

[image: Effectiveness of digital self-care device for at risk drinking problems: focus on individuals at risk for alcohol-related issues]
Effectiveness of digital self-care device for at risk drinking problems: focus on individuals at risk for alcohol-related issues





CLINICAL TRIAL

published: 15 May 2025

doi: 10.3389/fpsyt.2025.1485940

[image: image2]


Effectiveness of digital self-care device for at risk drinking problems: focus on individuals at risk for alcohol-related issues


Yong Chan Jeong 1, Yong Jin Kim 2, Sung Won Roh 3, Eun Seon Seo 4, Hong Seok Oh 5, In Suk Lee 6, Eun Ji Lee 1, Hyeon Ji Cho 7 and Sang Kyu Lee 8*


1 College of Medicine, Hallym University, Chuncheon, Gangwon, Chuncheon, Republic of Korea, 2 Department of Social Welfare, Welfare and People Addiction Prevention Institute, Seoul, Seoul, Republic of Korea, 3 Department of Psychiatry, Hanyang University Seoul Hospital, Seoul, Seoul, Republic of Korea, 4 Department of Social Welfare, Integrated Addiction Management Support Center, Hwaseong, Gyeonggi, Hwaseong, Republic of Korea, 5 Department of Psychiatry, Konyang University Hospital, Daejeon, Daejeon, Republic of Korea, 6 Department of Nursing, Integrated Addiction Management Support Center, Suwon, Suwon, Republic of Korea, 7 Department of Counseling Psychology, Sahmyook University, Seoul, Republic of Korea, 8 Department of Psychiatry, Hallym University Medical Center, Chuncheon, Gangwon, Republic of Korea




Edited by: 

Anamaria Ciubara 
Dunarea de Jos University, Romania

Reviewed by: 

Cameron Good 
Northwestern University, United States

Georgiy Bobashev 
RTI International, United States

*Correspondence: 
Sang Kyu Lee
 skmind@hallym.ac.kr


Received: 25 August 2024

Accepted: 14 April 2025

Published: 15 May 2025

Corrected: 30 June 2025

Citation:
Jeong YC, Kim YJ, Roh SW, Seo ES, Oh HS, Lee IS, Lee EJ, Cho HJ and Lee SK (2025) Effectiveness of digital self-care device for at risk drinking problems: focus on individuals at risk for alcohol-related issues. Front. Psychiatry 16:1485940. doi: 10.3389/fpsyt.2025.1485940






Aims

This study was conducted to verify the effectiveness of using digital self-care devices in reducing alcohol-related problems among high-risk alcohol users in community addiction-related institutions.





Methods

Data were collected from 257 adults in Korea aged 18 and over (157 men and 60 women), examining their level of alcohol use disorder and the usage of digital self-care devices (such as the number of days alcohol consumption was logged, continuous days of sobriety, feeling, alcohol cravings, alcohol probability, etc.).





Results

The results confirmed that the severity of alcohol use disorder significantly decreased before and after the use of digital self-care devices, as analyzed by a t-test (M = 5.239, SD = 10.121, t = 6.945, df = 179, P = .000***). Additionally, a machine learning analysis (random forest) was conducted to explore the factors that most influence the reduction in alcohol risk levels among participants. The analysis revealed that the factor “continuous days of sobriety” had the most significant impact on the reduction of alcohol risk levels. The predictive accuracy of this factor was demonstrated using an ROC curve (AUC = 0.724). Subsequently, a multiple regression analysis was conducted to explore the factors influencing continuous days of sobriety. The results indicated that age and the logging of sobriety days had a significant impact, with the logging of sobriety days emerging as the most influential factor.





Conclusion

These results suggest that in reducing alcohol consumption and achieving successful sobriety, it may be more important to maintain continuous sobriety rather than the total number of sober days. Additionally, it is necessary to identify the key factors that help maintain continuous sobriety. Understanding which elements need to be fulfilled through digital self-care devices to sustain continuous sobriety is also essential.





Clinical trial registration

https://cris.nih.go.kr/cris/search/detailSearch.do?search_lang=EM&focus=reset_12&search_page=M&pageSize=10M&page=undefinedM&seq=16267M&status=5M&seq_group=16267, identifier, KCT0005135.
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1 Introduction

The mental health care system underwent significant changes due to COVID-19, and the effectiveness of telemedicine services had already been actively studied for a decade before the pandemic (1–3). The primary function of early telemedicine services was remote consultations and prescriptions. Regarding the anticipated concerns about patients’ attitudes toward receiving remote care, it was found that over 80% of participants who received consultations via video or phone had excellent or good attitudes toward the service (2). Based on these findings, as of 2021, 98% of psychiatrists in the United States were providing remote consultations to their patients (4). In addition to remote medical services, technologies such as digital therapeutic devices or self-management apps, which involve more active patient participation through web or app-based platforms, have been continuously developed. These advancements have further validated the necessity of telemedicine services (5, 6).

Most of the self-directed therapeutic devices developed are based on Cognitive Behavioral Therapy (CBT) as the primary treatment concept and offer services such as worksheets, self-assessment and monitoring, daily check-ins, and feedback on assessment results (7, 8). Additionally, recent studies have shown that structured psychological self-care using digital therapeutic devices for individuals with Alcohol Use Disorder (AUD) involved 8 weeks of patient-driven digital interventions, which demonstrated effectiveness in most participants (9).

According to a meta-analysis by Sliedrecht et al. (10), which reviewed literature from 2000 to 2019 on various relapse factors in patients with Alcohol Use Disorder (AUD), several key factors were identified as contributors to relapse. These include psychiatric comorbidities, addiction severity, alcohol cravings, negative emotions, use of other substances, and health and social factors. Notably, recent research has established a link between cravings and reduced alcohol consumption levels (11). Additionally, demographic factors have also been studied in relation to relapse and treatment outcomes, with job stability or marital stability being suggested as factors that contribute to successful treatment (12–14). Most studies focus on exploring the factors that lead to alcohol relapse or the development of Alcohol Use Disorder rather than therapeutic factors (15–18).

According to De Witte et al. (19), recent developments in the field of healthcare and welfare categorize remote healthcare services into three forms: (1) online management technologies, (2) user-driven expert interventions, and (3) new technology formats (e.g., VR, AR, wearables). Gan et al. (20) found that when comparing individuals who undergo digital therapy entirely in a self-directed manner to those who receive some level of intervention, the latter group showed slightly higher treatment efficacy. The device used in this study can be seen as a hybrid of (1) online management technologies and (2) user-driven expert interventions, primarily employed by patients visiting community centers but also including monthly in-person consultations. Specifically, the approach uses approximately 80% of (1) online management technologies and about 20% of (2) expert interventions, minimizing expert involvement while allowing users to self-direct most of the services.

Therefore, the purpose of this study is to verify the effectiveness of a pre-developed digital self-care device by recommending its use to patients who are at high risk for alcohol abuse, or who were previously patients, and who visit community centers. Additionally, assuming the effectiveness is validated, the study aims to identify the characteristics of factors that influence the reduction of alcohol use disorder risk, thereby deriving therapeutic factors for alcohol use disorders. The research questions of this study can be summarized as follows:

	Verification of the effectiveness of the pre-developed digital self-care device.

	Exploration of the characteristics of factors that influence the reduction of alcohol use disorder risk, assuming the effectiveness is validated.






2 Methods



2.1 Participant

This study utilized data obtained from the clinical validation of a project requested by the National Center for Mental Health under the Ministry of Health and Welfare in Korea. The study aimed to verify the effectiveness of a digital self-care device and to explore predictive factors that could effectively reduce alcohol-related risks, leading to sobriety. A total of 257 participants were involved in the clinical validation, recruited from approximately 20 community addiction-related institutions across Korea. Participants were compensated with an in-kind reward equivalent to 100,000 KRW. The compensation was provided via direct bank transfer, with 50,000 KRW paid prior to the clinical trial and the remaining 50,000 KRW paid upon its completion. The majority of participants were aged between 40 and 60, and consent was obtained from them regarding participation in the clinical trial and the use of their information. After the validation process, participants were provided with a nominal incentive, and data from 40 individuals who dropped out during the study were excluded Figure 1. Consequently, the final sample consisted of 217 participants with demographic information as follows: the average age was 50 years (M = 50.51, SD = 12.63), with 157 males (72.4%) and 60 females (27.6%). The AUDIT-K was used as the measurement tool to identify the drinking status of participants, with the overall alcohol consumption levels categorized as follows: 38 participants (19%) were in the low-risk drinking group, 58 participants (25.3%) were in the high-risk drinking group, and 121 participants (55.8%) were in the alcohol use disorder group Table 1. Among the 40 dropouts, the demographic breakdown by gender showed 27 males and 13 females, with an average age of 63 years (M = 63.17, SD = 4.73). No significant differences were observed in other characteristics, but the average age was approximately 12.66 years higher than that of the 217 participants who completed the study.
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Figure 1 | The clinical trial enrollment, assignment, tracking, and analysis process.




Table 1 | Demographic and clinical characteristics of participants (N = 217).



This study was approved by the Institutional Review Board (IRB) of the hospital to protect the rights, safety, and welfare of human subjects (IRB no. CHUNCHEON 2022-08-012). In addition, informed consent was obtained from participants to participate in the study and to use their information. Furthermore, this study utilized secondary analysis based on data collected from a clinical trial conducted in 2020, and the clinical trial registration number is as follows (Clinical Trial Registration Number (CRIS No.): KCT0005135).




2.2 Procedures



2.2.1 Digital self-care application

The digital self-care device app used in this study is provided to individuals identified as high-risk for alcohol use by the Community Addiction Management Integrated Support Center. The app includes features such as a sobriety diary, self-assessment (for risk group classification based on the SBIRT stages), treatment schedule (to check the schedules of treatment programs registered in community centers), communication forums (recovery journal, sobriety communication meetings, and request-for-help communication), and support materials (card news, information about treatment facilities, and educational videos).

Upon the first launch, the app utilizes SBIRT and PPC to accurately assess the user’s condition and facilitate appropriate intervention. SBIRT (Screening, Brief Intervention, and Referral to Treatment) is an early intervention method designed to prevent issues in high-risk individuals from worsening by intervening early. PPC (Patient Placement Criteria) assesses six domains to determine the appropriate level of treatment based on the patient’s condition. Additionally, users can self-report and manage their condition through the sobriety diary feature, as shown in Table 2, and are required to use it consistently over a four-week period. The app also provides useful information through “online sobriety communication meetings” and resources like “card news and educational videos” to support sobriety efforts.


Table 2 | Digital self-care measurement factors.



As a condition for using this device, the individual must first register for alcohol treatment at a community center. Once registered, the individual will receive an ID and password from their treatment provider to access the device. The user then progresses through the SBIRT stages within the device. If the user is classified as high-risk or above through the AUDIT-K within the SBIRT and consents to receive brief intervention, the PPC process will be initiated. The results of the PPC are then communicated to the user’s treatment provider, who uses this information to assist in creating an Individualized Service Plan (ISP) when the user visits the center.

In this study, only the results from the AUDIT-K within the SBIRT process and the measurements obtained through the sobriety diary were used for analysis, excluding the PPC results.





2.3 Measures



2.3.1 Alcohol use disorder screening test

The Korean version of the Alcohol Use Disorders Identification Test (AUDIT-K) was used to determine the presence and severity of alcohol use among the participants in this study (21, 22). The AUDIT-K is a self-report measurement tool consisting of 10 items that assess an individual’s level of alcohol consumption (e.g., “How often do you have a drink containing alcohol?”). Each item evaluates factors such as the frequency and quantity of alcohol intake, as well as experiences within the past year. Higher total scores indicate a greater likelihood of alcohol use disorder. The Cronbach’s alpha for AUDIT-K is 0.92 (21), demonstrating high reliability.




2.3.2 Digital self-care measurement factors

In this study, the digital self-care device allows for the monitoring of participants’ sobriety status. Participants can manage their condition by self-reporting their status through the sobriety diary feature within the device. The self-reporting measurement factors are composed of Yes/No questions and a 1-7 point Likert scale, as outlined in Table 2.





2.4 Data analysis



2.4.1 Analysis method

In this study, SPSS Statistics version 27.0 was used to primarily analyze the effectiveness of the digital self-care device through t-tests. The analysis involved comparing the mean scores of the Alcohol Use Disorders Identification Test (AUDIT) administered before and after using the digital self-care device to determine the effect size. Additionally, to identify the main effects of the digital self-care device, the mean AUDIT scores of participants who fully engaged with the device’s content during the participation period were compared with those who did not engage at all.

To explore the factors that reduce the risk of alcohol use disorder, the R programming language was used with a machine learning technique, specifically the random forest algorithm. Finally, multiple regression analysis was conducted to analyze the characteristics that influence factors reducing the risk of alcohol use disorder. A total of 13 variables, including the dependent variable, the variables used in the analysis showed differences in scores due to differing reference points. By normalizing these scores into percentages, we standardized the contributions of the variables, allowing us to identify which variables had a greater influence on the dependent variable. The relevant variables are Sobriety Journaling, Total Sobriety, and Continuous Sobriety, with detailed information provided in Table 3. To demonstrate the predictive power of the identified factors through random forest analysis, a confusion matrix was used, with accuracy metrics serving as the validation measure. Precision and sensitivity were also presented to provide more specific values. Furthermore, to visually represent the predictive factors, feature importance was employed to indicate which factors had the greatest influence. To statistically express the precise predictive power of the explored factors, an ROC analysis was conducted to derive the AUC value. For the multiple regression analysis, the significance of the identified characteristics was defined using F, R-Square, B, β, and p-values.


Table 3 | List of variables used in statistical analysis.






2.4.2 Missing value

When it comes to data analysis, there are various methods for handling missing values. In this study, it was determined that even after removing missing values, there would still be a sufficient sample size for conducting the analysis. Therefore, missing values were removed. As a result, the final sample size used for analysis was 175 participants, and this sample size was consistently applied across both the t-test and random forest analyses.

The 42 dropouts only participated in the pre-assessment during the 4-week clinical process and did not participate in the post-assessment, making accurate data analysis impossible. However, they were compensated for their participation in the study. Since there were no post-assessment results, they were excluded from the statistical analysis.




2.4.3 Random forest

Random forest analysis is a method that improves predictive performance by combining multiple decision trees, a technique known as ensemble learning. It is primarily used for classification and regression tasks and enhances predictive accuracy by addressing the weaknesses of single models like decision trees. One key method random forest use to overcome the limitations of single models is “bagging” (Bootstrap Aggregating). In bagging, random subsets of training data are generated to create diverse models, thereby mitigating the weaknesses inherent in any single model. To reduce the correlation between variables, instead of considering all features as in a typical decision tree analysis, random forests consider only a randomly selected subset of features. This approach helps to reduce the risk of overfitting by limiting the model’s complexity and thus decreasing variance, which ultimately improves the generalization performance of the resulting model (23–25).






3 Results



3.1 Data analysis result



3.1.1 The progression of alcohol use disorder severity

To analyze the results of this study, a paired-sample t-test was conducted. The results showed that the mean score of alcohol dependence severity (AUDIT-K) in the pre-intervention group was (M = 20.3), while the mean score in the post-intervention group was (M = 16.25) Figure 2. The mean difference between the pre- and post-intervention groups was (M = 5.239), (SD = 10.121), (t = 6.945), (P = .000***), indicating that the difference was statistically significant at the (p <.001***) level Table 4.
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Figure 2 | Comparing AUDIT-K Score pre-post Use of Digital Self-Care Devices. SD = ().




Table 4 | AUDIT-K Score pre-post group t-test results.



The group used in the analysis was a single group, with the AUDIT-K scores measured before and after the intervention being used for comparison. A frequency analysis was conducted to compare the improvement scores based on the AUDIT-K scores, and the distribution of the overall scores was represented in a histogram. As a result, the AUDIT-K reduction score for all 217 participants was (M = 4.09), with a standard deviation (SD = 9.76) Figure 3. To provide more clarity, a frequency analysis was conducted by distinguishing between patients who experienced a reduction in their alcohol use disorder scores and those who did not. Among the 217 participants, N = 128 (59.0%) showed a reduction in their alcohol use disorder scores, while N = 86 (39.6%) did not. Missing data accounted for N = 3 (1.4%). As a result, the percentage of patients who experienced a reduction in their alcohol use disorder scores was 19.4% higher compared to those who did not Table 5.
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Figure 3 | AUDIT-K score reduction distribution table.




Table 5 | Reduction or non-reduction of AUDIT-K score(pre-post).



Subsequently, based on the measured activity rate within the app over the study period, the 175 participants were divided into two groups: those who used the self-care device extensively (100% activity = 52 participants) and those who used it minimally (0% activity = 62 participants). Additional activity groups included 25% (28 participants), 50% (14 participants), and 75% (14 participants); however, due to extreme sample size differences, these groups were not included in the analysis. Given the short study duration of 4 weeks and the expectation that AUDIT-K scores might not show dramatic changes, we adopted a more conservative 99% significance level instead of the standard 95%. The results showed that the pre- and post-intervention mean scores for the 0% activity group were (M = 21.37) and (M = 18.71), respectively, while those for the 100% activity group were (M = 19.94) and (M = 13.87), respectively. When examining the significance of the mean differences, the 0% activity group showed (M = 2.651), (SD = 10.052), (t = 2.093), (P = .040), indicating that the p-value was not statistically significant. In contrast, the 100% activity group showed (M = 6.075), (SD = 10.181), (t = 4.344), (P = .001***), revealing a statistically significant difference at the (p <.001***) level Table 6, Figure 4.


Table 6 | Frequency analysis results by performance rate.
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Figure 4 | Compare average AUDIT-K score(pre-post) by overall performance rate.



To gain a more detailed understanding of the observed results, a frequency analysis was conducted to examine the characteristics of each group. Differences were found in variables such as ‘age,’ ‘marital status,’ ‘mood,’ ‘alcohol craving,’ and ‘likelihood of drinking.’ In terms of age, the 100% activity group had a relatively lower average age compared to the 0% activity group, with a significant difference in standard deviation as well Table 7. Additionally, the 0% activity group scored lower on mood, craving, and likelihood of drinking compared to the 100% activity group. These scales were measured using a 1–7 point Likert scale, with reverse scoring applied to the craving and likelihood of drinking variables, meaning that a score closer to 7 indicated a better state for all variables. Finally, regarding marital status, the 0% activity group had a higher proportion of married individuals compared to the 100% activity group.


Table 7 | Compare average AUDIT-K score(pre-post) by overall activity rate.



After conducting a frequency analysis, a chi-square test was performed to determine whether there were mean differences between the characteristics of the 0% and 100% activity groups. However, no significant differences were found between the characteristics.




3.1.2 Exploration of predictive factors

Earlier, the effectiveness of the digital self-care tool was verified through a paired-sample t-test. Following this, factors and characteristics collected through the digital self-care tool and questionnaires were organized, and a representative machine learning technique, random forest, was used to analyze which variables actually influence the “reduction in alcohol dependence severity”. The analysis revealed that “consecutive days of sobriety” had the most significant impact on the “reduction in alcohol risk.” Additionally, according to the feature importance in the random forest analysis, apart from “consecutive days of sobriety” and “participation rate in consecutive sobriety,” no other variables significantly influenced the level of alcohol risk reduction Figure 5. Interestingly, the result that “consecutive days of sobriety” had a greater impact on reducing alcohol risk than “total days of sobriety” is somewhat unusual and will be discussed in more detail in the conclusion and discussion sections.
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Figure 5 | Predictor feature importance results.



Furthermore, the prediction accuracy was found to be 0.7317, which is a highly significant value. For a prediction model to be considered accurate and reliable, the confusion matrix should show high TP (True Positive) and TN (True Negative) values, with low FP (False Positive) and FN (False Negative) (Table 8). In this analysis, the confusion matrix showed TP = 11, TN = 19, FP = 6, and FN = 5, indicating very good predictive results. Additionally, the precision and sensitivity of the model were also strong, with precision at 0.7600 and sensitivity at 0.6875, suggesting that the model is stable. To visually assess the model’s performance, an ROC Curve was utilized, and the results indicated that the AUC (Area Under the Curve) value was 0.724. This confirms that the model has quite good predictive performance Figure 6.


Table 8 | Confusion matrix.
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Figure 6 | Result of ROC curve for random forest model performance.






3.1.3 Predictive factors for continuous days of sobriety

As previously identified through random forest analysis, consecutive days of sobriety were found to be a key factor in reducing alcohol risk levels. To explore which factors collected through the digital self-care device influence consecutive days of sobriety, a multiple regression analysis was conducted. The stepwise selection method was chosen for this analysis.

The analysis results demonstrated that the regression model was appropriate, with F = 68.319, (p <.001). The adjusted R-squared value was (R2 = .699), indicating that the model explained 69.9% of the variance in consecutive days of sobriety. Among the predictor variables used in the analysis, age was found to have a significant effect on consecutive days of sobriety, with B = -.135, (p <.05). Since the coefficient B is negative, it indicates that for every one-year increase in age, consecutive days of sobriety decrease by 0.135 days. Additionally, the number of days the sobriety diary was completed (Create Diary) was shown to have a significant positive effect on consecutive days of sobriety, with B = .822, (p <.001). This means that for every additional day the sobriety diary was completed, consecutive days of sobriety increased by 0.822 days. Other variables did not have a significant impact on consecutive days of sobriety Table 9.


Table 9 | Factors influencing continuous sobriety days.



When comparing which variable had a greater influence on consecutive days of sobriety between age and the number of days the sobriety diary was completed, the standardized coefficients (β) were examined. The results showed that age had a (β = -.088), while the number of days the sobriety diary was completed had a (β = .750), indicating that the completion of the sobriety diary had a relatively higher influence on consecutive days of sobriety compared to age.






4 Discussion



4.1 Discussion

This study was conducted to verify the effectiveness of self-care among individuals at high risk for alcohol use and to identify factors that reduce alcohol risk levels. While research related to remote digital medical devices and self-care is actively ongoing worldwide (7–9), there appears to be a lack of studies, like this one, that utilize self-care devices through nationwide institutional collaboration within a country. Additionally, while many previous studies have focused on identifying factors that contribute to the onset or relapse of alcohol use disorder (15–18), this study aimed to explore whether factors that reduce alcohol risk levels could be identified through self-care and to determine which specific characteristics could contribute to this reduction.

As numerous remote digital therapeutic devices and self-care tools are being developed, proving their effectiveness has often been challenging. However, in this study, participants who regularly visited community institutions (e.g., addiction centers, mental health welfare centers) for alcohol treatment monitoring (using the SBIRT framework) and simultaneously used a remote digital self-care device demonstrated significant effectiveness. This aligns with previous research findings, which suggest that self-care approaches are more effective when combined with some level of expert intervention rather than relying solely on a fully self-directed digital therapeutic process (20). Moreover, unlike other self-care devices used in different studies, the self-care tool in this research emphasized helping users manage their schedules and providing indicators to assess their own condition. It also indirectly indicated that their case managers were overseeing their progress. Given this approach, the study found that for individuals at a high risk of alcohol use disorder—not necessarily those already suffering from it—basic monitoring combined with self-care can effectively reduce alcohol risk levels and maintain longer periods of sobriety. This approach marks a departure from previous studies, which often focused more on therapeutic interventions. In conclusion, the results of this study provide significant clinical implications for the reliability, validity, and effectiveness of remote digital self-care devices. The study not only highlights differences from previous research but also offers substantial insights for future studies in this area.

Additionally, while many studies have focused on identifying the factors that contribute to the onset of alcohol use disorder, the significance of this study lies in its exploration of key factors that can reduce alcohol use disorder. The results indicate that consecutive days of sobriety had the most substantial impact on reducing alcohol risk levels, which is quite a unique finding when compared to the total number of sober days. This is particularly noteworthy because, among participants using the device, those with a high total number of sober days did not necessarily experience significant reductions in alcohol risk levels compared to those with high consecutive days of sobriety. In some cases, despite having a high total number of sober days, participants did not see substantial changes in their risk levels, or their risk levels remained unchanged. Therefore, the only independent predictor that effectively reduces alcohol risk levels can be considered as “consecutive days of sobriety.” This finding aligns with previous research (26), which suggests that the effectiveness of alcohol treatment increases when sobriety is maintained consecutively. Future studies should consider utilizing the LASSO method instead of regression analysis to evaluate more accurate predictive variables. Additionally, extending the clinical period and increasing the number of evaluations should be considered to improve the assessment outcomes.

In this study, participants with a 100% activity rate showed lower cravings and a reduced likelihood of drinking compared to those with a 0% activity rate. Simultaneously, their alcohol risk levels also decreased more than those in the 0% activity group. This suggests that as the consecutive period of sobriety increases, it likely has a greater impact on reducing cravings and the probability of drinking. Furthermore, the total number of sober days simply represents the cumulative days of sobriety over four weeks, meaning it might not reflect continuous sobriety. This raises the possibility that some participants may have relapsed during the period. For instance, a participant who had a total of 20 sober days over four weeks but drank during the first two weeks and then remained sober for the last two weeks might still exhibit higher levels of craving, a greater likelihood of drinking, and higher alcohol risk levels compared to someone who maintained continuous sobriety throughout the period.




4.2 Limitations

Despite the conclusions and discussions drawn from this study, there are three significant limitations to consider. The first limitation concerns the measurement tools used. Specifically, the tools within the digital self-care device relied on a 1-7 point Likert scale in a self-report format, rather than using established psychological measurement instruments. This approach has inherent limitations, as it depends heavily on the honesty of the participants due to the single-item nature of the questions. The use of only one item per measure makes it challenging to fully establish the reliability and validity of the participants’ reported states. However, to mitigate these limitations, the study instructed social workers and mental health professionals at each community institution to conduct weekly monitoring. Additionally, participants were required to visit the centers weekly to review their status with professionals. Even though the more comprehensive measurement tools were included in the device, the high number of items may have caused participants to feel burdened by the assessment process. This is a chronic issue with digital therapeutic and self-care devices, and finding solutions to this problem will require further research in future studies.

The second limitation is the clinical duration. Although over 20 official public institutions operated by the Korean government participated in this study, the clinical period was limited to just four weeks. This short duration made it impossible to follow up on the participants’ conditions after the clinical trial, preventing an assessment of the long-term effectiveness of the self-care device. Despite this limitation, the satisfaction levels of the patients who used the device during the four-week period were high, and the study demonstrated actual effectiveness. This suggests that the self-care device used in this study may play an important role in helping participants maintain sobriety and prevent relapse, even within a relatively short time frame.

The final limitation lies in the insufficient exploration of key variables related to treating alcohol use disorder. For instance, if the study had delved deeper into major variables such as the reasons for patients seeking treatment for alcohol use disorder—namely, “treatment motivation”—it might have identified additional key predictors that contribute to reducing alcohol risk scores. While this study focused on evaluating the effectiveness of the self-care device, future research should aim to identify various factors to explore the key variables most influential in treating alcohol use disorder. This shift in focus could provide deeper insights and enhance the understanding of impactful factors in treatment.




4.3 Conclusion

In conclusion, the findings of this study suggest that conducting a satisfaction survey for the digital self-care device developed in this research could be beneficial. By identifying any discomforts or areas in need of improvement and then updating the device accordingly, it could be re-released with enhanced functionality. Such improvements would enable individuals at risk of alcohol use disorders to manage themselves more effectively, potentially alleviating socio-economic issues in South Korea and reducing social costs.

Lastly, this study holds significant importance as the first to utilize a digital self-care device across community institutions nationwide in South Korea. It marks a crucial step forward in the development and advancement of research on digital healthcare and self-care devices in the country. The study involved approximately 40% of addiction-related community institutions in South Korea, with more than 70 addiction and mental health experts collaborating. Additionally, with a minimum of 10 participants recruited from each region, the results of this study are considered to be generalizable within the South Korean context.

As a follow-up to this study, two approaches can be considered to examine the sustainability of the effects. First, tracking the participants of this clinical trial to assess how long the effects persist. Another approach would be to extend the duration of the clinical trial to 8 or 12 weeks to evaluate the sustainability of the effects.
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