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Distributional Learning of Variational AutoEncoder:
Application to Synthetic Data Generation

Seunghwan An', Jong-June Jeon®

Abstract

The Gaussianity 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
Laplacian 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, distributional learning, synthetic data generation.
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Nonparametric Bayesian covariate-dependent multivariate functional clustering:
an application to multiple air pollutants data’

Daewon Yang', Taeryon Choi’, Eric Lavigne®, Yeonseung Chung

Abstract

Air pollution is a major threat to public health. Understanding the spatial distribution
of air pollution concentration is of great interest to government or local authorities, as it
informs about target areas for implementing policies for air quality management. Cluster
analysis has been popularly used to identify groups of locations with similar profiles of
average levels of multiple air pollutants, efficiently summarising the spatial pattern. This
study aimed to cluster locations based on the seasonal patterns of multiple air pollutants
incorporating the location-specific characteristics such as socio-economic indicators. For this
purpose, we proposed a novel non-parametric Bayesian sparse latent factor model for
covariate-dependent multivariate functional clustering. Furthermore, we extend this model to
conduct clustering with temporal dependency. The proposed methods are illustrated through a
simulation study and applied to time-series data for daily mean concentrations of ozone
(0O,), nitrogen dioxide (NO,), and fine particulate matter (PM,;) collected for 25 cities in
Canada in 1986-2015.

Keywords : Bayesian Nonparametrics; Covariate-dependent clustering; Dirichlelt process;
Indian Buffet process; Multivariate functional data; temporal depedency.
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Korea funded by the Ministry of Education, and the Government-wide R & D Fund project for
Infectious Disease (HG18C0025).
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Rank-based Regression for Doubly-Interval-Censored Data”
Seohyeon Park, Sangbum Choi*, Wenbin Li’, Zhezhen Jin*

Abstract

In many biomedical fields, especially in studies of disease progressions, we frequently
encounter two sequential events where both event times tend to be interval-censored due to
regular examinations. Such a structure is called doubly interval censoring (DIC), and our
primary interest is the elapsed time between two consecutive events. In this research, we
propose a weighted rank regression approach for DIC data under the semiparametric
accelerated failure time model. After transforming DIC data into simple interval-censored
data where true elapsed times may lie, we develop estimating procedures with a Gehan-type
weight by gathering all comparable pairs of observed residuals from transformed data.
Moreover, we generalize it with data-dependent weights and extend it to clustered DIC data
where the cluster size is potentially informative. An efficient resampling technique for the
variance estimation is considered. We establish asymptotic properties and conduct numerical
studies to demonstrate finite sample performances. Finally, we illustrate our method with
dental data from Signal Tandmobiel study® to examine the effect of covariates on time to
caries of four permanent first molars.

Keywords : Accelerated lifetime, Clustered failure time, Doubly interval-censoring,
Gehan statistics, Survival analysis.
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A Unified Principal Sufficient Dimension Reduction Package : psdr

Jungmin Shin', Seung Jun Shin®

Abstract

With the increasing prevalence of high-dimensional data in various academic disciplines,
the need for effective dimension reduction techniques in regression analysis has become
essential. The psdr package is an R software, which provides a unified framework for
principal sufficient dimension reduction (PSDR) methods, encompassing both linear and
nonlinear approaches. The package extends the classical linear SDR methods that is
functionalized by the R package; °‘dr’. Key features of the psdr package include its
flexibility in handling various loss functions, even allowing user-defined convex loss
functions, as long as they are differentiable everywhere over the support. The software’s
structure and usage are explained in detail, accompanied by numerical simulations and real
data applications to highlight its functionality and utility. The package aims to provide
researchers and practitioners with a powerful tool for dimension reduction in
high-dimensional regression settings.

Keywords : High-dimensional regression, sufficient dimension reduction, R package,
various loss functions.
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Unpaired Regression for a Discrete Response via Poisson Quantiles Matching

Hyungjun Lim', K. H. Kim’

Abstract

Analyzing the data collected from different sources requires unpaired data analysis to
account for the absence of correspondence between the response variable Y and explanatory
variables X. Several attempts have been made to analyze continuous Y, but the response
variable of interest may follow a discrete distribution, which previous methodologies have
overlooked. To address these limitations, we propose Poisson quantile matching estimation
(PQME), the first unpaired data analysis method designed to examine the discrete response
variable Y and the unpaired continuous explanatory variable X. Using their order statistics,
the PQME method matches the linear combination of explanatory variables BTX to In(Y).
An effective algorithm and simulation results are presented, along with the convergence
results. We illustrate the practical application of PQME by locating the ideal site for a new
facility using real data

Keywords: Matching distributions, PQME, Discrete response variable, Unpaired data
analysis, Deviance.
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Ensemble Learning for COVID-19 Detection on CT Scan Images

Van-Phong Truongl, Thi-Ngot Pham®, Jun-Ho Huh®, Chan-Keun Park®

Abstract

Early identification of COVID-19 may aid in planning a prompt medical response and
slowing the deadly disease’s fast spread. Recently, a lot of research has been done to
analyze medical imaging for the early diagnosis of disease due to the improvement of
medical imaging technology as well as the success of deep learning applied to vision tasks.
The subject of this work is the use of deep learning based on CT scans to identify
COVID-19 patients and severity grading. We utilized ensemble learning for the classification
task. The dataset comprises COVID-19 and NORMAL case instances to analyze how well
artificial intelligence systems perform at detecting COVID-19 and determining its severity.
The outcomes have demonstrated that the ensemble learning method is a potential method to
assist radiologists as a thorough, stable, and reliable strategy for early diagnosis of
COVID-19.

Keywords : COVID-19, Deep Learning, Convolutional Neural Network, CNN, CT Scan
image.

1. Introduction

The new Coronavirus disease (COVID-19) has been spreading and causing serious problems
to life and health of billions of people in the world [1]. The significant awareness of this fatal
virus is that it could transmit from person to person with a fast and large-scale spreading via
the air and surfaces of infected patients. The two most popular types of images used for
COVID-19 detection are Chest X-Ray [2] and CT Scan [3] images. However, the number of
patients far exceeds the number of radiologists who take charge of diagnosing the input images.
Thus, we need an automatic procedure to help these experts reduce the workload of classifying
COVID-19 and NORMAL images (no-covid) [4]. Recently, with the fast development of deep
learning techniques applied for medical image analysis, using artificial intelligence deep learning
methods to detect COVID-19 for radiology images had been invested in many works [5].
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In this paper, we propose an Ensemble model that ensemble learning from several deep
learning models to over-performance these separate models (higher confidence) for detecting
COVID-19 disease through CT Scan images. We also create an augmented CT Scan dataset
with a balanced category (i.e., COVID and NORMAL classes) from three available public
datasets, COVID-CT-Dataset, SARS-CoV-2, and COVID-CTSet.

2. Methodology

2.1. Dataset

To create an image dataset, we collected images from three open source datasets:
COVID-CT-Dataset [6], SARS-CoV-2 [7], and COVID-CTSet [8], with a proper image number
to have a balanced dataset between two categories (COVID and NORMAL classes). The
dataset contribution was summarized in Table 1 with a detailed number of images taken from
classes. We divided the dataset with 80% for training and 20% for testing.

2.2. Data Augmentation

In Deep Learning (DL), the number of input data plays a crucial role that determining
the success or failure of the training model. If we have a rich input dataset with various input
images form, we will get the trained model with high generalization capability. Otherwise, if
we have very few images, the chance of getting over-fitting is un-avoid. To tackle this
problem, data augmentation techniques are applied to boost the model generalization and had
worked very well for tasks in which the input data is extremely scarce. In this work, we use
five types of image augmentation techniques which widely use in the machine-learning
community to enhance our training input images. These techniques include height_shift_range,
rotation_range, width_shift_range, brightness_range, and zoom_range as shown in Figure 1.

Table 1. COVID CT Scan images contribution from classes.

Train Test
COVID NORMAL COVID NORMAL
Dataset 1282 1301 319 325
original_image _ hazght_shift range i rotatian_range

width_shift range brightnes_range zoom_tange

&>

Figure 1. Images augmentation techniques used for experiments
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Figure 2. Architecture of COVID CT Scan classification using ensemble learning

2.3. Model Architectures

In this paper, we utilized ensemble learning for the COVID-19 CT scan image
classification task. Ensemble learning is used for classification tasks to make a prediction
based on voting between multiple models. Our experiment used max voting as the voting
method for the final prediction as shown in Figure 2. Instead of training each model
separately, the voting classifier makes decisions concerning the highest primary vote class. We
used four deep-learning models to run our experiments on COVID-19 CT image dataset. These
models we use include, GoogleNet [9], EfficientNet [10], Hybrid EfficientNet-DOLG [11], and
DenseNet121 [12] models.

3. Experimental Results and Conclusion

In our experiment, we trained deep learning models on the computer hardware setting:
CPU IntelR) Xeon(R) @ 220GHz RAM 32GB. We utilized Tensorflow Keras as the
implementation library for deep learning models. We wuse standard convolutional neural
networks from the library and fine-tune them for our experiments. We use ImageNet
pre-trained weights for each architecture and set LearningRateScheduler, EarlyStopping,
ModelCheckpoint, ReduceOnPlateau based on Tensor Flow Keras built-in APL

LearningRateScheduler gets a new learning rate at the beginning of each epoch and
applies this learning rate to the optimizer. EarlyStopping monitored the loss at the end of each
epoch to evaluate the increase and decrease of the metric, if there is no improvement in the
monitored metric, the training will be terminated. ModelCheckpoint saves models or weights at
some training interval, then saved models or weights can be loaded and continued to train.
ReduceOnPlateau helps to reduce the learning rate when loss increase, and the metric does not
improve. Based on the number of patience if there is no improvement, the learning rate will
be lessened.
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Table 2. Covid detection performance of five Deep Learning methods based on a precision metric.

Method Precision Metric
COVID NORMAL Macro Avg Micro Avg
GoogleNet 0.77 0.75 0.76 0.76
EfficientNet 0.85 0.72 0.79 0.79
Hybrid EfficientNet-DOLG 0.85 0.81 0.83 0.83
DenseNet121 0.92 0.84 0.88 0.88
Proposed Ensemble 0.94 0.88 0.89 0.90

Table 3. Covid detection performance of five Deep Learning methods based on recall metric.

Method Recall Metric
COVID NORMAL Macro Avg Micro Avg
GoogleNet 0.73 0.78 0.76 0.76
EfficientNet 0.66 0.89 0.77 0.77
Hybrid EfficientNet-DOLG 0.80 0.86 0.83 0.83
DenseNet121 0.82 0.93 0.87 0.88
Proposed Ensemble 0.88 0.96 0.90 0.92

Table 4. Covid detection performance of five Deep Learning methods based on Fl-score metric.

Model F1-score Metric
COVID NORMAL  Macro Avg Micro Avg

GoogleNet 0.75 0.76 0.75 0.75
EfficientNet 0.74 0.80 0.77 0.77
Hybrid EfficientNet-DOLG 0.82 0.83 0.83 0.83
DenseNet121 0.87 0.88 0.87 0.87
Proposed Ensemble 0.90 0.93 0.92 0.88

Training and validation accuracy Training and validation loss

10
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—— validation

10 \ training
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(a) Training and validation accuracy (b) Training and validation loss
Figure 3. Training and validation Accuracy, Loss of DenseNet121.

From Tables 2, 3, and 4, we can see that the Ensemble model produces the highest
results on both precisions, recall, and fl-score metrics, and next after is the Densel21 model
shown on Figure 3. Compare to each model which was trained separately, ensemble learning
shows outperformed results. These numerical results prove that deep learning methods could
apply to medical image classification with reliability and high performance. Specifically, in this
paper, artificial neural networks can be used as the computer aid diagnosis for COVID-19
detection.
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In this work, we study the application of deep learning for early COVID-19 detection
using CT Scan images. Ensemble Learning from four deep learning models is utilized to form
the outstanding model for COVID-19 CT Scan images. We create an augmented COVID-19
CT Scan dataset with a balanced and clean training and testing set. This dataset is run on the
four deep learning models and then ensemble learning with our proposed ensemble model. The
output results indicated that the proposed ensemble model has higher confidence in detecting
COVID-19 patients using CT Scan images.
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Table 1. General characteristics of subjects (N=34)

Variables Categories n % Mean+SD Range
19 7 20.6
20 14 412

Age(yr) 21 3 8.8 21.77+1.17 19-23
22 5 14.7
23 5 14.7
Female 22 64.7
Gender Male 12 35.3
Sophomore 4 11.8
Grade Junior 18 529
Senior 12 353
Fit of aptitude 5 14.7
Reason for Beneficial to find a job 9 26.5
application to Valuable work 11 324
nursing school Steady job 6 17.6
On the advice of parents or others 3 8.8
Preferred University hospital 31 91.2

workplace General hospital 3 8.8
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Table 2. Scores of subject’s online employment adaptation program (N=34)

. re test st test 1 st test 2

Scale Domain Mean+SD MeanssD MeanssD F p

Grit 3.28+.37 3.44+.36 3.50+.37 649  .003*
Career

decision-making self-cfficiency 347+53 3.78+.59 3.78+.69 742  .001%
Employment stress 1.91+.61 1.99+.69 2.05+.82 0.82 447
Total 3.19+.58 3.69+.58 3.80+.59 16.95  .000%
Clinical nursing medication 3.35+.69 4.41+.66 4.15+.50 3294  .000%
practice bed sore 3.53+.71 4.38+.70 4.35+.65 26.23  .000*
competency trandsfusion 3.35+.85 4.24+.61 4.21+.59 21.47  .000*
infection 3.21+.59 4.38+.65 4.26+.62 48.44  .000*

32, AR L2 AQA =R I F3

Noshde 2l AYGuS Z2aPAE H-5 19 Fo T181(F=6.49, p=.003), IZAAA}7]
F57H(F=742, p=001), &= 95, P=.000)> A[gto] Ao uwhel o]l Al(F=6.49, <
7Valdti(Table 2). 474858 F FUE=(F=32.94, p=.000), €37+3=(F=26.23, p=.000), -3
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CEO Pay-performance Sensitivities in the ESG Managed Firms
Injoong Kim'

Abstract

CEOs of highly rated ESG firms are paid significantly higher salaries. High ESG firms
are larger, more profitable, and mature firms, facing less risks compared to low ESG rated
firms. Although these systematic differences in firm characteristics account for a significant
portion of the CEO pays, when we decompose the CEO pays between different ESG groups,
there exists a non-trivial residual portion of the unexplained compensation gap that the
traditional firm characteristics can not fully explain. About 79.8% of the mean difference is
attributable to the firm characteristic part and the residual 20.2% can be ascribed to the
ESG group effect. The high ESG firms are more active in using the incentive compensation
scheme to discipline managers while the low ESG firms are more conservative in adopting
the sensitive incentive pay systems because they are more susceptible to the negative factors
such as risk and leverage. As a result, we observe significantly higher pay-performance
sensitivities for the high ESG group and the low ESG firms are paid lower than what their
firm characteristics prescribe. The ESG rating has an orthogonal part of the explanatory
power that contributes to the pay-performance sensitivity over the traditional solvency
measure such as credit ratings.

Keywords : CEO pay, compensation, performance, sensitivity, ESG.
1. Introduction

The incentive pay contract of the Chief Executive Officer (CEO) contributes to motivating
managerial efforts and reducing the agency problem. In this paper, we examine the CEO pays
of ESG managed firms and test the marginal impact of the ESG management on the pay
performance sensitivity. Using the decomposition method of Jann (2008), we decompose the
mean difference of the CEO payments between different ESG groups into the part that is due
to the difference in the endowments of firm characteristics and the residual component that is
attributable to the ESG group effect.
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!Assistant Professor, Finance & Insurance Major, College of Business Management, Hongik University,
2639 Sejong-ro, Sejong, 30016, Korea. E-mail: kij@hongik.ac.kr
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2. Empirical Method

We analyze KOSPI and KOSDAQ firms that have ESG rating information in the KCGS
website. The mean difference of the average CEO pays between the two ESG groups A and
B can be decomposed as follows.

EY,]| - EYy| = {EX,] - EIX,} 8+ ELXp (B, — Bp) + {EIX, | — EIX 1} (B, B5) (D
E\Y,|— ElVy| = {EX,| - EIXp]} Bp+ {EIX )8, — Bp) + ELX(Bp—Bp) } )

In all specifications, the first component commonly represents the portion of the pay
difference that is explained by the group difference in the endowment vector of firm
characteristics, and the residual terms are the group difference that is not explained by the
firm characteristics. Based on the framework of Gao, Li (2015), we estimate the following
panel data regressions and use them as an input for the decomposition.

In(CEO Pay) =a+B,hd_ESG + B,Ln(total assets) + B3 Performance measures 3
+B,OCther firm characteristics + Industry FEs+ Year FEs+e

3. Empirical Results

Table 1 reports the average values of firm characteristic variables for both the high and
the low ESG rated firms. The CEOs of high ESG firms are paid more than those of low
ESG firms. High ESG firms are generally larger and more profitable. They are at their mature
stage of firm lifecycle with more accumulated retained earnings over the total equity. On the
other hand, low ESG firms are not as profitable and they are generally younger and face
greater risks.

Table 1. Means of firm characteristic variables for different ESG rated firms

In(pay) Size ROA RE/TE Leverages CF volatility Risk

High ESG 13.366 21.932 0.047 0.569 0.437 0.018 3.321
Low ESG 12.414 19.714 0.030 0.430 0.389 0.017 3.862
Total 12.624 20.202 0.034 0.461 0.399 0.017 3.743
0.951%* 2217* 0.018* 0.139* 0.048* 0.001 -0.541*

High = Low 05y (<001 (<.001) (<.001) (<.001) (0.093) (<.001)

Note: Table 1 summarizes the averages of key variables in each ESG group for the entire sample
period. On the bottom, the reported are the T-tests of mean difference between the two ESG groups.
Numbers in parentheses are the standard errors. * indicates the mean difference is statistically significant
at the 1% level.
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Table 2. Decomposition of CEO compensations
Threefold Twofold
Ln(Pay) Expon;zntlate Ln(Pay) Exporgtntlate Ln(Pay) Expongntlate
Low ESG 12.414 246,344.8 12,414 246,344.8 Low ESG 12,414  246,344.8
High ESG  13.366 637,811.1 13.366 637,811.1 High ESG 13366  637,811.1
Difference -0.951* 0.386* -0.951* 0.386* Difference -0.951* 0.386*
(0.026) (0.010) (0.026) (0.010) (0.026) (0.010)
Endowments -0.759% 0.468* -0.761* 0.467* Explained -0.758* 0.469*
(0.036) (0.017) (0.023) (0.011) P (0.023) (0.011)
Cocfficients -0.191* 0.826* -0.193* 0.825*
(0.029) (0.024) (0.040) (0.033) Unexolained -0.193* 0.824*
Interaction -0.002 0.998 0.002 1.002 *P (0.027) (0.022)
(0.038) (0.038) (0.038) (0.038)

Note: Numbers in parentheses are the standard errors, and * indicates the statistical significance at 1%

level.

Table 3. Factors influencing CEO pay-performance sensitivity

@) (@) 3 4
. -0.064%
Risk x ROA piya
0.654* 0,670 0.765* 0727
Ind_BSG > ROA (0.243) (0.244) (0.253) (0.245)
. -0.044* -0.042*
Credit rating (0.008) (0.008)
. 20,096
Credit rating x ROA (0.055)
Sine 0319 0319 0318 0.318*
(0.008) (0.008) (0.008) (0.008)
ROA 1.220% 1.065* 1.047% 1.106*
0.167) (0.155) (0.176) (0.229)
F volatli 7173 7.304% 7,170 6.582*
y 0.641) (0.641) (0.640) (0.786)
ot 0.389* 0.373% 0.341* 0.344%
(0.129) (0.129) (0.128) (0.129)
Loverage -0.081% -0.092% -0.059% -0.058*
g (0.029) 0.031) (0.023) 0.022)
0.120* 0.105* 0.094* 0.096*
RE/TE 0.013) 0.012) 0.012) 0.011)
Risk -0.023* -0.024* -0.022* 0,021
(0.007) (0.007) (0.008) (0.008)
Forcion share 0.345% 0.355* 0.315* 0.308*
gn (0.078) (0.078) 0.077) 0.078)
0.151* 0.152* 0.142% 0.144*
Ind_ESG 0.031) (0.030) (0.030) 0.031)
Constant 5,537 5551 5704 5715
0.262) (0263) (0.264) (0.263)
Adj. R2 0.447 0.446 0,449 0,449

Note: Numbers in parentheses are the standard errors, and * indicates the significance at 1% level.
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The Table 2 decomposes the mean difference. Major difference in the CEO pays exists
between the high ESG and the low ESG group. In percentage terms, roughly 80%
(0.759/0.951) is due to the endowments and the residual 20% is ascribed to the ESG group
effect. We observe non-trivial ESG effect and there exists a clear difference in CEO pays
between different ESG rated firms that can not be fully explained by firm characteristics.
Table 3 investigates factors that influence the CEO pay-performance sensitivity by
incorporating various interaction terms. Ind_ESG x ROA can capture the incremental difference
in the pay-performance sensitivity between the two different ESG groups. In all specifications
of the model, the coefficients on the ROA performance measure is significant supporting that
the CEO pay is largely responsive to the firm performance. In addition, the significance of the
interaction terms suggests that the high ESG firms are more actively using the incentive
compensation schemes to discipline managers while the low ESG firm’s pay is not as
sensitive.

5. Conclusions

In this paper, we analyze the CEO compensation for the ESG participating firms and
investigate factors that influence the CEO pay performance sensitivity. When we decompose
the mean difference in the CEO pays between different ESG groups, there exists a residual
portion of the unexplained compensation gap that the traditional firm characteristic measures
can not sufficiently explain. We find evidence that the high ESG firms are more active in
using the incentive compensation schemes to discipline managers while the low ESG firms are
more conservative in adopting the sensitive incentive pay systems.
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Table 1. Results of hypotheses tests

Hypotheses b B S.E. t Result
H1 Technology anxiety — SSTQUAL -239 -.389 044 -5.427%* Supported
H2 Technology anxiety — Satisfaction -.042 -.053 039 -1.063 Not supported
H3 Technology anxiety — Behavioral intention  -.115 -136 .039 -2.905%* Supported
H4 SSTQUAL — Satisfaction 1.046 .826 098 10.676** Supported
H5 SSTQUAL — Behavioral intention 372 271 .142 2.619%* Supported
H6 Satisfaction — Behavioral intention 564 521 110 5.130%* Supported

X2=680.773, df=313, x2/df=2.175, RMSEA=.065, NFI=.884, IFI=.934, TLI=925, CFI=933
#p<.05, **p<.01

SSTQUAL

Technology
anxiety

e Satisfaction

a: Solid lines indicate significant paths([3), whlledottedlme indicates non-significant path
*p<.05, **p<.01
Figure 2. Paths of multiple mediating effect
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Multilevel topic model:
a nonparametric multilevel latent class analysis for topic dependency

Youngsun Kim', Hwan Chung’, Saebom Jeon®

Abstract

A topic model is a probabilistic generative model which discovers latent topics in a
collection of document. Latent topics are defined by a multinomial distribution consisting of
the probability of the appearance of words and each documents are represented by the
proportion of those topics. The topic proportion is a fixed parameter in probabilistic latent
semantic analysis (Papadimitriou et al, 1998), whereas it is a random variable from Dirichlet
distribution in latent Dirichlet allocation (Blei, 2003). However, it is more reasonable to
assume that the topic proportion of each document is governed by the document’s overall
theme (i.e., document-level latent topic) rather than randomly generated by a probability
distribution. Thus, in this study we propose multilevel topic model (MTM), where the
word-level topic proportion of each document is determined by the document-level latent
topics using multilevel latent class analysis (MLCA) approach. The parameter estimation for
MTM has been conducted via modified expectation-maximization (EM) algorithm, where the
upward-downward algorithm is applied to alleviate the complexity of calculating the
posterior probabilities. Empirical studies on corpus have been conducted on MTM and
compared to LDA. These studies have demonstrated that MTM outperforms LDA in terms
of model performance and systematic interpretability.

Keywords : topic model, latent variable model, multilevel structure.
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Robust Support Vector Machine for Multicategory p-variate functional data

Jeongeun Sim', Seung Jun Shin®

Abstract

In this article, we propose a robust support vector machine with p-variate functional
predictor. The proposed method employs the truncated loss that is known to satisfy the
Fisher consistency in multiclass problems. To handle function predictors, we exploit a linear
functional kernel defined by the tensor product of each gram matrix of the basis of the
functional predictor. A numerical study under various scenarios demonstrates the promising
performance of the proposed method.

Keywords : Functional data, Multicategory Classification, Truncated Hinge Loss.
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On weighted least squares regression with partially interval-censored data

Yeji Kim', Sangbum Choi®

Abstract

The weighted least squares (WLS) regression method has been widely used to analyze
censored survival data in research studies. In this study, our main objective is to develop a
new WLS estimation technique with inverse probability of censoring weighting (IPCW) to
estimate coefficients in a linear regression model. Unlike classical survival analysis methods
like the Cox and accelerated failure time (AFT) models, the linear regression model
considers the effect of covariates and provides easy-to-understand interpretations. It is also
simple to compute and can produce stable estimates in practical scenarios. Our research
focuses on doubly-censored (DC) data and partly interval-censored (PIC) data. We propose a
weighted linear regression model that incorporates weights for each data type, and we
estimate the variance using theoretical methods that demonstrate sufficient asymptotic
properties. Moreover, we provide a method for selecting important regression coefficients
using LASSO, ALASSO, and SCAD methods. We also perform extensive simulations to
evaluate the performance of our proposed estimators in finite samples and apply our
approach to data from Nigerian children’s mortality data.

Keywords : Accelerated lifetime, Partly interval censoring, Semiparametric model,
Inverse probability weighting, linear regression model, Survival analysis.
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Proformer: a hybrid macaron transformer model predicts expression values
*
from promoter sequences

Ill-youp Kwak', Byeong-Chan Kim', Juhyun Lee', Daniel J Garry’, Wuming 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 Macaron-like 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 first FFN
layer and in front of the multi-head 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
filling to prevent the transformer models from collapsing when training on relatively small
amount of data. We empirically determined that this design had significantly 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, Gene expression data, deep learning.
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Clustering based Undersampling for Imbalaced Data Classification

Ju Mi Kim', Yeo Jin Chung’

Abstract

In recent years, due to the rapid development of data storage techniques and the
reduction of processing costs, there has been a growing interest in applying machine
learning-based approaches to tackle classification problems. However, in the field of anomaly
detection that is not common, such as credit card fraud detection, customer attrition and
failure detection, the major and minor classes are unevenly distributed and cause substantial
errors in classification performance. To address this issue, extensive research has been
conducted on data level approach, with particular focus on undersampling and oversampling
techniques and many achievements have been made. This study focuses on exploring
practical undersampling approaches for big data processing. Through simulations, imbalanced
data that follows Gaussian Distribution is generated and a cluster-based sampling method
that reflects the distribution of the population is conducted. Furthermore, using
Kullback-Leibler Divergence, an attempt was made to validate that the subset derived from
the proposed method shares the same probability distribution as the population. This
validation process aimed to construct a subset with minimal information loss, effectively
addressing the major drawback of undersampling. Finally, the classification prediction
performance of each sampling method was evaluated using the XGB model and the results
confirmed that the proposed method outperformed existing approaches, particularly when the
degree of imbalance in the data is large.

Keywords : Imbalaced Data, Undersampling, Cluster, XGBoost, Kullback-Leibler
divergence.
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Mixture modelling for analyzing a rainfall pattern with Julia:
A case study in South Korea”

Hee-Young Kim', Su-Hyeon Kim®, Ji-Yeon Oh’

Abstract

"Heavy precipitation” refers to instances during which the amount of rain or snow
experienced in a location substantially exceeds what is normal. What constitutes a period of
heavy precipitation varies according to location and season. Climate change can affect the
intensity and frequency of precipitation. This study investigates the maximum yearly
precipitation amounts reported by stations from 1961 to 2020 for Seoul, Busan, Gwangju,
and Ulsan. The data are not only large but also complex. The conventional rainfall analysis
has been routinely used univaraite Gumbel distribution for rainfall analysis in South Korea.
A natural question to ask therefore is how the distribution of extreme rainfall have been
observed by the effect of climate change. Therefore, in this article, we analyze the data with
several mixture models with Gumbel, Weibull, Normal, Lognormal, and Gamma. The
selection of the best model is AIC and BIC. In particular, we implement the method using
the Julia language (Bezanson, Edelman, Karpinski, and Shah 2017), which is the most recent
new language, and is designed for efficient and parallel numerical computing while keeping
a high level of human readability.

Keywords : Rainfall amounts; Mixture modeling; Gumbel distribution.
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Imputation Methods For Multivariate Longitudinal Data
Using Mixture Of Generalized Linear Mixed Models

Daegyeong Yang', Juwon Song’

Abstract

Longitudinal data often collect many variables that may include discrete as well as
continuous variables. Many longitudinal data inherently suffer from missing values due to
the nature of their collections. However, most imputation methods focus on imputation of
univariate data. On the other hand, when longitudinal data are imputed, it is usually
assumed that subjects have a common mean trajectory. When there exist several different
mean trajectories in the data, Yang and Song (2022) proposed an imputation method for
univariate longitudinal data in the presence of trajectory heterogeneity. This study extends
their method to handle multivariate longitudinal data in which both continuous and discrete
variables are observed longitudinally. Simulation studies are conducted to evaluate
performance of the suggested imputation method.

Keywords : Multivariate longitudinal data, Missing data, Generalized linear mixed
model, Clustering.
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Introduction to Privacy Preserving Data Sharing and Analytics
with Homomorphic Encryption

Sulgi Kiml, Soo-Heang Eoz, Garam Leé®

Abstract

As more data is being analyzed and utilized in the real world, unexpected breaches of
sensitive data such as privacy data are increasing. For example, more than 50 million
records are being leaked every year only in the US healthcare domain. Therefore, various
privacy enhancing technolgies (P.E.Ts) have attracted attention including homomorphic
encryption (HE), secure multi-party computation, differential privacy and trusted excecution
environment. Accordingly, the White house published recent report regarding privacy
preserving data sharing and analytics (PPDSA), which is also referred to as privacy
preserving machine learning (PPML). In this talk, we introduce homomorphic encryption and
its application in PPDSA. As one of the P.E.Ts, Homomorphic Encryption is a specific
encryption technique that allows numerical operations in an encrypted state. Since HE allows
whole data processing pipeline without ever decrypting or exposing data, it can obtain
competing goals of utility and security. Since 2016, when an advanced HE scheme, CKKS
has been introduced, there has been dramatic improvement in efficiency. Now, we have use
cases in real world with homomorphic encryption including a COVID-19 tracing service
using personal location data. PPDSAs using HE are expected to provide good use cases in
military, security agency, government, healthcare and financial fields.

Keywords : PPDSA, Private Enhancing Technology, PPML.
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Privacy Preserving Machine Learning for Secure Outsourced Computing

Soo-Heang Eol, Garam Lee2, Sulgi Kim®

Abstract

The use of machine learning for prognostic and health management (PHM) has shown
great promise in improving the efficiency and accuracy of predictive maintenance.
Nonetheless small and medium-sized manufacturing enterprises (SMEs) frequently lack the
required expertise and resources to conduct in-house PHM analytics. While cloud-based
services offer these SMEs the option to outsource PHM analytics, a major obstacle to this
approach is the reluctance of data owners to share their data due to concerns about data
privacy. To address these concerns, privacy-preserving machine learning techniques have
emerged as a promising solution for secure PHM outsourcing. In this presentation, we
introduce homomorphic encryption as a promising technique to achieve secure PHM
outsourcing with high precision for SMEs. Homomorphic encryption is a cryptographic
technique that allows direct computation on encrypted data, enabling the analysis of sensitive
data while preserving its privacy (Cheon et al, 2017). We showcase a two-party
collaborative framework that utilizes homomorphic encryption for secure PHM outsourcing of
analytics for SMEs (Kang et al., 2021). This framework enables data owners to keep their
sensitive data private while allowing a third-party service provider to perform PHM
analytics. By utilizing homomorphic encryption, the data remains encrypted throughout the
computation process, ensuring the protection of the data owner’s privacy. In summary, we
demonstrate how homomorphic encryption can facilitate secure PHM outsourcing for SMEs,
providing a solution that addresses data privacy concerns and data analysis precision.
Furthermore, we also provide an overview of the strengths and limitations of the approach
used in this study.

Keywords: PPML, Private Enhancing Technology, Secure PHM.
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Application of homomorphic encryption in predicting postoperative mortality
using multi-institutional data

Garam Leé', Jungyo Sul’, Sang-Wook Lee®, Junbum Shin4,Sulgi Kim®

Abstract

Due to the potential for personal data leakage, medical data sharing among institutions
remains severely limited. Homomorphic encryption, a cryptographic primitive enabling
computations on encrypted data, provides a viable solution to overcome these limitations,
notably in highly regulated domains such as the medical field. This technology paves the
way for pioneering new medical services by facilitating secure data sharing. Our study
explores the feasibility of merging diverse datasets using homomorphic encryption and
training machine learning models on these integrated datasets using real multi-institutional
data. We also verify the potential for improved predictive performance through dataset
merging, thereby underscoring the utility of homomorphic encryption for multi-institutional
datasets. Moreover, we strive to ascertain the optimal volume of internal hospital data
necessary to develop efficient in-house prediction models, achieved by progressively
supplementing our internal datasets with a substantial external dataset. We utilized data from
341,008 patients aged 18 or older, who underwent non-cardiac surgery across three medical
institutions. Our primary outcome measure was in-hospital mortality within 30 days
post-surgery. Secure logistic regression served as our predictive modeling method. We
compared the predictive performances of individual institutional models with those trained on
multi-institutional integrated datasets processed via homomorphic encryption. Our results
revealed enhanced performance from models trained on the multi-institutional data fused
using homomorphic encryption technology, compared to those based on single-center datasets.
Furthermore, augmenting internal hospital datasets with large-scale external data enhanced
model efficacy.

Keywords: Homomorphic Encryption, Privacy-preserving Machine Learning(PPML)
Multi-institutional Data, Secure Logistic Regression, Postoperative Mortality.
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Land use regression method as sign constrained regularized regressions

Soon-Sun Kwone', Hosik Choie*, Whanhee Leée’,
Yeonjin Kime', Hwan-Cheol Kime®, Woojoo Lee®

Abstract

Land-use regression is a popular method for predicting ambient pollutant concentrations
at points of interest where no measurements are taken. LUR has been used to interpolate
ambient pollutant concentrations at points of interest where no measurements are available
using measurements from several monitoring sites. For example, it was used to predict
outdoor concentrations at the home addresses of the study participants in more than 30
cohort studies (Beelen, 2011). The small-area variation in air quality and health (SAVIAH)
study was the first to use LUR to model small-scale variations in air pollution (Briggs,
1997). It included variables, such as the traffic volume, population density, land use, and
altitude, which were compiled using geographic information systems (GIS). The LUR model
was constrained by requiring that all the regression coefficients have the a priori definition
of the required signs for regression coefficients. Due to this point, the model-building
process is complicated, and systematically understanding when and how the process works is
difficult. To overcome these limitations, we reformulate the existing land use regression
method as a sign-constrained regression problem with an explicit objective function to be
minimized. This novel formulation always leads to estimated regression coefficients that
satisfy the predefined direction based on subject matter knowledge while simultaneously
substantially improving the prediction performance of the existing land-use regression
method. The advantages of the proposed sign-constrained regression method are confirmed
through a numerical study and real data analysis.

Keywords: Land use regression, Sign constraints, Penalized regression methods,
Prediction, Interpretability.
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Figure 1. Research model
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TodARe] QIFAMS| e 5A0& Ej1aly] $lte] SPSS Statistics 26002 7]

hi BAEAN T
BAAE £ 89, SPSS Macro Process 40 L2133 &-8dto] o] T/ E} A4S AA
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Table 1. General Characteristics (N;2.271)
Variable Categories Frequency %
. = 1265 515
& 1006 485
Sk 232 10.2
Al 590 26.0
A7} 24 9 724 556 245
A 533 235
ek 5loAl 360 15.8
o} o]y} 105 4.6
o]# g Holt} 529 233
AR A5 HEot} 1473 64.9
A= ot} 157 6.9
o}F & At} 7 03
Table 2. Descriptive statistics and correlations of variables
Categories M SD Range  SuAT4$ %i}ﬁ] i_/:‘é AFYgAA] AolEFH
w254 39 1-4 1
igﬁi 3.36 32 1~4 211%* 1
e A A 292 53 1~5 391%* 170%* 1
Apol&Z7¢ 250 42 1~4 327 178%* .396%* 1

*p<.05, **p<.01, ***p<.001
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Table 3. tf/d=}o] 34 S 2E A0 shaudge] A A oA X9} AopETake] w7 &}

. 95% CI
Variables b SE t P LLCI ULCL
(Constant) 5.89 0.37 15.88 <.001 5.16 6.62
_“?__g}_ﬂ o E E]/\_)j(]
0.17 0.01 7.85 <.001 0.07 0.11
T-9AA
R=.17, R2=.03, F=61.59, P=.001
(Constant) 3.37 0.29 11.78 <.001 2.81 3.93
LA O A O
88 ;ial 2% 0.11 0.01 5.61 <.001 0.03 0.09
olEFY
Indirect 7227
effect ESEEE 0.38 0.02 18.51 <.001 0.26 0.33
R=41, R2=.17, F=210.82, P=.001
(Constant) 3.83 0.36 10.79 <.001 3.14 4.53
T34 A E Y A8
ﬁ;&g PRy 0.13 0.01 6.36 <.001 0.05 0.09
Ao AA
e aAEAS 0.29 0.02 13.74 <.001 0.24 0.33
AolE3 3
st Ag%;;' < 0.19 0.03 8.69 <.001 0.18 0.28
R=45, R2=20, F=176.33, P=.001
(Constant) 6.69 0.36 18.82 <.001 5.60 7.39
FHH S EY 2
Direct ‘;)6‘]:1_,‘17_ ) P 0.21 0.01 9.83 <.001 0.09 0.14
1 = "1 O
effect R=21, R2=.04, F=96.76, P=.001
b:regression coefficient
Table 4. Mediating effect verification
95% CI
W2
H = Effect BootSE LLCI ULCI
Total . .
Direct effect + Indirect effect .08 .01 .06 .10
effect
Dlrect R RN S pC TP 05 o1 03 06
a0 5
3l Ao 7+
Indirect effect ~ © o1 if;ﬂl Ag_g"} o1 00 o1 0
BB §2E o 2779 A A Aol E
e 27t Sata s 01 .00 0.01 0.02
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go)d e BE5 £ % px 24 DSME o] §7 NSCLC

Fdo] Holl wa E A4S 59 AEE] 767%
ojA|wk, Y¥A o] Al AEEO] 115%2 Al #Hge] 17.0%%k0] 7] Adyez gl
AE A g o F EAL o] F Xa W3 AA wlg FLosth B dATME seddiigt
Ho A #)F# NSCLC(Non-small cell lung cancer) ¥4} 2687“4/] A HolEE o] &3 A
&5 &gk I dolde £ A 9 durd BA o ddow

REAZE dolgrt o EAGTE #5F dolEl7t BST5E AN Vs
BEE Z.}i/\]ﬂi o] Frketel AL F4 Hse Astdtte EA7F 2A g
DSM(Deep Survival Machines) B3] #Z5ch 9 o[WlE A dlojEfe] 4
Atk i W dekHo] =& Overall stages 7|08 A3hS Ao, &

i
ﬂtl

5 I [[]ra}_ Bz 220 s APAoT AAIFEE HAFAL ARG o= Ay g2
X3 (CoxTime, DeepSurv, DCM(Deep Cox Mixture))o]] H]3}o] C-index, Brier ScoreE FUa}7A 4
3} 4], MRL(Median Residual Llfe) WHog ZAAE MAE s Hit 4 o] A7 yehiof
58 Aes Btk B AT BYPL 3,200 o] F Brier score7t HF3] 7hAdti AEE A
ANA A HESFE A 01—7‘ AEEO] FF8] Phdte S BAvhes SAS 7T &%
B ATE B A WrE 83 48s A AEE dFo] Al AN oF At
fré&etA &&E A& o= 7.

‘o] wES 090dE FREINAEDS Ao FFATAYR vlol - R EARA S AL Wo
P o512 (NRF-2019M3E5D1A02067961).
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