivated. Thereafter, the simulation model developed191

to answer the research question is presented.192

3This theory is widely applied for decision modeling [20, 21].

3.1. Agent-based modeling 193

Agent-based modeling is a bottom-up simulation method. 194

Agents are computer-objects that can correspond one-to-one to 195

real-world entities [27]. Thus, an ABM can represent house- 196

holds with “agents [that] are programmed to interact in the 197

same ways as the real actors do and to experience the same 198

constraints and have access to the same knowledge” [27, p. vi]. 199

Consequently, relevant empirical data (e.g. on households’ lo- 200

cations and their decision preferences concerning innovations) 201

can be incorporated into models without the need for further 202

simplification or abstraction. This has the added advantages of 203

making behavior of agents relatively easy to understand and to 204

communicate. 205

Agent-based modeling is suited to model the diffusion of in- 206

novations. According to Rogers, “diffusion is the process by 207

which an innovation is communicated through certain channels 208

over time among the members of a social system” [37, p. 11]. 209

Thus, diffusion strictly depends on decisions and communica- 210

tion of households [27, pp. 48]. An ABM, facilitates under- 211

standing the mechanisms of emergence, by capturing both an 212

emergent phenomenon and its causing elements 213

For three reasons agent-based modeling is suitable to capture 214

the overall effect of the ‘CO2 meter’. agent-based simulation 215

modeling is particularly suited to model household behavior 216

appropriately when their adaptiveness, heterogeneity and local 217

interactions should be accounted for [38]. Adaptiveness is im- 218

portant to consider, e.g. because households that use feedback 219

devices choose differently on behavior adoption than those that 220

do not; heterogeneity is important because households adopt 221

sustainable household products and heating behavior under dif- 222

ferent conditions; local interactions should be modeled due to 223

the role of social contacts in persuading innovation adoption. 224

3.2. Model description 225

The purpose of the presented model is ex-ante assessment 226

of the ‘overall effect’ of behavior-changing feedback devices: 227

their effect on heating behavior in the adopting households, the 228

diffusion of these devices, and the diffusion of this behavior 229
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change to other households, including non-adopters. The model230

was implemented in Repast Simphony for Java [39]. In the fol-231

lowing, it is is presented in the format of an ODD Protocol [40],232

which is a standard for presenting agent-based models.233

3.2.1. Entities, state variables and scales234

Household agents are the main model entities. Their proper-235

ties and actions are shown in Figure 2.236

Household	  
	  

	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

lifestyle	  :	  String	  
adop2ngTechnology	  :	  boolean	  
adop2ngBehavior	  :	  boolean	  
xCoordinate	  :	  double	  
yCoordinate	  :	  double	  
networkPeers	  :	  List	  
THLD*

i	  :	  double	  
	  behaviorDiffusion()	  
feedbackEffect()	  
technologyDiffusion()	  

Social	  Network	  

0…*	  

0…*	  

Fig. 2. Modeled household properties and actions. Formatted as a Unified

Modeling Language class diagram. See text for details.

Each household agent has six individual properties. Their237

lifestyle (i.e. the consumer group they belong to) is a fixed238

property of each household that influences their inclination to239

adopt sustainable household devices [20]. Whether they adopt a240

feedback device or SV behavior, respectively, are binary states241

of each agent (‘adoptingTechnology’ and ‘adoptingBehavior’).242

They further possess a geographical location (‘xCoordinate’243

and ‘yCoordinate’). They are also located in a social network,244

being influenced by a fixed set of peers (‘networkPeers’). Each245

agent has a threshold above which it intends to adopt SV be-246

havior. The threshold is modeled as the minimum fraction of247

peers that adopted SV behavior (THLD∗i , see 3.2.5).248

Agents perform actions (i.e. ‘behaviorDiffusion()’, ‘technol-249

ogyDiffusion()’, and ‘feedbackEffect()’) that correspond to the250

submodels described in sections 3.2.5–3.2.7.251

Each simulation step corresponds to one month. The point252

in time of initialization (t0) represents January 2006. Feedback253

devices are introduced in January 2016 (tint) and simulations254

terminate with the year 2030 (tend). This describes a situation255

where feedback devices are not known or not available until 256

beginning of 2016. From that moment on, the devices are avail- 257

able on the market. 258

3.2.2. Process overview and scheduling 259

An overview of the simulation phases and their schedul- 260

ing is given in Figure 3. Simulation is subdivided into three 261

phases: (1) during the Setup phase, model runs are initialized 262

(see 3.2.4), household agents are added to the model and con- 263

nected via a social network (see Appendix A). (2) In the Pre- 264

introduction phase, feedback-devices are not yet introduced 265

into the system. Thus, the simulation is running but only the 266

process of behavior diffusion takes place (see 3.2.5). This 267

serves for the replay of historic behavior diffusion patterns (see 268

3.2.9). (3) The Post-introduction phase starts at the introduction 269

of feedback devices into the system. From there on, also the 270

processes technology diffusion and feedback effect occur (see 271

3.2.6 and 3.2.7). 272

Household	  
Ini-aliza-on	  

Network	  
Genera-on	  

Behavior	  
Diffusion	  

Technology	  
Diffusion	  

Feedback	  
Effect	  

Behavior	  
Diffusion	  

t	  :=	  t	  +	  1	  

t	  :=	  t	  +	  1	  

yes	  

no	  

yes	  

no	  

Pre-‐introduc-on	   Post-‐introduc-on	  

Technology	  
Introduc-on	  

Setup	  

t	  ≥	  tint	  

t	  ≥	  tend	  

t	  :=	  t0	  

Fig. 3. Simulation phases and scheduling. Formatted as a Unified Modeling

Language activity diagram. See text for details.

3.2.3. Input data 273

Fundamental empirical input data of the model describe 274

households and their social network. 31.839 household agents 275

were generated from municipal geo-data within the spatial ex- 276

tent of the central neighborhoods of the city of Bottrop, Ger- 277
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many. To reconstruct the socio-spatial structure of households278

in this area [41], marketing data on the spatial distribution279

of lifestyles was used to assign each household to a Sinus R©
280

lifestyle group [42]). This typology clusters households in281

lifestyles (the so-called milieu) which are differentiated along282

two dimensions: social status and openness of basic values.283

The social network between agents was generated based on284

a mixed-methods social network analysis [43, 44] conducted in285

Bottrop. Interviews were conducted in which social network286

graphs were generated that mapped by which organizations and287

individuals the interviewees were influenced in their heating be-288

havior, e.g. how to set up their heating system and advice on289

saving energy. This identified social influence from peers (i.e.290

friends, neighbors and relatives) as important factors to explain291

heating behavior. The modeled social network was tailored to292

feature the same degree-distribution4 of ego-networks as these293

empirical networks. We furthermore used data on social influ-294

ence between lifestyles to specify the model network. In partic-295

ular, the probability that actors of particular lifestyles connect296

differs between lifestyles [45, Fig. 3.8]. See Appendix A for297

how input data was processed in detail.298

3.2.4. Initialization299

At initialization, each agent is assigned a subjective norm300

threshold (THLD∗i )5: if the ratio of SV adopters among an301

agent’s peers exceed this threshold, it intends SV adoption (see302

3.2.5). The assigned value is randomly sampled from a nor-303

mal distribution with the parameters THLD∗mean as mean and304

THLD∗std as standard deviation, which were not modeled as305

lifestyle specific due to lacking empirical data.306

No household adopts feedback technology at initialization307

(p(αi,t0 = 1) = 0). Initial SV adoption (p(βi,t0 = 1)) is ran-308

domly varied between 27–39% of all households, based on the309

interpretation of a survey in the Ruhr Area from 2006 [46]. Ini-310

tial SV adopters are selected from the pool of those households311

4The degree distribution in a graph is the probability distribution of the num-

ber of connections that its nodes have.
5See Table 1 for an overview of all parameters.

who intend SV adoption according to their THLD∗i value. If no 312

further intentional adopter is available, another random agent 313

(independently from its lifestyle) is chosen. 314

3.2.5. Submodel behavior diffusion 315

The behavior diffusion submodel consists of a triggering de- 316

cision event that initiates a decision on behavior adoption and 317

an adaptation decision model. 318

Decision event. Events triggering behavioral change are highly 319

specific to personal lives and no empirical data on statistical dis- 320

tribution of such events was available to us. We therefore used 321

Google search frequency on SV behavior as a proxy. Search 322

for information is an integral step of innovation adoption [19]. 323

Monthly frequencies of search engine queries about SV were 324

used as a proxy for events of deliberation on whether to adopt 325

SV behavior. These data were used to parameterize a time- 326

dependent rate δβ(t), which represents the rate of deliberation 327

on SV adoption in our model (see Appendix B). 328

Adoption decision model. The development of the decision 329

model was guided by a qualitative survey, distributed to house- 330

holds in the Ruhr Area in winter 2014/2015. Householders 331

were asked which sources (1) they had received information on 332

SV from and, (2) provided they practiced SV behavior, which 333

sources had motivated adoption.6 Responses were quantified 334

by counting the occurrence of answer options for the two ques- 335

tions. Survey results underlined the importance of modeling 336

both media and social contacts to influence behavior adoption. 337

According to our analysis (see Appendix C), reported adoptions 338

were motivated for up to 23.1% by social influence and for at 339

least 76.9% by information (from media and social contacts). 340

This contribution of information and social influence to SV 341

adoption led us to apply the Theory of Planned Behavior for 342

a decision model on the intention to adopt SV behavior. This 343

theory is useful here, because it distinguishes between changes 344

6Answer options included mass media, social media, colleagues and class-

mates, family and household members, friends and acquaintances, and a blank

text field for other sources.
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to attitude (e.g. due to information), as well as to subjective345

norms (e.g. due to social influence). The structure of the ap-346

plied decision model based on the Theory of Planned Behavior347

is shown in Eq. 1: when deliberating, agent i adopts technology348

if attitude (ATTi), perceived behavior control (PBCi) and sub-349

jective norm (SNi) outweigh an intention threshold (THLDi).350

This threshold represents alternative behaviors that have to be351

exceeded in utility, as well as potential inertia, e.g. caused by352

the effort of changing behavior.353

adoption =


1 ATTi + PBCi + SNi ≥ THLDi

0 else
(1)

For parameter reduction, we simplified the adoption condi-354

tion to make it depend only on SNi (see Eq. 2). Thus, subjective355

norm remains the only dynamic parameter: its exceedance over356

a threshold (THLD∗i ) expresses intention to adopt SV.357

ATTi + PBCi + SNi ≥ THLDi ⇔

SNi ≥ THLDi − ATTi − PBCi ⇔

SNi ≥ THLD∗i

(2)

To capture the role of information in motivating adoption,358

each agent’s attitude towards SV (ATTi) is incremented each359

simulation step by ∆β,ATT . This represents persuasion from gov-360

ernment and media campaigns that provide positive information361

on SV behavior [9]. Thus increased attitude equals decrement-362

ing the threshold THLD∗i that the subjective norm has to exceed363

for the decision model to favor SV adoption.364

3.2.6. Submodel technology diffusion365

Because the ‘CO2 meter’ is relatively novel, no historical366

adoption shares are available. For estimating diffusion in such367

cases, Rogers [19] recommends: (1) transferring knowledge on368

adoption (e.g. adoption rates) from a similar innovation and (2)369

surveying perceived attributes of the novel innovation. We com-370

bined these approaches by using an existing simulation model371

on the diffusion of similar technology and by integrating sur-372

veyed perceived attributes of the ‘CO2 meter’ into this model.373

The existing model that was used for this purpose is the tech- 374

nology diffusion model presented by Schwarz & Ernst [20]. 375

It was built to model the diffusion of water-saving shower 376

heads. This device is similar to the ‘CO2 meter’, regarding 377

Rogers’ generalized innovation characteristics: (1) compatibil- 378

ity: just like heating feedback devices, they are integrated in 379

daily household routines to conserve thermal energy (e.g. hot 380

water); (2) complexity: installation of both technologies is sim- 381

ple and can be done by the lay person; (3) triability: given their 382

similar costs at mass production and their similar complexity 383

of installation, both innovations can be experimented with on a 384

limited basis. 385

The Schwarz & Ernst model captures households in their 386

heterogeneity in lifestyles. Households—depending on their 387

lifestyle—have different empirical-based decision models on 388

feedback device adoption, each inspired by the Theory of 389

Planned Behavior. Households with lifestyles of higher social 390

status are modeled to deliberate rationally, weighing all adop- 391

tion decision factors. Conversely, other households decide by 392

bounded rationality, based on the subjectively most important 393

decision factor that clearly favors acceptance or rejection of 394

adoption. 395

After empirical parameterization, the decision model by 396

Schwarz & Ernst is equivalent to the following simple decision 397

rules. At the monthly probability (δα) of 0.4%, agents decide on 398

device adoption—this probability was taken over and thus the 399

temporal pattern of how the proxy technology diffuses. At de- 400

liberation, the households of higher social status (grouped here- 401

upon as Social Leaders) always adopt the diffusing device—not 402

being influenced by social status. Households of the societal 403

mainstream and conservative lifestyles (grouped hereupon as 404

Mainstream agents) adopt devices at 50% probability, imitat- 405

ing the adoption choice of the majority of their social network 406

peers otherwise. Households of the hedonistic lifestyle (defined 407

as the social group of relatively high openness of basic values 408

and lower social status [42], labeled hereupon Hedonists) ex- 409

clusively imitate the majority of their peers. Consequently, the 410

latter two lifestyle groups are modeled to be able to discontinue 411
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the use of the ‘CO2 meter’.412

For adaptation of the model to our case, we surveyed the per-413

ception of householders in Germany towards the ‘CO2 meter’.414

Resulting values of perception substituted the device-specific415

parameters in the decision model of Schwarz & Ernst. How-416

ever, the resulting simple adoption heuristics (and consequently417

the adoption rates and timelines) did not change with these418

changed parameters. This supports the proposed similarity be-419

tween the water-saving proxy technology and the ‘CO2 meter’,420

but also reflects the low parameter sensitivity of the applied de-421

cision model.422

3.2.7. Submodel feedback effect423

We based modeling of how feedback technology affects ven-424

tilation behavior directly on observations from living lab exper-425

iments in 12 households. These were equipped with a ‘CO2426

meter’ and their indoor air-quality, heating temperature and427

energy consumption were monitored. Adopters of the ‘CO2-428

Meter’ were observed to be persuaded to adopt SV behavior429

at a probability of 0.83 (p(α∗)). This probability was used to430

model the rate by which households adopt their behavior af-431

ter having adopted a feedback device. As was the case in432

the field tests, this effect is modeled to take place within one433

month after adoption (i.e. one time step after device adoption,434

cf. Fig. 3). As a result from the air-quality feedback, individ-435

ual households saved more than 10% (supposedly because they436

were ventilating rooms permanently before) or even increased437

their energy consumption more than 10% (supposedly because438

they barely ventilated rooms before given the feedback). En-439

ergy savings however concentrated in the interval between 5%440

to 10%. Given this range of the dominant group, the house-441

holds with a change in energy consumption of less than 5%442

were assumed to not having responded to feedback devices sig-443

nificantly, and model them to have not changed behavior.444

3.2.8. Model verification445

The model implementation was verified to assure it corre-446

sponded to the here presented conceptual model. Verification447

focused on the two submodels behavior diffusion and technol- 448

ogy diffusion, being the most complex model components. The 449

behavior diffusion submodel was verified by unit testing of its 450

implementation. The technology diffusion model was verified 451

by reproduction: given the same parameterization, but differ- 452

ent households and social network, technology diffusion was 453

highly similar to results of the technology diffusion model by 454

Schwarz & Ernst [20], as shown by Jensen et al. [15]. 455

3.2.9. Parameterization 456

Table 1 shows the model parameters set during initialization. 457

Four parameters were varied in 5 steps each, equally spaced 458

within the given intervals. Each of the resulting 625 parameter 459

combination was simulated twice—once with and once without 460

the ‘CO2 meter’ being introduced. 461

Table 1

Parameterization for the simulation experiments. See text for references to

parameterization sources.

Parameter Value Meaning

p(βi,t0 = 1) [0.27, 0.39] Initial SV behavior adoption share

T HLD∗mean [0, 1] Mean of behavior adoption threshold

T HLD∗std 0.3 Std. of behavior adoption threshold

δβ,event ]0, 0.04] Rate of behavior delib. trigger events

∆β,ATT ]0, 0.006] Monthly increment to attitude towards SV

p(αi,t0 = 1) 0 Initial feedback device adoption share

δα 0.004 Technology adoption deliberation rate

p(α∗) 0.833 Success rate of feedback devices

t0 0 Time step (month) of initialization

tint 120 Time step (month) of device introduction

tend 300 Time step (month) of end of simulation

dNBHD 200 Max. length (m) of neighborhood edges

pNBHD 0.5 Ratio of edges within neighborhood

Indirect calibration. Whereas the feedback effect and technol- 462

ogy diffusion processes were modeled on living lab experiments 463

and an existing model, we indirectly calibrated the behavior dif- 464

fusion process with three empirical patterns. This procedure of 465

parameter uncertainty reduction is also referred to as ‘pattern- 466

oriented modeling’ or ‘inverse modeling’ [47, 48]. In a first 467

step, those parameter combinations that reproduce the empirical 468
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patterns are identified, and only these combinations are subse-469

quently used for evaluating the effect of feedback devices. This470

assures that results accord to the available empirical data.471

First, the conducted survey revealed a pattern on the respon-472

dents’ perceived ratio of peers who adopted SV behavior. At473

the beginning of 2015, its value is 38.3%, which was extended474

by an uncertainty range to the interval 32.3–44.3% .475

Second, the surveyed ratio between information and social476

influence in motivating SV adoption (see Table B.4) was ap-477

plied. Modeled SV adoptions (up to the time of the survey, i.e.478

2015) was traced back by whether they were caused rather by479

change of attitude or subjective norm. If a household agent (un-480

til first SV adoption) underwent more change in attitude than in481

subjective norm, then this agent was assumed to be ‘motivated’482

by information. Conversely, if change in subjective norm ex-483

ceeded that of attitude, the behavior change was assumed to be484

‘motivated’ by social influence. Thus, those parameterizations485

were selected that generated the surveyed shares of adoption486

motivation (i.e. c. 8–23% from social influence and c. 77-92%487

from information, until the beginning of 2015; see Appendix488

C).489

Third, those initializations where less than half of initial SV490

adopters adopt this behavior intentionally were discarded. This491

represents a tendency towards initial adopters to intend SV492

adoption, without enforcing full intentionality.493

4. Results and discussion494

To address the research question on the overall effect of feed-495

back devices on ventilation behavior, we conducted the follow-496

ing four model experiments. (1) A reference scenario of be-497

havior diffusion, where feedback technology is not introduced.498

Thereby, model parameterizations that reproduced empirical499

patterns of SV behavior diffusion (see 4.5) were selected and500

only those were included for the following scenarios. (2) The501

diffusion of the ‘CO2 meter’ only was simulated. (3) The co-502

diffusion of technology and behavior was simulated, in which503

diffusing feedback devices add to and reinforce the diffusion of504

SV behavior. (4) In concert with the baseline behavior diffusion505

from experiment 1, devices were let diffuse among households 506

where they can change behavior. But this behavior change from 507

devices was assumed not to diffuse beyond adopting house- 508

holds. Results from this experiment were compared to exper- 509

iment 3 to quantify relative strengths of technology diffusion 510

and behavior diffusion from feedback devices. 511

4.1. Experiment 1: Behavior diffusion 512

To calibrate the diffusion of SV behavior at absence of feed- 513

back devices, those parameterizations were selected that met 514

the given empirical patterns. 515

Parameter selection. This section shows how application of 516

empirical data from interviews decreased parameter uncertainty 517

about the varied parameters THLD∗mean, ∆β,ATT , δβ,event, and 518

p(βi,t0=1). These have the following effects in the model: (1) 519

THLD∗mean influences whether, during the course of the simu- 520

lation, SV adoption had the tendency to diffuse successfully or 521

is successively rejected; (2) ∆β,ATT influenced the same feature, 522

but could only add positively to SV behavior diffusion. Thus, 523

it can reverse a negative trend caused by a high THLD∗mean. (3) 524

δβ,event controls the speed of behavior diffusion, e.g. a higher 525

rate increased (negative or positive) rates of diffusion in mag- 526

nitude. (4) p(βi,t0=1), i.e. initial SV adoption share, influences 527

which parameter combination could meet the surveyed adop- 528

tion share pattern in 2015. At lowest SV initialization, expo- 529

nentially increasing runs were selected. Conversely, at highest 530

SV initialization, runs with a quasi-linear decline in SV adop- 531

tion were selected. 532

Fig. 4 contrasts the state space of behavior adoption over time 533

between all simulated parameterizations and the 7% of param- 534

eterization sets that were selected via the empirical patterns. 535

Behavior diffusion trajectories of all model parameterizations 536

were diverse, with SV adoption exceeding 95% and dropping 537

below 5% over the course of simulation. Conversely, the state 538

space of the selected parameterizations narrowed down signif- 539

icantly. Variation is particularly low until 2016, which is up to 540

when empirical data was available. 541
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Hence, the empirical patterns reduced uncertainty the most542

at the time period they apply to, but still reduced uncertainty543

considerably for the simulation time from 2016 on. The gain544

of SV adoption over the course of the simulation had a strong545

positive tendency, ranging from c. -15% to c. +60% over the546

same time period. Thus, the range between moderate decrease547

to drastic increase projects a positive expectation for future SV548

adoption.549

Fig. 4. Pattern-oriented selection of parameterizations. The dotted lines

delimit the state space of all simulation runs. Range of selected

parameterizations shown by gray area. Curve oscillation was due to seasonal

variation in SV adoption deliberation (see B.4). The dashed vertical line

highlights the point in time before which empirical patterns were available.

Distribution under selected parameterizations. SV behavior in550

selected model variants is shown in Fig. 5. Despite their vari-551

ation of up to 60%, half the selected model variants, as well552

as the average adoption per time step, lay within a relatively553

narrow band of c. 20% difference in SV adoption share. Distri-554

bution of projected SV adoptions was skewed: outliers towards555

lower SV adoption were stronger than towards greater ones.556

Fig. 5. Distribution of model runs with selected parametrization. The dotted

lines delimit the state space of all selected parameterizations. The dashed lines

delimit the state space between the 25th and 75th percentile at each time step.

The continuous line represents the expected value (mean) of SV adoption per

time step. Curve oscillation was due to seasonal variation in SV adoption

deliberation (see B.4).

4.2. Experiment 2: ‘CO2 meter’ diffusion 557

Fig. 6 shows simulated adoption of feedback devices among 558

different lifestyle groups over time. Device adoption rates dif- 559

fered between lifestyle groups: agents of the Leading Lifestyles 560

showed highest, the Mainstream group intermediate, and Hedo- 561

nists lowest adoption rates. This was directly caused by differ- 562

ent adoption decision models (see 3.2.6). 563

Due to this difference in decision models, SV adoption 564

curves differed between lifestyles: Leading Lifestyles showed 565

an asymptotic, Mainstream agents a quasi-linear, and Hedo- 566

nists an exponential increase in adoption. SV adoption in- 567

creased asymptotically among agents of the Leading Lifestyle, 568

because they always decide to adopt the ‘CO2 meter’ when de- 569

liberating on adoption. This caused successive convergence 570

against an asymptote of 100% device adoption. Conversely, 571

Hedonists are imitating their peers, causing a successively 572

growing rate of adoption due to an increasing overall device 573

adoption. For mainstream agents, who mix both these decision 574

strategies, showed a quasi-linear adoption curve, which is like- 575

wise a mix of the two previous adoption curves. 576
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Fig. 6. Simulated technology adoption over time, differentiated by lifestyle

groups (i.e. Social Leaders, Mainstream and Hedonistic Lifestyles in top-down

order). The dashed vertical line highlights the moment when feedback devices

are first introduced.

4.3. Experiment 3: Co-diffusion of technology and behavior577

In this experiment, behavior diffusion and technology diffu-578

sion were integrated to a co-diffusion of technology and behav-579

ior (i.e. the simultaneous diffusion of feedback devices and SV580

behavior).581

In Fig. 7, its adoption under sole behavior diffusion (scenario582

1) was compared to co-diffusion of technology and behavior583

(scenario 3). The co-diffusion scenario resulted in greater av-584

erage SV adoption, compared to scenario 1. Due to feedback585

devices, SV adoption increased by c. 12 percentage points (σ =586

5.3).587

In Fig. 8, the role of different technology adoption shares588

across lifestyle groups on their SV adoption is examined. The589

magnitude of additional SV adoption of lifestyle groups fol-590

lowed their device adoption: Leading Lifestyles showed great-591

est additional adoption, Mainstream agents intermediate, and592

Hedonists lowest deviation. Thus, affinity of a lifestyle to adopt593

the ‘CO2 meter’ considerably influenced the overall effect that594

the device had on the lifestyle’s SV adoption.595

Energy-efficiency impact. To illustrate the energy-related im-596

pact of the ‘CO2 meter’, these results on additional SV adoption597

Fig. 7. Comparing SV adoption shares for all agents between co-diffusion of

technology and behavior (solid line) and experiment 1 (dashed line). The

dotted vertical line highlights the moment of feedback devices introduction.

Whiskers indicate the minima and maxima.

were transformed into change of heating energy demand. As 598

the living lab experiments showed, those device adopters who 599

changed their energy consumption after adoption significantly 600

(see 3.2.7) decreased their energy consumption by an average 601

of 8%. The empirical reduction in energy demand from SV 602

behavior was therefore approximated as these 8%, which lies 603

within the range of energy savings previously theorized [9]. 604

On this basis, the difference between experiments 1 and 3 of 605

up to 18% additional SV adopters of the Leading Lifestyles 15 606

years after device introduction translate into c. 1.5% additional 607

heating energy savings in this group. Analogously, Mainstream 608

Lifestyles would decrease energy demand by c. 1%, and Hedo- 609

nists by c. 0.5%. Hence, the facts that the ‘CO2 meter’ is only 610

adopted partially and that SV diffusion would spread indepen- 611

dently from feedback devices anyway considerably lower the 612

overall effect of the CO2 meter on the multihousehold level, 613

compared to the 8% of potential energy savings of a single 614

household. This lower effect, however, still appears attractive 615

given the relatively low costs for the ‘CO2 meter’ in compari- 616

son to its alternatives, e.g. energy efficiency renovation. 617
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Fig. 8. Comparing SV adoption shares for lifestyle groups between scenario 1 (dashed line) and co-diffusion of technology and behavior (solid line). The dotted

vertical line highlights the moment when feedback devices are first introduced. The whiskers indicate the 25th and 75th percentile.

4.4. Experiment 4: Quantifying sub-processes618

The fourth model experiment aimed to quantify the relative619

contributions of technology diffusion and behavior diffusion to620

the overall effect of the ‘CO2 meter’. While it is obvious that the621

devices themselves need to diffuse in order to unfold an effect622

on the multi-household scale, it seems less obvious that diffu-623

sion of behavior induced by the devices will make a significant624

difference. The potential for such a significant contribution of625

behavior diffusion to the overall effect of feedback devices was626

shown by previous research [15], but it was not yet quantified.627

It appears useful for practical applications to know whether to628

concentrate efforts rather on achieving successful technology629

diffusion or on supporting behavior diffusion, and hence use630

our empirically-based model to investigate the issue further.631

A fourth experiment was thus conducted, in which technol-632

ogy adoption statically increases SV adoption: it may lead to633

SV adoption as in the previous experiments, but this change634

in behavior is considered to remain restricted to the adopting635

household and not to add to behavior diffusion. Therefore,636

behavior diffusion unfolds as simulated in experiment 1, un-637

affected by the diffusion and effect of feedback devices.638

To quantify the relative contributions of technology diffusion639

and behavior diffusion on SV adoption, experiments 3 and 4640

were compared in their additional SV adoption over the refer-641

ence scenario from experiment 1. Experiments 3 and 4 thereby642

only differ in the diffusion of behavior induced by adopted de-643

vices. 644

Shown in Fig. 9, experiments are compared between pairs of 645

the same parameterization. It shows the additional effect to non- 646

adopters of feedback devices in the co-diffusion scenario7. For 647

both experiments—similar to Fig. 8—differences for all agents 648

in Fig. 9 were greatest for Leading Lifestyles, intermediate for 649

Mainstream agents, and lowest for Hedonists. This underlines 650

the importance of different affinities of lifestyles to adopt feed- 651

back devices. Added SV adoption steadily increased over time 652

for all lifestyle groups and is always positive after 10 years of 653

device diffusion. As shown in Table 2, the overall effect of the 654

‘CO2 meter’ on additional SV adoption by Leading Lifestyles 655

consisted to c. 12 percentage points of behavior diffusion, for 656

Mainstream agents to c. 24 pp. and for Hedonists to c. 46 pp. 657

This finding is underlined by the additional effect to non- 658

adopters of devices in the co-diffusion scenario. For each 659

lifestyle group, difference in SV adoption in this group in- 660

creased steadily. Over time, this impact on SV adoption 661

is highly similar between non-adopters of different lifestyle 662

groups, because they were modeled to decide on SV adoption 663

in the same way. This effect to non-adopters (of devices) fur- 664

ther adds weight of evidence to the relevance of behavior dif- 665

fusion in the co-diffusion of the ‘CO2 meter’ and SV behavior, 666

e.g. almost half additional SV adoption by all Hedonists is as 667

7Note that for experiment 2, no such additional effect to non-adopters on

devices exists.
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Table 2

Summary on the overall effect of the ‘CO2 meter’ in percentage points. Standard deviation shown in parentheses. Further is presented how generation of this effect

is composed of technology diffusion and behavior diffusion.

All households Leading Lifestyles Mainstream & Traditional Lifestyles Hedonists Lifestyles

Added SV adoption (pp) 12 (5.3) 18 (8) 13 (6) 6 (3)

Technology Diffusion (%) 78 82 76 54

Behavior Diffusion (%) 22 12 24 46

well achieved for Hedonists that are non-adopters of devices.668

The mechanism by which non-adopters of devices are reached669

is further discussed by Jensen et al. [15].670

4.5. Validity and limitations671

In order to achieve a valid assessment of the ‘CO2 meter’672

from model experiments, the model used for this should ade-673

quately reflect relevant aspects of reality. These aspects were674

selected according to a previously published assessment frame-675

work [15]. Realism of modeling these was assured by carefully676

designing the model components technology diffusion, behav-677

ior diffusion and feedback effect based on empirical data and678

widely accepted theory.679

To guarantee sufficient realism of the behavior diffusion sub-680

model, indirect parameterization (inspired by pattern-oriented681

modeling [47]) was used to select those parameterizations that682

successfully reproduce empirical patterns. Patterns regarding683

(1) SV adoption shares in 2015, (2) motivations to adopt SV,684

and (3) intentionality of SV adoption at initialization were ap-685

plied. Selected parameterizations matched all of these three686

patterns, thus adding weight of evidence to realism of this sub-687

model.688

Validation of the technology diffusion submodel bases on the689

TAPAS approach, standing for “Take A Previous model and690

Add Something” [49]. Instead of building a new technology691

diffusion submodel from scratch, an existing model was ‘taken’692

and other processes were ‘added’. This has a key advantage:693

“one can take advantage of existing core models to formulate a694

new robust model in a relatively short amount of time and with695

a larger degree of understanding” [49, p. 152]. This also con-696

tributes to model validation, particularly if the previous model697

was successfully validated. The previous model here is the tech- 698

nology diffusion model by Schwarz & Ernst [20], which was 699

validated by being based on survey data and being tested against 700

empirical diffusion data of household products. To assure its 701

correct use in this study, its transferability to the ‘CO2 meter’ 702

was justified (see 3.2.6) and its successful re-implementation 703

verified (see 4.2). 704

Realism of the feedback effect process directly stems from 705

modeling it on results from living lab experiment. Measure- 706

ments on the percentage of households who change behavior 707

when using the ‘CO2 meter’ and resulting energy savings were 708

integrated into the model. 709

Limitations. We expect the following limitations to have poten- 710

tially affected our findings: the fundamental uncertainty regard- 711

ing future innovation diffusion, small sample sizes of empirical 712

data, behavior diffusion modeling decisions, and how technol- 713

ogy introduction is modeled. 714

Results strictly depend on whether the ‘CO2 meter’ and SV 715

behavior will diffuse successfully in the future. Due to contin- 716

gency of the future, predicting innovation diffusion is not possi- 717

ble. Instead, modeling what happens if both diffusions will take 718

place is possible and useful. The uncertainty of this projection 719

was reduced with empirical data from multiple sources. Addi- 720

tionally, a simulation approach was chosen that can cope with 721

parameter uncertainty, basing findings on the ensemble of all 722

parameterizations that were validated. 723

Limited empirical data from multiple sources might have af- 724

fected representativeness of results, e.g. the limited period of 725

time over which the ‘CO2 meter’ has been observed in a small 726

number of households. Therefore, the estimated energy savings 727
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Fig. 9. Additional percentage points of SV behavior adoption due to feedback

devices. Calculation bases on comparing SV adoption share between

simulation runs at same parameterizations with and without feedback devices.

Added adoption is shown for all agents under the scenarios of static

technology diffusion and co-diffusion of technology and behavior and for those

agents who do not adopt feedback devices at the co-diffusion scenario.

Whiskers indicate 25th and 75th percentiles.

from SV behavior of 8% could be either under- or overesti-728

mated. It should be considered that estimated energy savings729

(linearly) inherit this added component of uncertainty.730

SV behavior choice was modeled to be equal across lifestyle731

groups. But this might not be the case in reality. Hetero- 732

geneity would in principle be possible. Some lifestyles could 733

have an inclination towards certain behaviors, e.g. some could 734

be more motivated to practice energy-efficient behavior; or be- 735

havior change might be more inconvenient for others. These 736

options were not considered here here, because no suiting em- 737

pirical data regarding heterogeneity in behavior adoption was 738

available. Instead the model was built directly on the limited 739

available data. 740

Further, SV behavior was modeled as binary: households do 741

thus either adopt shock ventilation or not. It would be desirable 742

to model ventilation behavior in more detail, in order to better 743

represent the energy-efficiency related impact of a feedback de- 744

vice. For instance, duration of ventilation could be an important 745

additional factor to consider [9], including if households do not 746

ventilate at all. Given that our empirical basis did not allow fur- 747

ther differentiation, we chose to limit degrees of freedom in the 748

model to those of available data. Hence, the effect attributed 749

to SV adoption in this paper represents an empirical average 750

difference to other ventilation practices. 751

Finally, the specific way in which device introduction was 752

modeled to can be expected to impact the results. Technology 753

becomes available quickly and to all agents at the same time. 754

This implies feedback devices to be marketed intensively and 755

successfully. This implication was accepted, because it is the 756

simplest assumption and detailed comparison between market- 757

ing strategies is beyond the scope of this paper. 758

5. Conclusion 759

Purpose of this study is to answer the following question: 760

what is the overall effect of the ‘CO2 meter’ on energy-efficient 761

heating behavior, as emerging from the processes of feedback 762

effect, technology diffusion and behavior diffusion? This effect 763

was found to be significant, accounting for an average 12% (δ = 764

5.3) added percentage points of additional SV adoption for the 765

modeled case city Bottrop. For this case area, the ‘CO2 meter’ 766

was estimated to be able to decrease residential heating energy 767

demand by c. 1% at 15 years after its introduction. 768
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Overall effect of feedback devices. Our simulation results indi-769

cate that introduction of the ‘CO2 meter’ in the city of Bottrop770

would significantly increase energy-efficient heating behavior.771

Results showed the average overall effect of this device for dif-772

ferent social groups to range from c. 6 to c. 18 percentage points773

of additional SV adoption at 15 years after device introduction.774

This magnitude adds weight of evidence to the relevance of the775

driving key mechanism: the direct effect of feedback to device776

users was identified as the initial keystone to the effect of de-777

vices to SV diffusion. Technology diffusion spreads devices778

among households (where feedback can then change behav-779

ior) and behavior diffusion adds to this by spreading behavior780

change from adopters to non-adopters of devices.781

Neglecting the impact of the ‘CO2 meter’ via behavior diffu-782

sion would underestimate its overall effect significantly. To in-783

dicate which processes would be most relevant in interventions784

that use the ‘CO2 meter’, relative contributions of technology785

diffusion were compared to behavior diffusion on SV adoption.786

The share of the overall impact that the ‘CO2 meter’ caused787

via behavior diffusion ranged from 12% for Leading Lifestyles,788

over 24% for Mainstream and Traditional lifestyles, to 46% for789

the lifestyle group Hedonists (see Table 2). Thus, this under-790

estimation would be the least for households of highest social791

status, for those of intermediate to low social status and highest792

openness of basic values.793

Effects on heating energy consumption. Based on the simula-794

tion results, average heating energy savings of c. 1% could be795

expected within 15 years from the introduction of the ‘CO2 me-796

ter’ in the City of Bottrop. This ranges from 1.5% for Leading797

Lifestyles, over c. 1% for Mainstream Lifestyles and to 0.5%798

for the Hedonist lifestyle. 1% of energy savings appears rather799

low compared to the c. 8% savings potential of the ‘CO2 meter’800

for individual households. This difference in our assessment801

was due to the following reasons: (1) c. 40% of households in802

the case area are already adopting SV behavior, (2) SV behav-803

ior has—according to our results—the tendency to increase in804

adoption, independently from feedback devices, and (3) diffu-805

sion of the ‘CO2 meter’ will likely not reach full penetration 806

in a reasonable time frame. Therefore, describing a feedback 807

device’s energy savings potential by its potential for individual 808

households can be misleading. Instead, it appears preferable to 809

use a potential that is scaled by the expected spreading of this 810

device and by the spreading of its effect. 811

Merits of the ‘CO2 meter’ in interventions. The ‘CO2 me- 812

ter’ will likely differ in acceptance and adoption between so- 813

cial groups; assumed it spreads similarly as other sustainable 814

household products. This difference influences how much these 815

groups would undergo change in heating behavior due to the 816

‘CO2 meter’ and would predominantly affect households of 817

higher social status (i.e. Leading Lifestyles). Hence, the au- 818

thors recommend this to be considered at interventions that use 819

the ‘CO2 meter’: targeting households of higher social status 820

with such interventions could have a greater impact. 821

The spreading of the ‘CO2 meter’ has been identified as the 822

main factor determining its overall impact. Thus, practitioners 823

who want to create impact with this device should primarily 824

support its spreading between households. However, support- 825

ing the spreading of behavior change from device adopters is 826

worthwhile, too—particularly when aiming to spread energy- 827

efficient heating behavior to social groups that are less inclined 828

to use the ‘CO2 meter’. 829

Overall,—considering the uncertainty of technology 830

projections—the ‘CO2 meter’ promises significant energy 831

savings at low cost. In comparison to other strategies, it can be 832

distributed cost-effectively and is widely applicable. Thus, this 833

device can be regarded as fit to efficiently tackle ‘low hanging 834

fruits’ of energy-efficiency in residential heating. 835

Future research. We propose to assess further feedback de- 836

vices using the integrated modeling approach that is presented 837

here. Additionally, we expect co-diffusion of technology and 838

behavior to have a fruitful role in future behavior change inter- 839

ventions, e.g. to increase overall behavior change. 840

Further, elements of the model that remained uncertain due to 841

lacking empirical data should be refined based on further empir- 842
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ical research. For instance, further differentiating the exact ven-843

tilation behavior that modeled households can practice could be844

a useful direction of research. Also valuable would be those re-845

search designs which observe interactions between technology846

diffusion, feedback effect and behavior diffusion. Further, link-847

ing of separately gathered data sets on the respective processes848

could improve understanding these interactions.849

Regarding technology introduction, policy options regarding850

the here modeled intervention should be explored, e.g. device851

marketing strategies. We recommend applying the here pre-852

sented model to achieve this. This would both deepen insight853

into the future prospects of feedback devices, as well as support854

policy decisions in how to apply them effectively.855

Appendix A. Input data856

In the following, generation of household agents and their857

social network from empirical data is presented.858

Households. For all residential buildings in the case area,859

heated floor area and estimated heating demand were available860

from municipal data. Due to privacy protection, the number861

of residents was not available for individual residential build-862

ings, but for building blocks (i.e. neighborhoods). From this,863

the number of households per building block was calculated864

based on the regional average household size of c. 2.12 per-865

sons [50]. These household agents were assigned to residential866

buildings, so that: (1) to each building is assigned at least one867

household agent, (2) within each building block, the number of868

assigned household agents per building are ideally proportional869

to its heated floor area. Thus, household agents of the same870

building block had approx. the same heated floor area. Finally,871

household agents were positioned within the spatial extent of872

their buildings.873

Lifestyles were assigned to household agents based on geo-874

marketing data. Commercial data by the company Microm R©
875

provided the locally dominant lifestyle for all road sections in876

the case area. Each household agent was assigned a lifestyle by877

expert judgement, depending to the lifestyle data-points in its 878

spatial proximity. 879

Social network. Social influence between household agents is 880

modeled via a social network. This network was empirically 881

based on a mixed-methods social network analysis [43, 44] 882

conducted in the City of Bottrop, Germany. It provided data 883

on communication on heating behavior. Interviews were con- 884

ducted with 23 householders; both inhabitants of one-family 885

dwellings and apartment buildings. Personal relations and rela- 886

tions to actors in the value chain of heating/space heating (i.e. 887

craftspeople, manufacturers) were mapped to social network 888

graphs around the interviewed persons [51]. According to these 889

interviews, family and friends have a high impact on decisions 890

regarding ventilation and heating behavior. 891

Modeling a social network followed two statistical proper- 892

ties, extracted from these ego-networks: (1) the probability of a 893

social network tie to be within the same neighborhood (pNBHD) 894

and (2) the distribution of network degree, i.e. the number 895

of peer households by which a household is influenced [15, 896

Fig. 3]. These data points were complemented by data from 897

Holtzhauer [45], describing how lifestyle groups are mutually 898

connected in social networks of influence (see Table A.3). 899

Social network generation, inspired by the Watts & Strogatz 900

[52] algorithm for creating small-world networks, followed 901

these steps: 902

1. To each household, assign a degree target (deg∗i ), ran- 903

domly drawn from an empirical distribution [15, Fig. 3]. 904

2. For each household i with less influencing peers than deg∗i : 905

(a) Randomly choose lifestyle of next peer, weighted by 906

probabilities from Table A.3. 907

(b) Create directed network edge from random other 908

household who (1) has the chosen lifestyle and (2) 909

is within the same neighborhood (i.e. closer than 910

dNBHD). 911

3. For each network edge: delete network edge at probability 912

(1 - pNBHD). 913
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Table A.3

Probability of an influencing peer to be of a specific lifestyle, depending on ego’s lifestyle [45, Fig. 3.8].

Note that in this study Traditional Lifestyles are aggregated with (and as) Mainstream Lifestyles.

Peer lifestyle (influencing householder) Leading Lifestyles Mainstream Lifestyles Traditional Lifestyles Hedonists Lifestyles

Ego lifestyle (influenced householder)

Leading Lifestyles 0.59 0.10 0.22 0.09

Mainstream Lifestyles 0.50 0.34 0.12 0.04

Traditional Lifestyles 0.36 0.25 0.32 0.07

Hedonists Lifestyles 0.37 0.15 0.32 0.16

4. Repeat step 2 with the altered constraint that new peers are914

not in the same neighborhood (i.e. distance greater than915

dNBHD).916

Appendix B. Google Trends data917

Frequency of Google searches on SV behavior was used as918

a proxy for frequency of deliberation on its adoption. Google919

Trends [53] was inquired for the frequency of Google searches920

for ‘Stoßlüften’ (i.e. the German term for shock-ventilation).921

Google Trends is “a real-time daily and weekly index of the922

(relative) volume of queries that users enter into Google” [54].923

Reported sets of data are normalized spatially and temporally924

by being “divided by a common variable, like total searches”925

[53].926

Fig. B.10. Google Trends data and simplified sine curve. The solid line

shows the normalized Google search activity for the German expression for

shock-ventilation. The dashed line is fitted to this data (see Eq. B.1) and used

in the model.

Search frequency is shown in Fig. B.10. In the Google search927

frequency two patterns were observed—a seasonal and an inter-928

annual one. Seasonally, frequency mirrors the relevance of929

energy-efficient ventilation during winter. Inter-annually, fre-930

quency increased after 2009 and reached a plateau.8 However, 931

the outlying winter of 2010/2011—with relatively low search 932

frequency—could neither be explained by winter temperatures 933

nor press article frequency on SV. 934

Google search activities were mathematically generalized 935

with Eq. B.1, which distinguishes these two temporal patterns. 936

The function of this equation is shown by the dashed line in Fig. 937

B.10. It is the product of two mathematical terms, which are 938

functions of the time step (i.e. month) of simulation, starting in 939

January 2006: (1) The seasonal peaking of searches on SV dur- 940

ing winter motivated using a sine function as a generalization 941

(see Eq. B.2). Similar to the search data pattern, this function 942

peaks during winter (i.e. in January) and does not assume neg- 943

ative values. (2) To also capture the inter-annual pattern, this 944

first term is scaled linearly by Eq. B.3. In the Google Trends 945

data, search activity on SV behavior was absent before the win- 946

ter of 2008/2009, relatively low during the winter of 2008/2009, 947

and relatively constant thereafter. These three phases are rep- 948

resented by linear factors to the seasonal sine function. Their 949

respective factors represent the difference in the integral over 950

the respective winter peaks in search activity. 951

δβ, f it(t) = δβ,annual · δα,season (B.1)

8This inter-annual pattern was verified by analyzing all German press arti-

cles in the GENIOS.DE database. Articles containing ‘Stoßlüften’ (normalized

by the number of all articles) quickly became more frequent by a factor of c.

2.5 in 2007 and remained at that level.
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Table B.4

Survey results on the stated information on and motivation to adopt SV behavior. Listed are relative shares of information/motivation sources. Responses

cumulated to n responses, multiple responses being allowed. The two last rows separate the motivation to adoption SV behavior into motivation from information

and social influence (see text for details).

Response Colleagues

& classmates

Family

& household members

Friends

& acquaintances

Mass media
∑

% n

Information on SV 3.8 % 23.2 % 19.6 % 53.6 % 100 56

Motivated SV adoption 5.9 % 35.3 % 17.6 % 41.1 % 100 56

Motivation: information 2.7 % 17.8 % 15.1 % 41.2 % 76.9 17

Motivation: social influence 3.1 % 17.5 % 2.5 % 0 % 23.1 17

δβ,season(t) = max
[
0, sin

(
t − 2.23

6
· π

)
· 0.72 + (1 − 0.72)

]
(B.2)

δβ,annual(t) =


0 if t ≤ 30

0.235 if 30 < t < 42

1 if t ≥ 42

(B.3)

Assuming that search activity is generally proportional to the952

occurrence of events that trigger deliberation on SV adoption,953

both these components were scaled by the rate at which such954

events occur. Both the inter-annual and seasonal patterns of955

information search activity are thus scaled by the the occurrence956

rate of events that trigger deliberation on SV adoption (δβ,event).957

Because this rate was not available from the literature, it was958

parameterized indirectly as ranging from 0.01 to 0.03 (see 4.5).959

Thus, average modeled occurrence of events that can trigger960

adoption deliberation is between c. 2.5 to 8 years.961

δβ(t) = δβ,event · δβ,annual(t) · δβ,season(t) (B.4)

Appendix C. Survey evaluation962

This section presents how shares of SV adoption motivated963

by information and social influence were extracted from survey964

results.965

The surveyed relative contribution of sources to information966

and motivating adoption is shown in Table B.4. Regarding967

distributing information on SV, social contacts and media had968

about the same importance of 46 and 54%, respectively. Con- 969

versely, media slightly exceeded social contacts in importance 970

for motivating behavior change, with 59 over 41%, respectively. 971

Even though this could suggest that SV adoption is mainly 972

motivated by social influence (rather than from an information 973

source as media), the authors argue that provision of informa- 974

tion from peer has to be considered, too. The importance of 975

media (and thus of information) in motivating SV adoption let 976

us to distinguish motivation further between motivation from 977

information and motivation from social influence. 978

The differentiation between media and social contacts in mo- 979

tivating SV adoption was therefore transformed into the differ- 980

entiation between information and social influence. This was 981

undertaken by combining (1) the assumption that media only 982

exceeds information, but not social influence and (2) the rela- 983

tive strength to which media and each peer category provide in- 984

formation (see Table B.4). As a result, 76.9% of adoptions are 985

resulting from exposure to information, and 23.1% from social 986

influence. If the category ‘family and household members’ is 987

excluded from this calculation—because it partly covers intra- 988

household interactions—, the shares between social influence 989

and information in motivating SV adoption are 8.8 and 92.2%, 990

respectively. 991
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