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The R package psvmSDR: A Unified Algorithm for Sufficient Dimension
Reduction via Principal Machines

Jungmin Shin', Seung Jun Shir

Abstract

Dimension reduction is essential in statistics. Among many others, the sufficient
dimension reduction that seeks a lower-dimensional subspace of predictors that contains
regression/classification information has been popular in machine learning communities. In
this work, we developed a psvmSDR R package that implements what we call the principal
machine that covers a wide variety of SDR estimators stemming from the principal support
vector machine (Li et al, 2011). The psvmSDR package implements the well-known
gradient descent algorithm for the principal machines to efficiently compute the SDR
estimators in various situations. We believe this easy-to-use package becomes an attractive
alternative to the dr package, the only available SDR package in the communities.

Keywords : Gradient Descent Algorithm, Principal Support Vector Machine, Sufficient
Dimension Reduction.

'02841 MEE¥-A] ST YR | W ZA|8t3} WA= S E-mail: @korea.ac.kr
202841 M&EMA] BT okt R 145 ity EA|gy 204 E-mail: sjshin@korea.ac kr
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Group rank for encrypted data’
Hosik Chot'

Abstract

Recently, there has been an increasing demand for privacy-preserving techniques in
numerous machine learning algorithms, elevating it to a critical concern. One promising
solution involves the application of homomorphic encryption (HE). This study focuses on
obtaining statistics based on the ranks of HE-encrypted data as a vital tool for robust data
analysis. However, computing ranks in HE comes with significant computational costs due to
the necessity of comparison operations, and there is currently no efficient method available.
To address this gap, we propose an approximate rank method that exploits pairwise
comparisons of data to derive ranks for encrypted information. This method effectively
measures the association between two-dimensional ranks. Specifically, by utilizing
approximate ranks of two variables, we estimate Spearman rank correlation without relying
on perfect sorting and introduce a technique to reduce the number of required comparisons.
Numerical experiments have been conducted to validate our approach, demonstrating that the
disparity in values between rank correlation and approximate rank correlation is not
substantial. Notably, the processing of one block comprising 32,768 ciphertexts took
approximately one minute, exhibiting observed linear complexity dependent on the number of
blocks.

Keywords : Privacy enhancing technology, homomorphic encryption, rank, quantile,

"Hosik Choi was supported by the Basic Science Research Program through the NRF funded by the
Ministry of Education (2017R1D1A1B05028565).

"Professor, Graduate School, Department of Urban Big Data Convergence, University of Seoul, Seoul, S.
Korea. E-mail: choi.hosik@uos.ac.kr
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Proformer: a Hybrid Macaron Transformer Model Predicts Expression Values
from Promoter Sequences

Il Youp Kwak, Byeong Chan Kinf, Juhyun Lee’, Taein Kang',
Daniel J. Garry, Jianyi Zhang’, Waming Gong

Abstract

The breakthrough high-throughput measurement of the cis-regulatory activity of millions
of randomly generated promoters provides an unprecedented opportunity to systematically
decode the cis-regulatory logic that determines the expression values. We developed an
end-to-end transformer encoder architecture named Proformer to predict the expression values
from DNA sequences. Proformer used a Macaronlike Transformer encoder architecture,
where two half-step feed forward (FFN) layers were placed at the beginning and the end of
each encoder block, and a separable 1D convolution layer was inserted after the frst FFN
layer and in front of the multihead attention layer. The sliding k-mers from one-hot encoded
sequences were mapped onto a continuous embedding, combined with the learned positional
embedding and strand embedding (forward strand vs. reverse complemented strand) as the
sequence input. Moreover, Proformer introduced multiple expression heads with mask flling
to prevent the transformer models from collapsing when training on relatively small amount
of data. We empirically determined that this design had signifcantly better performance than
the conventional design such as using the global pooling layer as the output layer for the
regression task. These analyses support the notion that Proformer provides a novel method
of learning and enhances our understanding of how cis-regulatory sequences determine the
expression values.

Keywords. Transformer, Expression prediction, Sequence model, Deep Learning.
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Studies of generative models for synthetic tabular data

Jong-June Jeor'

AbstractAbstract

The Gaussian assumption has been consistently criticized as a main limitation of the
Variational Autoencoder (VAE) despite its efficiency in computational modeling. In this
paper, we propose a new approach that expands the model capacity (i.e., expressive power
of distributional family) without sacrificing the computational advantages of the VAE
framework. Our VAE model’s decoder is composed of an infinite mixture of asymmetric
Laplace distribution, which possesses general distribution fitting capabilities for continuous
variables. Our model is represented by a special form of a nonparametric M-estimator for
estimating general quantile functions, and we theoretically establish the relevance between
the proposed model and quantile estimation. We apply the proposed model to synthetic data
generation, and particularly, our model demonstrates superiority in easily adjusting the level
of data privacy.

Keywords : Variational Autoencoder, Quantile Estimation, Synthetic Data Generation.
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A Deep Learning Approach for Dimension Reduction on
High-dimensional Data

Youngho Moor', Ying-Seop Le¢

Abstract

High-dimensional data analysis presents a significant challenge in data science due to
its complex statistical properties. In high-dimensional spaces, the curse of dimension poses a
problem, where data points become increasingly sparse and evenly distributed making
Euclidean distance and nearest neighbor methods less effective. Thus, classical statistical
methods are often unsuitable for analyzing high-dimensional data. To address this challenge,
numerous dimension reduction(DR) techniques have been proposed. However, most DR
techniques often fail to show good class separability in the low-dimensional spaces. We
propose DR methods(both supervised and unsupervised autoencoders) to improve class
separability. These methods aim to maximize the variance between different classes while
minimizing the variance within each class. This leads to features that are better separated
and easier to distinguish. Extensive experiments demonstrate that our proposed approach
outperforms state-of-the-art existing DR methods.

Keywords : dimension reduction, manifold learning, feature extraction, autoencoder
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Change Point Test in the Slope of the Linear Trend in Time Series: Using
Adjusted Range for Self-normalization’

Duhyeong Lee', Kyoung Hee Kinf

Abstract

To test for a change-point of a linear trend in a trend stationary process, a
self-normalization (SN) method is used to eliminate the nuisance parameters such as
long-run variance in testing statistics. A well-known SN method in time series data uses the
variance of a partial sum as a self-normalizer (see e.g. Jiang et al., 2023). Assuming that
the error term follows an AR(1) model, the testing power tends to decrease when the
autocorrelation term increases to 1. To handle this problem, we suggest a new SN method
based on the adjusted range of a partial sum. The proposed SN method uses only one
trimming parameter, which provides analytical benefits as well as practical advantages
compared to existing methods that require two trimming parameters. Some asymptotic
properties of our method are presented, and then through Monte Carlo simulation, we
confirm that the power of the suggested testing maintains as autocorrelation approaches 1.

Keywords: Change point, Self-normalization, CUSUM process, Trend-stationary process
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Variable Selection in Semiparametric Models with Categorical Predictors

Yijin Hwang, Jun Song

Abstract

This research addresses the complexities of high-dimensional datasets that integrate both
numerical and categorical variables by developing theories and methods for variable selection
in semiparametric models with categorical predictors. Our methodology employs b-splines to
effectively capture and handle potential nonlinearity between the numerical feature variables
and the response variable. We use adaptive group lasso for variable selection in both the
parametric and nonparametric components. The methodology’s robustness is enhanced by
non-asymptotic error bounds, ensuring its validity in finite sample scenarios. Extensive
simulations and real data analyses demonstrate the efficacy of our approach. This work
provides a robust tool for uncovering intricate relationships in semiparametric models,
enhancing the approach to variable selection in high-dimensional environments.

Keywords : adaptive group lasso, high-dimensional analysis, semiparametric approach,
variable selection
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ECLayr: Fast and Robust Topological Layer based on Differentiable Euler
Characteristic Curve

Hajin Lee', Jisu Kinf, Kwangho Kin?

Abstract

In the realm of Topological Data Analysis, persistent homology has traditionally served
as a primary tool for extracting topological features. However, approaches relying on
persistent homology often encounter challenges due to their high computational costs. To
address this issue, we propose a computationally efficient novel topological layer tailored for
general deep learning architectures, leveraging the Euler Characteristic Curve (ECC). Unlike
methods based on persistent homology, ECC offers computational advantages by
circumventing the need for persistent homology calculation, while still allowing access to
crucial information about the underlying topological structure. The proposed layer can readily
adapt to diverse data modalities by allowing appropriate filtration according to the user’s
preference, enabling its application across various learning problems without data
preprocessing. We show that the proposed layer ensures stable backpropagation, facilitating
its seamless integration into a variety of deep learning models. We go on to present stability
analysis, showing that the proposed layer is robust against noise and outliers. We apply our
method to topological autoencoders, showing that the standard loss function can effectively
regularize topological structures of the latent space. Through classification experiments across
various datasets, we illustrate the benefits of our approach in mitigating information loss
under conditions of data scarcity or data contamination.

Keywords : Topological Data Analysis, Euler Characteristice Curve, Deep Learning,
Differentiability
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Table 6. Ranking of risk areas for non-return of rental deposit in Seoul
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Masked Language Modeling Becomes Conditional Density Estimation for
Tabular Data Synthesis

Seunghwan An', Gyeongdong Woo', Jaesung Lint,
ChangHyun Kini, Sungchul Hong, and Jong-June Jeor

Abstract

In this paper, our goal is to generate synthetic data for heterogeneous (mixed-type)
tabular datasets with high machine learning utility (MLu). Given that the MLu performance
relies on accurately approximating the conditional distributions, we focus on devising a
synthetic data generation method based on conditional distribution estimation. We propose a
novel synthetic data generation method, MaCoDE, by redefining the multi-class classification
task of Masked Language Modeling (MLM) as histogram-based non-parametric conditional
density estimation. Our proposed method enables estimating conditional densities across
arbitrary combinations of target and conditional variables. Furthermore, we demonstrate that
our proposed method bridges the theoretical gap between distributional learning and MLM.
To validate the effectiveness of our proposed model, we conduct synthetic data generation
experiments on 10 real-world datasets. Given the analogy between predicting masked input
tokens in MLM and missing data imputation, we also evaluate the performance of multiple
imputations on incomplete datasets with various missing data mechanisms. Moreover, our
proposed model offers the advantage of enabling adjustments to data privacy levels without
requiring re-training.

Keywords : Masked Language Modeling, Synthetic Data Generation, Tabular Data,
Distributional Learning.
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Computationally Efficient Sparse Sufficient Dimension Reduction via Least
Squares Support Vector Machine and its Extensions

Jungmin Shin', Seung Jun Shir

Abstract

Sufficient dimension reduction (SDR) is a class of supervised dimension reduction
techniques targeting a feature extraction in a regression or classification context without
losing information between the response and the predictors. However, sufficient predictor is
a linear combination of all the original predictors, making it difficult to interpret the
resulting estimates. Meanwhile, the sparse SDR has been introduced to enhance the
interpretability of the central subspace, but it is often computationally intensive. To address
these drawbacks, in this paper, we a propose computationally efficient sparse SDR method
based on least square support vector machines (LSSVM), and we extend it under the
principal logistic regression framework. The proposed method can be easily implemented by
applying the group coordinate descent (GCD) algorithm and enjoys the oracle property in
the variable selection context. Extensive simulation studies and real data analysis are carried
out to illustrate the promising performance of the proposed method in terms of estimation
accuracy and computational efficiency compared to existing method in both regression and
classification.

Keywords : sufficient dimension reduction, group coordinate descent, non-convex
penalty, convex optimization.
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An Adaptive Importance Sampling for Locally Stable Point Processes
Hee-Geon Kang', Sunggon Kinf

Abstract

Summary: The problem of finding the expected value of a statistic of a locally stable
point process in a bounded region is addressed. We propose an adaptive importance
sampling for solving the problem. In our proposal, we restrict the importance point process
to the family of homogeneous Poisson point processes, which enables us to generate quickly
independent samples of the importance point process. The optimal intensity of the
importance point process is found by applying the cross-entropy minimization method. In the
proposed scheme, the expected value of the function and the optimal intensity are iteratively
estimated in an adaptive manner. We show that the proposed estimator converges to the
target value almost surely, and prove the asymptotic normality of it. We explain how to
apply the proposed scheme to the estimation of the intensity of a stationary pairwise
interaction point process. The performance of the proposed scheme is compared numerically
with the Markov chain Monte Carlo simulation and the perfect sampling.

Keywords: locally stable point process, pairwise interaction point process, Monte Carlo
method, adaptive importance sampling, cross entropy minimization.
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ADMM for Broken Adaptive Ridge Penalized Quantile Regression

Minji Sung', Seohyeon Par¥, Sangbum Chor

Abstract

Sparse penalized quantile regression, while widely adopted for variable selection and
robust estimation, often fails to account for group structure among highly correlated
variables. To address this limitation, we introduce the L -based broken adaptive ridge (BAR)
framework within quantile regression, which iteratively applies reweighted L,-penalization.
This approach approximates the advantages of L -penalization while avoiding its
computational challenges, such as being NP-hard and not scalable. The BAR penalty
enhances sparsity and identifies grouping information, resulting in a more stable and accurate
model compared to L,-type methods like LASSO. The optimization challenge posed by the
nonsmoothness of the check loss function in quantile regression is addressed using the
alternating direction method of multipliers (ADMM) for efficient convergence. Simulation
studies demonstrate that BAR-ADMM performs better or on par with existing methods in
terms of variable selection accuracy, parameter estimation, and the grouping effect.
Additionally, its application to real data confirms the practical utility of our method.

Keywords : ADMM, Quantile Regression, Broken Adaptive Ridge, Grouping Effect,
Penalized Feature Selection.
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Spatiotemporal Forecasting in Image Data via
Convolutional LSTM Networks

Sung Jae Kint, Yongbok Cho’

Abstract

Harmful algal blooms (HABs) have emerged as a growing global concern, with South
Korea being no exception. The National Institute of Environmental Research has been
diligently monitoring and documenting concentrations of HABs at 939 specific locations,
although this coverage does not encompass the entirety of the country. Spanning from 2006
to 2024, the collected data includes spatial information denoted by X and Y coordinates. To
address areas lacking direct measurements, the technique of universal kriging is employed to
interpolate  HABs concentrations. Leveraging the capabilities of QGIS, a geographic
information system software, a series of images depicting the interpolated HABs data were
generated. These 217 images were then utilized in the ConvLSTM, a convolutional LSTM
network, to forecast future occurrences of HABs owing to its ability to capture
spatiotemporal dynamics. The ConvLSTM model effectively predicts patterns of HABs
utilizing these images, thereby showcasing its potential for application in satellite and video

image predictions within similar contexts.

Keywords : Universal Kriging, Spatiotemporal, ConvLSTM, QGIS.
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Eye movement data for Mild Cognitive Impairment diagnosis using
functional data analysis™

Hakjun Kinl, Geunbum Leé’, Boncho Kif, Joongil Kini', Jaeuk Kin?, Sangin Lec®

Abstract

Mild Cognitive Impairment(MCI) is an intermediate stage between normal cognitive
decline due to aging and Alzheimer’s disease(AD). Researchers are exploring various
cost-effective methods to diagnose MCI promptly and prevent its progression to AD. In this
study, we investigate the association between eye movement changes and cognitive
impairment. Eye movement data were obtained during an anti-saccade experiment, where
participants performed either pro-saccades (automatically looking at peripheral stimuli) or
anti-saccades (voluntarily inhibiting automatic responses). Our study proposes a novel
approach to MCI diagnosis using functional data analysis (FDA) based on pupil dynamics.

Keywords : Alzheimer’s Disease, Mild Cognitive Impairment, Eye movement changes,
Functional Data Analysis, Anti-saccade.
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Privacy-Preserving Mortality Predictive Model
through Homomorphic Encryption-Enhanced Federated Learning

Garam Lee', Suyeong Park, Sang-Wook Lec’, Jungyo Sulf, Sulgi Kinl

Abstract

In the realm of medical research, leveraging large datasets for big data analysis has
become increasingly prevalent. However, integrating data from multiple healthcare institutions
poses significant challenges due to concerns regarding patient privacy and data security. The
application of Privacy Enhancing Technologies (PETs), such as Federated Learning (FL) and
Homomorphic Encryption (HE), has been identified as an effective solution to these
challenges, allowing for the secure analysis of sensitive medical data across institutions. This
study explores the integration of FL and HE to address the gradient leakage issue of FL in
predicting postoperative mortality from multi-institutional data, comprising 425,160
non-cardiac surgery patients across three medical institutions. Employing logistic regression
as our predictive model, we compared the performance of models trained on vanilla FL
against models trained on datasets using HE-based FL. Our findings indicate that the
incorporation of HE into FL. does not compromise predictive performance, as evidenced by
similar AUROC metrics between standard FL. and FL enhanced with HE. Furthermore, our
analysis revealed that HE could be implemented without significant overhead in terms of
encrypted data size and computational efficiency. This research underscores the viability of
homomorphic encryption as a solution to enhance the security of FL enabling the
collaborative use of multi-institutional medical data for improved predictive analytics.

Keywords. Homomorphic  Encryption, Federated Learning, Gradient Leakage,
Privacy-Enhancing Technology (PET), Multi-institutional Data.
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Factors affecting the adoption of adaptation measures to climate change.
A case study in Huong Phong commune, Huong Tra town,
Thua Thien Hue province, Vietnam

Thanh Hoa Bui, Keunjac Leé

Abstract

In recent decades, changes in climate have caused impacts on natural and human
systems on all continents and across the oceans. Vietnam generally and the coastal area in
Thua Thien Hue province particularly is vulnerable to climate change and some extreme
climate events. Adaptation is considered as one of the best long-term strategies to a
community to better face with local extreme conditions and associated climate change. This
study used Logistic regression model to determine factors influencing farmers’ decisions to
adopt climate change adaptation measures. The results indicated that that age, years of
schooling, years of farming experience of the household head, household size, ratio of
number of farm labors to number of consumers, farmer’s access to extension services and
adaptation measures, and the place where farmer lives factors significantly influence adoption
decisions. From the results, some recommendations were derived to help farmers in the
coastal area of Thua Thien Hue province adapt to climate change.

Keywords : climate change adaptation, extreme climate events, Logistic regression,
perception, Thua Thien Hue province.
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Select priority tourist sites in Vietnam’s coastal tourist areas that satisfy
green criteria: A research using Fuzzy AHP and Fuzzy TOPSIS

Neuyen Tuan Daf, Keunjae Le¢

Abstract

Vietnam’s breathtaking coastline is a major tourist attraction, boasting pristine beaches,
diverse ecosystems, and rich cultural heritage. However, this sector also faces the challenge
of balancing economic growth with environmental protection. The concept of a green
economy offers a solution by promoting sustainable tourism practices that minimize
environmental impact while fostering social equity and economic benefits. This study
proposes a framework for prioritizing tourist attractions along Vietham’s coast based on
green economy principles. This framework utilizes two multicriteria decision-making
(MCDM) techniques: Fuzzy Analytic Hierarchy Process (AHP) and Fuzzy Technique for
Order of Preference by Similarity to Ideal Solution (TOPSIS). By prioritizing tourist
attractions that align with green economic principles, we can ensure the long-term
sustainability of its coastal tourism industry while preserving its unique natural environment
and rich cultural heritage.

Keyword. green economy; fuzzy AHP; fuzzy TOPSIS; coastal areas; Vietnam.
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A Consumption-Based Identification of Global Economic Uncertainty

Hwagyun Kinl, Eunhee Leé’, Joon Y. Park

Abstract

This paper identifies a global uncertainty factor by estimating an international asset
pricing model featuring macroeconomic uncertainty with long-run risk factors. The global
factor captures the time-varying fluctuations of common stochastic volatilities of consumption
and dividend growths for countries, and reflects uncertainty in that it generates the highest
volatility of volatility in transition period. The model quantitatively explains key asset
pricing moments, and the estimated factor sharply increases during major international
adverse events. Shocks to our global economic uncertainty factor significantly account for
the likelihood of key economic and financial events, and outperforms existing measures of
economic and financial uncertainties.

Keywords. Global Macroeconomic Uncertainty, Long-Run Uncertainty, Stochastic
Volatility, Volatility of Volatility, Bayesian Method, Generalized Method of Moments.
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Application of the Gaussian mixture model - hidden Markov model for

financial time series
Seokju Ki, Yongjin Cho’, Hee-Young Kint

Abstract

The state s[ace model has become a powerful tool for time series modeling and
forecasting. Such models, in conjunction with the Kalman filter, have been used in a wide
range of applications. Hidden Markov models (HMMSs) keeps the hierarchical structure of the
Gaussian linear state space, but removes the limitations of linearity and Gaussianity. HMMs
is a discrete time process {(X,, Y;),tEN}, where {X,, t€N} is a Markov chain and,
conditional on {X,, t€N},{Y, tEN} is a sequence of independent random variables s.t.
the conditional distribution of Y, only depends on X,. There have been numerous models
based on HMMs, including stochastic volatility models. Most recently, Gopinathan et al.
(2024) propose new model, GMM-HMM, and the unique characteristic of this method is the
modelling of hidden states of HMMs as Gaussian mixture model. In this article, to forecast
the next day’s closing price for a given day, Samsung Electronics and SK Hynix, we most
adopt the method of Gopinathan et al. (2024), and compare GMM-HMM to ARIMA models.

Keywords : Hidden Markov model; Gaussian mixture model; time series.
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Revisit Forward Rate Unbiasedness Hypothesis:
Smooth Time-Varying Parameter Approach

Xiaoyu Kang', Sung Y, Park

Abstract

In order to examine the forward rate unbiasedness hypothesis (FRUH), this paper
develops the cointegration and difference regression models to analyze the relationship
between spot and forward exchange rates. Specifically, we consider sixteen foreign exchange
markets of advanced and emerging countries. Many previous studies analyze a fixed
relationship between these two rates to test FRUH. However, this assumption is quite strong
since there are many factors such as macroeconomic shocks that can change the fixed
relationship over the time horizon. Consequently, we propose a time-varying cointegrating
regression model in which the functional parameters are specified by a well-known
orthonormal series. It is also well-known that exchange rate returns exhibit volatility
clustering effects. To address this, we consider a generalized autoregressive conditional
heteroscedasticity (GARCH) type specification in the proposed model. The results
demonstrate that the relationships are indeed time-varying, and that the FRUH is maintained
over specific periods. Moreover, the results differ between countries. Our research findings
also have implications for policy makers.

Keywords : Spot and Forward Exchange Rate; Forward Rate Unbiasedness Hypothesis;
Time-varying Cointegraion Regression; GARCH-type Errors.
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Dynamic dependence and risk spillover between
oil price shocks and nonferrous metals.

Meiling Jin' Sung Y, Park

Abstract

This study examines the dynamic interdependencies and risk propagation between six
base metals and four categories of oil shocks using the CoVaR methodology. Our findings
suggest that the interrelationship between base metals and oil shocks is subject to
fluctuations and changes across different shocks. Aluminum and copper demonstrate both
positive and asymmetric upper tail dependence on economic activity shocks, while zinc and
lead exhibit upper and lower tail independence. In the majority of cases, oil demand shocks
indicate the absence of positive lower tail dependence or tail dependence in metals. There
exist both positive and negative dependencies on oil inventory demand. This study also
emphasizes the heterogeneity of the impact of oil shocks on non-ferrous metal futures prices,
as it does not solely depend on oil prices like previous research. It reveals that there is
asymmetric risk transmission in extreme market conditions, while there is no extreme tail
dependence for some shocks. Consequently, the findings of this research provide additional
information for those working in the non-ferrous metal industry, financial authorities, and
commodity investors.
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Cryptocurrency Price Forecasting using Variational AutoEncoder with
Versatile Quantile Modeling

Sungchul Hong', Seunghwan A, and Jong-June Jeor

Abstract

In recent years, there has been a growing interest in probabilistic forecasting methods
that offer more comprehensive insights by considering prediction uncertainties rather than
point estimates. This paper introduces a novel variational autoencoder learning framework for
multivariate distributional forecasting. Our approach employs distributional learning to
directly estimate the cumulative distribution function of future time series conditional
distributions using the continuous ranked probability score. By incorporating a temporal
structure within the latent space and utilizing versatile quantile models, such as the
generalized lambda distribution, we enable distributional forecasting by generating synthetic
time series data for future time points. To assess the effectiveness of our method, we
conduct experiments using a multivariate dataset of real cryptocurrency prices, demonstrating
its superiority in forecasting high-volatility scenarios.

Keywords : Cryptocurrency Forecasting, Time Series Forecasting, Variational
AutoEncoder, Distributional Learning.
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Deep fake detection system for ADD 2023 challenge

Soyul Han', Taein Kang’, Sunmook Chof’, Jaejin Sed’, Sanghyeok Chung’,
Sumi Leé, Seungsang OH' and II-Youp Kwak

Abstract

The paper presents the participation of the CAU_KU team in the ADD 2023
Challenge, specifically in track 1.2 (audio fake game - detection track) and track 3
(deepfake algorithm recognition track). Various deep learning models were explored using
features from the pretrained wav2vec2 network, as well as CQT, mel-spectrogram, etc. We
modified the representation extraction component of the AASIST model to incorporate 2D
spectrograms (wav2vec2 or CQT) and attempted different deep learning models, with model
ensembling employed to create the final model. For track 1.2, our submitted ensemble model
for round 1 utilized the CQT-LCNN and CQT-AASIST models. For round 2, our model
used the CQT-LCNN, CQT-AASIST, and W2V2-GMM models. For track 3, we ensembled
the CQT-LCNN, CQT-OFD and AASIST models. Additionally, we applied the openmax
algorithm to detect unknown deepfake attacks. Our best submission achieved 23.44% and
21.26% on round 1 and 2 of track 1.2, respectively, and ranked 3rd in track 1.2.

Keywords. audio deep synthesis, audio deepfake detection, deep learning, deepfake
algorithm recognition.
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SAHOE o]Folxz 74 8Fo] QItK(Wang, Liu, Fan, 2023). W&o, A= A7 FQ3 =719
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2.1. TVP-VAR(Time-Varying Parameter Vector Autoregression)

Pesaran, Shin(1998)°l4] #|A]%¥ Generalized impulse response functions(GIRF)9} Generalized Forecast

Frroer Variance Decomposition(GFEVD)-S ©]-&-3} Diebold, Yilmaz(2014)9] HEHZ AZA &S

B3l 28 AAE dHeole JWEYa BA4S JleA stk SHAT Antonakakis, Chatziantoniou,
=

Gabauer(2020)¢] ©]3}%, Diebold, Yilmaz(2014)9] FE14 4] HOM—. < rolling-window 4] 0.2, &g
wo] 2ol window Z7]Z Qo oh °1°ﬂ e BEA o] EAEE BES AT
otk AFarch HalA ol s wgett FAEdon, TVP-VARS A 83to] &g

90e ugd & e nav

pul T
TVP-VAR %2 Koop, Korobilis(2014)o 4] A|A|E W20 2 stochastic volatility ZH7+ L E{ 9]
ofaf) Algek E4ke] uAHA 2 W Eo|th TVP-VAR &2 th3 2t
Y,=5Y,_,+te €t|thl ~ N(O,St)
By =PB—1 vlF,_ ~ N0, R,)
Vo Nx1 275 W54 WH, v,_ & Npx1 lageed 2% AE, g, Nx Np AHE A5
g8, ¢, & Nx1 27 disturbance WE], S Nx N AlHE FakgiAil ddoln) g = 6,9 <

E(depend)3tal Nx Np &2k FHI} Npx Np AR EA dES 7RI
A AL Wold representation theorem=  ©]-83}] VARS  Vector Moving Average(VMA)
representation © 2 313} U},
Y, =Ag, Ay =814, et B A,
B, = [Bl,t’ Bz,t""’Bpt]/O]-ﬂ A= [Al,t’AZ R A ] B gEgol,
GIRF= i WA W 40 mE t& —’F ©J J% 2 FdEth ARES 7324 2Eo] ¢l
7]°ll, J-step-ahead forecast {F¢] difference5-S -3t T}, difference T2 2T}

G[Rt (Ja 6]',7‘,7 F;,l) =
AJ,tStej‘t 5]:7:

v =
S VS

J= forecast horizon, 8, j¥1# selection B, F, & (—17]7FA9] AK Hgto|th

E( Yf,+J|€j,t =01 F )= E(Y, \F, )

0

o = VS
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J-1
~ z;wii',t N N
¢i/l1‘(J) T N1 > E¢L,t(t]) =1, Z ¢,/f(‘]) =N

3. AZEAN A3}

el oyA] 9] F2E areste] 578 oluA AdE 7HA(Newcastle FOB, WTI, Dubai, JCC,
JKM futures)#t, 177§ KRX G&H F7HA49 Atk 57 A= 7]7H2019-04-22~2022-04-26) ] Bl o] Hf
2 AL8E YEYT 944 RS Ass).

RA A%, ARA BEe A4, 71auA, BerailA, oUASE, T, AR, 9, 27
TEOR F o) FEeln, 7 2 Spillover HEARE A7 & A AFolth FEA} HE
8 E 2, uheA), fEelE, WL Frkol, KM, JCC, gk
2 F 13/ Helm, /b 2 F84E KM AEelth

>

[ rlo
M
[0 offt

Table 1. First Connectedness result Table :
) 2=
Coal Dubai JCC JKM WTI A%x <3 744 gf lH f;jf;ﬁ qg;
Coal 7583 317 071 0.95 1.86 0.88 0.84 0.92 0.62 0.99 1.32
Dubai 3 6371 075 095 17.05 0.77 0.72 0.9 0.6 0.65 1.13
JCC 1.15 027 812 047 0.44 1.28 1.09 0.85 1.27 1.5 0.98
JKM 1.49 1.13 047 7375 1.31 1.44 1.21 1.53 1.23 1.15 1.26
WTI 1.22 166 026 093 6141 0.92 1.04 1.49 1.01 0.98 1.65
AE A 0.39 0.3 0.4 0.45 0.76 20.68 4.65 5.59 6.9 4.89 5.24
=3 0.31 032 025 032 0.96 4.34 1944 539 5.92 441 4.33

pakc! 0.4 0.25 0.2 0.35 0.79 441 4.35 16.07 5.88 4.09 7.49
737
ZoH] 7] 02 014 033 0.25 0.76 5.19 4.77 5.73 15.14 7.64 4.8
) 2=
=T
Zon) 0.47 024 042 034 0.7 4.61 4.3 4.86 9.73 18.95 4.19
ER

58t 0.36 039 034 033 1.08 421 3.62 7.83 5.04 3.56 16.93

g 0.73 041 029 039 0.76 3.58 275 5.46 6.7 5.14 5.14
1 0.72 058 024 038 1.23 4.47 9.95 4.65 5.21 4.57 3.82
IT 0.36 0.3 029 042 0.7 4.55 3.38 5.24 6.09 4.13 7.59

71 A7) 0.3 046 028 027 0.99 4.1 3.94 9.43 5.15 3.79 9.55
A 0.57 024 038 0.3 0.65 39 3.47 4.27 7.33 5.61 5.06
&4 0.39 036 031 041 0.93 4.04 5.29 54 6.9 5.57 4.66

=4 025 028 025 03 074 4.8 76 613 6.65 471 5.34
MR 034 034 028 045 064 391 299 478 6.31 422 5.61
A% 036 034 017 04 079 464 51 842 543 452 7.4
> 033 031 035 032 086 484 48 624 704 5.38 521
+EdE 051 038 021 05 1.02 32 438 636 5.1 4.38 4.76
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Table 2. Second Connectedness result Table :

. RBY I 7ARHE dH B4 Sd wkeAd ER &% frEdE

Coal 1.52 1.15 1 0.96 1.19 1.05 0.63 0.96 1.17 1 1.29

Dubai 0.62 0.93 0.89 1.14 0.64 1.16 0.85 0.59 0.95 1.03 0.99

JCC 0.75 0.9 0.76 1.08 0.83 0.81 1.3 0.75 0.74 0.82 0.77

JKM 1.3 1.15 1.38 1.11 1.13 1.49 1.38 1.11 1.47 1.16 1.36
WTI 1.07 1.13 1.06 1.45 0.8 1.29 1.09 0.86 1.21 0.96 1.56
A& A 332 3.76 5.94 4.86 3.88 4.19 6.17 4.36 5.41 52 2.64
=3 2.33 7.94 3.98 4.65 3.36 5.18 9.44 3.01 5.77 4.85 35
a4 3.82 321 5.1 8.88 321 4.39 6.05 4.01 7.65 5.21 4.2
i%:ﬂlﬂzﬁ 4.63 3.47 5.83 4.8 5.35 5.28 6.5 525 4.93 5.74 326

7 2~
2T
o0 7) 441 353 4.87 421 5.08 5.31 5.67 429 4.94 5.51 3.35

A
ot . . 778 932 38 391 538 481 721 447 328

s 2224 175 6.7 4.62 6.51 4.36 5.08 6.51 371 4.66 251

1y 171 2621 266 3.58 165 491 781 1.94 537 401 433
IT 473 183 1566 5.38 611 429 576 1174 47 413 2.6

ZIAY 336 264 57 17.14 327 387 559 3.88 76 481 3.86
g 6 1.54 8 4.13 2102 508 581 6.5 348 431 2.36
il 385 407 505 4.54 478 2039 6.03 4.4 4.4 4.59 3.64
=4 36 498  5.64 5.48 445 483 1543 462 574 501 3.16
L= 5.43 1.6 1396 431 592 431 544 1861 391 409 2.56
a7 2.77 3.8 5.05 7.65 284 389 631 367 1774 42 3.99
+% 398 325 493 5.47 388 439 601 422 52 1911 3.88
FEZE 274 42 3.83 5.53 284 452 485 3.1 5.5 5.04 27.03
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Connectedness Analysis of Major Energy Futures and KRX Sector Indices

Jihoon Limt, Sung Y. Park

Abstract

From the outbreak of Covid 19, the importance of the energy security is one of the
emerging topics under condition of the increasing international uncertainty following the
accidents like Russia-Ukraine war and Israel-Hamas war. Countries should monitor the
energy channel to keep their industrial ecosystem work without malfunction under the
extreme international uncertainty these days. But, most of the researches focus on the effect
of energy price shock on the industry sectors, and the research containing the bi-directional
analysis hasn’t done enough. Since the price of energy and industry condition interact each
other, the bi-directional analysis would be more appropriate to examine them. So, Adopting
the Antonakakis, Chatziantoniou and Gabauer’s methodology of connectedness network
framework which is refined by using TVP-VAR, I conducted the connectedness analysis of
the network of oil, coal and natural gas futures and KRX sector indices to reveal the
bi-directional connectedness of spillover. The static network analysis result revealed that the
energy futures are receiver of the spillover in the network, and there is an heterogeneity
among the KRX sector indices.

Keywords. Network Connectedness, Spillover effect, TVP-VAR, Variance decomposition.
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Aging study on the Triple-GEM GE2/1 M2 detector
A5, AR, AP, o] FE, &P, AT, A

Abstract

We are conducting a study on the aging of Triple-GEM detectors. This experiment
aims to evaluate the influence of the ionization ability of particles on the lifespan of gas
detectors, and we have set up an experimental environment for aging phenomena in the
laboratory. The experimental environment involves injecting gas at a ratio of Ar/CO2 (70:30)
and simultaneously projecting 10 laser devices with voltage and current of 40kV/100uA
under operating conditions to assess the presence of aging phenomena in the detector. The
detector used in the experiment is the GE2/1 M2 chamber of the GEM detector. We started
the aging experiment in mid-February and plan to experiment for up to one year to
determine whether aging phenomena occur and to assess the performance of the detector.
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A Case Study of Statistical Analysis on
Autonomous Vehicles Accidents Data*

Ki-Yeong Sinl, In-Gyu Leé, Jung-A Yang, Kyupil Yeor'

Abstract

With the advent of the smart era, the technology of autonomous vehicles (AV)
continues to evolve. As autonomous vehicles are commercialized, they are expected to grow
as a core technology field of the 4th industrial revolution, leading to major changes that
bring new experiences to users. However, as the technology advances, the risk of
autonomous vehicle accidents is inevitable. Accidents of autonomous vehicles cannot be
judged as the fault of the autonomous vehicle, and traffic accidents or fatalities may occur
due to unexpected circumstances or inadequate response of the technology. Therefore, this
study aims to investigate the effects of accident type and environment on the extent of
vehicle damage in autonomous vehicles accidents through mixed effect logistic regression.
The data was collected using the Autonomous Vehicles Collision Report provided by the
California DMV (Department of Motor Vehicle). As a result of the analysis, we found that
autonomous driving mode tends to mitigate the damage of AV in accidents while some
factors related on the accident environments such as the darker lighting condition,
vehicle-to-vehicle accident, whether there were any injuries, and whether the AV has caused
the accident, tends to increase the damage of a AV. We expect this study can help to better
understand the causes of AV accidents and provide a guide to the development of
autonomous vehicle technology.

Keywords. autonomous vehicles, autonomous vehicle accident, autonomous vehicle

damage, California DMV, mixed effects logistic regression model.
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A Comprehensive Analysis of Multi-hop Question Answering Datasets:
Insights and Implications

Hyunseo Shin', Wonseok Hwang

Abstract

Multi-hop Question Answering (QA) is an important capability for a machine to
understand natural language.. It requires aggregation of information from multiple documents
to answer a given question. Despite significant advances in many qa datasets, multi-hop QA
datasets still remain an area of difficulty and challenge. This paper evaluates the structure,
characteristics, and methodology of well-known datasets, and provides analysis and resulting
insights on the multi-hop QA dataset. We conducted a specific and in-depth statistical
analysis to identify the common characteristics and limitations present in this dataset.
Additionally, we evaluate the performance of retrievers on these datasets to analyze the
future direction for the development of multi-hop QA datasets. Our findings highlight the
limitations and boundaries of currently existing multi-hop QA datasets and contribute to the
development of more efficient natural language processing QA systems. Ultimately, our work
analyzes the impact of the difference in performance of retrievers and the quality of the
dataset in multi-hop QA. We hope that these analyses will lead to better future research in
QA systems..

Keywords. Multi-hop Question Answering, Natural Language Processing, Dataset
Analysis, QA Models.
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Association between Oxidative Balance Score and Health-related Quality of
Life Instrument with 8 Items (HINT-8) in Adults Based on Data from the
2021 Korea National Health and Nutrition Examination Survey (KNHNES)"

Subin Seong', Jinheum Kinf

Abstract

The EQ-5D-3L is the most widely used health-related quality of life (HRQoL)
instrument. However, there are only a total of 243 health conditions that can be expressed
with the EQ-5D-3L, and in general population studies, the proportion of people responding to
all questionnaires with ‘no problems’ is very high. Accordingly, in this presentation, instead of
the EQ-5D-3L as an HRQoL instrument, we intend to employ the HINT-8 developed by Cho
et al. (2014). In comparison to the EQ-5D-3L, the HINT-8 is reported to have a lower
so-called ceiling effect, as it can express a total of 65,536 health conditions. This presentation
aims to introduce the logistic quantile regression model, which was presented by Bottai et al.
(2010), in order to investigate the impact of the oxidative balance score (OBS) on the
HINT-8. A metric that takes the HINT-8 quality weight into account is the HINT-8 index,
which was developed by Cho et al. (2017). As a representative value, the median is better
than the mean because the index’s distribution skews to the left. A logistic transformation
model was taken into consideration because it has a value in the interval [0.132, 1]. Among
the 7,090 subjects collected in the 2021 KNHNES, those with missing analysis variables were
excluded, the remaining 4,382 were defined as research subjects. OBS was defined using
dietary and lifestyle variables; the dietary variables included 9 antioxidant and 3 prooxidant
variables, and the lifestyle variables included 1 antioxidant and 2 prooxidant variables. A
significant effect of OBS on HRQoL was found when OBS alone was taken into account
(p-value = 0.0121). Furthermore, a statistically significant effect of OBS on HRQoL was
observed even after controlling for socio-demographic factors (p-value = 0.0057), and this
effect remained even after controlling for sleep and factors associated to disease. (p-value =
0.0063). It turned out that the p-value decreased with a decreasing quantile value. Finally,
regardless of the three models, the odds for the median of the HINT-8 index increased by
nearly 1.02 times when OBS increased by 1 point.

Keywords : Bounded outcome, HINT-8 index, Logistic transformation, Quantile.
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Analysis of the Risk Factors towards Metabolic Syndrome for Korean Adults
over 40 Years Old using Long-term Follow-up Cohort Data”

Myung Jun Kint, Jinheum Kinf

Abstract

In this presentation, we aim to investigate factors affecting the prevalence of metabolic
syndrome (MetS) in middle-aged and older adults using a community(Anseong and
Ansan)-based cohort collected from the Korean Genome Epidemiology Survey (KoGES).
Data were collected through follow-up surveys every two years from 2001 to 2018 and this
study uses only the data up to the eigth follow-up survey. Kim & Yang (2023) proposed a
Cox proportional hazards model with the time until MetS first occurrence as the outcome
variable. However, because the presence or absence of MetS may change at each follow-up,
this presentation conducted an analysis considering the entire follow-up period. One of them
is a logistic regression model with the occurrence of MetS as the outcome variable, and the
other is a Poisson regression model with the number of occurrences as the outcome variable.
In addition, since some risk factors change over time, a logistic regression model was
applied to analyze the prevalence of MetS from the baseline survey to the 8th follow-up
survey. The odds of developing MetS were found to be higher in the Anseong cohort than
in the Ansan cohort (e0.62=1.86), in women than in men (e0.43=1.54), in those without a
spouse (€0.19=1.21), and in those without a family history of hypertension or diabetes
(€0.48=1.61 or e0.31=1.36), respectively. The results regarding the rate of MetS occurrences
showed similar characteristics to those on the prevalence of MetS occurrences, and the
higher the education level (p-value<0.001), the longer the sleep time (p-value<0.001), and
the lower the subjective health status (e0.09=1.10), the higher the rate of MetS occurrences.
The analysis results for each follow-up survey and the integrated analysis results for the
entire follow-up survey were analogous. However, the odds of developing Mets were higher
in people with poor subjective health than in people with good subjective health, but the
former was statistically significant (p-value<0.001) and the Ilatter was not significant
(p-value=0.202).

Keywords : Longitudinal outcome, Metabolic syndrome, Prevalence, Zero-inflated event.
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Table 1. DataFrame shape

rank  song artist like release_date  genre week previous_rank season
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Table 2. DataFrame of the song ‘Attention’

rank song artist week week_diff rank_diff slope week_bin
0 7 Attention NewlJeans 1 1.0 20 20 (0.939, 1.984]
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Table 3. df_slope_avg shape
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A New Large-Scale Knowledge Graph for Link Prediction in Chemicals

. . . *
inducing Diseases

Gyeongdong Woo', Soyoung Cho', Wonhyung Shir?, Kione Kinf,
Donghyeon Kint, Jinhee Chot', Jong-June Jeor’

Abstract

As societal concerns about environmental and health issues increase, studying and
understanding the impact of chemicals on the human body is becoming increasingly
important. With continuous research on the interactions between chemical compounds, genes,
and diseases and the accumulation of these research results in publicly accessible databases,
we are presented with new opportunities to understand and utilize these findings
integratively. A representative success case is the exploration of drug development and
therapeutic strategies using biological knowledge graphs and artificial intelligence. To extend
this to the field of chemical toxicity prediction, we aim to construct a large-scale knowledge
graph processed from the existing Comparative Toxicogenomics Database (CTD), termed the
Comparative Toxicogenomics Database Knowledge Graph (CTDKG). Using this graph, we
present baseline experimental results for link prediction tasks and provide negative samples
for validation/test data to ensure reproducibility of experiments. Through this data, we
anticipate promoting the development of artificial intelligence that can more accurately infer
the potential hazards of chemicals according to the Adverse Outcome Pathway.

keywords : Knowledge graph, Link prediction, Comparative Toxicogenomics Database.
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Direct Optimization Approach for Query Performance Prediction

Jae-Hwan Jung', Jong-June Jeor

Abstract

Query Performance Prediction (QPP) predicts the quality of queries in Information
Retrieval (IR) systems without relying on human-judged relevance. The advent of large
language models (LLMs) like BERT has significantly impacted QPP, resulting in the
development of supervised QPP models that have achieved high performance. QPP models
are typically evaluated using rank correlation measures, such as Kendall’s tau or Spearman’s
rho, to compare actual and predicted query performance. These rank correlation measures are
non-differentiable, posing challenges for direct optimization. Consequently, existing supervised
QPP approaches often resort to using mean square error or cross-entropy as objective
functions. In this study, we propose a novel direct optimization method that approximates
the rank correlation evaluation measure with a differentiable function, allowing it to be
utilized as an objective function. This approach aims to enhance the alignment between the
QPP model’s training objective and its evaluation measure, thereby improving the prediction
accuracy of queries in the context of IR systems.

Keywords : Query Performance Prediction, Direct Optimization, Rank Correlation.
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Clustering sleep patterns and exploring their correlation with hs-CRP Levels’
Hyeonjeong Lint, Hecjin Kinf, Eunjee Lee’, Boram Yang'

Abstract

As maintaining a healthy life necessitates sufficient sleep, as numerous studies have
illuminated the connection between sleep patterns and inflammation levels. High-sensitivity
C-reactive Protein (hs-CRP) serves as a prominent inflammatory marker. Individuals with
higher hs-CRP levels are likely to belong to a high-risk group for cardiovascular. In this
study, we investigate the association between sleep patterns and high risk group by using
the Korea National Health and Nutrition Examination Survey data. We utilize latent class
analysis (LCA) to detect sleep patterns, offering clinicians easily interpretable and applicable
clustering results. Three sleep patterns were identified : Balanced Sleeper(little difference in
sleep time and bedtime between weekends and weekdays while keeping the recommended
sleep time), Poor Sleeper(Sleep less than the recommended and big difference between
weekend and weekday sleep time and bedtime), Moderate Sleeper(sleep as much as the
recommended sleep time and the difference between bedtime on weekends and weekdays is
relatively large). We conducted logistic regression analysis to explored the effects of the
three sleep patterns on being in a high-risk group for cardiovascular. Results indicate that
the increase in sleep time and bedtime of weekday compared to weekend is significantly
related to higher odds.

Keywords. Latent Class Analysis, logistic regression.
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AT A, EuEE o (AW 54 Apelo] #4 A, &9 e fuleA_E
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7h wokal, AT 48.6% % F 1E3F AFolE YERITHx2=129.04, p<.001). I WFFFES %
£ olsbrt FuhEFETol 553%= 7MY =i, ANT 284%Z T OF3IF ZolE HY
2=217.16, p<.001)(Table 1).

Table 1. Comparison of general characteristics between groups with normal, osteoporosis

Normal  Osteoporosis

Variables Categories X2 p
n(%) n(%)
Marital status With a spouse_ 2745(72.7)  511(56.7)
Cohabitation
With a spouse,
Sepmgon - 52(1.1) 14(1.9) 9735 < .00
bereavement 917(19.3) 348(34.4)
divorce 298(6.8) 62(7.0)
Age(year) 50~59 1488(44.5)  96(13.2)
60~69 1304(29.3) 327(36.0) 314.41 < .001
>70 1286(26.2)  519(50.7)
Household income Low 1169(24.0) 430(39.9)
(4th quartile) Medium 1922(48.6) 415(48.2) 129.04 < .001
Top 954(27.4)  95(11.9)
Education level Elementary graduates and younger 1257(28.4)  562(55.3)
Mi.ddle school graduates 554(14.1) 157(17.9) 27116 < 00l
High School Graduates 1157(35.8) 146(17.8)
College graduate or above 687(21.6) 67(9.0)

*Rao-scott T3 FIolAlH FAF

32. AL AR B4 Ho|

e
i
P

BEE, BUTE 1 ARED B Aol FF R (2=1525, p<001), FAkA
£(2=6.51, p=011), H7 o5 (x2=44.46, p<.001)7} 2| 3}A LyeltT)

)%

>

BUEE JPRAL Toluy] 98l Y 54 9 YKV 54 SYUFE, FUHFF o
Z_i-v

=
FAAE A BUBTDE ThUR 2029 AARAE A0, 2
_]QL O 2~ =

Al 0.2311(95% CI: 0.16~0.34, p<.001), 60~ 69*%] 065HH(95% CL 0.50~0.84, p=.001)% v Eb%tIL,
7Hu:(4¢ﬂ)t abol Hle] sl 160 E=A(95% CI: 1.05~2.42, p=027), ‘%< 1.608) A
(95% CL 1.14~225, p=007) Bt} AT A= tjF o)abd vg] ‘22 olsl 7}t 1.754] =4
(95% CL 1.14~2.70, p=011), ‘5 Z0] 1649 =A(95% CI: 1.04~02.58, p=.034), ‘112 0] 0.90%H(95%
CL. 057~142, p=644)°lttk. BMIZ} & &9 F71E84= Foas gl 094w th95% CI:
0.91~0.97, p=.001)(Table 2).
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Table 2. Influencing factors osteoporosis in women in Korea

Variables Categories OR 95% CI P
Alcohol consumption Don’t drink alcohol 1.11 0.88~1.41 0.379
drinking alcohol 1

Smoking No smoking 1.43 0.90~2.30 0.134
Smoking 1
Acrobic physical Don't do it 088  066-117 0374
activity practice rate
Doing 1
Menopause Premenopausal 0.78 0.53~1.15 0.205
Menopause 1
Age(year) 50~59 23 0.16~0.34 < .001
60~69 .65 0.50~0.84 .001
>70 1
Household income Low 1.60 1.05~2.42 027
(4th quartile) Medium 1.60 1.14~2.25 .007
Top 1
Education level Elementary graduates and younger 1.75 1.14~2.70 011
Middle school graduates 1.64 1.04~2.58 034
High School Graduates 0.90 0.57~1.42 .644
College graduate or above 1
BMI(Weight/Height) - 94 0.91~0.97 .001
Walking days - 96 0.92~1.01 d11

*OR=0dds ratio ; CI=confidence interval.
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Table 1. Intervention method

Session Intervention method Intervention method

1~2 Bandage type paraffin, 15 ~ 20 minutes

3~ 4 Bandage type paraffin, 15 ~ 20 minutes
Passive ROM exercise 5 minutes

5.7 Bandage type paraffin, 15 ~ 20 minutes
Passive ROM exercise, Active assisted ROM exercise 7 minutes

3.9+ 23

3.1 47 2

A Aol EEEe] Thenelet S50 Aol Table 29 2

73171 A Fol FAMRG wEE] peA A7 E 350 SUhskalen S 44
Hrashalth

Table 2. Intervention result

ki Before After
Passive Dorsi flexion 70° 90°
ankle ROM Plantar flexion 131° 145°
Degree 7 3
Pain Aching pain sensation, Aching pain sensation,

Type Numb pain sensation,

A tingling pain sensation Numb pain sensation,
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Option-Ownership Alignment and Downside Risks of Multinationality

Sangcheol Song'

Abstract

We extend our understanding of the relationship of multinationality to downside risk
reduction by tackling two problematic assumptions that are commonly made under the
multinational operational flexibility literature. We posit that since multinationality is a
portfolio of growth, switching and dual options, downside risk reduction effects of
multinationality tend to vary by actual portfolio composition of the three options ascribed to
foreign subsidiaries. In addition, we postulate that the effect of option types may also vary
in terms of their alignment with minority, balanced, and majority ownership. From the Tobit
two-stage model on a large sample of Korean multinational corporations, we observe that
multinationality predominantly comprised of dual options reduce downside risks more than
multinationality predominantly comprising of either growth or switching options. We also
find that balanced ownership stakes are best aligned with dual options for downside risk
reduction. These findings imply strategic alignments between options and ownership types in
order to maximize the value of multinational flexibility.

1. Hypotheses

Hypothesis 1: Downside risk reduction effects of multinationality will be stronger when an
MNC portfolio is predominantly composed of dual options than when an MNC portfolio is
predominantly composed of either growth or switching options.

Hypothesis 2: The downside risk reduction effect of dual options predominantly
comprising a MNC portfolio will be stronger when the MNC portfolio has balanced ownership
stakes mainly than when it has either minority or majority ownership stakes mainly.

2. Research Methodology

For empirical testing, we utilized a panel dataset of 345 Korean MNCs that were publicly
listed and active for at least five years on the Korea Stock Exchange during 1985 to 2014
and had presence in 71 foreign countries. We followed the methods employed in Tong and
Reuer’s (2007) study for downside risks as the dependent variable of this study. These studies
commonly measured downside risks of multinationality based on the difference in annual return

'Associate professor of Management, Saint Joseph’s University, Philadelphia, USA. E-mail: ssong@sju.edu
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on assets (ROA) between an MNC and its reference group (i.e., other MNCs in the same
two-digit industry). The squared difference term between industry average ROA (IROA) and a
firm’s ROA was summed in the form of a second-order root lower partial moment over past
five years (see formula below). By the definition of downside risks as the indicator of real
option performance, only below-target performance is counted in a Tobit model.

Downside Risk,—

t=—4
| . ,
= ;Z(IROAI_.—R()A[.- IIROA._; >ROA,.

T =0

Multinationality: We calculated the logarithm of 1 plus the number of countries in which
an MNC had its foreign subsidiaries in order to remedy the significant positive skew that was
evident for the pre-transformed count measure.

Option types: We referred to Chung et al.’s (2015) definitions and measurements of three
option types and before creating three option groups in two steps. First, subsidiaries are
categorized in any one of the three options. A growth option is typically ascribed to a foreign
subsidiary whose sales were predominantly focused on its host country by more than 66.6% of
its total sales. On the other hand, a switching option is ascribed to a foreign subsidiary whose
sales were predominantly directed at sister subsidiaries in other host countries by more than
66.6% of its total sales. Finally, the dual option is ascribed to a foreign subsidiary whose
sales to either other companies in the same host country or sister affiliates in other host
countries are between 33.4 and 66.6% of its overall sales. Second, we classified all MNCs
into three groups, adopting a 50% cut-off. To illustrate, an MNC portfolio comprises of dual
options by more than 50%, the portfolio is classified as high dual option group, while being
as low dual option group otherwise. Similarly, the creation of high vs. low growth and
switching options groups takes place. Thus, three different regressions run on high vs. low
group per each of three options. We referred to audit reports from the database of the TS2000
Warehouse and the Data Analysis, Retrieval, and Transfer (DART) System for each
subsidiary’s internal and external sales information.

Ownership types: We first checked three ownership levels that foreign subsidiaries possess:
minority ownership (less than 50%), balanced ownership (50%), and majority ownership (more
than 50%). Then, we recognized three ownership groups in the same manner to three option
groups using 50% cut-off before creating three dummies associated with those three ownership
groups; 1 is assigned to the portfolio comprising of one of three ownership types (majority,
minority, or equal ownership by more than 50%), and O otherwise.
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3. RESULTS
Table 1. Estimates for the Tobit models with selectivity
Full sample Regression 1 with focus on dual option
High dual Low dual
option portfolio option portfolio
Model 1 Model 2 Model 3
Intercept -0.037(0.094) -0.050(0.040) -0.017(0.143)
Firm size -0.178(0.030) -0.249(0.028) -0.117(0.110)
Firm performance -0.427(0.000) -0.516(0.000) 0..302(0.008)
R&D intensity -0.128(0.074) -0.145(0.066) -0.098(0.106)
Organizational slack -0.070(0.082) 0.099(0.072) 0.114(0.040)
International experience -0.070(0.032) -0.116(0.020) -0.084(0.060)
Expatriates -0.117(0.090) -0.113(0.060) -0.520(0.102)

GDP/capita range

0.070(0.108)

0.086(0.110)

0.030(0.118)

Low labor cost
correlation

-0.133(0.038)

-0.150(0.032)

-0.082(0.125)

Firm dummies Included Included Included
Year dummies Included Included Included
Industry dummies Included Included Included
Multinationality -2743(0.005) -0.670(0.150)
Correction. for -0.178(0.042) -0.140(0.034) -0.152(0.041)
self-selection
# of MNCs 345 115 230
Wald c2 126.23(0.000) 150.44(0.000) 138.456(0.000).
Regression 2 with focus Regression 3 with focus
on growth option On switching option
High growth Low growth option High switching Low switching
option portfolio portfolio option portfolio option portfolio
Model 4 Model 5 Model 6 Model 7
Intercept -0.043(0.054) -0.012(0.130) -0.040(0.046) -0.015(0.128)
Firm size -0.220(0.044) -0.109(0.092) -0.203(0.038) -0.094(0.102)
Firm performance -0.404(0.000) -0.156(0.006) -0.501(0.000) -0.190(0.000)
R&D intensity -0.172(0.038) -0.098(0.128) -0.156(0.050) -0.099(0.123)
Organizational slack 0.112(0.042) 0.117(0.090) 0.120(0.050) 0.122(0.030)
International experience -0.102(0.060) -0.114(0.038) -0.098(0.044) -0.117(0.055)
Expatriates -0.119(0.103) -0.128(0.050) -0.1016(0.078) -0.088(0.116)
GDP/capita_range 0.56(0.120) 0.074(0.114) 0.074(0.112) 0.110(0.106)
Low labor cost correlation  -0.144(0094) -0.168(0.044) -0.170(0.028) -0.114(0.114)
Firm dummies Included Included Included Included
Year dummies Included Included Included Included
Industry dummies Included Included Included Included
Multinationality -1.090(0.026) -0.404(0.144) -2110(0.009) -0.890(0.134)
Correction‘ for 10.151(0.028) -0.124(0.038) -0.124(0.020) -0.115(0.042)
self-selection
# of MNCs 157 188 192 143
Wald ¢2 144.69(0.000) 136.26(0.000) 154.28(0.000) 142.37(0.000)

p-values in parenthesis
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4. FINDINGS & DISCUSSIONS

In this study, we tackle two problematic assumptions made in the extant literature on the
linkage of multinationality with downside risks. The literature assumes that multinationality is a
portfolio of switching options ascribed to foreign subsidiaries, which is why MNCs are able to
shift operations among those subsidiaries easily and flexibility for the sake of their own
benefits. However, we posit that multinationality can also comprise of growth, switching, and
dual options; thus, the downside risk reduction effects of multinationality may vary based on
the actual portfolio compositions of these three options. The extant literature also assumes that
majority portfolio ownership allows MNCs to coordinate scattered subsidiaries and shift
operations easily and quickly. In this study, we offer a novel approach in that we argue for
the potential strategic alignment between portfolio option and ownership compositions from the
standpoint of downside risk reduction. Our empirical results support our hypothesized
relationships in the data of Korean MNCs for the period between 1985 and 2014. Our first
finding is that when an MNC portfolio is predominantly composed of dual options, it reduces
downside risks more than a portfolio predominantly that comprises of switching or growth
options. This examination creates a gap between the growth and switching option literature,
which has been developed in separate streams. Our findings regarding the positive and
significant impacts of dual options in reducing downside risks of multinationality underpin the
importance of fine-grained examinations of complementary and conflictual interactions among
different option types in a portfolio such as multinationality.
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Visual Analysis of Arctic Sea Ice Imagery

Yinseo Cho', Jaesung Par¥, Sungchul Hong’, Jong-June Jeor'

Abstract

Arctic sea ice is closely linked to the global climate and serves as a critical indicator
of global climate change. With the advancement of technology, numerous deep learning
models have been employed in predicting the overall sea ice concentration and boundaries in
the Arctic. However, challenges persist in capturing both the temporal and spatial
characteristics inherent in sea ice imagery. Additionally, despite ongoing research on overall
sea ice concentration and boundaries of the Arctic, studies focusing on specific regional
analysis remain relatively less explored. Therefore, in this study, we provide a visual
regional analysis as a subsequent research using forecasted sea ice imagery from our deep
learning model Unicorn (U-Net for sea Ice forecasting using Convolutional OpeRation Node)
developed by our research team. Our model Unicorn modifies the bottleneck of the U-Net
model with convolutional neural ordinary differential equations to effectively capture the
characteristics of the images. The dataset we utilized includes weekly sea ice concentration
provided by the Korea Polar Research Institute (KOPRI) and regional Arctic masks from the
National Snow and Ice Data Center (NSIDC). This study aims to provide insights into the
regional variability of sea ice change through detailed visual analysis.

Keywords : sea ice, spatiotemporal forecasting, U-Net, deep learning.
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Graph5. Heatmap of correlation between dust and precipitation
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Large Scale Road-Traffic Noise Mapping with Al Technology

Sungsu Chot', Tacho Par¥, Jong-June Jeor

Abstract

Our research begins with whether artificial intelligence can understand the mechanism
of traffic noise through data generated by a physical model and predict the results. The
typical noise prediction model consists of a noise generation function that takes inputs such
as traffic volume, speed, and vehicle type, and an energy attenuation function due to
structural surfaces, transmission medium like air, etc. We construct a Convolutional Neural
Network (CNN) regression model that learns noise predictions from multi-channel images
representing the information used as inputs in traditional noise prediction models. Applying
this CNN regression model to predict the average noise levels of peak-over time in
Gwangju, South Korea, we observed improvement in generalized predictive performance
compared to existing machine learning models that summarize input values on a grid basis.
Through the artificial neural networks, we successfully reproduced the physical model of
noise prediction and efficiently propagated noise prediction values. Additionally, we
investigate model structures and database construction methods using CNN to enhance noise
prediction performance.

Keywords : Attificial Intelligence, Convolutional Neural Network, Domain Adaptation,
Noise Map, Regression model.
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Dongdaemun-gu, 02504, Seoul, Korea. Email: ttjh1234 @uos.ac.kr
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Bibliometric Analysis of Depression Research Among Young Adults in
Korea: A Preliminary Analysis

Areum Kint, Haim Le¢’, You Kyung Kin?, Han Wool Jung’, Byunghoon “Tony” Ahif

Abstract

This study examined trends and key themes in depression research among young
Korean adults using topic modeling to understand core themes, semantic structures, and
changes in research topics over time. We analyzed 602 PubMed publications from 2007 to
2024 using VOSviewer, and 14,973 Naver news articles from 2021 to 2024 via TEXTOM.
By combining academic research and news media, we aimed to understand individual and
societal factors influencing young adults’ depression in Korea. From the PubMed
publications, identified topics included ‘socioeconomic factors’, ‘COVID-19’, ‘sex factors’,
‘age’, and ‘smartphone use’. From the news articles, topics included ‘crimes’, ‘suicide’,
‘public health’, ‘social support’, and ‘the economic aspects of depression treatments’.
Academic research highlighted links between young adults’ depression, eating habits, and
body image, affecting quality of life. News articles emphasized connections to social and
economic aspects, such as sexual crimes and digital mental health services. The study
underscores the multifaceted nature of depression, influenced by societal factors such as
gender roles and economic pressures, as well as individual characteristics like age and eating
habits. These findings highlight the need for comprehensive understanding and interventions
for young adults’ depression.

Keywords : Depression, Young adults, Bibliometric analysis, South Korea.
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