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Abstract 30 

Despite the growing deployment of network representation to comprehend psychological 31 

phenomena, the question of whether and how networks can effectively describe the effects of 32 

psychological interventions remains elusive. Network control theory, the engineering study of 33 

networked interventions, has recently emerged as a viable methodology to characterize and guide 34 

interventions. However, there is a scarcity of empirical studies testing the extent to which it can be 35 

useful within a psychological context. In this paper, we investigate a representative psychological 36 

intervention experiment, use network control theory to model the intervention and predict its effect. 37 

Using this data, we showed that: 1) the observed psychological effect, in terms of sensitivity and 38 

specificity, relates to the regional network control theoretic metrics (average and modal 39 

controllability), 2) the size of change following intervention negatively correlates with a whole-network 40 

topology that quantifies the “ease” of change as described by control theory (control energy), and 3) 41 

responses after intervention can be predicted based on formal results from control theory. These 42 

insights assert that network control theory has significant potential as a tool for investigating 43 

psychological interventions. Drawing on this specific example and the overarching framework of 44 

network control theory, we further elaborate on the conceptualization of psychological interventions, 45 

methodological considerations, and future directions in this burgeoning field. 46 

Keywords: Psychological Intervention, Psychological networks, Network control theory 47 

1 Introduction 48 

Networks are increasingly being utilized in psychological sciences to model complex psychological 49 

behaviors in relation to, and as a result of, interactions between psychological components 1,2. A 50 

psychological network is defined by nodes, which are identified with variables observed within a 51 

certain context (e.g., clinical symptoms of depression) and their connections, which indicate their 52 

interactions 2,3 e.g., rumination in relation with sleep quality. Such a simple conceptualization of 53 

psychological behavior has proven generative, advancing the field in several key areas. Examples 54 

include, among others, the study of mental disorders in terms of networks of symptoms 3, human 55 

interactions in social psychology 1,4–7, and cognitive sciences 8. Future applications could involve the 56 

prediction of relapses of mental disorders as well as contribute to developing novel psychotherapeutic 57 

interventions 9.  58 

Yet, the network approach as currently used has a major limitation: networks are commonly modelled 59 

as static constructs i.e., they present a fixed representation of the psychological behavior. 60 

Consequently, networks often fail to formalize “how much” the psychological variables change as a 61 

consequence of the interactions and external perturbations. Within a clinical case study, for example, 62 

the network approach offers insights into whether different symptoms are interrelated (e.g., 63 

rumination and sleep quality). However, it does not directly relate the “size“ of change in one 64 

component (e.g., rumination) to the  “size” of change in other variables (e.g., sleep quality). Examples 65 

like this are numerous and include virtually any study that contains an intervention such as controlled 66 

experiments with more than one condition 10.  67 

Importantly, this and similar questions have been systematically addressed in the engineering context 68 
11. Specifically, dynamical systems theory concerns how the interactions between the components in 69 

a network result in a complex behavior12.  And network control theory, a subset of dynamical systems 70 

theory, provides a mathematical foundation to relate observations (i.e., sleep quality) and 71 

interventions (i.e., experimental condition) 13,14.  Within this framework, a psychological intervention 72 
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is considered as any external stimulus (e.g., exposure to a task, medication, therapy, etc.) or alteration 73 

in conditions (e.g., change in the task parameters) that might influence the psychological construct 74 

being studied. The effect of such interventions is conceptualized as a temporal cascade of minor 75 

changes to the network variables (i.e., nodes, see Figure 1 for a schematic example). From a conceptual 76 

standpoint, these models are generative; they mimic the behavior of network variables, such as the 77 

components of the specific psychological construct under investigation, as they respond to different 78 

conditions. For example, given specific starting conditions, such as the present values of clinical 79 

symptoms of major depression, and a range of potential interventions such as sleep deprivations, 80 

these models offer a quantitative viewpoint to understand how the symptoms evolve (see Jamalabadi 81 

et al 15 for an example). In a similar vein, network control theory provides a framework of formulations 82 

to comprehend the “behavior” of these models and thus the phenomena they mathematically 83 

represent e.g. the clinical symptoms. By adhering to the methodology detailed within network control 84 

theory, at least three specific theoretical results can be inferred. First, network control theory 85 

facilitates a systematic theory-driven assessment of the general difficulty in inducing changes in the 86 

whole network (e.g., all symptoms) following alterations in a specific variable. Significantly, for 87 

estimating this category of measures, known as the "controllability," one does not require the precise 88 

details of the alteration to the target variable  (details outlined formally in section 4.3). Second, an 89 

estimation can be made regarding the overall challenge encountered when the network's activity 90 

changes, or is intended to change, across various potential conditions. This estimation is quantified as 91 

the total "energy" and remains applicable even when the exact intervention is unspecified. Third, one 92 

could assimilate the whole temporal evolution of psychological behavior based on the psychological 93 

network and thus, predict further hypothetical intervention effects, potentially leading to novel 94 

intervention targets (see Lunansky et al. 9 for a discussion on simulation based intervention design).   95 

If control theory is going to inform interventions in psychological sciences, however, it must first be 96 

examined if and how the engineering concepts on which control theory is founded translate into the 97 

context of psychological networks. At a fundamental level, the idea is that an intervention, such as 98 

therapy or medication, influences various elements within a network, like thoughts or behaviors, in a 99 

manner that is proportional to both the intensity of the intervention and the of those elements (so-100 

called locally linearizable assumption 11). Across engineering domains and more recently 101 

neurosciences, this fundamental concept has made analytical treatment of observed phenomena 102 

possible and has stimulated progress in various directions such as understanding the human brain 103 

under a wide range of neural stimulation 16–19.  104 

Within the realm of psychology, progress has been somewhat gradual, primarily emphasizing the 105 

application of dynamical systems' mathematical framework to better "characterize" observed 106 

phenomena. Yet, the current reports are encouraging. For instance, Hilbert and Marchand 20, within 107 

the context of educational psychology, discuss the potential role of dynamical systems in aligning 108 

theory, model and data. Within clinical psychology and the closely related psychiatric community, an 109 

increasing number of scientists are calling to use the dynamical systems approach to better understand 110 

the course of mental disorders 3,15,21–23. Simulation studies using this approach in studying complicated 111 

grief 24, Post-Traumatic Stress Disorder (PTSD) 9, and panic disorder 25 yield strongly consistent results 112 

with what is known from the literature. Recently, studies by Hahn et al. 26 and Jamalabadi et al.15, 113 

leveraging longitudinal measurements from mobile phones, have indicated that depressive symptom 114 

fluctuations align with predictions from network control theory. Applied to Ecological Mmomentary 115 

Iinterventions (EMI), Fechtelpeter et al. 27  showed that the results from network control theory can 116 

provide insightful information on putative mechanisms of change. Further, network control theory has 117 
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been used to study the brain-behavior constructs ranging from studies in the clinical setting such as 118 

depression 28,29, to cognitive concepts such as creativity 30, and further to conceptual frameworks 119 

applied to psychological well-being 31, clinical psychology 24, and networked systems 9,32. 120 

Yet, these studies did not probe interventions (with the exception of Fechtelpeter et al. 27). Subsequent 121 

discussions have considered the potential of network control theory for assessing psychological 122 

interventions 33, with use-cases encompassing momentary experience quantification, cognitive 123 

behavior therapy, and mental disorder structuring 24. Despite these optimistic developments, there 124 

remains a shortage of empirical testing of these theories. This deficiency is significant since while 125 

numerous models could theoretically 'explain' behavior, effective and predictable intervention 126 

requires a model that aligns with the system's inherent dynamics, namely the psychological construct. 127 

The "good regulator" theorem 34 underscores this point, insisting that a successful regulator of a 128 

dynamical system must embody an accurate model of that system. Therefore, verifying a mathematical 129 

framework's ability to predict and guide interventions becomes a pivotal benchmark for model 130 

credibility. Given the current dearth of formal theories in psychology that endorse the use of dynamical 131 

systems theory, the urgency of this empirical validation is heightened. 132 

This study seeks to tackle this challenge by evaluating the efficacy of network control theory in 133 

psychological perturbations through a representative experiment designed to alter attitudes towards 134 

meat consumption (see Figure 1A). Pertinent to our objectives in this paper, network models have 135 

previously been used to study attitudes and are shown to be psychometrically realistic formalizations 136 
4,10,35. In this experiment, thirty healthy participants are asked about their attitudes toward eating meat 137 

using an 11-item questionnaire and are then subjected to 11 psychological interventions that aim to 138 

change their attitude on each item separately (see Methods for details). After an intervention, one 139 

intervention per item, participants are asked again the same 11 questions. Here, we build dynamic 140 

network models of the experiment and aim to predict the item-wise effect of the psychological 141 

intervention for each participant. Furthermore, based on fundamental results in control theory that 142 

relate the required energy for control to the intervention outcome, we hypothesize that the success 143 

of the interventions (i.e., sensitivity) is negatively associated with the psychological energy barrier (i.e., 144 

control theoretic measure of intervention energy) that is further dictated by the interactions between 145 

the response to the 11 questions. 146 

 147 
Figure 1. A schematic view of the data and network control theory approach to quantify and predict the effect 148 
of interventions. (A) Thirty participants answered eleven questions about their attitude towards the consumption 149 
of meat. Based on their responses, they are asked to contemplate certain scenarios that are designed to alter 150 
their opinion. After this “intervention”, the participants are once more asked the same questions and asked to 151 
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draw a schematic of connections between the items. (B) The effect of interventions in the context of psychological 152 
networks can be understood in terms of network control theory. Each network structure dictates the possible 153 
transitions of network values (illustrated here in terms of the arrows). The geometry of these arrows relates to 154 
the network structure and the dynamic imposed on them and can be linear or nonlinear. Figure 1A adapted from 155 
Hoekstra et al 35. 156 

2 Results 157 

2.1 Efficiency of the psychological intervention 158 

Figure 2 depicts the sensitivity and specificity (Methods, equations 1-3) across all eleven items, 159 
scenarios, and participants. Our results show that, on average, perturbation was sensitive and affected 160 
the responses in the desired direction (i.e., most values are positive). However, there is large variability 161 
across participants (0.86 ±  0.44) and items (0.86 ± 0.73; mean ± std). On the other hand, the specificity 162 
reveals a more complex structure. Specifically, for the variability across items, we observe that the 163 
data seem to show two different clusters indicating that the interventions have been more specific for 164 
some items compared to others (1.65 ±  1.36). Interestingly, and in contrast to the item level, the 165 
specificity of the interventions shows only one cluster on the participant level indicating comparable 166 
specificity of the interventions across participants. Furthermore, we observe that sensitivity and 167 
specificity show a narrower distribution across participants than items, suggesting that variations in 168 
the effectiveness of the intervention are more comparable across participants than items. 169 

 170 

Figure 2: Sensitivity and specificity of interventions across items and participants.  A, B) Sensitivity is defined by 171 
the normalized changes in the responses (Methods, equation 2). Positive values indicate a change in the expected 172 
direction i.e., when the intervention was meant to reduce the rating, the subsequent rating after the intervention 173 
was indeed reduced and when the intervention was meant to increase the rating, the subsequent rating was 174 
indeed increased. (C, D) Specificity is defined by the relative absolute change of the intervened item compared to 175 
the average change of all the other items (Methods, equation 3). All specificity values are positive and higher 176 
values (of more than 1) indicating that perturbed items change more than the average of the other 10 items. 177 

2.2 Network properties of intervention effects 178 

A fundamental result in control theory relates the topological properties of the network of item-wise 179 

interactions (𝐴, equation 4) to the effect of interventions applied to that item. Specifically, average 180 
and modal controllability measure the general ability of one variable to influence the value of all other 181 
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variables. Therefore, interventions targeting nodes with higher absolute average or modal 182 
controllability should, on average, prove more effective. Average controllability pertains to the overall 183 
response within the system following a perturbation to the related node. Consequently, we posit a 184 
positive correlation between an item's average controllability and the intervention's sensitivity across 185 
participants and items. This means that as the average controllability increases, the sensitivity to 186 
intervention also typically increases. In contrast, modal controllability measures the capacity to govern 187 
fast modes, also known as difficult-to-reach states  36. It is often inversely associated with average 188 
controllability 36, leading us to hypothesize a negative relationship with sensitivity. This means that 189 
higher modal controllability might be associated with less sensitivity in the system. Specificity, on the 190 
other hand, is concerned with how effective an intervention is relative to the average of all 191 
interventions. Therefore, we anticipate a positive relationship with average controllability and a 192 
negative relationship with modal controllability. In both instances, we expect these relationships not 193 
to be stronger than that with sensitivity. We estimated the controllability metrics once based on the 194 
individual subjective perceived causal networks (i.e., self-reconstructed networks, see Methods) and 195 
once based on a data-driven generative model (see Methods for details) and assessed the correlation 196 
with the measures of sensitivity and specificity. Importantly, to avoid statistical biases due to the non-197 
normal distribution of sensitivity and specificity metrics (Figure 2) 37, we use the rank correlation 198 
between controllability and perturbation effects. Our results (see Table 1) show that in both network 199 
models, average controllability correlates positively and modal controllability correlates negatively 200 
with sensitivity. We observe similar relation to specificity. Noteworthy, the size of the relations (r-201 
values) is lower for the self-constructed networks than for the generative model and they do not reach 202 
statistical significance, but they have the same signs as those based on data-driven models.  203 

Table 1. Kendal rank correlation between specificity/sensitivity and controllability measures (mean ± standard 204 
deviation across participants) with the number of significant tests shown in parentheses (n = 28 participants). 205 
Group-level significance was assessed using Fisher’s Method 38 (α < 0.05. Significant values are denoted with ** 206 
(p < 0.01) and *** (p < 0.001). 207 

 Self-constructed Networks Model 

 AC MC AC MC 

Sensitivity 0.07 ± 0.19 (n.s.) -0.07 ± 0.17 (n.s.) 0.20 ± 0.27 (3**)  -0.19 ± 0.28 (4***) 

Specificity 0.05 ± 0.22 (n.s.) -0.03 ± 0.22 (n.s.) 0.18 ± 0.24 (3***) -0.18 ± 0.24 (2***) 

2.3 A mechanistic interpretation of intervention success  208 

Having established that the network control theoretic metrics (i.e., average and modal controllability) 209 
contain meaningful information about the intervention effect, here we asked if the intervention 210 
success relates to the network structure. We base our hypothesis on the results from control theory 211 
that relates intervention success (in terms of sensitivity and specificity) to the intervention energy (i.e., 212 
effort, possibility) that can be exerted from an item. In our data, since we have no objective metric of 213 
the intervention’s actual energy (i.e. if some scenarios are fundamentally more powerful or more 214 
effective than others), we assume comparable intervention energy for all interventions (i.e., all 215 
scenarios) and thus hypothesize that the sensitivity should be smaller if the minimum amount of 216 
required intervention energy (i.e., the energy needed basing on the networks) is larger (for details see 217 
Methods, equations 7-9). To do so, we estimated the association between the theoretically required 218 
energy and the sensitivity of the intervention (see Methods). Our results show that the sensitivity of 219 
the intervention (i.e., the extent to which the intervention works in the desired direction) is negatively 220 
associated with the theoretical energy (r-value = - 0.22 ±   0 . 25; Fisher’s Method group level p-value = 221 
7.32e-04) for the generative model. For the self-constructed networks, we also show statistically 222 
significant relation between sensitivity and energy (r-value = -0.13 ±0.  25; Fisher’s Method group level 223 
p-value = 0.03) although the size of effect is smaller. Additionally, we find that the energy is negatively 224 
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related to the specificity in both models, but the size of the effect is larger for the data-driven model 225 
(r= -0.16 ±   0 . 28; Fisher’s Method group-level p-value = 0.005; and r= -0.13 ±  0.16, Fisher’s Method 226 
group-level p-value = 0.05).  227 

 228 

Figure 3: Network structure determines the success of psychological interventions. (A, B) Sensitivity is negatively 229 
associated with the network control theoretic estimation of the required energy to change the items only based 230 
on the generative model. (C, D) For both models (data-driven generative model as well as self-constructed 231 
networks), specificity is negatively related to the required energy but to a lesser extent compared to sensitivity.  232 

Finally, we tested if the model used in previous sections can predict the effect of interventions for 233 
every single item for every subject. Thereby, we simulated the model (Methods, Equation 4) once 234 
based on the self-constructed and once based on the generative networks. We estimated prediction 235 
accuracy (ACC) in terms of the correlation between the predicted and observed responses after the 236 
intervention. Our results (Figure 4) show that only the model correctly predicts the intervention effect 237 
(responses after the interventions); r= 0.84 ±   0.15 [model]; and r= -0.04 ±  0.32 [self-constructed 238 
networks]).  239 
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  240 

Figure 4: The generative model of psychological intervention accurately predicts the responses to the 241 
intervention. (A, B) Correlations between the predicted and actual responses averaged over items and 242 
participants for self-constructed networks. (C, D) Correlations between the predicted and actual responses 243 
averaged over items and participants for the generative model. 244 

3 Discussion 245 

Psychological interventions—including behavioral and cognitive therapies—are strategies aimed at 246 
triggering meaningful shifts in human emotions, responses, and behaviors. Despite an extensive body 247 
of research addressing a wide array of these interventions and their effects on human experiences, a 248 
comprehensive, systematic framework for evaluating these interventions has remained largely elusive 249 
39. Recognizing the success of network representations in encapsulating various psychological 250 
phenomena, we employ network control theory as a tool to quantitatively examine the impact of 251 
interventions. Originating from engineering, network control theory offers a robust approach for 252 
studying the changes in networked systems, making it a promising foundation for uncovering the 253 
mechanisms driving psychological interventions 6,15,19,22. Despite theoretical discourse advocating its 254 
usage for bolstering our understanding of psychological constructs and interventions 24, empirical 255 
studies testing its validity remain scarce. 256 

A pertinent example underpinning our study is a proof-of-concept psychological intervention task that 257 
aimed to modify attitudes towards meat consumption. We showed that the models provided by 258 
network control theory can predict the results of intervention on the level of the individual (figure 4), 259 
offer a mechanical account of why and how some of the interventions worked better than others 260 
(figure 3), and finally, used the model to show how sensitivity and specificity of the intervention relate 261 
to the network structure (table 1). This work adds to the limited yet growing body of empirical evidence 262 
supporting the practical application of network control theory in psychological intervention studies. 263 

3.1 Conceptualization of psychological interventions through network control theory 264 

The starting point to use network control theory to conceptualize and study psychological intervention 265 
is to build a mathematical model, specifically a dynamic system 11,24. This system outlines the 266 
interrelations between the psychological variables involved in the construct under investigation—for 267 
instance, the responses to an 11-question survey—and the corresponding intervention, such as 268 
attitude-shifting scenarios. In the simplest case, the formulation presumes a linear association 269 
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between these variables and an additive intervention effect, which depends on how each psychological 270 
variable in the system is impacted by the intervention (equation 4, Methods). The derivation process 271 
essentially hinges on estimating two sets of parameters: a matrix representing the relationships among 272 
the psychological variables, and a second matrix that connects the intervention to these variables. 273 
With these two sets of parameters established (matrices A and B in equation 4, Methods), network 274 
control theory offers a set of mathematically grounded estimations for the potential impact of any 275 
intervention on the psychological variables. Such an intervention could take the form of a one-time 276 
perturbation, like the one utilized in this study, or a series of successive perturbations. Importantly, 277 
the context-independent nature of network control theory's outcomes makes it a versatile framework 278 
for investigating psychological interventions across various contexts.  279 

Importantly, even though interventions in our study were closely tied to the psychological variables 280 
(with a distinct intervention for each question in the 11-item questionnaire), this is not a mandatory 281 
criterion. The interaction between any given intervention and its effect on the psychological construct 282 
of interest can be captured using the same mathematical expression, merely adjusting the estimated 283 
parameters (matrices A and B) based on the collected data 40,41. In essence, the overarching framework 284 
of network control theory is versatile enough to encompass the combined impacts of various 285 
intervention types, whether they are instruction-based as in our study, stimuli used in a priming task, 286 
financial incentives, and so on. These can be conceptualized as singular or recurring perturbations on 287 
targeted variables, like the 11-item questionnaire in our work, or clinical symptoms of conditions such 288 
as major depression. Once the dynamical system is defined—highlighting the specific psychological 289 
variables and interventions—and its parameters estimated (primarily matrices A and B in the linear 290 
scenario), one can gauge the intervention's influence on the psychological variables. This enables us 291 
to forecast outcomes under new conditions and potentially design more efficient interventions. 292 

In our study, we developed two linear dynamical systems to analyze attitude intervention. In the first 293 
approach, the system was designed based on the causal interactions perceived by the participants 294 
(self-constructed networks, Matrix A) and the supposition that each intervention affects precisely one 295 
attitude aspect (Matrix B). Conversely, the second approach entailed a data-driven methodology 296 
where we made no assumptions about matrices A and B and instead derived them from the data. Over 297 
a range of metrics (Figures 2-4), we found that the data-driven model is, by a large margin, superior to 298 
the model based on self-constructed networks. From a control theoretical perspective, this 299 
observation suggests that the data-driven model we obtained here is a plausible internal model of the 300 
system we studied but the one based on self-constructed networks is not. We notice that this result 301 
corroborates the theoretical findings calling for mathematical models of psychological behavior 32,39,42: 302 
In the absence of models (for exceptions see Robinough et al 25), the generative models, for the time 303 
being at least 42,43, must be built based on data-driven approaches. 304 

3.2 Methodological considerations 305 

In general, a dynamical system can become extremely complex with many nonlinearities 44. However, 306 
many examples across a wide range of applications in physics, engineering, and neurosciences have 307 
shown that a linear model (such that the one in equation 4, Methods) can be sufficient to explain most 308 
phenomena at least in close vicinity to the initial values 11,45. This significantly simplifies the analytical 309 
treatment of the phenomenon (here psychological intervention) and provides a large repertoire of 310 
results that would all follow from the generative model. By employing a linear dynamical model of the 311 
intervention, it becomes possible to estimate the energy needed (intervention power) to modify the 312 
state variables (i.e., the psychological parameters under study). Additionally, one can determine the 313 
relative average significance of each variable in influencing the others. Most importantly, this approach 314 
enables the design of interventions that are optimal in terms of required energy, deviation from initial 315 
values, or time constraints 11. 316 

A crucial consideration in our study is the estimation of the model parameters. There is a rising interest 317 
in data-driven methodologies for inferring data-driven models in psychology. In this paper, alongside 318 
a self-constructed model grounded in the perceived causal relations reported by participants, we 319 
employed a method based on the dynamic mode decomposition 40(see Methods). Although beyond 320 
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the scope of this paper, it would be intriguing to investigate whether alternative network identification 321 
tools might enhance our findings. Techniques such as sparse identification of nonlinear dynamics 322 
(SINDy) 46, which has proven highly successful in various key fields including neuroscience 41,45,47 as well 323 
as methods more frequently used in the psychological literature such as Gaussian graphical models 48 324 
or Bayesian network models 49 could enhance our results (for a tutorial see Epskamp et al 43 and for 325 
critiques see 50). These techniques exhibit several fundamental differences in both the parameters they 326 
estimate and the methods they employ to calculate those estimates 51. For example, while methods 327 
like DMDc and SINDy concurrently estimate the full model, including both matrices A and B, 328 
approaches rooted in Bayesian estimation typically only provide an estimation for matrix A. In these 329 
cases, matrix B must either be defined based on the specific experimental conditions or estimated as 330 
a separate process. This distinction highlights the inherent differences in approach and underscores 331 
the need for careful consideration in selecting the appropriate method for a given analysis or 332 
application. This insight is particularly significant in shaping interventions based on a mathematical 333 
model. While a large number of, sometimes conflicting 52, data-driven models could equally well 334 
describe a psychological phenomenon based on correlational studies 53 (i.e., mathematical equations 335 
that describe the observed data in terms of e.g. correlations, see Methods for formal definitions), 336 
models that are mechanistically grounded (i.e., have a working model of the internal dynamics) are 337 
better equipped to inform us about possible interventions 54,55. In this study, we assessed our 338 
methodology not only by comparing the model's predictions to the actual observed data but also by 339 
analyzing the theoretical aspects of the model, particularly the relationship between the intervention 340 
energy estimation and the analysis's sensitivity. While this approach lends substantial support to the 341 
models, we believe that the validation of the models requires further exploration and testing to ensure 342 
their robustness and applicability in various contexts. One approach to achieve this involves the 343 
application of control-theoretic intervention strategies to known underlying dynamics through 344 
simulation studies (as seen in the work by Lunansky et al. 9). However, experimental work is also 345 
essential to define and establish the applicability of these methodologies (see Stocker et al.  56 for an 346 
example of fundamental limitation in simulation studies), ensuring that they are not only theoretically 347 
sound but also practically useful and effective in various contexts.  348 

3.3 Limitations and future directions 349 

Finally, we mention three major limitations of our approach and the representative example we used 350 
in this paper. First, in most cases, a therapeutic or preventive intervention does not happen in one step 351 
and encompasses multiple repetitions. Examples include psychotherapy, meditations, medication, 352 
neural stimulation, neurofeedback, physical and activity therapy, and psychological education 57. Also, 353 
the use of hypothetical scenarios as intervening methodology is questionable. If and how our 354 
methodology would explain the effects of continued intervention should be addressed in further 355 
research. Related, the effect of an intervention is time-dependent. For instance, the effect of 356 
psychological priming is known to be mostly observable for a few minutes. In contrast, research on 357 
neurofeedback training and psychotherapy shows long-lasting effects. How and if such temporal 358 
variation can be included in the methodology presented in this paper must be further investigated.   359 

Lastly, it is important to mention that despite the encouraging results presented in this manuscript, 360 
our study employed a small sample size and was specifically designed to accommodate network 361 
models. Therefore, this should be considered a proof-of-concept study. In essence, control theory has 362 
a broad range of applications, even without a distinct intervention in place (e.g., Jamalabadi et al 58). 363 
The question of whether our findings can be generalized to other contexts, such as those with a more 364 
diverse sample or where the intervention cannot be linked to specific nodes, thus necessitating more 365 
intricate data-driven methodologies, remains a topic for future investigation. 366 

4 Conclusion 367 

In a variety of psychological subfields, networks have been proven to provide valuable in- and hind-368 
sight into psychological behavior. In this paper, we demonstrated how such networks may be 369 
evaluated using network control theory, which is the engineering study of networks under 370 
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intervention. In a representative case of attitude transformation, we demonstrated that the effects of 371 
the psychological intervention are heavily related to predictions provided by known control theory 372 
results. We also compared the performance of data-driven generative models to that of self-373 
constructed network models and found that data-driven models provide a more accurate depiction of 374 
the intervention effect. In sum, network control theory may offer a formal theory to assess the 375 
(network-dependent) effects of psychological interventions and guide the construction of 376 
interventions.  377 
 378 
 379 

5 Methods 380 

5.1 Dataset  381 

We use a publicly available and freely downloadable dataset, published in 2018 under the Journal of 382 

Open Psychology Data 35. In short, thirty participants with ages ranging from 19 to 57 (median age 20 383 

  ±9 years) were asked about their attitude toward eating meat (11 questions). The responses would 384 

be one of 6 possibilities between “completely disagree” and “completely agree”.  The participants 385 

were then asked to contemplate 11 hypothetical scenarios one by one, corresponding to the 11 items 386 

in the questionnaire, which were designed to alter their opinion on each of the items (the list of 387 

questions and the scenarios are publicly available at http://osf.io/8tm5f). For instance, if a participant 388 

had a negative opinion on the morality of eating meat (i.e. initial response between 1-3), the 389 

participants were prompted to imagine that morality is only defined for humans and not necessarily 390 

for animals. After each perturbation, the participants were then asked the same 11 questions and were 391 

further asked about their perceived the causal relation between the perturbed item and the other 392 

items in the questionnaire. The participants had to draw these relations in an empty network (see 393 

Figure 1). In this paper, we used the answers to the 11 questions as the state variables in our models 394 

and the prompts are considered as perturbations since they are designed to change the psychological 395 

state that described the attitudes towards eating meat. Further, we use the subjectively perceived 396 

causal relations which have been drawn by the participants to build dynamical systems (see sections 397 

5.4 and 5.3). 398 

5.2 Quantification of the effect of perturbation  399 

To quantify if and how the perturbations change participants’ responses, we define the perturbation 400 

effect (𝑒) as the normalized difference between responses before and after perturbation for each 401 
subject and each scenario separately. We parametrize this effect further using two measures. First, we 402 

define the sensitivity of perturbation (𝑠𝑒) as the signed net effect of the perturbation effect. That is, if 403 

the perturbation is meant to increase the value of the responses to a given question (𝑔 = 1; i.e., make 404 
the participants agree more with that question), sensitivity is estimated as the perturbation effect. 405 

Otherwise, that is, if the perturbation is meant to decrease the value (𝑔 = −1), the sensitivity is 406 
defined as the negation of the perturbation effect. This way, a positive and large sensitivity signals a 407 

successful perturbation. Second, we define specificity (𝑠𝑝) as the efficiency of the perturbation in 408 
changing the value of the response to the certain question for which the perturbation is designed. That 409 
is, if the perturbation works (high sensitivity) for more than one question, then the specificity is low. 410 
Equations 1-3 summarize these definitions mathematically where 𝑟𝑖𝑗 ∈ {1: 6} represents responses of 411 

𝑖𝑡ℎ  subject to 𝑗𝑡ℎ  question, where  𝑖 ∈ {1: 30} represent the participants, 𝑗 ∈ {1: 11} represent the 412 
items (see Figure 1), and 𝑟𝑖0 refers to the baseline response before the perturbations. 413 

𝑒𝑖𝑗 =
𝑟𝑖𝑗−𝑟𝑖0

𝑟𝑖0
           (1) 414 

𝑠𝑒𝑖𝑗 = 𝑒𝑖𝑗 × 𝑔𝑖𝑗          (2) 415 
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𝑠𝑝𝑖𝑗 =
‖𝑒𝑖𝑗‖

(∑ ‖𝑒𝑖𝑘‖)/10𝑘≠𝑗
         (3) 416 

5.3 Network control theory and the effect of psychological perturbation 417 

Following previous work 15,22, we assume the psychological behavior to follow a noise-free linear time-418 

invariant model given by  419 

 𝑥(𝑘 + 1) = 𝐴𝑥(𝑘) + 𝐵𝑢(𝑘)        (4) 420 

where 𝑥(𝑘) ∈ 𝐷11, 𝐷 = {0,1,2,3,4,5,6} defines the attitude towards meat at time 𝑘 (also called the 421 

state), 𝐴 represents the interaction matrix (i.e., the networks and 𝐵 is the input matrix that specifies 422 

how the intervention affects 𝑥 (see section 5.4 for the estimation procedure), and 𝑢(𝑘) corresponds 423 

to the intervention parameters (for details see section 5.1) 40. Importantly, following previous work 424 
15,26, we assume that 𝐴 remains constant after intervention that we estimated once based on a data-425 

driven methodology (see section 5.4) and once based on the subjectively perceived causal relation (see 426 

section 5.1).  427 

Based on this equation, we can compute the following metrics:  428 

1. Controllability metrics. Within the domain of network control, controllability metrics pertain to the 429 

characteristics of network nodes that enable them to direct the functional dynamics of the network 430 

when subject to perturbations. Specifically, these metrics provide an estimation of the extent to which 431 

the values of other nodes would be affected if a particular node experiences an external or internal 432 

stimulation. Consequently, these metrics serve as a means to evaluate the efficacy of interventions, 433 

measuring their potential impact and are naturally sensitive to diverse metrics that define the 434 

effectiveness of interventions. The literature has proposed a wide array of controllability metrics, each 435 

possessing applicability in specific contexts. However, two metrics, namely average controllability and 436 

modal controllability, have garnered particular attention due to their beneficial mathematical 437 

properties and demonstrated sensitivity to various functional properties45. 438 

Conceptually, average controllability is associated with the averaged interconnections between nodes, 439 

wherein nodes exhibiting higher average controllability are those for which interventions result in 440 

more pronounced changes around their current values. In contrast, modal controllability relates to the 441 

temporal modes of network changes following interventions on specific nodes. Statistically, average 442 

and modal controllability display a negative association36. 443 

In this paper, we focus on examining the state variables within the network, which correspond to the 444 

responses provided for 11 questions related to attitudes towards meat consumption (refer to section 445 

5.1). The central hypothesis is that interventions targeting nodes with higher average and modal 446 

controllability are anticipated to yield a more substantial impact on the overall responses within the 447 

network, on average. In other words, by identifying nodes with elevated average and modal 448 

controllability, interventions can be strategically directed towards these influential nodes. 449 

Consequently, it is expected that these interventions will result in more significant changes in the 450 

responses across the network, given the heightened ability of these influential nodes to drive 451 

alterations in the overall system. 452 

Mathematically, the average controllability (AC) of node 𝑗 is defined as: 453 

 𝐴𝐶𝑗 = 𝑡𝑟𝑎𝑐𝑒(∑ 𝐴𝑖𝐵𝑗𝐵𝑗
𝑇(𝐴𝑇)𝑖)∞

𝑖=0         (5) 454 

where 𝐴 is the network under study and 𝐵𝑗  the 𝑗𝑡ℎ  canonical vector. Modal controllability (MC) is 455 

calculated by: 456 
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 𝑀𝐶𝑗 = ∑ [1 − 𝜉𝑖
2(𝐴)]𝑣𝑗𝑖

211
𝑖          (6)  457 

where 𝜉𝑖 and 𝑣𝑗𝑖 are the eigenvalues and eigenvectors of 𝐴.  458 

2. Control energy. In the field of network control, control energy serves as a quantitative measure of 459 

the effort required to manipulate the collective state of a system, as represented by equation 4. Within 460 

the scope of the specific intervention experiment examined in this paper, control energy represents 461 

the combined strength of the employed scenarios aimed at inducing changes in the system's 462 

responses. As a result, interventions characterized by lower control energy are anticipated to bring 463 

about more substantial alterations, thus demonstrating heightened sensitivity. 464 

To provide further clarification, interventions with lower control energy necessitate less exertion or 465 

intervention power to achieve significant changes in the system's responses. Consequently, these 466 

interventions are expected to have a greater impact and exhibit enhanced sensitivity, as they possess 467 

inherent efficiency in instigating significant modifications in the overall network dynamics. It is 468 

important to note that control energy is defined with respect to the transition between two states, 469 

specifically the responses to the 11 questions before and after the intervention. It relates to the overall 470 

structure of the network and does not pertain to individual nodes, unlike controllability metrics, which 471 

assess the influence of each individual node in the system. 472 

We computed the energy required to move from 𝑥0 = 𝑥(𝑘 = 0)  to 𝑥𝑇 = 𝑥(𝑘 = 𝐾)   based on 473 

perturbation of the 𝑖𝑡ℎquestion as follows according to the quadratic control function that is the most 474 

widely used formalization in literature 59,60:   475 

𝐸 = 𝑢𝑇𝑢          (7) 476 

where 𝑢 is the solution to the optimal control problem as in 26,61. 477 

𝑚𝑖𝑛
𝑢

∑ [(𝑥𝐾 − 𝑥(𝑘))
𝑇

(𝑋𝐾 − 𝑥(𝑘)) + 𝜌𝑢(𝑘)𝑇𝑢(𝑘)],𝑇
0        (8) 478 

 𝑠. 𝑡. 𝑥(𝑘 + 1) = 𝐴𝑥(𝑘) + 𝐵𝑢(𝑘), 𝑥(0) = 𝑥0and 𝑥(𝑇) = 𝑥𝑇      (9) 479 

where 𝐾  and 𝜌  are free parameters quantifying the time to reach from 𝑥0  to 𝑥𝑇  and the relative 480 
importance of cost terms in equation (5). Following 62,63, we define K= 1 and 𝜌 = 1.  To solve the 481 
optimal control equations (5) and (6), we use a customized version of the code that is used elsewhere 482 
to study the brain as well as psychological dynamics 15,26,61. 483 

5.4 Derivation of networks 484 

In this manuscript, we build the networks (i.e., 𝐴 and 𝐵 in equation 4) in two ways.  485 

Self-reconstructed networks: In these models, for each participant, 𝐴11×11 is defined to be equal to 486 
the individual perceived psychological interaction networks that each participant drew during the 487 
experiments (see section 5.1 for a short and the original publication 35 for a detailed description). In all 488 

cases, 𝑈11×1  (see equation 4), is equal to a vector where all elements are zero except for the 𝑖𝑡ℎ 489 

element (corresponding to the 𝑖𝑡ℎ intervention, 𝑖 ∈ {1,2, … ,11}), which is either +1 or −1 depending 490 
on the intention of the intervention (i.e., either to make the participants agree or to disagree with an 491 
item in the questionnaire ). Following the logic of the experiment, 𝐵11×11 is then set to be equal to a 492 
matrix where all elements all zeros except for 𝐵(𝑖, 𝑖) which is equal to +1.  493 

Data-driven Models: In these models, we estimated 𝐴11×11  and 𝐵11×11  based on the data. 494 
Specifically, we used Dynamic Mode Decomposition with Control (DMDc 40) which is one of the most 495 
successful and robust data-algorithms in the literature and has several theoretical advantages that 496 
makes it interesting for our study  64: not only is it suitable for sparse data, but it can also be employed 497 
in nonlinear systems, thanks to its connections to the Koopman operator.  In the most straightforward 498 
implementation which we used in this paper (see Proctor 40 for methodological considerations), 499 
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defining 𝑋1 = [𝑥1 𝑥2 … 𝑥𝑚−1] , 𝑋2 = [𝑥2 𝑥3 … 𝑥𝑚]  𝑈 = [𝑢1, 𝑢2 … 𝑢𝑚−1] where 𝑥𝑖 = 𝑥(𝑖)  and 𝑢1 =500 
𝑢(𝑘), we can rewrite equation 4 and thus solve for A and B simultaneously as follows: 501 

𝑋2 = [𝐴 𝐵] [
𝑋1

𝑈
]         (11) 502 

[𝐴 𝐵] = 𝑋2 [
𝑋1

𝑈
]

†

         (12) 503 

Where †  denotes Moore–Penrose pseudoinverse 61. In this paper, we estimated 𝐴  and 𝐵  for 504 
individually each subject separately where 𝑋1 was filled with the same initial state before the start of 505 
the interventions, 𝑋2  with the recorded responses following 11 interventions. Additionally, we 506 
configured and 𝑢11×1(𝑖)  such that all elements were set to zero, except for the specific entry 507 
corresponding to the active intervention, which was assigned a value of 1. 508 
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