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Abstract
Machine intelligence has garnered immense attention owing to its ability to discover hidden patterns in
abstract and high-dimensional datasets. However, its success is often limited by the fundamental
bottleneck of data scarcity. In this work, we offer a universal data augmentation solution to resolve this
impasse. We �rst discovered the hidden knowledge within the existing scarce dataset using the machine
learning (ML) technique and then synthetically augmented the dataset according to its feature
importance. In principle, scarce and augmented datasets should share a common statistical property.
Using this property, we speci�cally study the scarce dataset representing the binge-drinking behavior of
university students and show that our method is effective in augmenting a limited dataset with high
�delity. The current work challenges the status quo in data scarcity with rule-less-based ML, which
removes the ostensible barrier that prevents the application of data-driven techniques to the data scarce
clinical research.

Introduction
Binge drinking (BD) is often associated with an increased risk of traumatic injuries, ischemic heart
disease, and adverse psychological consequences1–3. It is estimated that more than 90% of Korean
college students are engaged in drinking, with 20–37% of them being binge drinkers4–6. This alarming
rate of BD behavior among college students has called upon an urgent intervention before students
develop a strong alcohol dependency.

Previous research works have used the theory of planned behavior (TPB) as the basic survey framework
to investigate the correlation of students’ motivation to drinking behavior6–8. For example, Norman et al.
showed that social environments, such as peer pressure and positive environment, strongly in�uence
students’ drinking behavior8. Because of the �exibility of TPB, Chen et al. added a negative “stress”
variance into TPB and concluded a positive correlation between stress and BD6. In addition, Lannoy et al.
pointed out that positive emotions, such as happiness, can also be an important indicator of BD9–11.
However, because human behaviors are dynamic, they may change according to the surrounding
environment context, peers, or internal emotional state12. Therefore, a rapid and reliable prognostic tool is
required to analyze the cognitive factors that motivate students’ BD behavior, thus helping to design a
usual intervention strategy.

With the ability to process a large number of complex datasets at a fast pace, machine learning (ML) has
recently become a reliable and critical instrument for data analysis and has permeated a wide range of
domains13–16, including natural language processing17, digital safety18, games19, and �nance20.
Likewise, excitement and attention have also been drawn into the �eld of behavioral sciences, aiming to
identify causal underpinnings that govern human behaviors, which can be performed through facial
expression recognition21, 22, speech classi�cation23, 24, and electroencephalogram screening25, 26. In a
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recent study, by training on more than 45,000 data, Kim et al. used ML to determine the leading factors to
participants’ drinking problem, which later helped facilitate a proper treatment plan27.

All the examples cited above use ML for behavior analysis driven by an unlimited stream of data.
Ironically, many systems of interest are bound to the fundamental issue of data scarcity. Therefore, the
application of ML in these systems remains a major challenge. A few strategies have recently been
proposed to circumvent the data limitation issue. For example, by adapting the transfer-learning method,
one can �rst pretrain the proxy-related properties of an adequate dataset and subsequently transfer the
“knowledge” to another domain where data are scarce28, 29. Another approach is to create an
inexhaustible amount of simulated data governed by a physical law30–32. However, rule-less-based
research, such as survey methodology, does not generally �t into any of the above criteria. Arguably, a
robust method guided by ML synthetic data augmentation could be a parsimonious solution to this issue.

Inspired by the generative adversarial network method that generates new data with the same statistical
characteristics as their training dataset33, we attempt to develop a universal semi-synthetic data
generator (SSG) that tackles the principle bottleneck of data scarcity for college students’ BD behavior at
the Korea Advanced Institute of Science and Technology (KAIST). We �rst inputted the scarce dataset
into ML as training data. Subsequently, we augmented the dataset based on the statistical property
evaluated by feature importance (FI). The SSG model consists of three parts: (1) data collection related to
students’ BD behavior based on the extended TPB, (2) ML model selection based on the evaluation of the
robustness over systematic error and computation cost, (3) integrating the �ltering strategy (FS) based on
FI to ensure the quality of the augmented dataset. We demonstrate the SSG model’s ability to capture the
statistical relationship (~ 12% FI variance) with a reasonable validation accuracy (> 0.8). Further analysis
using the decision tree (DT) algorithm indicates that the factor of “happiness” is more prominent in
predicting the students’ BD behavior than normally perceived stress-driven alcohol consumption. In
accordance with the DT interpretation of the dataset, we deployed an interactive mobile-app-based
chatbot to complete the design-to-device pipeline. This work establishes a viable universal model for
augmenting scarce datasets and demonstrates unprecedented potential in data-driven applications.

Methods
Survey design and data collection. The survey questions were designed according to the framework of
the Theory of Planned Behavior (TPB) developed by Ajzen to predict health/ risky behavior from a
cognitive perspective34–36. In the extended version of TPB, we included happiness and stress, which
emphasize the positive and negative role of emotions in adaptive and maladaptive behaviors. The
happiness and stress were evaluated using standard Perceived Stress Scale Assessment and Subjective
Happiness Scale37, 38. In this study, the respondent’s Attitude towards binge drinking was measured by 8
items with 5-point Likert Scale (e.g. For me to engage binge-drinking next week will reduce my stress, the
scales range from 1 (strongly disagree) to 5 (strongly agree) (α = 0.95). Subjective Norm was measured
by 6 items (e.g. My friends (or classmates) think I should have binge-drinking next week) (α = 0.84).
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Perceived Behavioral Control was measured with 3 items (e.g., I have total control of how much alcohol I
drink every time) (α = 0.48). Stress was measured by 10 items (e.g. In the last month, how often have you
been upset because of something that happened unexpectedly?), the response scales ranged 1 = never to
5 = very often. High values indicate high level of stress) (α = 0.47). Happiness was measured by 4 items
(e.g. In the month, I consider myself, 1 = “not a very happy person” to 5 = “a very happy person”. High
values indicate high level of happiness) (α = 0.47).

Two waves survey at 1-week interval were conducted to the students of Korea Advanced Institute of
Science and Technology (KAIST). The survey was performed in accordance with the Bioethics and Safety
Act, and the Declaration of Helsinki, and was approved by the Institutional Review Board of KAIST (IRB:
KH2019-171). Informed consent was obtained from all subjects before they proceeded to complete the
survey.

This study de�ned the binge-drinking according to the National Institute of Alcohol Abuse and
Alcoholism39, which is a pattern of episodic alcohol consumption (more than four (�ve) drinks for female
(male)) in about two hours. Before the data augmentation, we categorized the collected data into two
classes: binge-drinking and non-binge-drinking. The data shows an imbalanced distribution between the
two classes, with the ratio of majority to minority being 7:32 (binge: non-binge-drinking). A Synthetic
Minority Over-Sampling Technique (SMOTE) is typically used to balance the input data to avoid the
model misclassi�cation40–42. In SMOTE, a k-nearest neighbors (KNN) algorithm was used to calculate
the Euclidean distance in generating synthetic data for over-sampling the minority sample. The resulting
dataset with balanced classes is illustrated in Fig S2. Even after the SMOTE balancing, the amount of
dataset is still not su�cient to represent the whole picture; therefore, data augmentation is needed.
Henceforth, the balanced data will be used for all the subsequent data augmentation.

Concept of SSG. Figure 1 illustrates the concept of SSG model in this study. Metaphorically, a scarce
dataset can be an analogy to puzzle pieces sparsely spread across problem-speci�c parameter spaces.
By training the ML model with the given dataset, ML model is able to “learn” the hidden knowledge. To
connect the missing pieces, the trained ML model predicts new temporary data (Dtemp) by feeding
randomly generated variables from prede�ned parameter spaces. A FS is applied to each Dtemp to justify
if the new prediction �t into the FI criteria. If Dtemp fail to meet the criteria, it will be discarded. The cycle
will continue until the desired amount of data is created.

Ideally, an effective SSG should offer the highest prediction accuracy and lowest computational cost. An
essential key to achieving this objective is to employ a suitable ML model for the SSG. Here, we
compared three different models: support vector machine (SVM), neural networks (NNs), and XGBoost
(XGB). The accuracy is determined by the coe�cient of determination (R2) according to Eq. (1)43:
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where yi, represent the ith true value, ith predicted value, and mean value of y, respectively.

Finally, we visualized the augmented data with decision tree diagram based on the optimized DT model.
To demonstrate the potential application of this research, we deployed the trained DT model into an
interactive mobile-app-based based on Telegram with the name of @DrinkingBehavior_bot.

Results
Survey analysis and SSG models evaluation. Here, we accounted for “Stress” and “Happiness” as the
positive and negative emotional features in predicting BD behavior, as schematically illustrated in Fig.
S16, 36. The survey was separated into two waves with one-week intervals. Total 39 respondents had
completed both surveys, among which 61.8% were male, and 38.2% were female students in the age
range between 19 and 36.

The Cronbach’s α in Table S1 represents the internal consistency between independent variables. We
noticed that some variables (Stress, Happiness, and Perceived Control) yielded low Cronbach’s α (0.47–
0.95). Nevertheless, the internal consistency reliability of the present study is considered acceptable,
especially given the small number of items in the survey44, 45. One can increase the Cronbach’s α by
increasing the number of items 46.

Figure 2 shows the training and validation accuracies derived from the optimized ML models. Based on
the learning curves, as the number of data increased, the range of validation accuracy also increased
from 0.65 and reached > 0.85 after the 30th iteration. This result signi�es that a large amount of data is
crucial in reducing misclassi�cation and effectively generalizing complex and nonlinear data.

SVM outperformed XGB and NN models, as evidenced by the training and validation accuracy and
computational time. As SVM relies only on the single hyperparameter C in �tting nonlinear data, it has
less computational burden during the grid search process 47. Contrary, the intensive hyperparameter
optimization in sophisticated NN and XGB models require much more time to complete the task.
Therefore, we employed the SVM model for subsequent SSG operations.

Data generation. Naturally, a trained ML model can provide a large number of predicted Dtemp. Although it
may increase the size of the scarce dataset, ensuring the quality of statistical relationships in our
prediction can be challenging, particularly in describing problem-speci�c features. In principle, datasets
that share similar information should exhibit similar statistical relationships and trends. Therefore, an FS
design based on FI was rationally employed to ensure that the statistical relationship between features is
preserved before and after the SSG operation. FI is a powerful technique for discovering nonlinear
statistical relationships governing input features48. By prede�ning the FI variance between the standard
and augmented data to be ≤ 20%, any un�t Dtemp was removed to preserve each feature’s relative
contribution to the target. In this way, only Dtemp that best describes the scarce dataset will remain.
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Finally, the passed Dtemp was updated into a scarce dataset and used for the next cycle of data
augmentation. This cycle continued until the desired amount of dataset was achieved.

Further insight is provided in Fig. 3, which shows the FI analysis that quanti�es the relative contribution
of each feature to the BD behavior. The FI trends of the standard (scarce dataset) and SSG with the FS-
generated dataset are similar, displaying the results in a descending order: happiness > subjective norm > 
stress > attitude > intention > perceived control. Conversely, the FI trend of SSG without the FS-generated
dataset displayed the results in the following descending order: intention > happiness > subjective norm > 
attitude > stress > perceived control.

The FI variances between the SSG and standard dataset, which is calculated from |FIstd – FIssg|/FIstd

(where subscripts std and ssg represent the standard and SSG datasets, respectively), are ~ 36% (without
FS) and ~ 12% (with FS). Because the SSG without FS is not bound to any constraint, the augmented
dataset may result in a large variance with a random FI trend. Furthermore, the small FI variance with the
FS implementation proves that it is an effective method to augment a representable dataset with high
con�dence rather than ad hoc regression. In addition, the SSG-augmented dataset’s viability can be
observed from their validation accuracy, as illustrated in Fig. S2, where all the selected Dtemp yielded a
validation accuracy greater than 0.8.

Discussion
With the SSG model, we augmented a scarce student’s BD dataset, guided by their intrinsic statistical
features. Subsequently, one can exploit the DT for its intuitive ability to extract hidden information from
complex data in a way that is readily understood by a human. For comparison, Fig. 4a and Table S2
show the DT performance based on the receiver operating characteristic curves and F1 score trained on
the augmented dataset. The augmented dataset enables the DT to generalize better than that of the
scarce one, with area under the curve (AUC) values of 0.90 for the SSG (with FS) and 0.76 for the scarce
dataset.

To explore the insights of the dataset, we visualized a tree diagram of the augmented dataset based on
the optimized DT. In Fig. 4b, the topmost node with a Gini index of 0.5 belongs to the topmost node of
“happiness,” and it branches out into two child nodes that belong to “subjective norm” and “intention.”
The tree grows until it reaches a Gini index equal to zero (see
https://github.com/lchlyw/SSG_augmentation for the fully-grown trees). Generally, features that are near
the topmost node are better at classifying the BD behavior. As such, positive emotion (happiness) is the
most important factor that predicts the students’ BD behavior. The results show that the students are
more likely to engage in BD when surrounded by an encouraging environment and a positive mood. In
many ways, students might experience happy feelings, and one good example can be observed at the end
of the academic term. With peers’ encouragement/approval, it might be di�cult to resist the temptation
of excessive drinking, which is in agreement with the result of previous research related to enhancement
motive and social-contextual factors49, 50.
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Contrary to the neuroscience perspective, negative emotions, such as stress, are often hypothesized as
indicators of the BD behavior6, 51. According to the rodent alcohol dependency model, the brain releases
the corticotropin-releasing factor signal during a BD session, which governs the desire for alcohol
drinking and anxiety51–53. Such a negative reward-seeking behavior can further increase the negative
emotional state and alcohol consumption.

However, the current study shows that stress is the third most important factor in BD behavior after
happiness and subjective norms. We anticipated two reasons for our observation: (1) First, our survey
period was conducted during the university holiday (June 2020), which was at the start of the summer
semester. Therefore, students do not feel too much academic stress; hence, stress is less signi�cant than
happiness in determining their BD behavior. (2) Rather than a tool to cope with stress, students’ alcohol
drinking occasions are usually related to social activities, which are often motivated by positive
enhancement.

We completed the design-to-device pipeline based on the DT diagram by demonstrating the knowledge
transfer from complex and abstract data into an interactive mobile-app-based chatbot. Figure 4c
illustrates an accessible Telegram chatbot (@DrinkingBehavior_bot) interface built with Dialog�ow.
According to the DT classi�cation diagram, the chatbot design is based on a simple yes/no question–
answer format related to the BD behavior. Because the current study aims to lay the foundation for
building a viable problem-speci�c data augmentation model, a clinical trial is needed before it can be
o�cially used as a professional diagnostic tool for mental health issues.

Limitations of the Current Work. Our study has several limitations. First, because our data were collected
based on a single location in KAIST, it is important to collect data from other universities to validate our
results. Second, although ML considers a black box that can uncover a hidden pattern within the dataset,
it is always di�cult to extrapolate into an unseen region. Therefore, our SSG system can only generate
new data within preset boundaries with statistical characteristics similar to their training dataset. Third, to
increase the Cronbach’s α, we should modify the questions in perceived stress scale assessment,
subjective happiness scale, and perceived control and to capture a wider variance of behavior, more
feature vectors should be included in the data collection process.

Future efforts can be made by administering this system in an actual clinical trial where we can compare
the generated data with that of an actual observation, to validate the accuracy of SSG-generated data.
Based on the proposition that students’ emotional state and social norms play an important role in
motivating students into BD, an intervention design should focus on students’ emotional states and
social norms.

Conclusions
Overall, scarce problem-speci�c data augmentation has been achieved via the judicious application of
the SSG model. This study is divided into three steps: First, we conducted an online survey related to the
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BD behavior of university students. Second, we selected the SVM model to be integrated into the SSG
model because of its high validation accuracy and low computational cost. Third, by integrating FS into
the SSG model to enhance the quality of the augmented dataset, we obtained a low FI variance of ~ 12%
and high validation accuracy (> 0.8). Using the DT algorithm, the augmented dataset exhibited a high
validation AUC (0.90) compared to that (0.76) of the scarce dataset. In addition, this study suggests that
“happiness” is the strongest predictive feature for students’ BD behavior. For a proof of concept, we
further explored translating abstract knowledge into an interactive design-to-device pipeline on a mobile-
apps-based chatbot. The current work allows for realization of data-driven application and remove the
“curse” of data scarcity. Replacing the target input data from binge-drinking with other scarce clinical
data could enable faster and more accurate integration of data-driven technique into their �elds.
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Figures

Figure 1

Schematic diagram of the SSG model. First, we trained a machine learning (ML) to predict the binge-
drinking (BD) behavior on the basis of happiness (H), stress (S), attitude (A), subjective norm (SN),
perceived control (PC), and intention (I). Subsequently, we generated new parameters within the
constraint parameter spaces. Lastly, we employed a �ltering strategy (FS) based on the statistical
characteristic to ensure high-quality data augmentation. This cycle continued until the ~1000 dataset
was achieved.  
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Figure 2

Evaluation of different ML models (NN, XGB, and SVM) based on the coe�cient of determination (R2). (a)
Training accuracy, (b) validation accuracy, and (c) table of performance evaluation of the ML models.
The data was split into 80% for the training set and 20% for the validation set on every iteration. At this
stage, FS is not employed to reduce computational costs.  
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Figure 3

Visualization of the FI ranking before and after SSG operation. The FI of scarce and SSG with FS show a
similar trend: happiness > subjective norm > stress > attitude > intention > perceived control. By contrast,
SSG without FS implementation has a deviated trend: intention > happiness > subjective norm > attitude >
stress > perceived control. The error bar represents the standard deviation from the average value of each
feature.



Page 15/16

Figure 4

Decision tree (DT) analysis on the SSG augmented dataset. (a) Receiver operating characteristic (ROC)
curves for the DT trained on scarce (standard) and SSG with FS. The dotted line and AUC represent the
random guessing threshold and area under the curve. Good DT performance can be evaluated with the
ROC curve above the guessing threshold and high AUC value. (b) Tree diagram of the SSG with the FS-
augmented dataset based on the optimized DT model. (c) Telegram chatbot interface created based on
the DT knowledge extraction of the SSG with the FS-augmented dataset.
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