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No evidence for a reciprocal relationship between daily self-control failures and addictive behavior in a longitudinal study
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Introduction: We all experience occasional self-control failures (SCFs) in our daily lives, where we enact behaviors that stand in conflict with our superordinate or long-term goals. Based on the assumption that SCFs share common underlying mechanisms with addictive disorders, we tested the hypothesis that a generally higher susceptibility to daily SCFs predicts more addictive behavior, or vice versa.

Methods: At baseline, 338 individuals (19–27 years, 59% female) from a community sample participated in multi-component assessments. These included among others (1) a clinical interview on addictive behaviors (quantity of use, frequency of use, DSM-5 criteria; n = 338) and (2) ecological momentary assessment of SCFs (n = 329, 97%). At the 3-year and 6 year follow-up, participation rates for both assessment parts were 71% (n = 240) and 50% (n = 170), respectively.

Results: Controlling for age, gender, IQ, and baseline addiction level, random-intercept cross-lagged panel models revealed that participants who reported more SCFs also showed pronounced addictive behavior at the between-person level, but we found no evidence of a predictive relationship at the within-person level over time.

Discussion: A higher rate of SCFs is associated with more addictive behavior, while there is no evidence of an intraindividual predictive relationship. Novel hypotheses suggested by additional exploratory results are that (1) only addiction-related SCFs in daily life are early markers of an escalation of use and thus for addictive disorders and that (2) an explicit monitoring of SCFs increases self-reflection and thereby promotes the mobilization of cognitive control in response to goal-desire conflicts.
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1 Introduction

Among mental disorders, addiction is the most obvious and common example of impaired self-control (Heatherton and Wagner, 2011; Kelley et al., 2015). A progressive loss of control, despite the person’s awareness of the serious negative consequences, and despite the person’s persistent desire to stop the behavior, are key diagnostic criteria of addictive disorders (American Psychiatric Association [APA], 2013). In this paper, we focus on substance-related (i.e., alcohol and tobacco use) and non-substance-related (i.e., gaming, gambling, shopping, internet use) addictive behaviors. As one of the first studies, we report longitudinal, cross-lagged data to examine whether a generally higher proneness to daily SCFs predicts more addictive behaviors or vice versa.

Self-control can be defined as the ability to regulate one’s behavior, thoughts, and emotions according to desired goals and values despite conflicting immediate desires (de Ridder et al., 2012). Researchers often equate low self-control with impulsivity because self-control involves the successful regulation of impulses (de Ridder et al., 2012). Based on trait models of impulsivity and on integrative models of self-control (Kotabe and Hofmann, 2015; Milyavskaya et al., 2019; Inzlicht et al., 2021; Goschke and Job, 2023), we assume that trait impulsivity is one of several factors that may predispose individuals toward an increased proneness to commit self-control failures. However, self-controlled behavior (or a lack thereof) depends on additional factors that are not covered by the term impulsivity in a narrow sense (e.g., whether individuals use precommitment strategies to avoid temptations; Crockett et al., 2013; Kotabe and Hofmann, 2015; Studer et al., 2019) or whether they develop beneficial habits (Galla and Duckworth, 2015; Duckworth et al., 2018) may lead to far-sighted choices without requiring interventive self-control strategies and impulse control.

Self-control is considered to be relevant in various behavioral domains and serves to regulate a wide range of desire types such as eating, sleeping or smoking (Hofmann et al., 2012b). Theoretical models and the corresponding empirical evidence have shown that self-control is based on various cognitive functions and underlying brain mechanisms such as inhibitory control, attention control, the modulation of value-based decision-making, performance monitoring, as well as preventive strategies such as a precommitment (Fujita, 2011; de Ridder et al., 2012; Krönke et al., 2018, 2020a; Inzlicht et al., 2021; Overmeyer et al., 2021; Goschke and Job, 2023). These mechanisms have also been considered important for the development and course of addictive behavior (Goschke, 2014; Tang et al., 2015; Brand et al., 2019; Ceceli et al., 2022). Within the scope of this paper, addictive behavior is broadly defined, using quantity and frequency of use (Rehm et al., 2013) as well as the level of addictive disorder severity (American Psychiatric Association [APA], 2013). Research over the past decades has shown that individuals with addictive behavior have impairments in the underlying components of self-control and functional changes in associated brain networks compared to healthy controls such as impaired inhibitory control (for reviews, see Luijten et al., 2014; Smith et al., 2014), altered value-based decision-making (for review, see Amlung et al., 2017), and impaired performance monitoring (for review see, Luijten et al., 2014).

While impaired self-control emerges as an important characteristic of addictive behavior, the predictive relationship between general self-control in daily life (across different desire types) and addictive behavior in particular remains an important open research question. We hypothesized that a general impairment of self-control in daily life should predict a higher proneness to addictive behavior as a specific domain of SCFs. Using ecological momentary assessments (EMA), we and other research groups have shown that people frequently experience conflict-laden desires in their daily lives (e.g., to eat unhealthy food, check social media during work, etc.), which often result in SCFs, i.e., failures to resist these desires in order to pursue long-term goals (Hofmann et al., 2012a; Wolff et al., 2016, 2020; Overmeyer et al., 2021). Given that failures in everyday self-control are common, and assuming that addictive behaviors are partly mediated by impairments of self-control, individuals with a generally greater proneness to SCFs should also have a higher risk of developing addictive behavior. Thus, our first hypothesis is that a generally higher rate of SCFs across different domains of everyday life is predictive of more future addictive behaviors (Hypothesis 1).

Complementary to this assumption, addictive behaviors are known to have detrimental effects on cognitive control, causing alterations in brain networks involved in reward, learning, and executive functions (Meruelo et al., 2017; Lees et al., 2020), which are important neurocognitive mechanisms underlying self-control in daily life. Even in addictive behaviors without substance use and its neurotoxic effects on the brain, such as Internet Gaming Disorder, changes in reward processing may occur as a result of conditioning in the often immediately rewarding environment of internet gaming (Kräplin et al., 2021). As a result of these changes in the neurocognitive mechanisms underlying self-control, both addiction-related (e.g., drinking a glass of beer instead of the planned soft drink) and non-addiction-related SCFs (e.g., texting on WhatsApp instead of writing the planned paper) may increase over time. In summary, SCFs may be both a predisposing risk factor for the onset of addictive behavior and may worsen over time as the disorder develops. Thus, our second hypothesis is that more addictive behavior predicts more SCFs in daily life (Hypothesis 2).

Based on this theoretical background, in the present study, we applied a cross-lagged panel model with three time points to analyze the hypothesized causal processes using longitudinal data. With the three time points, it is possible to include a random intercept in the cross-lagged panel models, which accounts for trait-like, time-invariant stability (RI-CLPM; Hamaker et al., 2015). This random intercept partials out the between-person variance, so that the lagged relationships in the RI-CLPM are actually related to within-person dynamics. Due to the non-experimental nature of observational studies, it is also important to consider covariates to facilitate causal interpretations. Based on the existing literature on addictive behavior and its development over time in young adults (Mortensen et al., 2006; Wittchen et al., 2008; Sjölund et al., 2015), we assumed that older age, male gender and lower intelligence would be associated with higher baseline scores and greater increases in addictive behavior over time. We therefore included these covariates in our longitudinal analyses.

The innovative aspect of this paper is that our data allows us to investigate the reciprocal relationship between daily SCFs and addictive behaviors within a cross-lagged panel model. The findings may thus shed new light on the etiology and early markers, as well as the possible consequences of addictive behavior in daily life, and thus inform prevention and intervention strategies.



2 Materials and methods

We report how we determined our sample size, all data exclusions, all manipulations, and all measures in this study part. Data was collected as part of the prospective longitudinal community study “Volitional dysfunction in self-control failures and addictive behaviors” within the Collaborative Research Centre SFB 940 “Volition and Cognitive Control” at theTUD Dresden University of Technology, Germany (study protocol at ClinicalTrial.gov NCT04498988 and on the OSF at https://osf.io/yu5rm/).


2.1 Design and procedure

This longitudinal cohort study started in 2012 and will end in 2024. Participant recruitment began in 2013 and included seven overlapping waves of data collection, with each wave lasting three years. Participants were invited to three multi-component assessments (at baseline and after 3 and 6 years) and additionally to annual clinical assessments only (at 1, 2, 4, 5 and 7 years). The multi-component assessment at baseline, 3-year and 6-year follow-up consisted of (1) clinical assessments and questionnaires (e.g., trait impulsivity) in an interview room (at baseline at local PCs) and later by telephone (with online questionnaires), (2) ecological momentary assessments (EMA) of SCFs in daily life, (3) an experimental task battery in the laboratory (assessing cognitive control abilities and decision-making), and (4) structural and functional neuroimaging using magnetic resonance imaging (MRI). Annual follow-ups were scheduled according to the date of the last of the four baseline sessions, i.e., the fMRI session. The 1-, 2-, 4-, 5-, and 7-year follow-ups included only the clinical assessment via telephone interviews. In line with the scope of this paper, only measures from the clinical assessments and the EMA at baseline, and at the 3- and 6-year follow-ups are described in detail below. Previous publications based on data from our sample focused either on the prediction of SCFs by neurocognitive characteristics (Wolff et al., 2016, 2020; Krönke et al., 2020a,b, 2021) or on the prediction of addictive behaviors by neurocognitive characteristics (Kräplin et al., 2020, 2022). Please refer to these studies and our OSF registration1 for detailed information on hypotheses, samples, and materials.



2.2 Recruitment and participants

Between 2013 and 2016, random samples of 18,000 inhabitants aged between 19 and 27 from Dresden, Germany, were invited by post to participate in the study of whom 10.3% responded (see Supplementary material for sample size calculation). At baseline, we included participants who met the criteria for one of the following three groups (for sample characteristics, see Table 1):


TABLE 1 Demographic characteristics of the baseline sample with means (M) and standard deviations (SD) or numbers (n) and percentages for the substance-related disorder (SUD) group, the behavioral addiction (BA) group, and the control group.
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(1)Substance use disorder (SUD) group: in the last 12 months, participants met two or more criteria for an alcohol and/or tobacco use disorder according to the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5; American Psychiatric Association [APA], 2013), but had no lifetime behavioral addiction.

(2)Behavioral addiction (BA) group: in the last 12 months, participants met two or more criteria for a DSM-5 gambling disorder or adapted, unofficial criteria for addictive disorders related to gaming, shopping and/or internet use (not related to gambling, gaming or shopping). The adapted criteria were based on the DSM-5 SUD criteria, as there were no official criteria for these disorders at the start of recruitment. To achieve a homogeneous group definition, we defined the BA group as individuals who met at least two of the 11 adapted SUD criteria. Participants in the BA group had no lifetime SUD.

(3)Control group: participants had no lifetime BA or SUD diagnoses.



We used data from the baseline assessments of the three groups to test cross-sectional hypotheses with a sample including a sufficient number of participants with high levels of addictive behaviors and addictive disorders for the longitudinal analyses. Please note that for the longitudinal analyses reported here the groups are not relevant for the to-be-tested hypotheses. However, group membership is included as a control variable in our longitudinal analyses.

Exclusion criteria for all participants were (1) a limited ability to provide written informed consent or to understand the questionnaires and tasks, (2) disorders that might influence cognition or motor performance, (3) magnetic resonance contraindications, (4) current treatment for mental disorders, or (5) use of psychotropic medications or substances. After applying the inclusion and exclusion criteria, 855 participants were invited to a face-to-face diagnostic screening. In the personal screening, we used the Munich-Composite International Diagnostic Interview (DIA-X/M-CIDI, Wittchen and Pfister, 1997) to assess the following exclusion criteria: (6) lifetime psychotic symptoms, bipolar disorder, and other SUDs or BAs not under study, and (7) major depression, somatoform, anxiety, obsessive-compulsive, or eating disorders in the last 4 weeks. At the end of the recruitment phase, first the control group and then the behavioral addiction group were filled. All other recruited persons who would have been eligible for these groups were then excluded, as they were no longer needed. In the end, 338 participants were included in the study (Figure 1).
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FIGURE 1
Participant flowchart with numbers and reasons for inclusion and exclusion. SUD, substance use disorder; BA, behavioral addiction.




2.3 Measurements


2.3.1 Addictive behaviors

An important aim of our study was to use comparable measures for all forms of addictive behavior. We therefore defined addictive disorders uniformly based on SUDs (see “2.2 Recruitment and participants”) and decided to also use the quantity and frequency of use for non-substance-related addictive behaviors, which are also important indicators for substance-related ones (Rehm et al., 2013). According to our own previous work (Kräplin et al., 2020, 2022) and our pre-registration2, addictive behavior was operationalized by three measures including consumption (quantity, frequency) and addictive disorder severity based on a combination of all expressions of addictive behavior (i.e., alcohol use, tobacco use, internet use, gaming, gambling, shopping):


(1)Quantity of use: The amount of use on a typical occasion (e.g., a typical drinking occasion) was assessed for each of the addictive behaviors (grams of ethanol for drinking, number of cigarettes for smoking, and hours of use for internet use, gaming, gambling, and shopping). The different values for quantity of use were normalized (i.e., rescaled to range between 0 and 1) to have only positive values for the later addition. Normalization was carried out in a long data format to make the values comparable across the different addictive behaviors and time points (baseline and follow-ups), and then summed up to form a composite score at each time point. The sum can range between 0 and 6, according to the rescaling from 0 to 1 and the 6 addictive behaviors.

(2)Frequency of use: The frequency of use was assessed as days per week for each of the addictive behaviors. The different frequencies of use were summed up across the different addictive behaviors into a composite score at each time point. The sum can range between 0 and 42, according to the maximum of seven days per week and the 6 addictive behaviors.

(3)Addictive disorder severity: The DSM-5 criteria were assessed for each of the addictive behaviors. For substance and gambling-related disorders, DSM-5 criteria were available at the baseline assessment of the study. For disorders related to gaming, shopping, or internet use (that was not related to gambling, gaming, or shopping), we applied adapted criteria and questions from the DSM-5 SUD (e.g., “Have you ever tried unsuccessfully to limit the use of the internet for a few days?”). All fulfilled addictive disorder criteria were summed up to a score at each time point. The sum can range between 0 and 64, according to the maximum of 11 DSM-5 criteria (with the exception of gambling disorder with 9 criteria) and the 6 addictive disorders.



Quantity of use, frequency of use, and addictive disorder severity were all self-reported in clinical interviews conducted in person or by telephone. The standardized diagnostic interviews were conducted by advanced psychology students (i.e., Master students in clinical psychology with a Bachelor’s degree in psychology) trained in clinical assessment and supervised by the first author. Interviewers were instructed to ensure that the reported consumption behavior and the diagnostic criteria were separated between the different addictive behaviors. All 338 participants were assessed at baseline, 252 at the 3-year follow-up (75% of the original sample), and 241 (71%) at the 6-year follow-up.



2.3.2 Self-control failures

We used an established EMA procedure from our working group (Wolff et al., 2016, 2020), which was based on a procedure by Hofmann et al. (2012a). Over seven days, we assessed the occurrence of desires, the desire type selected from a list of 19 categories (based on Hofmann et al., 2012b), the desire intensity, whether these desires were conflict-laden, the intensity of the conflict, whether participants tried to resist the desire and whether they enacted the desire (Table 2). For this purpose, participants were provided with study smartphones running only the EMA application movisens XS (version 1.3.3; movisens GmbH, Karlsruhe, Germany). Participants received eight alarms per day, which were randomly issued within a 14-h time window starting at 8, 9, or 10 AM, depending on the participant’s preference. When an alarm was accepted, participants were asked to complete a short questionnaire on the device to assess the occurrence of SCFs in the hour prior to the alarm. Depending on the response rate, each participant completed up to 56 questionnaires. SCFs were operationalized as the enactment of conflict-laden desires divided by the number of questionnaires in which a conflict was reported (percentage of SCFs ranging from 0 to 1). At baseline, 331 participants were assessed with EMA (n = 7 missing due to technical difficulties); at 3-year follow-up, 240 (71% of the original sample); and at 6-year follow-up, 170 (50%). Fewer people participated in EMA than in the clinical assessment because they were more willing to answer questions over the phone than to come to the lab to retrieve the study smartphone for EMA.


TABLE 2 Experience sampling questionnaire (according to Wolff et al., 2020).
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2.3.3 Covariates

As in our previous work (Kräplin et al., 2020, 2022) and as explained in the introduction, we used the covariates age, gender, and IQ at baseline. Moreover, the group allocation at baseline is, by definition, related to addictive use and addictive disorder severity and was therefore included as a covariate. The measurement of group membership has already been explained above. Age and gender were assessed at the first face-to-face appointment using a modified version of the DIA-X/M-CIDI (Wittchen and Pfister, 1997). Intelligence quotients (IQ) were assessed at the second appointment using the Hamburg-Wechsler Adult Intelligence Scale-Revised (HAWIE; Tewes, 1994).




2.4 Statistical analysis


2.4.1 Confirmatory analyses

To test the competing hypotheses of predictive relationships between SCFs and addictive behavior2, we conducted random intercept cross-lagged panel models (RI-CLPM; Hamaker et al., 2015) within a structural equation modeling (SEM) framework. The RI-CLPM includes a random intercept to account for “time-invariant, trait-like stability” (Hamaker et al., 2015 p. 104). The random intercept corresponds to the stable trait variance. The inclusion of this stable trait component changes the meaning of the autoregressive part of the model. Whereas in the CLPM the cross-lagged paths reflect the associations between variables over time, in the RI-CLPM these paths reflect the associations between wave-specific deviations from an individual’s stable trait level. This allows for the separation of associations on the between- and within-person level and the interpretation of the cross-lagged associations as causal effects (Hamaker et al., 2015; Usami, 2021).

All models were estimated with observed variables and robust maximum likelihood (MLR) using Mplus 8.10 (Muthén and Muthén, 1998–2017). The data and analysis scripts can be found on OSF3. Estimations were done under missing data theory, using all available data. Data was analyzed using full information maximum likelihood (FIML) to handle missing data. For the EMA, seven cases were missing at baseline due to technical difficulties. In addition, the assessment of some participants took slightly longer than the planned seven days. In this case, we identified the first full sampling day with eight alarms, counted seven days from that point, and deleted all further responses outside this period. Regarding the data on addictive behavior, we have not excluded any data as all were plausible. In addition to our pre-registration, we applied a log transformation to the frequency of use variable as the distribution was non-normal.

In the RI-CLPM, we assessed the temporal stability (auto-regressive effects) over time and the temporal ordering of the variables (cross-lagged effects) between SCFs and addictive behavior. The proposed model is shown in Figure 2. The Mplus input can be found in the OSF document2. We specified three models for each indicator of addictive behavior (quantity of use, frequency of use, DSM-5 criteria). In sum, we ran three RI-CLPMs without covariates.
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FIGURE 2
Proposed random intercept cross-lagged panel model (RI-CLPM; Hamaker et al., 2015) for the causal relationship between daily self-control failures and addictive behavior over three time points (baseline, 3-year and 6-year follow-ups). Triangles represent constants (for the mean structure), squares represent observed variables, and circles represent latent variables. SCF, self-control-failures; ADD, addictive behavior (we will specify 3 models for each indicator of addictive behavior: quantity of use, frequency of use, and DSM-5 criteria); cscf/cadd, within-person centered variables; r, residual variance of the within-person-centered variables; time points are indicated by the numbers: 0 = baseline, 3 = 3-years follow-up, 6 = 6-years follow-up.


In the next step, we added the covariates age, gender, IQ, and group membership at baseline by regressing all observed variables (at times 0, 3, and 6) on these four variables. We used the models with covariates for inference. The Mplus input can be found in the OSF document2. In sum, we ran three RI-CLPMs with covariates.

We used 95% confidence intervals and the standard p < 0.05 criteria to determine whether our coefficients are significantly different from zero. Model fit was evaluated using several fit indices. For the Chi-square statistic, a small, non-significant value indicates a good fit. As this parameter should be used with caution (e.g., the null hypothesis is a perfect fit, and it is affected by large sample sizes), alternative incremental fit indices were also used for the evaluation of the model fit: the comparative fit index (CFI), the root mean square error of approximation (RMSEA), and the standardized root mean square residual (SRMR). For the Chi-square statistic, a small, non-significant value indicates a good fit. For the CFI, values greater than 0.95 indicate a good fit, and values between 0.90 and 0.95 indicate an acceptable fit. RMSEA and SRMR values smaller than 0.08 indicate good fit (Kline, 2015).



2.4.2 Exploratory analyses


2.4.2.1 Self-control failures related to addictive behavior

Regarding the desire domains in our SCF questionnaire, one could argue that we are making circular inferences because the reported SCFs also include some desire domains related to addictive behavior (e.g., drinking alcohol) and we want to predict addictive behavior from the SCFs in these desire situations. Therefore, we separated SCFs based on the respective desire domain. The rationale for separating the desire domains was based on the addictive behavior on which our study focused. We computed SCFs separately for desire domains not related to addictive behavior (e.g., sleeping, watching TV, for the full list see Table 2) and desire domains related to those addictive behaviors of interest in our study (drinking alcohol, smoking, gaming, shopping, and gambling) and tested whether our hypotheses are still valid. As SCFs in desire domains related to addictive behavior were partly very lowly correlated with each other (r = −0.06 for SCFs at Baseline and at FU6), there was no need for a random intercept to capture between-person variance. Therefore, we constrained the variance of the random intercept for this variable to zero and removed the covariance between the two intercepts for SCFs and the addictive behavior. With this change, we acknowledge that 100% of the variance of SCFs related to addictive behavior is at the within-person level.



2.4.2.2 Motivational vs. volitional self-control failures

Additionally to our definition of SCFs above, we explored whether our results differ depending on the definition of SCFs either as volitional or motivational SCFs (Hofmann and Kotabe, 2012). We defined volitional SCFs as SCFs, for which participants indicated that they had attempted to resist a conflicting desire, and motivational SCFs as SCFs in which participants indicated that they had not attempted to resist the conflicting desire (see Figure 3).
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FIGURE 3
Definition of motivational self-control failures (SCFs) and volitional SCFs (adapted from Hofmann and Kotabe, 2012) according to the answers in the experience sampling questionnaire applied in this study (Wolff et al., 2020).






2.5 Ethics

The study procedures were carried out in accordance with the Declaration of Helsinki. The Institutional Review Board (IRB00001473) of the TUD Dresden University of Technology approved the study protocol under the reference EK45022012. Before beginning the initial online survey, all participants were informed about the study and all participants provided informed consent.




3 Results


3.1 Descriptive data

Descriptive data on the SCFs are shown in Table 3. Participants responded to approximately 80% of the 56 issued alarms (8 alarms per day) during one week [Baseline (BL): 43 (77%); 3-year follow-up (FU3): 44 (79%); 6-year follow-up (FU6): 45 (80%)]. Of the about 30 desires reported (BL: 32%; FU3: 31%; FU6: 32%), about 35% were conflict-laden (BL: 36%; FU-3: 35%; FU6: 35%) and 19% were SCFs (BL: 19%; FU3: 19%; FU6: 19%). This also means that about half of the participants reported SCFs in situations in which they perceived a conflict between a current desire and a long-term goal (Table 3). Interindividual variability was large, ranging from no SCFs to reports of SCFs in all conflict-laden situations. The proportion of desire types reported was similarly distributed in the three waves. The most frequently reported desire types of the 19 types in total were eating (BL: 24%; FU3: 30%; FU6: 29% across all participants and situations) followed by drinking (no alcohol) (BL: 8%; FU3: 9%; FU6: 10%), using the bathroom (BL: 8%; FU3: 9%; FU6: 10%), relaxing (BL: 7%; FU3: 7%; FU6: 8%), and sleeping (BL: 7%; FU3: 7%; FU6: 6%).


TABLE 3 Descriptive data of self-control failures (SCFs), quantity of use, frequency of use, and number of fulfilled DSM-5 criteria.
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The descriptive data on addictive behavior are also presented in Table 3. However, the values of the combined measures are difficult to interpret. Therefore, we have included the detailed descriptive data for all three waves and each addictive behavior (i.e., alcohol use, tobacco use, internet use, gaming, gambling, and shopping) in Supplementary Table 1 in Supplementary material.

The correlation matrix between SCFs and addictive behavior (quantity of use, frequency of use, and DSM-5 criteria for addictive disorders) is presented in Supplementary Tables 2-1–2-3 in Supplementary material. The correlation coefficients are mostly small to moderate and positive. As an interest emerged during the review process, we also explored the correlation between the SCFs and trait impulsivity, a construct that may predispose individuals to a higher proneness of SCFs (Supplementary Table 3). Trait impulsivity was measured using the Barratt Impulsiveness Scale (BIS-11; Patton et al., 1995; German version: Preuss et al., 2003). In sum, impulsivity and SCFs are significantly but weakly (r < 0.18) correlated.



3.2 Confirmatory analyses


3.2.1 Quantity of use and self-control failures

The model without covariates yielded an acceptable model fit (χ2 = 17.29, df = 5, p = 0.004, RMSEA = 0.085 [0.044–0.131], CFI = 0.901, SRMR = 0.064) and the model with covariates yielded a good model fit (χ2 = 14.485, df = 11, p = 0.207, RMSEA = 0.031 [0.000–0.069], CFI = 0.988, SRMR = 0.031). This supports the interpretation of the model with covariates, as we had planned in the pre-registration.

The parameter estimates of the model with covariates are presented in Table 4 (for the models without covariates, see Supplementary Table 4-1). The autoregressive coefficients were significant for the quantity of use, which was also found in the model without covariates. This suggests that there is stability in the quantity of use beyond the trait-like stability captured by the random intercept. As shown in Table 4, none of the cross-lagged paths was significant in the hypothesized direction (also in the model without covariates, Supplementary Table 4-1). At the between-person level, the relationship between the random intercept factors was significantly positive but small. More SCFs are associated with more addictive behavior, but the between-person correlations do not capture within-person variation over time and therefore do not indicate directionality. In summary, there is no evidence to support the hypothesis that higher levels of addictive behavior predict more daily SCFs or vice versa.


TABLE 4 Parameter estimates for the random intercept cross-lagged panel models (RI-CLPM; Hamaker et al., 2015) including self-control failures (SCFs) and quantity of addictive behaviors.
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3.2.2 Frequency of use and self-control failures

The model without covariates yielded a poor model fit (χ2 = 21.591, df = 5, p = 0.001, RMSEA = 0.099 [0.059–0.144], CFI = 0.862, SRMR = 0.052) and the model with covariates yielded a good model fit (χ2 = 17.572, df = 11, p = 0.09, RMSEA = 0.042 [0.000–0.077], CFI = 0.978, SRMR = 0.026). This again speaks in favor of interpreting the model with covariates.

As shown in Table 5, none of the autoregressive coefficients were significant (also in the model without covariates, Supplementary Table 4-2). This suggests that there is not a strong stability in the frequency of use and SCFs beyond the trait-like stability captured by the random intercept. In addition, none of the cross-lagged paths was significant in the hypothesized direction (also in the model without covariates, Supplementary Table 4-2). At the between-person level, the relationship between the random intercept factors was significantly positive and small. More SCFs are related to a higher frequency of addictive behavior on the between-person level. In sum, there is no evidence to support the hypothesis that a higher frequency of addictive behaviors predicts more daily SCFs or vice versa.


TABLE 5 Parameter estimates for the random intercept cross-lagged panel models (RI-CLPM; Hamaker et al., 2015) including self-control failures (SCFs) and frequency of addictive behaviors.
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3.2.3 DSM-5 criteria and self-control failures

The model without covariates yielded a good fit (χ2 = 14.016, df = 5, p = 0.016, RMSEA = 0.073 [0.029–0.120], CFI = 0.951, SRMR = 0.042) and also the model with covariates (χ2 = 8.610, df = 5, p = 0.126 RMSEA = 0.046 [0.000–0.097], CFI = 0.991, SRMR = 0.019). We again will interpret the model with covariates as preregistered.

As shown in Table 6, the autoregressive coefficients for the DSM-5 criteria were significant, which was not the case in the model without covariates (Supplementary Table 4-3). This suggests that there is stability in the DSM-5 criteria beyond the trait-like stability captured by the random intercept when controlling for age, gender, IQ, and group membership at baseline. None of the cross-lagged paths were significant in the hypothesized direction (also in the model without covariates, Supplementary Table 4-3). At the between-person level, the association between the random intercept factors was significantly positive and small. In conclusion, there is no evidence that more fulfilled DSM-5 criteria predict more daily SCFs or vice versa.


TABLE 6 Parameter estimates for the random intercept cross-lagged panel models (RI-CLPM; Hamaker et al., 2015) including self-control failures (SCFs) and DSM-5 criteria of addictive disorders.

[image: Table 6]




3.3 Exploratory analyses

We further explored the effect of two variables on our results found in the confirmatory RI-CLPMs: (1) the desire type (addictive vs. non-addictive) and (2) the self-control failure type (volitional SCFs vs. motivational SCFs).

Concerning the desire type, we ran separate RI-CLPMs for desire domains related to addictive behaviors of interest in our study [= (potentially) addictive desire types, e.g., drinking alcohol, computer gaming] and desire domains not related to addictive behavior (= non-addictive desire types, e.g., sleeping, watching TV). For (potentially) addictive desire types, we found a significantly positive cross-lagged path from more SCFs to a later higher quantity of use (see Supplementary Table 5 in Supplementary material). For frequency of use and DSM-5 criteria, these paths were not significant. For non-addictive desire types, significant negative cross-lagged paths were found, i.e., higher quantity and frequency was associated with later lower non-addictive SCFs (see Supplementary Tables 6, 7 in Supplementary material). This direction is in line with the results of our confirmatory analyses. There was also a significant cross-lagged path between higher non-addictive SCFs and later lower quantity of use. For the DSM-5 criteria, the models did not differ between the two types of desire domains and from the confirmatory results. In sum, these analyses shed new light on the confirmatory results. First, the hypothesized positive association between SCFs and later addictive behavior may only be true for (potentially) addictive SCFs. Second, the negative, counterintuitive association between higher SCFs and later less addictive behavior seems to hold only for non-addictive SCFs. It seems important to separate the two types of SCFs. Importantly, non-addictive SCFs do not seem to be the first step to addictive behavior.

Concerning the type of SCFs, we ran separate RI-CLPMs for volitional SCFs (which involved attempts to resist conflicting desires) and motivational SCFs (involving no attempts to resist conflicting desires). The negative, counterintuitive association between higher SCFs and later lower addictive behavior appears to hold only for motivational SCFs. A higher rate of motivational SCFs significantly predicts later lower frequency of use and lower DSM-5 criteria (see Supplementary Tables 8, 9 in Supplementary material). Conversely, a higher frequency of use predicts fewer future motivational SCFs. Due to the resulting insufficient number of SCFs, it was not possible to combine both exploratory questions and, for example, analyze only motivational non-addictive SCFs. Overall, we found exploratory evidence that motivational SCFs, where a person does not even try to resist a desire despite knowing that this desire conflicts with a long-term goal, predict less addictive behavior in the future and vice versa. To understand this counterintuitive relationship and to relate it to the first exploratory analysis (desire type), we further explored the reported conflict strength and the desire types of these motivational SCFs. Participants who reported situations with motivational SCFs reported significantly lower conflict strength compared to situations with volitional SCFs (BL: Mmot = 2.90, Mvol = 3.67, t = 11.15, p < 0.01; FU3: Mmot = 2.78, Mvol = 3.53, t = 9.61, p < 0.01; FU6: Mmot = 2.80, Mvol = 3.68, t = 8.96, p < 0.01). Participants who reported situations with motivational SCFs also reported significantly more (potentially) addictive desires in these situations compared to situations with volitional SCFs, especially more smoking- and alcohol-related desires over all three time points and gaming-related desires at the 3-year and the 6-year follow-up (see Supplementary Table 10 in Supplementary material). In sum, motivational SCFs were reported as less conflict-laden and were more often reported in situations with (potentially) addictive desire types.




4 Discussion

Failure to resist immediate desires and temptations that stand in conflict with the pursuit of superordinate or long-term goals (SCFs) is common in people’s daily lives (Hofmann et al., 2012a; Wolff et al., 2016). To our knowledge, this study is the first to use longitudinal data to investigate whether addictive behavior predicts an escalation in daily SCFs, or whether more daily SCFs in turn predict an increase in addictive behavior. Confirmatory cross-lagged panel analyses provided evidence for neither of these reciprocal hypotheses. Additional exploratory analyses provided ideas for interpretation and further hypothesis testing.

By combining EMA and clinical assessments of addictive behavior in a cross-lagged panel design over 6 years, we tested whether SCFs in different domains of daily life lead to more addictive behavior and/or whether the amount of addictive behaviors predicts in turn the rate of daily SCFs. SCFs were defined as situations in which individuals act on a desire that conflicts with their long-term goals. Addictive behavior was operationalized via the quantity and frequency of use and the degree to which DSM-5 criteria for addictive disorders were met. We applied a random intercept cross-lagged panel models to control for between-person differences, so that cross-lagged relationships relate only to within-person variance over time. In our confirmatory analyses, we found evidence for a positive association between the rate of SCFs and the amount of addictive behavior at the between-person level. This is in line with the assumption that compared to other mental disorders, addiction in particular is strongly associated with repeated failures of self-control (Bühringer et al., 2008; Goschke, 2014; Kozak et al., 2019). Additional exploratory analyses have shown that trait impulsivity may constitute a predisposition that increases the proneness to commit daily SCFs, which has previously been shown to be a good predictor of addictive behavior in relation to alcohol use, tobacco use (Granö et al., 2004) or gambling (Dowling et al., 2017). However, as we had hypothesized on the basis of integrative models of self-control (Kotabe and Hofmann, 2015; Milyavskaya et al., 2019; Inzlicht et al., 2021; Goschke and Job, 2023), the low correlation also indicates that SCFs are driven by additional mechanisms not directly related to trait impulsivity, as, for instance, dysfunctional performance monitoring (Krönke et al., 2018; Overmeyer et al., 2021).

The innovative feature of our study is that we additionally tested the association between SCFs and addictive behavior at the within-person level, i.e., within individuals over time. However, at the within-person level, we found no evidence in support of the hypothesis that more SCFs predict more addictive behavior or vice versa. Although these null findings should be cautiously interpreted until replicated in future within-person studies, our additional exploratory analyses offer several potential explanations.

In our exploratory analyses, we further analyzed the effects of two variables on our results: (1) the desire type (addictive vs. non-addictive) and (2) the SCF type (volitional SCFs vs. motivational SCFs). Concerning the desire type, we found evidence for the hypothesized positive relationship between SCFs and addictive behavior only for SCFs elicited by (potentially) addictive behaviors, whereas a negative relationship was found for SCFs involving non-addictive behaviors. This indicates that the desire type is important for the interpretation of our results. These exploratory findings on the relationship between SCFs and addictive behavior can be interpreted in the light of choice models of self-control (Inzlicht et al., 2021). In these models, self-control is conceived of as the result of a valuation process in which different response options are assigned subjective values. A decision about which option to act upon is made through a dynamic integration of these competing values into a common value signal (Berkman et al., 2017). This fits with our process model of self-control, according to which SCFs depend on whether representations of long-term consequences are activated at the moment of choice and exert an impact on the computation of an integrated value signal encoded in the ventromedial prefrontal cortex (Hare et al., 2009; Krönke et al., 2020a). Consistent with this assumption, there is evidence that individuals showing an insufficient impact of long-term outcomes on this neural value signal show a higher proneness to commit daily SCFs (Krönke et al., 2020a). Moreover, recent findings suggest that purely cognitive knowledge of long-term consequence is not sufficient to support far-sighted decisions, but anticipated long-term consequences (e.g., the prospect of bad health) promote self-control especially if they evoke emotional responses at the time of choice (and thereby presumably modulate the neural value signal in the ventromedial prefrontal cortex that ultimately determines choice) (Kruschwitz et al., 2019; Walter et al., 2020). Importantly, a deficient monitoring network that leads to insufficient mobilization of cognitive control (Inzlicht et al., 2015; Kotabe and Hofmann, 2015) presumably leads to a reduced impact of anticipated future outcomes on this integrated value signal in the ventromedial prefrontal cortex, increasing the weight of short-term rewards on the value signal and the likelihood of self-control failures (Hare et al., 2009; Goschke, 2014; Krönke et al., 2020a). Inadequate performance monitoring may thus be a risk factor for addictive behaviors because the value signal is then more strongly determined by the short-term rewards, whereas long-term rewards (e.g., good health) are not sufficiently integrated into the value signal, even though individuals may be aware of these long-term consequences on a purely cognitive level.

In conclusion, SCFs involving (potentially) addictive desires may be early markers of addictive behavior or even addictive disorders. It is particularly interesting that we found that more non-addictive SCFs predict less addictive behavior and vice versa. One possible albeit speculative explanation could be that non-addictive SCFs lead to more self-reflection and mobilization of cognitive control in general, which may also lead to lower rates of later addictive behavior. This speculation is in line with empirical evidence (Krönke et al., 2018; Overmeyer et al., 2021) suggesting that less self-controlled behavior could be explained by reduced mobilization of cognitive control as a consequence of insufficient performance monitoring. The reporting of SCFs in our study may have acted as a form of intervention that supports the monitoring of SCFs and thereby strengthens cognitive control.

A second result of our exploratory analyses was that an inverse relationship between the rate of SCFs and addictive behavior was evident for motivational SCFs, for which individuals reported that they had not even tried to resist desires that conflicted with their goals. Interestingly, the desires in situations with motivational SCFs were more often (potentially) addiction-related and the level of conflict strength was lower compared to volitional SCFs. This can be interpreted in line with our speculative assumption that the daily assessment of SCFs with the EMA may have strengthened monitoring processes. The monitoring of such motivational self-control failures in addiction-related desire types could lead to an increase in the previously too-low conflict strength with superordinate or long-term goals (Inzlicht et al., 2014) and a stronger mobilization of cognitive control (Inzlicht et al., 2015; Kotabe and Hofmann, 2015). Higher conflict strength and more mobilized cognitive control in the next addiction-related conflict situation could in turn lead to greater success in resisting the addiction-related desire. All these speculative explanations are based on our exploratory analyses and need to be tested in a confirmatory approach in future studies.


4.1 Strengths and limitations

A strength of our study is that we were able to recruit a large representative community sample of adults aged 19 to 27. The young age cohort allows for analyses of early developmental processes that may lead to addictive behavior. Although the recruitment was representative, the registration for participation in the study could be subject to selection biases (e.g., more likely to be young and female, higher school education, for details, see Kräplin et al., 2022). By design, there was also a high baseline proportion of individuals with only mild and at best moderate addictive disorder severity in the addiction groups. These biased sample characteristics (younger, more females, higher school education, and lower addictive disorder severity) would lead to an underestimation of the true associations between SCFs and addictive behavior. Concerning methods, in each of the three assessment waves we conducted an intensive EMA for one week with eight prompts per day to assess volitional and motivational SCFs. This has the advantage of providing an ecologically valid assessment of SCFs. A disadvantage is that this intensive reporting may also lead to monitoring processes that affect future SCFs. However, this cannot be avoided with the EMA method. In addition, we did not capture preventive (anticipatory) self-control (e.g., Studer et al., 2019) and beneficial habits (e.g., Galla and Duckworth, 2015), which have been shown to have an important influence on self-controlled behavior. A final limitation we would like to address is that we assessed SCFs with EMA within a one-week period, whereas addictive behavior was assessed retrospectively over the previous year. Future studies should combine the EMA of SCFs and addictive behavior to better pool the data at the same time and data level.




5 Conclusion

Overall, we found evidence for a positive relationship between SCFs and addictive behavior at the between-person level, but no evidence for a predictive within-person relationship over time. Further exploratory analyses suggested several new hypotheses to be tested in future studies: (1) Addictive SCFs in daily life are early markers of an escalation of substance and non-substance related use and thus for addictive disorders. (2) An explicit monitoring of SCFs by apps may increase self-reflection and thereby promote the mobilization of cognitive control in response to goal-desire conflicts. In future studies, it will be important to use EMA to assess SCFs and addictive behavior at faster time scales to track fine-grained intraindividual fluctuations of self-control and addictive behaviors and assess associations between the two constructs on a day-to-day basis (Zech et al., 2022).



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: Open Science Framework (OSF) under https://osf.io/49e6d.



Ethics statement

The studies involving humans were approved by the Institutional Review Board at the Technische Universität Dresden (IRB00001473). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

AK: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Visualization, Writing – original draft. MJ: Formal analysis, Methodology, Writing – review & editing. MW: Conceptualization, Investigation, Methodology, Project administration, Writing – review & editing. JF: Investigation, Project administration, Writing – review & editing. CB: Data curation, Validation, Writing – review & editing. K-MK: Conceptualization, Investigation, Methodology, Project administration, Writing – review & editing. GB: Conceptualization, Funding acquisition, Methodology, Resources, Supervision, Writing – review & editing. MS: Conceptualization, Funding acquisition, Methodology, Resources, Supervision, Writing – review & editing. TG: Conceptualization, Funding acquisition, Methodology, Resources, Supervision, Writing – review & editing.



Funding

The authors declare that financial support was received for the research, authorship, and/or publication of this article. Funding for this research was provided by grants from the German Research Foundation (Deutsche Forschungsgemeinschaft–DFG) for the Collaborative Research Centres SFB 940 (project number 178833530) and the TRR 265 (project number 402170461).



Conflict of interest

GB received unrestricted grants for gambling research activities from various public and commercial gambling providers and regulatory agencies. He is a member of the ‘Düsseldorfer Kreis’ (a group of key stakeholders from public and private gambling providers, research, and the support system).

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The authors declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpsyg.2024.1382483/full#supplementary-material


Footnotes

1      https://osf.io/gudys

2      https://osf.io/vmuyx

3      https://osf.io/49e6d


References

American Psychiatric Association [APA] (2013). Diagnostic and Statistical Manual of Mental Disorders (DSM-5®), 5th Edn. Washington, DC: American Psychiatric Association.

Amlung, M., Vedelago, L., Acker, J., Balodis, I., and MacKillop, J. (2017). Steep delay discounting and addictive behavior: A meta-analysis of continuous associations. Addiction 112, 51–62. doi: 10.1111/add.13535

Berkman, E. T., Hutcherson, C. A., Livingston, J. L., Kahn, L. E., and Inzlicht, M. (2017). Self-Control as Value-Based Choice. Cur. Direc. Psycho. Sci. 26, 422–428. doi: 10.1177/0963721417704394

Brand, M., Wegmann, E., Stark, R., Müller, A., Wölfling, K., Robbins, T. W., et al. (2019). The Interaction of Person-Affect-Cognition-Execution (I-PACE) model for addictive behaviors: Update, generalization to addictive behaviors beyond internet-use disorders, and specification of the process character of addictive behaviors. Neurosci. Biobehav. Rev. 104, 1–10. doi: 10.1016/j.neubiorev.2019.06.032

Bühringer, G., Wittchen, H.-U., Gottlebe, K., Kufeld, C., and Goschke, T. (2008). Why people change? The role of cognitive control processes in the onset and cessation of substance abuse disorders. Int. J. Methods Psychiatr. Res. 17, 4–15. doi: 10.1002/mpr.246

Ceceli, A. O., Bradberry, C. W., and Goldstein, R. Z. (2022). The neurobiology of drug addiction: Cross-species insights into the dysfunction and recovery of the prefrontal cortex. Neuropsychopharmacology 47, 276–291. doi: 10.1038/s41386-021-01153-9

Crockett, M. J., Braams, B. R., Clark, L., Tobler, P. N., Robbins, T. W., and Kalenscher, T. (2013). Restricting temptations: Neural mechanisms of precommitment. Neuron 79, 391–401. doi: 10.1016/j.neuron.2013.05.028

de Ridder, D. T. D., Lensvelt-Mulders, G., Finkenauer, C., Stok, F. M., and Baumeister, R. F. (2012). Taking stock of self-control: A meta-analysis of how trait self-control relates to a wide range of behaviors. Personal. Soc. Psychol. Rev. 16, 76–99. doi: 10.1177/1088868311418749

Dowling, N. A., Merkouris, S. S., Greenwood, C. J., Oldenhof, E., Toumbourou, J. W., and Youssef, G. J. (2017). Early risk and protective factors for problem gambling: A systematic review and meta-analysis of longitudinal studies. Clin. Psychol. Rev. 51, 109–124. doi: 10.1016/j.cpr.2016.10.008

Duckworth, A. L., Milkman, K. L., and Laibson, D. (2018). Beyond willpower: Strategies for reducing failures of self-control. Psychol. Sci. Public Interest 19, 102–129. doi: 10.1177/1529100618821893

Fujita, K. (2011). On conceptualizing self-control as more than the effortful inhibition of impulses. Personal. Soc. Psychol. Rev. 15, 352–366. doi: 10.1177/1088868311411165

Galla, B. M., and Duckworth, A. L. (2015). More than resisting temptation: Beneficial habits mediate the relationship between self-control and positive life outcomes. J. Pers. Soc. Psychol. 109, 508–525. doi: 10.1037/pspp0000026

Goschke, T. (2014). Dysfunctions of decision-making and cognitive control as transdiagnostic mechanisms of mental disorders: Advances, gaps, and needs in current research. Int. J. Methods Psychiatr. Res. 23, 41–57. doi: 10.1002/mpr.1410

Goschke, T., and Job, V. (2023). The willpower paradox: Possible and impossible conceptions of self-control. Perspect. Psychol. Sci. 18, 1339–1367. doi: 10.1177/17456916221146158

Granö, N., Virtanen, M., Vahtera, J., Elovainio, M., and Kivimäki, M. (2004). Impulsivity as a predictor of smoking and alcohol consumption. Personal. Individ. Differ. 37, 1693–1700. doi: 10.1016/j.paid.2004.03.004

Hamaker, E. L., Kuiper, R. M., and Grasman, R. P. P. P. (2015). A critique of the cross-lagged panel model. Psychol. Methods 20, 102–116. doi: 10.1037/a0038889

Hare, T. A., Camerer, C. F., and Rangel, A. (2009). Self-control in decision-making involves modulation of the vmPFC valuation system. Science 324, 646–648. doi: 10.1126/science.1168450

Heatherton, T. F., and Wagner, D. D. (2011). Cognitive neuroscience of self-regulation failure. Trends Cogn. Sci. 15, 132–139. doi: 10.1016/j.tics.2010.12.005

Hofmann, W., Baumeister, R. F., Förster, G., and Vohs, K. D. (2012a). Everyday temptations: An experience sampling study of desire, conflict, and self-control. J. Pers. Soc. Psychol. 102, 1318–1335. doi: 10.1037/a0026545

Hofmann, W., Vohs, K. D., and Baumeister, R. F. (2012b). What people desire, feel conflicted about, and try to resist in everyday life. Psychol. Sci. 23, 582–588. doi: 10.1177/0956797612437426

Hofmann, W., and Kotabe, H. (2012). A general model of preventive and interventive self-control. Soc. Personal. Psychol. Compass 6, 707–722. doi: 10.1111/j.1751-9004.2012.00461.x

Inzlicht, M., Bartholow, B. D., and Hirsh, J. B. (2015). Emotional foundations of cognitive control. Trends Cogn. Sci. 19, 126–132. doi: 10.1016/j.tics.2015.01.004

Inzlicht, M., Legault, L., and Teper, R. (2014). Exploring the mechanisms of self-control improvement. Curr. Dir. Psychol. Sci. 23, 302–307. doi: 10.1177/0963721414534256

Inzlicht, M., Werner, K. M., Briskin, J. L., and Roberts, B. W. (2021). Integrating models of self-regulation. Annu. Rev. Psychol. 72, 319–345. doi: 10.1146/annurev-psych-061020-105721

Kelley, W. M., Wagner, D. D., and Heatherton, T. F. (2015). In search of a human self-regulation system. Annu. Rev. Neurosci. 38:389.

Kline, R. B. (2015). Principles and Practice of Structural Equation Modeling. New York, NY: Guilford publications.

Kotabe, H. P., and Hofmann, W. (2015). On integrating the components of self-control. Perspect. Psychol. Sci. 10, 618–638. doi: 10.1177/1745691615593382

Kozak, K., Lucatch, A. M., Lowe, D. J. E., Balodis, I. M., MacKillop, J., and George, T. P. (2019). The neurobiology of impulsivity and substance use disorders: Implications for treatment. Ann. N. Y. Acad. Sci. 1451, 71–91. doi: 10.1111/nyas.13977

Kräplin, A., Höfler, M., Pooseh, S., Wolff, M., Krönke, K.-M., Goschke, T., et al. (2020). Impulsive decision-making predicts the course of substance-related and addictive disorders. Psychopharmacology 237, 2709–2724. doi: 10.1007/s00213-020-05567-z

Kräplin, A., Joshanloo, M., Wolff, M., Krönke, K.-M., Bühringer, G., Goschke, T., et al. (2022). The relationship between executive functioning and addictive behavior: New insights from a longitudinal community study. Psychopharmacology 239, 3507–3524. doi: 10.1007/s00213-022-06224-3

Kräplin, A., Scherbaum, S., Kraft, E.-M., Rehbein, F., Bühringer, G., Goschke, T., et al. (2021). The role of inhibitory control and decision-making in the course of Internet gaming disorder. J. Behav. Addict. 9, 990–1001. doi: 10.1556/2006.2020.00076

Krönke, K.-M., Mohr, H., Wolff, M., Kräplin, A., Smolka, M. N., Bühringer, G., et al. (2021). Real-life self-control is predicted by parietal activity during preference decision making: A brain decoding analysis. Cogn. Affect. Behav. Neurosci. 21, 936–947. doi: 10.3758/s13415-021-00913-w

Krönke, K.-M., Wolff, M., Mohr, H., Kräplin, A., Smolka, M. N., Bühringer, G., et al. (2018). Monitor yourself! Deficient error-related brain activity predicts real-life self-control failures. Cogn. Affect. Behav. Neurosci. 18, 622–637. doi: 10.3758/s13415-018-0593-5

Krönke, K.-M., Wolff, M., Mohr, H., Kräplin, A., Smolka, M. N., Bühringer, G., et al. (2020a). Predicting real-life self-control from brain activity encoding the value of anticipated future outcomes. Psychol. Sci. 31, 268–279. doi: 10.1177/0956797619896357

Krönke, K.-M., Wolff, M., Shi, Y., Kräplin, A., Smolka, M. N., Bühringer, G., et al. (2020b). Functional connectivity in a triple-network saliency model is associated with real-life self-control. Neuropsychologia 149:107667. doi: 10.1016/j.neuropsychologia.2020.107667

Kruschwitz, J. D., Kausch, A., Brovkin, A., Keshmirian, A., Paulus, M. P., Goschke, T., et al. (2019). Self-control is linked to interoceptive inference: Craving regulation and the prediction of aversive interoceptive states induced with inspiratory breathing load. Cognition 193:104028. doi: 10.1016/j.cognition.2019.104028

Lees, B., Meredith, L. R., Kirkland, A. E., Bryant, B. E., and Squeglia, L. M. (2020). Effect of alcohol use on the adolescent brain and behavior. Pharmacol. Biochem. Behav. 192, 172906–172906. doi: 10.1016/j.pbb.2020.172906

Luijten, M., Machielsen, M. W. J., Veltman, D. J., Hester, R., de Haan, L., and Franken, I. H. A. (2014). Systematic review of ERP and fMRI studies investigating inhibitory control and error processing in people with substance dependence and behavioural addictions. J. Psychiatry Neurosci. 39, 149–169. doi: 10.1503/jpn.130052

Meruelo, A. D., Castro, N., Cota, C. I., and Tapert, S. F. (2017). Cannabis and alcohol use, and the developing brain. Behav. Brain Res. 325, 44–50. doi: 10.1016/j.bbr.2017.02.025

Milyavskaya, M., Berkman, E. T., and De Ridder, D. T. D. (2019). The many faces of self-control: Tacit assumptions and recommendations to deal with them. Motiv. Sci. 5, 79–85. doi: 10.1037/mot0000108

Mortensen, E. L., Jensen, H. H., Sanders, S. A., and Reinisch, J. M. (2006). Associations between volume of alcohol consumption and social status, intelligence, and personality in a sample of young adult Danes. Scand. J. Psychol. 47, 387–398. doi: 10.1111/j.1467-9450.2006.00520.x

Muthén, L. K., and Muthén, B. O. (1998–2017). Mplus User’s Guide. Eighth Edition. Los Angeles, CA: Muthén & Muthén.

Overmeyer, R., Berghäuser, J., Dieterich, R., Wolff, M., Goschke, T., and Endrass, T. (2021). The error-related negativity predicts self-control failures in daily life. Front. Hum. Neurosci. 14:614979. doi: 10.3389/fnhum.2020.614979

Patton, J. H., Stanford, M. S., and Barratt, E. S. (1995). Factor structure of the barratt impulsiveness scale. J. Clin. Psychol. 51, 768–774.

Preuss, U. W., Rujescu, D., Giegling, I., Koller, G., Bottlender, M., Engel, R. R., et al. (2003). Evaluation der deutschen Version der Barratt Impulsiveness Scale (BIS 5). Nervenarzt 71, 527–534. doi: 10.1055/s-2003-42872

Rehm, J., Marmet, S., Anderson, P., Gual, A., Kraus, L., Nutt, D. J., et al. (2013). Defining substance use disorders: Do we really need more than heavy use? Alcohol Alcohol. 48, 633–640. doi: 10.1093/alcalc/agt127

Sjölund, S., Hemmingsson, T., and Allebeck, P. (2015). IQ and level of alcohol consumption—Findings from a national survey of Swedish conscripts. Alcohol. Clin. Exp. Res. 39, 548–555. doi: 10.1111/acer.12656

Smith, J. L., Mattick, R. P., Jamadar, S. D., and Iredale, J. M. (2014). Deficits in behavioural inhibition in substance abuse and addiction: A meta-analysis. Drug Alcohol Depend. 145, 1–33. doi: 10.1016/j.drugalcdep.2014.08.009

Studer, B., Koch, C., Knecht, S., and Kalenscher, T. (2019). Conquering the inner couch potato: Precommitment is an effective strategy to enhance motivation for effortful actions. Philos. Trans. R. Soc. B Biol. Sci. 374:20180131. doi: 10.1098/rstb.2018.0131

Tang, Y.-Y., Posner, M. I., Rothbart, M. K., and Volkow, N. D. (2015). Circuitry of self-control and its role in reducing addiction. Trends Cogn. Sci. 19, 439–444. doi: 10.1016/j.tics.2015.06.007

Tewes, U. (1994). HAWIE-R: Hamburg-Wechsler-Intelligenztest für Erwachsene, Revision 1991: Handbuch und Testanweisung [HAWIE-R: Hamburg-Wechsler Intelligence Test for Adults, Revision 1991: Test manual]. Bern: Huber.

Usami, S. (2021). On the differences between general cross-lagged panel model and random-intercept cross-lagged panel model: Interpretation of cross-lagged parameters and model choice. Struct. Equat. Model. Multidiscip. J. 28, 331–344. doi: 10.1080/10705511.2020.1821690

Walter, H., Kausch, A., Dorfschmidt, L., Waller, L., Chinichian, N., Veer, I., et al. (2020). Self-control and interoception: Linking the neural substrates of craving regulation and the prediction of aversive interoceptive states induced by inspiratory breathing restriction. NeuroImage 215:116841. doi: 10.1016/j.neuroimage.2020.116841

Wittchen, H.-U., Behrendt, S., Höfler, M., Perkonigg, A., Lieb, R., Bühringer, G., et al. (2008). What are the high risk periods for incident substance use and transitions to abuse and dependence? Implications for early intervention and prevention. Int. J. Methods Psychiatr. Res. 17, S16–S29. doi: 10.1002/mpr.254

Wittchen, H.-U., and Pfister, H. (1997). DIA-X Interview. Instruktionsmanual zur Durchführung von DIA-X-Interviews [Instruction manual for the DIA-X-Interview]. Frankfurt: Swets & Zeitlinger.

Wolff, M., Enge, S., Kräplin, A., Krönke, K., Bühringer, G., Smolka, M. N., et al. (2020). Chronic stress, executive functioning, and real-life self-control: An experience sampling study. J. Pers. 89, 402–421. doi: 10.1111/jopy.12587

Wolff, M., Krönke, K.-M., Venz, J., Kräplin, A., Bühringer, G., Smolka, M. N., et al. (2016). Action versus state orientation moderates the impact of executive functioning on real-life self-control. J. Exp. Psychol. Gen. 145, 1635–1653. doi: 10.1037/xge0000229

Zech, H., Waltmann, M., Lee, Y., Reichert, M., Bedder, R. L., Rutledge, R. B., et al. (2022). Measuring self-regulation in everyday life: Reliability and validity of smartphone-based experiments in alcohol use disorder. Behav. Res. Methods 55, 4329–4342. doi: 10.3758/s13428-022-02019-8


Copyright
 © 2024 Kräplin, Joshanloo, Wolff, Fröhner, Baeuchl, Krönke, Bühringer, Smolka and Goschke. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		No evidence for a reciprocal relationship between daily self-control failures and addictive behavior in a longitudinal study



		1 Introduction



		2 Materials and methods



		2.1 Design and procedure



		2.2 Recruitment and participants



		2.3 Measurements



		2.3.1 Addictive behaviors



		2.3.2 Self-control failures



		2.3.3 Covariates







		2.4 Statistical analysis



		2.4.1 Confirmatory analyses



		2.4.2 Exploratory analyses



		2.4.2.1 Self-control failures related to addictive behavior



		2.4.2.2 Motivational vs. volitional self-control failures











		2.5 Ethics







		3 Results



		3.1 Descriptive data



		3.2 Confirmatory analyses



		3.2.1 Quantity of use and self-control failures



		3.2.2 Frequency of use and self-control failures



		3.2.3 DSM-5 criteria and self-control failures







		3.3 Exploratory analyses







		4 Discussion



		4.1 Strengths and limitations







		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary Material



		Footnotes



		References

















OPS/images/fpsyg-15-1382483-t002.jpg
Wording

Response format

Condition for presenting

item

most?

1. Desire Was there at some point during the last 60 min a Yes/No Alarm accepted
situation where you had a desire and an
opportunity to enact a certain behavior?

2. Domain of desire Which of the following categories® fits the desire 19 options® “Yes” response to Item 1

3. Desire strength

How strong was the desire on a scale from 1 (very

weak) to 6 (very strong)?

Likert scale (1 to 6)

“Yes” response to Item 1

4. Conflict

In this situation, were you aware of any reason why

you should not enact the desire?

Yes/No

“Yes” response to Item 1

5. Conflict strength

How strong was your conviction that you should
not enact the desire on a scale from 1 (very weak) to
6 (very strong)?

Likert scale (1 to 6)

“Yes” response to Item 4

6. Resistance

Did you attempt to resist the desire?

Yes/No

“Yes” response to Item 4

7. Enactment

Did you (at least in part) enact the desire?

Yes/No

“Yes” response to Item 1

The original questionnaire was written in German language.

2Eating; drinking (no alcohol); drinking (alcohol); smoking; taking other substance; using the internet; playing a computer game; watching TV; buying something; gambling; exercising;

sleeping; resting; retreating; misbehaving; socializing; having sex or intimacy; using the bathroom; other.
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Baseline sample

SUD

Control

M (SD)

M (SD) M (SD)
Age 21.8 (1.6) 21.8(1.7) 21.9(1.8)
Intelligence quotient 103.7 (8.9) 104.4 (10.1) 104.8 (10.4)
n (%) n (%) n (%)
Female participants 53 (53.0%) 70 (59.3%) 76 (63.3%)
Income < 1,000 Euro per month 75 (75.8%) 92 (77.0%) 89 (75.4%)
School graduation gymnasiu.ma’b 70 (70.7%) 87 (73.7%) 98 (83.0%)
In education, pupils, or students 72 (72.7%) 87 (73.7%) 87 (73.7%)®

2Gymnasium is a type of secondary schools existing in Germany, which qualifies for university entrance.
bThree participants had missing values.
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Autoregressive paths

SCFs 0 — SCFs 3 —0.07 0.64 —0.36 0.22 —0.07

SCFs 3 — SCFs 6 —0.07 0.64 —0.36 0.22 —0.07

Criteria 0 — Criteria 3 0.31 0.002 0.11 0.50 0.21

Criteria 3 — Criteria 6 0.31 0.002 0.11 0.50 0.37

Cross-lagged paths

SCFs 0 — Criteria 3 —1.55 0.06 —3.15 0.05 —0.13

SCFs 3 — Criteria 6 —1.55 0.06 —3.15 0.05 —0.16

Criteria0 — SCFs 3 —0.02 0.09 —0.04 0.003 —0.15

Criteria3 — SCFs 6 —0.02 0.09 —0.04 0.003 —0.21

Covariance (between)

Trait SCFs<> Trait criteria 0.10 0.001 0.04 0.16 0.60

Equality constraints have been added to autoregressive and cross-lagged paths. The model includes the covariates age, gender, IQ, and group membership at baseline. The parameter estimates

for the model without covariates can be found in Supplementary Table 4-3 in Supplementary material.
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Autoregressive paths

SCFs 0 — SCFs 3 —0.13 0.33 —0.40 0.14 —0.14

SCFs 3 — SCFs 6 —0.13 0.33 —0.40 0.14 —0.12

Frequency 0 — Frequency 3 —0.01 0.90 —0.14 0.12 —0.02

Frequency 3 — Frequency 6 —0.01 0.90 —0.14 0.12 —0.004

Cross-lagged paths

SCFs 0 — Frequency 3 —0.21 0.07 —0.43 0.01 —0.23

SCFs 3 — Frequency 6 —0.21 0.07 —0.43 0.01 —0.12

Frequency 0 — SCFs 3 —0.16 0.00 —0.26 —0.06 —0.29

Frequency 3 — SCFs 6 —0.16 0.00 —0.26 —0.06 —0.14

Covariance (between)

Trait SCFs<> Trait frequency 0.01 0.02 0.002 0.02 0.45

Equality constraints have been added to autoregressive and cross-lagged paths. The model includes the covariates age, gender, IQ, and group membership at baseline. In addition to our pre-
registration, we applied a log transformation to the frequency of use variable as the distribution was non-normal. The parameter estimates for the model without covariates can be found in
Supplementary Table 4-2 in Supplementary material.
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Autoregressive paths
SCFs 0 — SCFs 3 —0.10 0.52 —0.39 0.20 —0.10
SCFs 3 — SCFs 6 —0.10 0.52 —0.39 0.20 —0.09
Quantity 0 — Quantity 3 0.21 0.01 0.05 0.36 0.18
Quantity 3 — Quantity 6 0.21 0.01 0.05 0.36 0.21
Cross-lagged paths
SCFs 0 — Quantity 3 —0.10 0.24 —0.26 0.07 —0.09
SCFs 3 — Quantity 6 —0.10 0.24 —0.26 0.07 —0.09
Quantity 0 — SCFs 3 —0.21 0.04 —0.40 —0.01 —0.20
Quantity 3 — SCFs 6 —0.21 0.04 —0.40 —0.01 —0.22
Covariance (between)
Trait SCFs<>Trait quantity 0.01 0.02 0.001 0.02 0.70

Equality constraints have been added to autoregressive and cross-lagged paths. The model includes the covariates age, gender, IQ, and group membership at baseline. The parameter estimates

for the model without covariates can be found in Supplementary Table 4-1 in Supplementary material.
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N M SD

SCFO (%) 321 53 25 0-100
SCF3 (%) 228 53 27 0-100
SCE6 (%) 165 55 27 0-100
Quant0 338 0.37 0.26 0-1.6
Quant3 253 0.74 0.28 0-2.5
Quant6 242 0.79 0.25 0.1-1.6
Frequ0 338 6.71 4.44 0.25-21.3
Frequ3 253 5.64 4.21 0-20
Frequé6 242 534 4.10 0.25-21.5
DSMO 338 3.03 2.73 0-16
DSM3 253 2.14 2.69 0-16
DSM6 242 2.03 2.47 0-14

SCF = Enactments of conflict-laden desires divided by the number of questionnaires in
which a conflict was indicated (percent of SCFs range from zero to 100). Quant = Quantity
of use on a typical occasion assessed for each of the addictive behaviors (gram ethanol,
cigarettes, and hours). The different values for quantity of use were normalized (i.e., rescaled
to range between 0 and 1) and then summed up to form a composite score at each time
point. The sum can range between 0 and 6, according to the rescaling from 0 to 1 and the
6 addictive behaviors. Frequ = Frequency of use assessed as days per week for each of the
addictive behaviors. The different frequencies of use were summed up over the different
addictive behaviors into a composite score at each time point. The sum can range between 0
and 42, according to the maximum of seven days per week and the 6 addictive behaviors.
DSM = (adapted) DSM-5 criteria were assessed for each of the addictive behaviors. All
fulfilled addictive disorder criteria were summed up to one score at each time point. The
sum can range between 0 and 64, according to the maximum of 11 DSM-5 criteria (with the
exception of gambling disorder with 9 criteria) and the 6 addictive disorders.
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