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4% The aim of this talk is to provide a comprehensive review of statistical challenges in neu-

roimaging data analysis from neuroimaging techniques to large-scale neuroimaging studies to sta-
tistical learning methods. We briefly review eight popular neuroimaging techniques and their po-
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tential applications in neuroscience research and clinical translation. We delineate the four com-
mon themes of neuroimaging data and review major image processing analysis methods for pro-
cessing neuroimaging data at the individual level. We briefly review four large-scale neuroimaging-
related studies and a consortium on imaging genomics and discuss four common themes of neu-
roimaging data analysis at the population level. We review nine major population-based statistical
analysis methods and their associated statistical challenges and present recent progress in statis-
tical methodology to address these challenges.

Optimal Integrating Learning for SQD-type Data
4 11:05-11:40
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fi%i: In the era of data science, it is common to encounter data with different subsets of vari-
ables obtained for different cases. An example is the split questionnaire design (SQD), which is
adopted to reduce respondent fatigue and improve response rates by assigning different subsets
of the questionnaire to different sampled respondents. A general question then is how to estimate
the regression function based on such block-wise observed data. Currently, this is often carried
out with the aid of missing data methods, which may unfortunately suffer from intensive com-
putational cost, high variability, and possible large modeling biases in real applications. In this
article, we develop a novel approach for estimating the regression function for SQD-type data.
We first construct a list of candidate models using available data-blocks separately, and then com-
bine the estimates properly to make an efficient use of all the information. We show the resulting
averaged model is asymptotically optimal in the sense that the squared loss and risk are asymptot-
ically equivalent to those of the best but infeasible averaged estimator. Both simulated examples
and an application to the SQD dataset from the European Social Survey show the promise of the
proposed method.
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Statistical Inference for Mean Function of Longitudinal Imaging Data over Com-
plicated Domains

R 14:00-14:30

figr: 28, PEARRKRESIZRINE EL 5, 2022 FEITEERY:, RERIHTE
A, FERTT N R EEAR . IFE R AR S, BARE RS T
222021 SRR - T{ARE —EX FFREIHES 11022 2020 4 Hannan Graduate Student Travel
Award, F1E Statistica Sinica F AT X RIE X Z R,

%% : Motivated by longitudinal imaging data possessing inherent spatial and temporal correla-
tion, we propose a novel procedure to estimate its mean function. Functional moving average is
applied to depict the dependence among temporally ordered images and flexible bivariate splines
over triangulations are utilized to handle the irregular domain of images which is common in imag-
ing studies. Both global and local asymptotic properties of the bivariate spline estimator for mean
function are established with simultaneous confidence corridors (SCCs) as a theoretical byprod-
uct. Under some mild conditions, the proposed estimator and its accompanying SCCs are shown
to be consistent and oracle efficient as if all images were entirely observed without errors. The
finite sample performance of the proposed method through Monte Carlo simulation experiments
strongly corroborates the asymptotic theory. The proposed method is further illustrated by ana-
lyzing two sea water potential temperature data sets.

Generalized Bayesian Spatio-Temporal Point Process Model and Its Application
JE] U 14:30-15:00

i g, PEARRKZSGH AN, PEARRKERHEESE, ERERBARRY
HEFEFUH, PEELEESR I, L8, AEE L EERR RN HE, F
FRR T MRS LR ST DU 77 7%, LR s ki 4156, FEEMFRIR SO TR
T Journal of Machine Learning Research, Statistics and Computing, International Conference on
Learning Representations (ICLR), Conference on Neural Information Processing Systems (NeurlIPS)

T =W k.

5. The spatio-temporal point process is a common stochastic process model which is used
to model the pattern of events occurring in time or space. Its application covers a wide range of
domains including seismology, epidemics, neuroscience and high-frequency financial engineering.
The traditional spatio-temporal point process model has limitations on flexibility, time-variability,
multi-taskability, uncertainty and efficiency. To relieve the aforementioned limitations, in the first
part of our work we propose the flexible time-varying nonlinear Hawkes process to extend the
traditional Hawkes process in terms of both flexibility and time-variability; in the second part of
our work we propose the heterogeneous multi-task nonparametric Cox process to extend the
traditional nonhomogeneous Poisson process in terms of both flexibility and multi-taskability. In
the meantime, for each model, we convert the non-conjugate problem to a conditional conjugate
one by using the data augmentation technique, so as to derive efficient inference algorithms with
analytical expressions. This work lays a solid foundation for the application of Bayesian spatio-
temporal point processes in the big data scenario.
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Blind source separation for multimodal brain networks
R 15:00-15:30

figr: R, PEARRAGH AR UM, HE7E Emory RZEVSISEYEER,
Michigan R*EAED G RN F LG0T TIE, ZEPFOGE N DIMgeit, JRZor oy
Wi, MEHGEIRIHTE, 1 IASA. Biometrics, FEFFE (%), RUR. RA TE
BN HCEEHIT] ERSRIIES,  IEAEANTHZE 1S 2 AUHATIRAE A AT

5% : There is a strong interest in analyzing multimodal brain networks in recent years. Integrat-
ing information from multimodal connections can potentially help better understand the forma-
tion and alteration in brain connectors due to neurodevelopment and disease progression. Inves-
tigating the interplay among multimodal brain networks is challenging due to several reasons such
as the high noise of the imaging data, the different measures of connectivity across modalities,
etc. In this talk, we will introduce a new blind source separation method that can be applied to
decompose discrete representations of brain networks and achieve joint analysis of multimodal
connections. We demonstrate our method with comprehensive simulations and present our find-
ings on functional and structural brain connectivity from a real data study.

Multifold Cross-Validation Model Averaging for Generalized Additive Partial Lin-
ear Models

PR 15:45-16:15

figr: BREE, PEANRRZZGU BRI LA, FEIFT OV E R EEN, BRI
F

%% Generalized additive partial linear models (GAPLMs) are appealing for model interpretation
and prediction. However, for GAPLMs, the covariates and the degree of smoothing in the nonpara-
metric parts are often difficult to determine in practice. To address this model selection uncer-
tainty issue, we develop a computationally feasible model averaging (MA) procedure.The model
weights are data-driven and selected based on multifold cross-validation (CV) (instead of leave-
one-out) for computational saving. When all the candidate models are misspecified, we show
that the proposed MA estimator for GAPLMs is asymptotically optimal in the sense of achieving
the lowest possible Kullback-Leibler loss. In the other scenario where the candidate model set con-
tains at least one quasi-correct model, the weights chosen by the multifold CV are asymptotically
concentrated on the quasi-correct models. As a by-product, we propose a variable importance
measure to quantify the importances of the predictors in GAPLMs based on the MA weights. It is
shown to be able to asymptotically identify the variables in the true model.Moreover, when the
number of candidate models is very large, a model screening method is provided. Numerical ex-
periments show the superiority of the proposed MA method over some existing model averaging
and selection methods.

Learning conditional dependence graph for concepts via matrix normal graphi-
cal model

B R 16:15-16:45
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%% : Conditional dependence relationships for random vectors is extensively studied and broadly
applied. But it is not very clear how to construct the dependence graph for unstructured data like
concept words or phrases in text corpus, where the variables(concepts) are not jointly observed
with i.i.d. assumption. We assume that all the concept vectors learned from GloVe jointly follow a
matrix normal distribution with sparse precision matrices. Different from knowledge graph meth-
ods, the conditional dependence graph describes the conditional dependence structure between
concepts given all other concepts, which means that the concepts(nodes) linked by edges cannot
be separated by other concepts. It represents an essential semantic relationship. A penalized
matrix normal graphical model(MNGM) is then employed to learn the conditional dependence
graph for both the concepts and the embedding 'dimensions’. Since the concept words are nodes
in our graph with huge dimensions, we employ the MDMC optimization method to speed up the
glasso algorithm. On the other hand, we propose a sentence granularity bootstrap to get 'inde-
pendent’ repeats of samples to enhance the penalized MNGM algorithm. We name the proposed
method as Matrix-GloVe. In simulation studies, we check that the graph learned by Matrix-GloVe
is more suitable for Graph Convolutional Networks(GCN) than a correlation graph. We employ the
proposed method in two scenarios from real data and get good results.
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Statistical Properties of Robust Markov Decision Processes
R 9:05-9:40

B YR, R X FRRGEEIERY: (Fit) S miELRE, 5
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F Annals of Statistics [ElfRZ%d_F.

fii%L: Robust MDPs are proposed to handle the sensitive estimation errors in value estimation
of MDPs, where the transition probability is allowed to take values in an uncertainty set. In recent
years, many works have proposed computationally efficient learning algorithms to solve robust
MDPs and obtained the near-optimal robust policy and value function. However, the statistical
performances of the optimal robust policy and value function are less studied. In this talk, we will
introduce the basic theories and algorithms of robust MDPs and figure out two questions: (a) How
many samples are sufficient to guarantee the accuracy of the robust estimators; (b) whether it is
possible to make statistical inferences from the robust estimators. We will answer these questions
from both non-asymptotic and asymptotic viewpoints.

Transferred Q-learning

% 9:45-10:20

g 2%, PEIARKZSI SRR R a8, EEAESm, 2018 5T
DI EEVA NI R, RIS L0, FTREAYEERREZEY G RS FRi
LA, BB T MRS SRR . TS RRMEN RS 77k
WHITERE L, FATRFERLES 7SI P RIM H,

% We consider Q-learning with knowledge transfer, using samples from a target reinforce-
ment learning (RL) task as well as source samples from different but related RL tasks. We propose
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transfer learning algorithms for both batch and online Q-learning with offline source studies. The
proposed transferred Q-learning algorithm contains a novel re-targeting step that enables vertical
information-cascading along multiple steps in an RL task, besides the usual horizontal information-
gathering as transfer learning (TL) for supervised learning. We establish the first theoretical justi-
fications of TL in RL tasks by showing a faster rate of convergence of the Q-function estimation in
the offline RL transfer, and a lower regret bound in the offline-to-online RL transfer under certain
similarity assumptions. Empirical evidences from both synthetic and real datasets are presented
to back up the proposed algorithm and our theoretical results.

Dimension reduction for covariates in network data
243 10:20-10:55

Wi R, LRI RER I BR, EFENES I AANLEE SIHER, BE:
SAERARE M. Gl S, RESRISE, FERIFSRITIAR sc it U TR=F, H
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RN HASG S E, bR AR S SHEES,

%% : A problem of major interest in network data analysis is to explain the strength of connec-
tions using context information. To achieve this, we introduce a novel approach, called network
supervised dimension reduction, in which covariates are projected onto low-dimensional spaces
to reveal the linkage pattern without assuming a model. We propose a new loss function for
estimating the parameters in the resulting linear projection, based on the notion that closer prox-
imity in the low-dimension projection corresponds to stronger connections. Interestingly, the
convergence rate of our estimator is found to depend on a network effect factor, which is the
smallest number that can partition a graph in a manner similar to the graph colouring problem.
Our method has interesting connections to principal component analysis and linear discriminant
analysis, which we exploit for clustering and community detection. The proposed approach is
further illustrated by numerical experiments and analysis of a pulsar candidates dataset from as-
tronomy.
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Optimal Risk Pooling of Peer-to-Peer Insurance
RE 9:30-10:00
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5% Peer-to-peer insurance models, that jointly incorporate the forms of centralized insurer’
s underwriting and decentralized peers’ risk sharing, are emerging. Un?der these innovative risk
sharing forms, the risk is separated into two layers: the first below-deductible part is shared within
a community, and the second above?deductible loss, exceeding the community’ s risk-bearing
capacity, is covered by an insurer. In this paper, we mathematically formalize two existing peer-
to-peer in?surance models: the individual- and group-covered models. From the perspective of
risk-averse participants, we investigate the existence, closed-form expression, and properties of
optimal deductible, the primary feature of peer-to-peer insurance.

Web3.0 PR [ HERIT2FE?

=3 10:00-10:30

W WER, ARFLSRTHRMEKAZERE R, HRAEMRIETHEANRKES
BE, B ERACETIRZECH AN IIZEER (FREEREEEIR), i AK 85
R BB RS LT E, HIERSHER TR, &R worldquant H1[E
X% =

s RS PR R TRERIEE, BI04, R EEDRBRE AT NES, X
FERMERIRRE LSRR R, FEEERA, (KRR A, [FIRHME 22 R85k XU 3 CA

22



AR, XHBER RN, 0. BEEESZ). Oracle FiR. FHNRIUFIAZE, NESEK LSS
MEFRF AR, (5 REANFRA R T —fip o B, &3z A X PR
K, BHIBRE NIRRT RIEA, FRWBHTE Tl A R XEETERE, EEk, Eah
IRILH 7 — R F XA 4R E &, A0 Nexus Mutual, Etherisc, Bridge Mutual, &
& BEE B CNAESKRGHEAE I, BEdorellzmlEESER, NHEEKET
iR, AN TR, BATAREREA R SRR IEEN L 554, MaNE
GURE BN TR, FFRE T RTHILRES 75 KB T G A H A 78 55 21 89 ARG 75 2K 6

K3 B ifA e i
HE 10:30-11:00

s BHE, PEARREGIU RN ERSHERERVINE, TEARREREER
Ko AR T TR B AR R, W7 TN EFREE, R ELRE AR
BEN, WEEES RS, Wil (RLETRANERIAI N ERN 28 3k “F
BERN B4, PEAFERR “FRIN LIEFLSEER,

g RS EEAER TR, ZBRCIRICS BN RERER R, b2 k25 205
THEIFRE AR EST A F A, FI T R R AR AR ISR
RERDFENE TARRAOREMG S EEA, KIFRFEEERANTRIER, HEH]
KBRS @M FIB T A AE S TR AL, AT DXL TNA, ERPEN
FrE, BTN ZIREZBIRERCRH Markov Id PR H AT EIL5L, CHARLS 1 CLHLS
O E S E R R I A R A e A T E RN R A, X2 SBOTEB IR EAZE
fmZe, XU MR F AR RS RS E O DA T, 181770, AP IS B T4 s p ks
PEMELONAR, RAET RIKE, FXLA LM HERB, A SCENBERETTEARER R
TEMERIRRIN A, & EHETEATRERP RIS TR REE T, FO £
FIREUN B o FFE N B REF UL S TEMRE RS LRV R, AR X HBER A I 7 B XA
[EFHERE, IR SRR,

23



FittBE5REFI (11.20 FF)

Nonparametric inference about mean functionals of nonignorable nonresponse
data without identifying the joint distribution

B 14:00-14:30
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5. We consider identification and inference about mean functionals of observed covariates
and an outcome variable subject to nonignorable missingness. By leveraging a shadow variable,
we establish a necessary and sufficient condition for identification of the mean functional even if
the full data distribution is not identified. We further characterize a necessary condition for root n-
estimability of the mean functional. This condition naturally strengthens the identifying condition,
and it requires the existence of a function as a solution to a representer equation that connects
the shadow variable to the mean functional. Solutions to the representer equation may not be
unique, which presents substantial challenges for nonparametric estimation and standard theories
for nonparametric sieve estimators are not applicable here. We construct a consistent estimator
for the solution set and then adapt the theory of extremum estimators to find from the estimated
set a consistent estimator for an appropriately chosen solution. The estimator is asymptotically
normal, locally efficient and attains the semiparametric efficiency bound under certain regularity
conditions. We illustrate the proposed approach via simulations and a real data application on
home pricing.

Factor-Assisted Federated Learning for Personalized Optimization with Hetero-
geneous Data

FIE3E 14:30-15:00
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%% : Federated learning is an emerging distributed machine learning approach, which can simul-
taneously train a global model from decentralized datasets while preserve data privacy. However,
data heterogeneity is one of the core challenges in federated learning. The heterogeneity issue
may severely degrade the convergence rate and prediction performance of the model trained in
federated learning. To address this issue, we develop a novel personalized federated learning
method for heterogeneous data, which is called FedFac. The proposed method is motivated by a
common finding that, data in different clients contain both common knowledge and personalized
knowledge. Therefore, the two types of knowledge should be decomposed and taken advantages
of separately. We introduce the idea of factor analysis to distinguish the client-shared information
and client-specific information. With this decomposition, a new objective function is established
and optimized. Both theoretical and empirical analysis demonstrate that FedFac has higher com-
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putational efficiency against the classical federated learning approaches. The superior prediction
performance of FedFac is also verified empirically by comparison with various state-of-the-art fed-
erated learning methods on several real datasets.

Grouped spatial autoregressive model
il 15:15-15:45

s SR, PEANRKFAEFE LA, R4S MEEE . MEEHERETTE =
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%% With the development of the internet, network data with replications can be collected at
different time points. The spatial autoregressive panel (SARP) model is a useful tool for analyzing
such network data. However, in the traditional SARP model, all individuals are assumed to be
homogeneous in their network autocorrelation coefficients, while in practice, correlations could
differ for the nodes in different groups. Here, a grouped spatial autoregressive (GSAR) model
based on the SARP model is proposed to permit network autocorrelation heterogeneity among in-
dividuals, while analyzing network data with independent replications across different time points
and strong spatial effects. Each individual in the network belongs to a latent specific group, which
is characterized by a set of parameters. Two estimation methods are studied: two-step naive
least-squares estimator, and two-step conditional least-squares estimator. Furthermore, their
corresponding asymptotic properties and technical conditions are investigated. To demonstrate
the performance of the proposed GSAR model and its corresponding estimation methods, numer-
ical analysis was performed on simulated and real data.

Trajectory Representation Learning with Multilevel Attention for Driver Identifi-
cation

A% 15:45-16:15
iy 280 hEARKESGIH R E A, TER T AU EEEISES.

% Massive trajectory data have originated from the development of positioning technol-
ogy. Learning GPS trajectory representation to characterize a driver’s driving style is a challenging
task with important applications in many areas, including autonomous driving, auto insurance, ad-
vanced driver assistance systems, urban computing, and the internet of things. Few studies have
considered the interactions between different factors. In this study, we propose a novel trajec-
tory representation method based on a multilevel attention mechanism (ATTraj2vec) and apply it
to the task of driver identification. In addition to summarizing motion features from GPS trajec-
tory data, we also extract spatial and temporal features. We use a multilevel attention mechanism
to aggregate the interactions of motion features with temporal and spatial features progressively.
Additionally, we adopt multi-loss to optimize our model simultaneously, which consists of a soft-
max loss for driver classification and Siamese loss for making trajectories from the same driver
more similar. Classification experimental results on a real-world automobile trajectory dataset
demonstrated that our proposed model significantly outperforms existing baselines. Meanwhile,
the proposed method provides significant gains in the trajectory clustering of unseen drivers.
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Switching from RStudio to VS Code
£ 19:00—19:30
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FH2L:  In this talk, | will introduce my motivation and experience of switching from RStudio to
VS Code and how | implement new features for the R extension and R language server as | find
potential improvements. The R development experience in VS Code has been vastly enhanced
in recent two years and VS Code itself is evolving rapidly too. Besides the code editing features
powered by the R language server, | will shed more light on the most exciting features such as
remote development with SSH/WSL/Container, working with multiple terminals, and live collabo-
ration.
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Using Python in R: An Example of Auto-encoder

LikES 21:00-21:30
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4. Many deep learning frameworks are built in Python. In order to improve the user num-
bers,wrapping the Python package into R package is essential for bioinformatics applications. In
this talk, I'll use autoencoder as an example to show how to wrap a simple deep-learning Python
package into a R package that can be run on GPU.
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A fast and scalable statistical framework for genetic risk prediction of large-scale
datasets
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Wil 28E, FEMTREPEVSI REER, FERERESG A E L, FEW
RAMBESGIREY, FiritE, WHHHERSE, HRAER &R T The American Journal
of Human Genetics, Journal of Computational and Graphical Statistics, Bioinformatics &¢ [E s £
Flo

%% : Therich resources of massive genetic data offer an unprecedented chance for individualized
disease risk prediction. Through statistical modelling, the risk scores derived from genetic variants
can effectively identify the individuals with higher disease risk from general population. However,
multiple challenges arise when constructing risk prediction from massive data. First, the massive
genetic data usually is comprised of hundreds of thousands of samples with millions of variants.
Computational cost for standard statistical analysis becomes unfordable. Second, the individual-
level genetic data are usually of restricted access due to privacy protection. Third, due to the large
difference of genetic architectures between populations and the limited sample size from non-
European populations, risk prediction has been less accurate for the non-European individuals.
To improve the prediction accuracy in non-European populations, we propose a cross-population
analysis framework for genetic risk prediction with both individual-level (XPA) and summary-level
(XPASS) genetic data. By leveraging trans-ancestry genetic correlation, our methods can borrow
information from the Biobank-scale European population data to improve risk prediction in the
non-European populations. In a Chinese cohort, our methods achieved 7.3%-198.0% accuracy
gain for height and 19.5%-313.3% accuracy gain for body mass index (BMI) in terms of predictive
R2 compared to existing prediction approaches.
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A Metadata Approach for Analysis & Reporting in Clinical Trials
BTG 20:20—20:50

WA :  Yujie Zhao (X4F4#E), Ph.D. is a statistician from Merck. Yujie works on the methodology
research in clinical trials with a focus on group sequential designs. She also works with a group of
statisticians and programmers to demonstrate the capability of using R for data analysis in clinical
trials. Yujie has published 5+ first-author papers on statistical computations, statistical process
control, and tensor decomposition. Before joining Merck, she earned a Ph.D. degree in Industrial
Engineering at Georgia Tech in 2021.

522 Inclinical trials, there is a growing trend to get reproducible analysis and & reporting. In this
presentation, we will present an end-to-end automation framework to construct clinical datasets
into metadata. Additionally, we will demonstrate the generation of analysis reports by metadata.
A nice feature of this metadata approach is its automation. For example, users can update the
analysis by simply updating operations and all deliverables can be automatically updated based on
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upstream metadata changes. The work is available at https://github.com/Merck/metalite
and https://github.com/Merck/metalite.ae.
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%% . Recently, various advanced 3D scanners have been widely used in manufacturing indus-
tries to collect 3D point cloud data of fabricated artifacts. The extra dimension of 3D point cloud
data can provide more detailed descriptions about anomalies in artifact surfaces than 2D image
data. 3D point cloud data can be categorized into structured and unstructured point clouds. Com-
pared with structured 3D point cloud data, unstructured point cloud data can capture the surface
geometry more completely. However, anomaly detection by using unstructured 3D point cloud
data are more challenging due to unstructured data representation, inconsistent point sizes, and
high dimensionality. To deal with these challenges, this talk will present some recent advances
in anomaly detection by using unstructured 3D point cloud data. The accuracy and robustness of
the proposed method are validated by simulation studies and case studies.
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Neural Network on Interval Censored Data with Application to the Prediction of
Alzheimer’ s Disease

IVGE 19:00-19:45
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&R T Science, Biostatistics, Biometrics 25 ],

5% . Alzheimer’s disease (AD) is a progressive and polygenic disorder that affects millions of
individuals each year. Given that there have been few effective treatments yet for AD, it is highly
desirable to develop an accurate model to predict the full disease progression profile based on
an individual’s genetic characteristics for early prevention and clinical management. This work
uses data composed of all four phases of the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
study, including 1740 individuals with 8 million genetic variants. We tackle several challenges
in this data, characterized by large-scale genetic data, interval-censored outcome due to intermit-
tent assessments, and left truncation in one study phase (ADNIGO). Specifically, we first develop a
semiparametric transformation model on interval-censored and left-truncated data and estimate
parameters through a sieve approach. Then we propose a computationally efficient generalized
score test to identify variants associated with AD progression. Next, we implement a novel neu-
ral network on interval-censored data (NN-IC) to construct a prediction model using top variants
identified from the genome-wide test. Comprehensive simulation studies show that the NN-IC
outperforms several existing methods in terms of prediction accuracy. Finally, we apply the NN-IC
to the full ADNI data and successfully identify subgroups with differential progression risk pro-
files.
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STAARpipeline: A comprehensive framework for flexible and scalable rare vari-
ant association analysis using whole-genome sequencing data and annotation
information

T 20:30-21:15
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5% : Large-scale whole-genome sequencing (WGS) studies have enabled the analysis of rare
variant associations with complex human diseases and traits. Variant set analysis is a powerful
approach to studying rare variant associations. However, existing methods have limited ability to
define the variant set in the genome, especially for the noncoding genome. We propose a com-
putationally efficient and robust rare variant association-detection framework, STAARpipeline, to
automatically annotate a WGS study and perform flexible rare variant association analysis, includ-
ing gene-centric analysis and fixed-window and dynamic-window-based non-gene-centric analysis
by incorporating variant functional annotations. In gene-centric analysis, STAARpipeline groups
coding and noncoding variants based on functional categories of genes and incorporate multiple
functional annotations. In non-gene-centric analysis, in addition to fixed-size sliding window anal-
ysis, STAARpipeline provides a data-adaptive-size dynamic window analysis. All these variant sets
could be automatically defined and selected in STAARpipeline. STAARpipeline also provides an-
alytical follow-up of dissecting association signals independent of known variants via conditional
analysis. We applied the STAARpipeline to analyze the total cholesterol in 30,138 samples from the
NHLBI Trans-Omics for Precision Medicine program. All analyses scale well in computation time
and memory. We discover several potentially new significant associations with lipids, including a
finding of rare variants in an intergenic region near JKAMPP1 associated with total cholesterol. In
summary, the STAARpipeline is a powerful and resource-efficient tool for association analysis of
biobank-scale WGS studies.

Powerful, Scalable and Resource-Efficient Rare Variant Meta-Analysis of Whole-
Genome Sequencing Studies Using Summary Statistics and Functional Annota-
tions

ECE 21:15-22:00

412 Xihao Liis a postdoctoral research fellow in the Department of Biostatistics at Harvard T.H.

Chan School of Public Health, mentored by Professor Xihong Lin. Prior to this, he received his Ph.D.
in Biostatistics at Harvard University. Dr. Li’s research interests lie in developing novel statistical
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methodologies that enable scalable and integrative analysis of large-scale whole-genome/whole-
exome sequencing data and multi-omics data. He has also worked on methodological projects to
develop statistical approaches for rare disease clinical trials and real-world evidence studies.

%% : Large-scale whole-genome/exome sequencing (WGS/WES) studies have enabled the anal-
ysis of rare variants (RVs) associated with complex human traits and diseases. Existing RV meta-
analysis approaches are not scalable when applied to WGS/WES data. We propose MetaSTAAR,
a powerful and resource-efficient RV meta-analysis framework, for large-scale WGS association
studies. MetaSTAAR accounts for population structure and relatedness for both continuous and
dichotomous traits. By storing LD information of RVs in a new sparse matrix format, the pro-
posed framework is highly storage efficient and computationally scalable for analyzing large-scale
WGS/WES data without information loss. Furthermore, MetaSTAAR dynamically incorporates mul-
tiple functional annotations to empower RV association analysis, and enables conditional analy-
ses to identify RV-set signals independent of nearby common variants. We applied MetaSTAAR to
identify RV-sets associated with four quantitative lipid traits in 30,138 related samples from the
NHLBI TOPMed Program Freeze 5 data, consisting of 14 ancestrally diverse studies and 255 million
variants in total, as well as the UK Biobank WES data of 200,000 related samples.
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%% : Objective: We aimed to investigate whether urinary metal exposome mixtures are associ-
ated with the homeostasis of inflammatory mediators in middle-aged and older adults. Methods:
A four-visit repeated-measures study was conducted with 98 middle-aged and older adults from
five communities in Beijing, China, and 391 observations were included in the analysis. The uri-
nary concentrations of 10 metals were measured at each visit using inductively coupled plasma
mass spectrometry (ICP-MS), and the detection rates were all above 84%. Similarly, 14 serum
inflammatory mediators in six categories reflecting inflammation regulatory homeostasis were
measured using a Beckman Coulter analyzer and the Bio-Plex MAGPIX system. A linear mixed
model (LMM), LMM with least absolute shrinkage and selection operator regularization (LMM-

47



LASSO), and Bayesian kernel machine regression (BKMR) were adopted to explore the effects of
urinary metal mixture on inflammatory mediators. Results: In LMM, a two-fold increase in urinary
cesium (Cs) and chromium (Cr) was statistically associated with -35.22% (95% confidence interval
[CI]: -53.17, -10.40) changes in interleukin 6 (IL-6) and -11.13% (95%Cl: -20.67, -0.44) in IL-8. Urinary
copper (Cu) and selenium (Se) was statistically associated with IL-6 (88.10%, 95%Cl: 34.92, 162.24)
and tumor necrosis factor-alpha (TNF-a) (22.32%, 95%Cl: 3.28, 44.12), respectively. Similar results
were observed for the LMMLASSO and BKMR. Furthermore, Cr, Cs, Cu, and Se were significantly
associated with other inflammatory regulatory network mediators. For example, urinary Cs was
statistically associated with endothelin-1, and Cr was statistically associated with endothelin-1and
intercellular adhesion molecule 1 (ICAM-1). Finally, the interaction effects of Cu with various met-
als on inflammatory mediators were observed. Conclusion: Our findings suggest that Cr, Cs, Cu,
and Se may disrupt the homeostasis of inflammatory mediators, providing insight into the poten-
tial pathophysiological mechanisms of metal mixtures and chronic diseases. Keywords: Bayesian
kernel machine regression; Inflammatory mediator homeostasis; Middle-aged and older adults;
Repeated measurement; Urinary metal exposome
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