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Poster 1 
Presenting Author:  John Bodenschatz, Marquette University 
Title:  A Formal Bayesian Approach to Enhance FMRI k-Space Measurements Improves 
Reconstructed Image Quality 
Co-author:  Daniel Rowe 
Abstract:  It is well known in fMRI studies that the rest three images in a time series have a 
much higher signal than the remainder of the time series. Many attempts to decrease noise and 
improve activation are applied on image data, where voxels may be spatially correlated. This 
requires the use of spatial modeling and often results in blurrier images. A Bayesian approach is 
employed on the uncorrelated k-space magnitude and phase data since the spatial frequency 
coefficients can be treated independently of each other. This method quantifies available a 
priori information about spatial frequency coefficients from the first three images in the time 
series. The spatial frequencies observed throughout the fMRI experiment are then incorporated 
and spatial frequency coefficients are estimated a posteriori using both the ICM algorithm and 
Gibbs sampling. Discrete inverse Fourier transform reconstructed images from posterior 
estimated spatial frequencies will have reduced noise and increased detection power. 
 

Poster 2 
Presenting Author:  Hyunjae Cho, University of Virginia 
Title:  Distributed Learning for Longitudinal Image-on-Scalar Regression Distributed Multivariate 
Spline Estimation for Longitudinal Image-on-Scalar Regression 
Co-author:  Shan Yu   
Abstract:  Longitudinal neuroimaging studies are increasingly prevalent and expansive, 
prompting the need for advanced analytic techniques to decipher the evolving interplay 
between clinical measures and imaging data. In this work, we introduce a novel framework for 
longitudinal image‐on‐scalar regression that effectively captures brain activity trajectories while 
elucidating the associations between clinical covariates and imaging responses. Neuroimaging 
analysis is inherently challenging due to the complex, irregular structure of the brain, sparsely 
sampled temporal measurements, and substantial computational burdens of large-scale 
datasets. To address these challenges, our model leverages multivariate splines based on 
triangulation to estimate both the mean dynamic trajectory of brain activity and the spatially 
varying effects of scalar covariates. We also propose a scalable computational algorithm that 
employs a Hilbert space-filling curve-based domain decomposition method to facilitate 
distributed learning and substantially reduce computational costs. Furthermore, we provide 
theoretical guarantees for the consistency of the estimated dynamic trajectory and spatially 
varying coefficient functions under standard regularity conditions. Extensive simulation studies 
and application to real data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
demonstrate the efficacy and practical utility of our approach. 
 

 



Poster 3 
Presenting Author:  Ishaan Gadiyar, Vanderbilt University Medical Center Biostatistics 
Department 
Title:  Evaluation of Spatial Statistics Methods in Multiplexed Immunofluorescence Images of 
Tumor Microenvironments 
Co-authors:  Alex Soupir, Coleman Harris, Julia Wrobel, Simon Vandekar 
Abstract:  Single-cell multiplex imaging (scMI) measures cell locations and phenotypes within a 
tissue and can be used to understand the tumor microenvironment. In scMI studies, it is often 
of interest to quantify spatial co-localization of immune cells and its association with clinical 
outcomes; however, it remains unknown which of the many available spatial indices have 
adequate power to detect spatial within-sample co-localization and its association with patient 
outcomes, such as survival. In this study, the performance of six frequentist metrics of spatial 
co-localization used in scMI studies were evaluated. Simulated data was used to assess the 
power and type I error of these spatial metrics to detect significant co-localization. 
Furthermore, these spatial co-localization methods were applied to two scMI studies - a high-
grade serous ovarian cancer (HGSOC) study and triple negative breast cancer (TNBC) study - to 
detect within-sample co-localization between cell types and their sensitivity to detect 
differences in survival across samples. In the simulation study, Ripley’s K had the greatest 
power to identify co-localization followed closely by pair correlation g; all other statistics 
showed little power across all simulation scenarios. In the application of the methods to cancer 
studies, the results consistently point to pair correlation g and Ripley’s K as indices with the 
most power for detecting significant co-localization in scMI data. Furthermore, pair correlation 
g, Ripley’s K, and the scLMM index were most effective for estimating between-sample 
associations between level of co-localization and survival. 
 

Poster 4 
Presenting Author:  Yan Gong, Harvard T.H. Chan School of Public Health 
Title:  Bayesian multivariate spatial LGCP modeling with INLA-SPDE, with application to human 
microbiome imaging data 
Co-authors:  Suman Majumder, Brent A. Coull, Jessica L. Mark Welch, Patrick J. La Riviere, 
Jacqueline R. Starr, Kyu Ha Lee 
Abstract:  Human microbiome imaging data present complex spatial structures, which are 
crucial for elucidating microbial functions. In this study, we introduce a novel, parsimonious 
multivariate spatial Log-Gaussian Cox Process (LGCP) model, leveraging the Linear Model of 
Coregionalization (LMC) to effectively capture flexible and dynamic spatial dependencies 
among different microbial taxa. Our approach incorporates a mesh-based computational 
framework, utilizing high-quality triangulations to accommodate the intricate shapes of 
microbial communities and accurately reflect their spatial configurations. The model's latent 
Gaussian nature allows it to exploit the Integrated Nested Laplace Approximation-Stochastic 
Partial Differential Equations (INLA-SPDE) method, significantly enhancing computational 
efficiency through an approximate Bayesian approach. Our simulation study demonstrates the 
model's robust performance in both well-specified and mis-specified contexts. We apply this 
model to human tongue dorsum microbiome biofilm imaging data, obtained from multiple 



donors through multiplexed spectral imaging fluorescence in situ hybridization (FISH), ensuring 
the preservation of spatial information concerning the relative locations of diverse taxa and 
host cells. Among the five abundant microbes studied, we observe strong positive correlations 
between Streptococcus mitis and Streptococcus salivarius across various donors, highlighting 
the model's utility in uncovering meaningful spatial relationships. 
 

Poster 5 
Presenting Author:  Yeseul Jeon, Texas A&M University 
Title:  Deep Generative Modeling with Spatial and Network Images: An Explainable AI (XAI) 
Approach 
Co-authors:  Aaron Wolfe Scheffler and Rajarshi Guhaniyogi 
Abstract:  In many medical imaging studies, a primary objective is to uncover associations 
among diverse image sets with varying structural patterns. This article is inspired by one such 
scientific application that seeks to draw predictive inference of task-based spatially-indexed 
brain activation maps from t-fMRI using spatially-varying cortical metrics from structural MRI (s-
MRI) and brain connectivity network from resting-state fMRI (rs-fMRI). To address this 
challenge, we propose a generative model for the spatially-varying imaging output, 
incorporating both spatially-varying imaging inputs and a network-valued input. The regression 
effect of the network predictor is captured by an unknown non-linear function, while the 
spatially-varying inputs are modeled through their corresponding spatially-varying regression 
coefficients. The non-linear network effect and the spatially varying coefficients are modeled 
using deep neural network architecture. The approach offers several key advantages. First, it 
explicitly accounts for spatial smoothness in spatially-indexed imaging data, accommodates 
subject heterogeneity, and flexibly captures complex associations between network and spatial 
images at different scales, yielding accurate predictive inference for spatial imaging outputs. 
Second, it enables estimation of each predictor image’s effect on the response and provides 
uncertainty in predictive inference using a Monte Carlo (MC) dropout strategy, developing one 
of the first Explainable Artificial Intelligence (XAI) approaches for generative modeling with 
heterogeneous images. A unique aspect of our approach is treating image voxels as effective 
samples, mitigating the common challenge of limited sample sizes in medical imaging studies 
and contributing to more robust, reproducible results. Additionally, the deep neural network 
architecture ensures scalability with a massive number of voxels, eliminating the need for 
intensive data pre-processing or summarization required by Bayesian modeling strategies, 
which offer uncertainty quantification but can be computationally burdensome. Empirical 
studies present a comparative evaluation of the proposed approach alongside statistical and 
deep learning alternatives. 
 

Poster 6 
Presenting Author:  Megan Jones, Vanderbilt University 
Title:  Semiparametric Correlation Estimation in Multivariate BWAS 
Co-authors:  Edward Kennedy, Aaron Alexander-Bloch, Jakob Seidlitz, Simon Vandekar 
Abstract:  Multivariate brain-wide association studies (BWAS) use machine learning models to 
predict phenotypes from high-dimensional brain imaging. For continuous predicted features, 



Pearson's correlation between the predicted feature and actual feature is often used to 
quantify model accuracy in test data; however, the parameter this is meant to estimate is not 
explicit. We provide four separate parameters, quantifying the correlation between the true 
phenotype and 1) the true mean model given the imaging data, 2) the optimal predictive model 
within a specified class, 3) the sample-size dependent predictive modeling process, and 4) a 
specific pre-trained predictive model. We show that, when using flexible machine learning 
models, Pearson’s correlation is biased for parameter (2) and confidence intervals undercover. 
We use semi-parametric theory to present new estimators based on the efficient influence 
function. This allows for the construction of normal-based confidence intervals that achieve 
nominal coverage for parameters (2), (3),) and (4) in reasonable imaging sample sizes. We show 
how researchers can provide confidence intervals and p-values (without the need for 
permutation testing) for model accuracy. 
 

Poster 7 
Presenting Author:  Xiaomeng Ju, New York University Grossman School of Medicine 
Title:  A Bayesian Modeling Framework for EEG Data in Multi-condition Experiments 
Co-authors:  Hyung G. Park, Thaddeus Tarpey 
Abstract:  We propose a Bayesian mixed-effects model for multilevel EEG data, treating its 
time-frequency representation as functional data. The model integrates random effects that 
vary across subjects and conditions as well as condition-specific fixed effects, and incorporates 
covariates to investigate the association between brain activity and disease state. By leveraging 
tensor decomposition, the model enhances interpretability of neural dynamics. An efficient 
posterior sampling algorithm is proposed for parameter estimation with uncertainty 
quantification. We assess model performance through simulations and an application to EEG 
data from alcoholic patients and healthy controls in a multi-task experiment. 
 

Poster 8 
Presenting Author:  Yajie Liu, UTHealth & UT MD Anderson     
Title:  Bayesian Tensor-on-Tensor Regression for Predicting Longitudinal Brain Structural 
Changes in Alzheimer’s Disease 
Co-authors:  Hengrui Luo, Suprateek Kundu   
Abstract:     
Background:  
Traditional tensor-on-tensor regression models often fail to capture complex spatial 
dependencies in high-dimensional neuroimaging data and are limited in detecting voxel-level 
associations. This study proposes a Bayesian tensor-on-tensor regression framework to predict 
future brain structural changes in Alzheimer’s disease (AD) using baseline MRI scans, while 
preserving spatial structure and modeling voxel-level progression over time.  
Methods:  
We develop a Bayesian regression model where both input and outcome images are treated as 
high-dimensional tensors. Spatial correlation is incorporated through tensor-structured 
intercepts and coefficients, with PARAFAC decomposition employed for dimension reduction. A 
Gaussian process (GP) prior is used to transform input tensors, capturing nonlinear spatial 



dependencies. To enhance local modeling, we introduce a region-of-interest (ROI) framework 
that incorporates neighborhood-level spatial context. Subject-level covariates (e.g., age, APOE4 
status, diagnosis) are included as additive effects. Posterior inference is conducted using an 
efficient Markov Chain Monte Carlo (MCMC) algorithm, yielding voxel-level uncertainty 
quantification. Simulation  
Study:  
We evaluated model performance using 2D simulated images (32×32) under four input 
scenarios: Gaussian, uniform, wavelet-based, and GP-based textures. Outcomes were 
generated via nonlinear transformations with and without ROI context. Compared to 
conventional tensor regression and deep learning models, our approach achieved lower RMSE, 
higher voxel-wise correlation, and better credible interval coverage—especially in high-noise 
settings.  
Innovations:  
Our model introduces three key innovations. First, it jointly models all voxels in the outcome 
tensor using tensor-structured intercepts and coefficients, preserving global spatial 
dependencies. Second, the incorporation of a region-of-interest (ROI) framework allows the 
model to exploit local spatial context around each voxel, enhancing detection of localized 
patterns. Third, Gaussian process (GP) transformations are applied over the ROI to capture 
complex nonlinear spatial variation, enabling smooth and interpretable transformations.  
Conclusion:  
The proposed model offers a flexible, interpretable, and spatially-aware framework for 
longitudinal brain prediction in AD. This framework is broadly applicable to high-dimensional 
biomedical data, supporting precision medicine in neurodegenerative disease research. 
 

Poster 9 
Presenting Author:  Saikat Nandy, St. Jude Children's Research Hospital 
Title:  Bayesian Joint Mediation Model Identifies Brain Regions Mediating Negative Effects of 
Radiation Therapy on Neurocognition in Medulloblastoma Patients 
Co-authors:  Yimei Li, Zhuo Qu, John Glass, Heather Conklin, Arzu Onar-Thomas, Amar Gajjar, 
Wilburn Reddick, Cai Li 
Abstract:  One of the most common malignant pediatric brain tumors, Medulloblastoma, has a 
high cure rate upto 75 %. One of the factors contributing to the high survival rate is an 
aggressive treatment plan that includes surgical resection, chemotherapy, and craniospinal 
irradiation (CSI). However, survivors have reported exhibiting neurocognitive impairments both 
due to the disease burden and the cumulative effects of radiotherapy. A comprehensive 
understanding of the impact of current radiation therapy for pediatric brain tumors on brain 
structure and neurocognitive function is critically important to guide future treatment plans 
and the development of new techniques that seek to reduce radiation exposure. Motivated by 
the SJMB03 trial, which collected comprehensive data including treatment, clinical, 
neuroimaging, and cognitive variables from 146 medulloblastoma patients, a novel mediation 
analysis was developed to study the causal pathway by jointly modeling the treatment 
exposure, high dimensional neuroimaging mediators, and longitudinal neurocognitive 
outcomes. Our goal was to locate brain regions that are impacted by irradiation and affect 
neurocognition. In this spirit, we incorporated spatio-temporal information by leveraging 



Bayesian variable selection and nonparametrics to create a flexible tool that makes minimal 
modeling assumptions and instead learns directly from the data. Identifying causal pathways 
and detecting influential brain regions mediating the negative impact of irradiation on 
neurocognition can guide future radiotherapy approaches, such as proton therapy, allowing for 
targeted treatment of the tumor bed while avoiding vulnerable regions. 
 

Poster 10 
Presenting Author:  Saranjeet Singh Saluja, Indiana University, Bloomington   
Title:  Robust outlier detection for heterogeneous distributions applicable to censoring in 
functional MRI 
Co-authors:  Fatma Parlak, Amanda Mejia    
Abstract:   Neuroimaging data, such as functional MRI (fMRI), is vulnerable to artifacts caused 
by head movements, deep breaths, and other physiological signals. Recent work has considered 
volumes contaminated by artifacts as high-dimensional statistical outliers, which can be 
identified in a statistically principled way through robust multivariate outlier detection 
techniques. One limitation of existing techniques is an assumption of Gaussianity, which has 
been shown to be violated in this context. Motivated by this prior work, here we introduce we 
introduce a robust, statistically driven outlier detection framework utilizing the flexible sinh-
arcsinh (SHASH) transformation. Our method utilizes an iterative SHASH-to-Normal 
transformation, which standardizes a variety of distribution shapes, including those that show a 
combination of skewness and heavy or light tails. This flexibility provides a significant advantage 
over transformations such as Box-Cox or robust Yeo-Johnson, which primarily address skewness 
but might not adequately accommodate tail variations. Observations are flagged as outliers 
based on quantiles of the transformed standard Normal distribution. The process iteratively 
excludes outliers from transformation parameter estimation until a stable transformation and 
detection is achieved. Through extensive simulation studies, we demonstrate that the proposed 
SHASH method achieves consistently high sensitivity and maintains a low false positive rate 
across symmetric, heavy-tailed, and skewed distributions, outperforming standard methods 
based on assumption of Gaussianity or the use of robust YJ transformation in most scenarios. 
However, SHASH sensitivity decreases under extremely high contamination (20% or above), 
indicating dependency on robust initial outlier flags. Our initial outlier identification approach 
may exhibit limited effectiveness when applied to strongly non-Gaussian distributions. To 
mitigate this shortcoming, future work will investigate more flexible techniques for initial 
outlier detection, including Isolation Forest, a nonparametric, assumption-free outlier detection 
method. This novel technique for robust transformation to Gaussianity for heterogeneous 
distributions has promising utility for multivariate and univariate outlier detection. Future work 
will investigate its efficacy for data-driven, statistically principled detection of volumes in fMRI 
contaminated by head motion and other sources of artifacts. 
 

Poster 11 
Presenting Author:  Lan Shui, The University of Texas MD Anderson Cancer Center, Department 
of Biostatistics 



Title:  PoweREST: Statistical Power Estimation for Spatial Transcriptomics Experiments to Detect 
Differentially Expressed Genes Between Two Conditions 
Co-authors:  Lan Shui, Anirban Maitra, Ying Yuan, Ken Lau, Harsimran Kaur, Liang Li, Ziyi Li, with 
the NCI Translational and Basic Science Research in Early Lesions Program 
Abstract:  Recent advancements in spatial transcriptomics (ST) have significantly enhanced 
biological research in various domains. However, the high cost for current ST data generation 
techniques restricts the large-scale application of ST. Consequently, maximization of the use of 
available resources to achieve robust statistical power for ST data is a pressing need. One 
fundamental question in ST analysis is detection of differentially expressed genes (DEGs) under 
different conditions using ST data. Such DEG analyses are performed frequently, but their 
power calculations are rarely discussed in the literature. To address this gap, we developed 
PoweREST (https://cran.r-project.org/web/packages/PoweREST/index.html), a power 
estimation tool designed to support the power calculation for DEG detection with 10X 
Genomics Visium data. PoweREST enables power estimation both before any ST experiments 
and after preliminary data are collected, making it suitable for a wide variety of power analyses 
in ST studies. We also provide a user-friendly, program-free web application 
(https://lanshui.shinyapps.io/PoweREST/), that allows users to interactively calculate and 
visualize study power along with relevant parameters. 
 

Poster 12 
Presenting Author:  Haiyue Song, Brown University 
Title:  Double Layers of Causal Inference: Application to fMRI Effective Connectivity Research  
Co-authors:  Ani Eloyan, Youjin Lee 
Abstract:  Effective connectivity research investigates whether and to what extent functional 
activity in one brain region causally influences activity in other brain regions. Recent studies 
have shown a growing interest in the effects of external intervention on subject-level 
connectivity, even in observational studies. This introduces two layers of causal inference 
problems. The first layer involves causal relationships among brain regions, while the second 
layer concerns the effect of an external intervention on those relationships. Each layer is 
susceptible to confounding factors, which may be distinct at each level or shared. To address 
confounding in estimating effective connectivity, we propose using a sample splitting method 
applied to time-series data to select brain regions that may confound the causal relationships 
between two regions. We then estimate effective connectivity using a vector autoregressive 
model, properly conditioned on the selected confounding regions. With the estimated effective 
connectivity, we apply inverse probability weighting methods to adjust for subject-level 
confounding factors. The resulting estimators for each pair of brain regions, in either direction, 
are used to examine the intervention effect on overall or particular effective connectivity while 
properly controlling for multiple testing. We demonstrate, both in theory and simulations, that 
the proposed method is asymptotically valid under certain conditions, effectively controlling 
type-I error rates and familywise error rates. We apply our proposed approach to the resting-
state fMRI data from the Alzheimer’s Disease Neuroimaging Initiative. 



 

Poster 13 
Presenting Author:  Yang Wang, Washington University in St. Louis 
Title:  Score Test for Functional Markov Process With Image Predictor 
Co-authors:  Graham Colditz; Shu Jiang 
Abstract:  A functional multistate model is presented, which accommodates Markov processes 
governing disease transition in a finite set of states. Importantly, we consider a setting where 
the set of predictors contains a high-dimensional image with the goal of quantifying the 
association between the image and the transition of disease states. In the motivating 
application of breast cancer, women start from normal breast tissue, go through benign lesions, 
and then to the onset of DCIS/invasive cancer. As in the real data application, we consider the 
setting in which the individuals are observed intermittently and the transition times are 
interval-censored. A score test is developed to test the nullity of the coefficient function for the 
image predictor at different transitions between states. The asymptotic distribution of the 
score statistic is provided. An application involving progression to the development of breast 
cancer with mammogram image data provides illustration. Our results demonstrate an 
important association between the mammogram image and the probability of transition in 
breast cancer. 
 

Poster 14 
Presenting Author:  Yaotian Wang, Emory University 
Title:  A Domain-Knowledge-Informed Bayesian Approach for Reliable Disentangling of the 
Brain Connectome 
Co-author:   Professor Ying Guo, Department of Biostatistics and Bioinformatics, Emory 
University  
Abstract:  The brain is a network of interconnected neural circuits. Numerous studies show that 
neural circuits are key to understanding brain function, development and aging, and 
neuropsychiatric disorders. However, delineating neural circuits from complex, high-
dimensional brain networks is challenging. Blind source separation (BSS) offers a powerful, 
data-driven approach to uncover neural circuits from brain data, with each latent source 
corresponding to one circuit. Recent advances in BSS allow direct decomposition of connectivity 
data instead of raw imaging, yielding new insights into the brain connectome. However, a 
crucial limitation is that these methods are typically developed without integrating any domain 
knowledge such as neuroanatomical information. While their status as independent statistical 
tools demonstrates statistical effectiveness, they miss the opportunity to reveal more reliable 
scientific findings. To address this gap, we propose a Bayesian hierarchical decomposition 
model with a novel domain-knowledge-informed prior for brain connectivity data. Our method 
further enables joint analysis of data from multiple subject groups, facilitating the identification 
of differences in neural circuits across groups with varying covariates, such as age or sex. 
Applied to functional connectivity data from the Lifespan Human Connectome Project in 
Development (HCP-D) study, our method identifies several scientific meaningful and reliable 
neural circuits, along with age- and sex-related variations within them. Our method also 



uncovers novel neural circuits that have not been previously reported, offering new insights 
into the development of the functional connectome. 

 
Poster 15 
Presenting Author:  Yixi Xu, Indiana University 
Title: Parsimonious Clustering of Covariance Matrices 
Co-author:  Yi Zhao, Indiana University  
Abstract:  Functional connectivity (FC) derived from functional magnetic resonance imaging 
(fMRI) data offers vital insights for understanding brain function, neurodegenerative diseases 
and psychiatric disorders. Unsupervised clustering methods are desired to group individuals 
based on shared features, facilitating clinical diagnosis. In this study, a parsimonious clustering 
model is proposed, which integrates the Mixture-of-Experts (MoE) and covariance regression 
framework to cluster individuals based on resting-state FC captured by data covariance 
matrices. The model assumes common linear projections across covariance matrices and a 
generalized linear model with covariates, allowing for flexible yet interpretable projection-
specific clustering solutions. To evaluate the performance of the proposed framework, 
extensive simulation studies are conducted to assess clustering accuracy and robustness. The 
approach is applied to resting-state fMRI data from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI). Subgroups are identified based on brain coherence and simultaneously 
uncovers the association with demographic factors and cognitive functions. 
  

Poster 16 
Presenting Author:  Zihan Yang, UT MD Anderson Cancer Center 
Title:  Scalable Precision-Factor Approach for Estimating Domain-informed and Spatially Aware 
Gene Networks in Cancer Spatial Transcriptomics 
Co-authors:  Tsung-Hung Yao, Suprateek Kundu 
Abstract:  Recent spatially resolved transcriptomics (ST) technologies enable the measurement 
of high-dimensional gene expression across thousands of spatially indexed locations. Although 
many analytic methods focus on detecting spatially variable genes and clustering, few address 
the network-level interactions crucial for local transcriptomic regulation—a key consideration 
in tumor microenvironments (TMEs), where spatial organization and compartment-specific 
regulation critically shape disease progression.  
To bridge this gap, we propose a scalable spatial precision factor model aimed at context-
informed, joint network inference for ST data. This framework combines fine-grained location 
and domain-specific effects while remaining computationally feasible at scale. Specifically, we 
introduce a two-component prior on latent factor loadings to facilitate more nuanced detection 
of spatially domain-driven co-expression patterns: Location-specific Gaussian Process priors to 
capture smoothly varying spatial heterogeneity; Domain-informed priors to incorporate 
covariance constraints among biologically distinct domains (i.e, tumor subtypes or tissue 
compartments). 
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Presenting Author:  Qishi Zhan, Marquette University 



Title:  Bayesian SSGL for Spatially Varying Coefficient Models 
Co-author:  Cheng-Han Yu 
Abstract:  This project addresses a core challenge in spatial statistics and image analysis: 
estimating spatially varying relationships among variables while achieving scalable and 
interpretable model inference. We develop a novel Bayesian spatial modeling framework that 
integrates B-spline basis expansions with spike-and-slab group lasso (SSGL) priors to perform 
simultaneous spatial smoothing and variable selection. By expressing spatially varying 
coefficients as linear combinations of B-spline basis functions, our method achieves substantial 
dimensionality reduction and smooth estimation across spatial domains. The SSGL prior 
introduces sparsity at the group level, allowing for automatic predictor selection with 
associated posterior uncertainty quantification, a critical need in high-dimensional spatial 
modeling. To ensure scalability to large datasets—common in modern spatial and image 
analysis—we implement sparse matrix representations and leverage parallel computing to 
accelerate posterior inference. Simulation studies demonstrate the method’s ability to 
accurately recover spatial patterns and identify truly influential covariates, even in the presence 
of noise and redundant predictors. Our framework effectively balances estimation accuracy, 
computational efficiency, and model interpretability, making it well-suited for applications such 
as medical imaging, environmental mapping, and spatially structured functional data analysis. 
To validate real-world applicability, we analyze NASA's MODIS satellite data, modeling the 
Enhanced Vegetation Index (EVI) across spatial locations using related environmental predictors 
including red, near-infrared (NIR), and blue reflectance values, Gross Primary Production (GPP), 
and viewing geometry parameters. Our spatially varying coefficient model successfully 
identifies location-specific relationships between EVI and these environmental factors. The 
results reveal distinct spatial patterns in how these drivers influence vegetation health, with 
NIR reflectance showing strong effects in densely vegetated regions while viewing geometry 
becomes more influential in areas with sparse vegetation. These spatial insights enable more 
precise ecological monitoring by highlighting where specific environmental factors strongly 
impact vegetation dynamics. For resource managers, our method provides targeted 
information on which environmental variables matter most at specific locations, allowing for 
more efficient allocation of conservation resources and more effective adaptation strategies. 
 

Poster 18 
Presenting Author:  Xinyu Zhang, Vanderbilt University   
Title:  Semiparametric Confidence Sets for Arbitrary Effect Sizes in Longitudinal Neuroimaging  
Co-authors:  Kenneth Liao, Jakob Seidlitz, Maureen McHugo, Suzanne N. Avery, Anna Huang, 
The Alzheimer’s Disease Neuroimaging Initiative, Aaron Alexander-Bloch, Neil Woodward, 
Stephan Heckers, Simon Vandekar 
Abstract:  The majority of neuroimaging inference focuses on hypothesis testing rather than 
effect estimation. With concerns about replicability, there is growing interest in reporting 
standardized effect sizes from neuroimaging group-level analyses. Confidence sets are a 
recently developed approach to perform inference for effect sizes in neuroimaging but are 
restricted to univariate effect sizes and cross-sectional data. Thus, existing methods exclude 
increasingly common multigroup or nonlinear longitudinal associations of biological brain 
measurements with inter- and intra-individual variations in diagnosis, development, or 



symptoms. We broadly generalize the confidence set approach by developing a method for 
arbitrary effect sizes in longitudinal studies. Our method involves robust estimation of the 
effect size image and spatial and temporal covariance function based on generalized estimating 
equations. We obtain more efficient effect size estimates by concurrently estimating the 
exchangeable working covariance and using a nonparametric bootstrap to determine the joint 
distribution of effect size across voxels used to construct confidence sets. These confidence sets 
identify regions of the image where the lower or upper simultaneous confidence interval is 
above or below a given threshold with high probability. We evaluate the coverage and 
simultaneous confidence interval width of the proposed procedures using realistic simulations 
and perform longitudinal analyses of aging and diagnostic differences of cortical thickness in 
Alzheimer's disease and diagnostic differences of resting-state hippocampal activity in 
psychosis. This comprehensive approach, along with the visualization functions integrated into 
the pbj R package, offers a robust tool for analyzing repeated neuroimaging measurements. 
 
 

Poster 19 
Presenting Author:  Sophia Zorek, Rice University   
Title:  When are Diffusion Priors Helpful in Sparse Reconstruction? A Study with Sparse-view CT  
Co-authors:  Matt Y. Cheung, Tucker J. Netherton, Laurence E. Court, Sadeer Al-Kindi, Ashok 
Veeraraghavan, and Guha Balakrishnan 
Abstract: Diffusion models demonstrate state-of-the-art performance on image generation, 
and are gaining traction for sparse medical image reconstruction tasks. However, compared to 
classical reconstruction algorithms relying on simple analytical priors, diffusion models have the 
dangerous property of producing realistic looking results, even when incorrect, particularly with 
few observations. We investigate the utility of diffusion models as priors for image 
reconstruction by varying the number of observations and comparing their performance to 
classical priors (sparse and Tikhonov regularization) using pixel-based, structural, and clinically 
relevant downstream metrics. We make comparisons on low-dose chest wall computed 
tomography (CT) for fat mass quantification. First, we find that classical priors are superior to 
diffusion priors when the number of projections is “sufficient”. Second, we find that diffusion 
priors can capture a large amount of detail with very few observations, significantly 
outperforming classical priors. However, they fall short of capturing all details, even with many 
observations. Finally, we find that the performance of diffusion priors plateau after extremely 
few (≈10-15) projections. Ultimately, our work highlights potential issues with diffusion-based 
sparse reconstruction and underscores the importance of further investigation, particularly in 
high-stakes clinical settings. 
 
 
 
 

 
 
 
 



 


