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A DEEP LEARNING SEMIPARAMETRIC REGRESSION FOR ADJUSTING
COMPLEX CONFOUNDING STRUCTURES
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Deep Treatment Learning (deepTL), a robust yet efficient deep learning-
based semiparametric regression approach, is proposed to adjust the com-
plex confounding structures in comparative effectiveness analysis of observa-
tional data, for example, electronic health record (EHR) data in which com-
plex confounding structures are often embedded. Specifically, we develop
a deep learning neural network with a score-based ensembling scheme for
flexible function approximation. An improved semiparametric procedure is
further developed to enhance the performance of the proposed method under
finite sample settings. Comprehensive numerical studies have demonstrated
the superior performance of the proposed methods, as compared with existing
methods, with a remarkably reduced bias and mean squared error in parame-
ter estimates. The proposed research is motivated by a postsurgery pain study,
which is also used to illustrate the practical application of deepTL. Finally,
an R package, “deepTL,” is developed to implement the proposed method.
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UNSUPERVISED STREAMING ANOMALY DETECTION FOR
INSTRUMENTED INFRASTRUCTURE
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Structural health monitoring (SHM) often involves instrumenting struc-
tures with distributed sensor networks. These networks typically provide high
frequency data describing the spatiotemporal behaviour of the assets. A main
objective of SHM is to reason about changes in structures’ behaviour using
sensor data. We construct a streaming anomaly detection method for data
from a railway bridge instrumented with a fibre-optic sensor network. The
data exhibits trend over time, which may be partially attributable to environ-
mental factors, calling for temporally adaptive estimation. Exploiting a latent
structure present in the data motivates a quantity of interest for anomaly de-
tection. This quantity is estimated, sequentially and adaptively, using a new
formulation of streaming principal component analysis. Anomaly detection
for this quantity is then provided using conformal prediction. Like all stream-
ing methods, the proposed method has free control parameters which are set
using simulations based on bridge data. Experiments demonstrate that this
method can operate at the sampling frequency of the data while providing
accurate tracking of the target quantity. Further, the anomaly detection is able
to detect train passage events. Finally, the method reveals a previously unre-
ported cyclic structure present in the data.
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EXTENDING MODELS VIA GRADIENT BOOSTING: AN APPLICATION TO
MENDELIAN MODELS
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Improving existing widely-adopted prediction models is often a more
efficient and robust way toward progress than training new models from
scratch. Existing models may: (a) incorporate complex mechanistic knowl-
edge, (b) leverage proprietary information, and (c) have surmounted barriers
to adoption. Compared to model training, model improvement and modifi-
cation receive little attention. In this paper we propose a general approach
to model improvement: we combine gradient boosting with any previously
developed model to improve model performance while retaining important
existing characteristics. To exemplify, we consider the context of Mendelian
models which estimate the probability of carrying genetic mutations that con-
fer susceptibility to disease by using family pedigrees and health histories
of family members. Via simulations, we show that integration of gradient
boosting with an existing Mendelian model can produce an improved model
that outperforms both that model and the model built using gradient boost-
ing alone. We illustrate the approach on genetic testing data from the USC–
Stanford Cancer Genetics Hereditary Cancer Panel (HCP) study.
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For concertgoers, musical interpretation is the most important factor in
determining whether or not we enjoy a classical performance. Every per-
formance includes mistakes—intonation issues, a lost note, an unpleasant
sound—but these are all easily forgotten (or unnoticed) when a performer en-
gages her audience, imbuing a piece with novel emotional content beyond the
vague instructions inscribed on the printed page. In this research we use data
from the CHARM Mazurka Project—46 professional recordings of Chopin’s
Mazurka Op. 68 No. 3 by consummate artists—with the goal of elucidat-
ing musically interpretable performance decisions. We focus specifically on
each performer’s use of tempo by examining the interonset intervals of the
note attacks in the recording. To explain these tempo decisions, we develop
a switching state space model and estimate it by maximum likelihood, com-
bined with prior information gained from music theory and performance prac-
tice. We use the estimated parameters to quantitatively describe individual
performance decisions and compare recordings. These comparisons suggest
methods for informing music instruction, discovering listening preferences
and analyzing performances.
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We propose to model time-varying periodic and oscillatory processes by
means of a hidden Markov model where the states are defined through the
spectral properties of a periodic regime. The number of states is unknown
along with the relevant periodicities, the role and number of which may vary
across states. We address this inference problem by a Bayesian nonparamet-
ric hidden Markov model, assuming a sticky hierarchical Dirichlet process for
the switching dynamics between different states while the periodicities char-
acterizing each state are explored by means of a transdimensional Markov
chain Monte Carlo sampling step. We develop the full Bayesian inference
algorithm and illustrate the use of our proposed methodology for different
simulation studies as well as an application related to respiratory research
which focuses on the detection of apnea instances in human breathing traces.
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We introduce Targeted Smooth Bayesian Causal Forests (tsBCF), a non-
parametric Bayesian approach for estimating heterogeneous treatment effects
which vary smoothly over a single covariate in the observational data set-
ting. The tsBCF method induces smoothness by parameterizing terminal tree
nodes with smooth functions and allows for separate regularization of treat-
ment effects vs. prognostic effect of control covariates. Smoothing parame-
ters for prognostic and treatment effects can be chosen to reflect prior knowl-
edge or tuned in a data-dependent way.

We use tsBCF to analyze a new clinical protocol for early medical abor-
tion. Our aim is to assess the relative effectiveness of simultaneous vs. inter-
val administration of mifepristone and misoprostol over the first nine weeks
of gestation. Our analysis yields important clinical insights into how to best
counsel patients seeking early medical abortion, where understanding even
small differences in relative effectiveness can yield dramatic returns to pub-
lic health. The model reflects our expectation that the treatment effect varies
smoothly over gestation but not necessarily over other covariates. We demon-
strate the performance of the tsBCF method on benchmarking experiments.
Software for tsBCF is available at https://github.com/jestarling/tsbcf/ and in
the Supplementary Material (Starling (2020)).
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We consider regression in which one predicts a response Y with a set of
predictors X across different experiments or environments. This is a common
setup in many data-driven scientific fields, and we argue that statistical in-
ference can benefit from an analysis that takes into account the distributional
changes across environments. In particular, it is useful to distinguish between
stable and unstable predictors, that is, predictors which have a fixed or a
changing functional dependence on the response, respectively. We introduce
stabilized regression which explicitly enforces stability and thus improves
generalization performance to previously unseen environments. Our work is
motivated by an application in systems biology. Using multiomic data, we
demonstrate how hypothesis generation about gene function can benefit from
stabilized regression. We believe that a similar line of arguments for exploit-
ing heterogeneity in data can be powerful for many other applications as well.
We draw a theoretical connection between multi-environment regression and
causal models which allows to graphically characterize stable vs. unstable
functional dependence on the response. Formally, we introduce the notion
of a stable blanket which is a subset of the predictors that lies between the
direct causal predictors and the Markov blanket. We prove that this set is op-
timal in the sense that a regression based on these predictors minimizes the
mean squared prediction error, given that the resulting regression generalizes
to unseen new environments.
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Uplift models provide a solution to the problem of isolating the market-
ing effect of a campaign. For customer churn reduction, uplift models are
used to identify the customers who are likely to respond positively to a reten-
tion activity, only if targeted, and to avoid wasting resources on customers that
are very likely to switch to another company. In practice, the uplift models
performance is measured by the Qini coefficient. We introduce a Qini-based
uplift regression model to analyze a large insurance company’s retention mar-
keting campaign. Our approach is based on logistic regression models. We
show that a Qini-optimized uplift model acts as a regularizing factor for up-
lift, much as a penalized likelihood model does for regression. This results
in interpretable models with few relevant explanatory variables. Our results
show that Qini-based parameter estimation significantly improves the Qini
prediction performance of uplift models.
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The dramatic growth of big datasets presents a new challenge to data
storage and analysis. Data reduction, or subsampling, that extracts useful in-
formation from datasets is a crucial step in big-data analysis. We propose an
orthogonal subsampling (OSS) approach for big data with a focus on linear
regression models. The approach is inspired by the fact that an orthogonal ar-
ray of two levels provides the best experimental design for linear regression
models in the sense that it minimizes the average variance of the estimated pa-
rameters and provides the best predictions. The merits of OSS are three-fold:
(i) it is easy to implement and fast; (ii) it is suitable for distributed paral-
lel computing and ensures the subsamples selected in different batches have
no common data points, and (iii) it outperforms existing methods in mini-
mizing the mean squared errors of the estimated parameters and maximizing
the efficiencies of the selected subsamples. Theoretical results and extensive
numerical results show that the OSS approach is superior to existing subsam-
pling approaches. It is also more robust to the presence of interactions among
covariates, and, when they do exist, OSS provides more precise estimates of
the interaction effects than existing methods. The advantages of OSS are also
illustrated through analysis of real data.
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For certain subtypes of breast cancer, study findings show that their level
of estrogen receptor expression is associated with their risk of cancer death
and also suggest a nonlinear effect on the hazard of death. A flexible form of
the proportional hazards model, λ(t |x,zzz) = λ(t) exp(zzzT βββ)q(x), is desirable
to facilitate a rich class of covariate effect on a survival outcome to provide
meaningful insight, where the functional form of q(x) is not specified except
for its shape. Prior biologic knowledge on the shape of the underlying dis-
tribution of the covariate effect in regression models can be used to enhance
statistical inference. Despite recent progress, major challenges remain for the
semiparametric shape-restricted inference due to lack of practical and effi-
cient computational algorithms to accomplish nonconvex optimization. We
propose an alternative algorithm to maximize the full log-likelihood with
two sets of parameters iteratively under monotone constraints. The first set
consists of the nonparametric estimation of the monotone-restricted function
q(x), while the second set includes estimating the baseline hazard function
and other covariate coefficients. The iterative algorithm, in conjunction with
the pool-adjacent-violators algorithm, makes the computation efficient and
practical. The jackknife resampling effectively reduces the estimator bias,
when sample size is small. Simulations show that the proposed method can
accurately capture the underlying shape of q(x) and outperforms the estima-
tors when q(x) in the Cox model is misspecified. We apply the method to
model the effect of estrogen receptor on breast cancer patients’ survival.
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In cardiovascular studies we often observe ordered multiple events along
disease progression which are, essentially, a series of recurrent events and
terminal events with competing risk structure. One of the main interests is
to explore the event specific association with the dynamics of longitudinal
biomarkers. A new statistical challenge arises when the biomarkers carry
information from the past event history, providing feedbacks for the occur-
rences of future events and, particularly, when these biomarkers are only in-
termittently observed with measurement errors. In this paper we propose a
novel modeling framework where the recurrent events and terminal events
are modeled as multistate processes and the longitudinal covariates that ac-
count for event feedbacks are described by random effects models. Consid-
ering the nature of long-term observation in cardiac studies, flexible models
with semiparametric coefficients are adopted. To improve computation effi-
ciency, we develop an one-step estimator of the regression coefficients and
derive their asymptotic variances for the computation of the confidence in-
tervals, based on the proposed asymptotically unbiased estimating equation.
Simulation studies show that the naive estimators, which either ignore the past
event feedbacks or the measurement errors, are biased. Our method achieves
better coverage probability, compared to the naive methods. The model is mo-
tivated and applied to a dataset from the Atherosclerosis Risk in Communities
Study.
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Ohio is one of the states most impacted by the opioid epidemic and ex-
perienced the second highest age-adjusted fatal drug overdose rate in 2017.
Initially it was believed prescription opioids were driving the opioid crisis
in Ohio. However, as the epidemic evolved, opioid overdose deaths due to
fentanyl have drastically increased. In this work we develop a Bayesian mul-
tivariate spatiotemporal model for Ohio county overdose death rates from
2007 to 2018 due to different types of opioids. The log-odds are assumed to
follow a spatially varying change point regression model. By assuming the re-
gression coefficients are a multivariate conditional autoregressive process, we
capture spatial dependence within each drug type and also dependence across
drug types. The proposed model allows us to not only study spatiotemporal
trends in overdose death rates but also to detect county-level shifts in these
trends over time for various types of opioids.
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This paper considers the modeling of zero-inflated circular measure-
ments concerning real case studies from medical sciences. Circular-circular
regression models have been discussed in the statistical literature and illus-
trated with various real-life applications. However, there are no models to
deal with zero-inflated response as well as a covariate simultaneously. The
Möbius transformation based two-stage circular-circular regression model
is proposed, and the Bayesian estimation of the model parameters is sug-
gested using the MCMC algorithm. Simulation results show the superiority
of the performance of the proposed method over the existing competitors.
The method is applied to analyse real datasets on astigmatism due to cataract
surgery and abnormal gait related to orthopaedic impairment. The method-
ology proposed can assist in efficient decision making during treatment or
postoperative care.
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The ability to identify time periods when individuals are most suscepti-
ble to exposures as well as the biological mechanisms through which these
exposures act is of great public health interest. Growing evidence supports an
association between prenatal exposure to air pollution and epigenetic marks,
such as DNA methylation, but the timing and gene-specific effects of these
epigenetic changes are not well understood. Here, we present the first study
that aims to identify prenatal windows of susceptibility to air pollution expo-
sures in cord blood DNA methylation. In particular, we propose a function-
on-function regression model that leverages data from nearby DNA methyla-
tion probes to identify epigenetic regions that exhibit windows of susceptibil-
ity to ambient particulate matter less than 2.5 microns (PM2.5). By incorpo-
rating the covariance structure among both the multivariate DNA methylation
outcome and the time-varying exposure under study, this framework yields
greater power to detect windows of susceptibility and greater control of false
discoveries than methods that model probes independently. We compare our
method to a distributed lag model approach that models DNA methylation in
a probe-by-probe manner, both in simulation and by application to motivating
data from the Project Viva birth cohort. We identify a window of susceptibil-
ity to PM2.5 exposure in the middle of the third trimester of pregnancy in an
epigenetic region selected based on prior studies of air pollution effects on
epigenome-wide methylation.
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In this article we investigate group differences in phthalate exposure pro-
files using NHANES data. Phthalates are a family of industrial chemicals
used in plastics and as solvents. There is increasing evidence of adverse health
effects of exposure to phthalates on reproduction and neurodevelopment and
concern about racial disparities in exposure. We would like to identify a single
set of low-dimensional factors summarizing exposure to different chemicals,
while allowing differences across groups. Improving on current multigroup
additive factor models, we propose a class of Perturbed Factor Analysis (PFA)
models that assume a common factor structure after perturbing the data via
multiplication by a group-specific matrix. Bayesian inference algorithms are
defined using a matrix normal hierarchical model for the perturbation matri-
ces. The resulting model is just as flexible as current approaches in allowing
arbitrarily large differences across groups but has substantial advantages that
we illustrate in simulation studies. Applying PFA to NHANES data, we learn
common factors summarizing exposures to phthalates, while showing clear
differences across groups.
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Today there are approximately 85,000 chemicals regulated under the
Toxic Substances Control Act, with around 2,000 new chemicals introduced
each year. It is impossible to screen all of these chemicals for potential toxic
effects, either via full organism in vivo studies or in vitro high-throughput
screening (HTS) programs. Toxicologists face the challenge of choosing
which chemicals to screen, and predicting the toxicity of as yet unscreened
chemicals. Our goal is to describe how variation in chemical structure relates
to variation in toxicological response to enable in silico toxicity characteriza-
tion designed to meet both of these challenges. With our Bayesian partially
Supervised Sparse and Smooth Factor Analysis (BS3FA) model, we learn
a distance between chemicals targeted to toxicity, rather than one based on
molecular structure alone. Our model also enables the prediction of chemical
dose-response profiles based on chemical structure (i.e., without in vivo or in
vitro testing) by taking advantage of a large database of chemicals that have
already been tested for toxicity in HTS programs. We show superior simu-
lation performance in distance learning and modest to large gains in predic-
tive ability compared to existing methods. Results from the high-throughput
screening data application elucidate the relationship between chemical struc-
ture and a toxicity-relevant high-throughput assay. An R package for BS3FA
is available online at https://github.com/kelrenmor/bs3fa.
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As advances in technology allow the acquisition of complementary in-
formation, it is increasingly common for scientific studies to collect multiple
datasets. Large-scale neuroimaging studies often include multiple modalities
(e.g., task functional MRI, resting-state fMRI, diffusion MRI, and/or struc-
tural MRI) with the aim to understand the relationships between datasets. In
this study, we seek to understand whether regions of the brain activated in
a working memory task relate to resting-state correlations. In neuroimaging,
a popular approach uses principal component analysis for dimension reduc-
tion prior to canonical correlation analysis with joint independent component
analysis, but this may discard biological features with low variance and/or
spuriously associate structure unique to a dataset with joint structure. We in-
troduce SImultaneous Non-Gaussian component analysis (SING) in which
dimension reduction and feature extraction are achieved simultaneously, and
shared information is captured via subject scores. We apply our method to
a working memory task and resting-state correlations from the Human Con-
nectome Project. We find joint structure as evident from joint scores whose
loadings highlight resting-state correlations involving regions associated with
working memory. Moreover, some of the subject scores are related to fluid in-
telligence.
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TENSOR QUANTILE REGRESSION WITH APPLICATION TO
ASSOCIATION BETWEEN NEUROIMAGES AND HUMAN INTELLIGENCE
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Human intelligence is usually measured by well-established psychome-
tric tests through a series of problem solving. The recorded cognitive scores
are continuous but usually heavy-tailed with potential outliers and violating
the normality assumption. Meanwhile, magnetic resonance imaging (MRI)
provides an unparalleled opportunity to study brain structures and cognitive
ability. Motivated by association studies between MRI images and human
intelligence, we propose a tensor quantile regression model, which is a gen-
eral and robust alternative to the commonly used scalar-on-image linear re-
gression. Moreover, we take into account rich spatial information of brain
structures, incorporating low-rankness and piecewise smoothness of imaging
coefficients into a regularized regression framework. We formulate the opti-
mization problem as a sequence of penalized quantile regressions with a gen-
eralized Lasso penalty, based on tensor decomposition, and develop a com-
putationally efficient alternating direction method of multipliers algorithm
(ADMM) to estimate the model components. Extensive numerical studies
are conducted to examine the empirical performance of the proposed method
and its competitors. Finally, we apply the proposed method to a large-scale
important dataset—the Human Connectome Project. We find that the tensor
quantile regression can serve as a prognostic tool to assess future risk of cog-
nitive impairment progression. More importantly, with the proposed method
we are able to identify the most activated brain subregions associated with
quantiles of human intelligence. The prefrontal and anterior cingulate cortex
are found to be mostly associated with lower and upper quantile of fluid in-
telligence. The insular cortex associated with median of fluid intelligence is
a rarely reported region.
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Thirty-day rehospitalization rate is a well-studied and important measure
reflecting the overall performance of health systems. Recently, transitional
care (TC) programs have been initiated to reduce avoidable rehospitaliza-
tions. These programs typically ask nurses to follow-up with patients after
the hospitalization to manage issues and reduce the risk of rehospitalizations
during health care transitions. As rehospitalization is a complex process that
depends on many factors, it is unlikely that these interventions are effective
for all patients across a diverse population. In this paper we consider indi-
vidualized intervention or treatment recommendation rules (ITRs) aimed at
maximizing overall treatment effectiveness. We investigate our approach in
a setting where patients are divided into two diagnosis related groups, med-
ically complicated and uncomplicated. As the treatment effects can greatly
vary between the two groups, we allow our recommendation rules to be group
specific. In particular, our approach can accommodate scale differences in
treatment effects and utilize a tuning parameter to drive the similarity of the
estimated ITRs between groups. Computation is achieved by transforming
our problem into a form solvable by existing software, and a wrapper R pack-
age is developed for our proposed treatment recommendation framework. We
conduct extensive evaluation through both simulation studies and analysis of
a TC program.
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The sex ratio at birth (SRB) is defined as the ratio of male to female live
births. The SRB imbalance in parts of the world over the past several decades
is a direct consequence of sex-selective abortion, driven by the coexistence
of son preference, readily available technology of prenatal sex determina-
tion and fertility decline. Estimation and projection of the degree of SRB
imbalance is complicated because of variability in SRB reference levels and
because of the uncertainty associated with SRB observations.

We develop Bayesian hierarchical time series mixture models for SRB es-
timation and scenario-based projections for all countries from 1950 to 2100.
We model the SRB regional and national reference levels and the fluctuation
around national reference levels. We identify countries at risk of SRB imbal-
ances and model both: (i) the absence or presence of sex ratio transitions in
such countries and, if present, (ii) the transition process. The transition model
of SRB imbalance captures three stages (increase, stagnation and conver-
gence back to SRB baselines). The model identifies countries with statistical
evidence of SRB inflation in a fully Bayesian approach. The scenario-based
SRB projections are based on the sex ratio transition model with varying
assumptions regarding the occurrence of a sex ratio transition in at-risk coun-
tries. Projections are used to quantify the future burden of missing female
births due to sex-selective abortions under different scenarios.
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Cognitive diagnosis models (CDMs) are a family of discrete latent at-
tribute models that serve as statistical basis in educational and psychological
cognitive diagnosis assessments. CDMs aim to achieve fine-grained inference
on individuals’ latent attributes, based on their observed responses to a set of
designed diagnostic items. In the literature CDMs usually assume that items
require mastery of specific latent attributes and that each attribute is either
fully mastered or not mastered by a given subject. We propose a new class
of models, partial mastery CDMs (PM-CDMs), that generalizes CDMs by
allowing for partial mastery levels for each attribute of interest. We demon-
strate that PM-CDMs can be represented as restricted latent class models.
Relying on the latent class representation, we propose a Bayesian approach
for estimation. We present simulation studies to demonstrate parameter re-
covery, to investigate the impact of model misspecification with respect to
partial mastery and to develop diagnostic tools that could be used by prac-
titioners to decide between CDMs and PM-CDMs. We use two examples of
real test data—the fraction subtraction and the English tests—to demonstrate
that employing PM-CDMs not only improves model fit, compared to CDMs,
but also can make substantial difference in conclusions about attribute mas-
tery. We conclude that PM-CDMs can lead to more effective remediation pro-
grams by providing detailed individual-level information about skills learned
and skills that need to study.

REFERENCES

AIROLDI, E. M., BLEI, D. M., EROSHEVA, E. A. and FIENBERG, S. E. (2014). Handbook of Mixed Membership
Models and Their Applications. CRC Press, Boca Raton, FL.

BLEI, D. M. and LAFFERTY, J. D. (2007). A correlated topic model of Science. Ann. Appl. Stat. 1 17–35.
MR2393839 https://doi.org/10.1214/07-AOAS114

BLEI, D. M., NG, A. Y. and JORDAN, M. I. (2003). Latent Dirichlet allocation. J. Mach. Learn. Res. 3 993–1022.
BOLT, D. M. and LALL, V. F. (2003). Estimation of compensatory and noncompensatory multidimensional

item response models using Markov chain Monte Carlo. Appl. Psychol. Meas. 27 395–414. MR2005523
https://doi.org/10.1177/0146621603258350

CHEN, J. and DE LA TORRE, J. (2013). A general cognitive diagnosis model for expert-defined polytomous
attributes. Appl. Psychol. Meas. 37 419–437.

CHEN, Y., LIU, J., XU, G. and YING, Z. (2015). Statistical analysis of Q-matrix based diagnostic classification
models. J. Amer. Statist. Assoc. 110 850–866. MR3367269 https://doi.org/10.1080/01621459.2014.934827

CHEN, Y., CULPEPPER, S. A., CHEN, Y. and DOUGLAS, J. (2018). Bayesian estimation of the DINA Q matrix.
Psychometrika 83 89–108. MR3767014 https://doi.org/10.1007/s11336-017-9579-4

CHIU, C.-Y., DOUGLAS, J. A. and LI, X. (2009). Cluster analysis for cognitive diagnosis: Theory and applica-
tions. Psychometrika 74 633–665. MR2565331 https://doi.org/10.1007/s11336-009-9125-0

CHIU, C.-Y., KÖHN, H.-F., ZHENG, Y. and HENSON, R. (2016). Joint maximum likelihood estimation
for diagnostic classification models. Psychometrika 81 1069–1092. MR3583919 https://doi.org/10.1007/
s11336-016-9534-9

CULPEPPER, S. A. (2015). Bayesian estimation of the dina model with Gibbs sampling. J. Educ. Behav. Stat. 40
454–476.

Key words and phrases. Cognitive diagnosis, restricted latent class models, mixed membership models.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1439
http://www.imstat.org
mailto:zhuoranshang@gmail.com
mailto:erosheva@uw.edu
mailto:gongjun@umich.edu
http://www.ams.org/mathscinet-getitem?mr=2393839
https://doi.org/10.1214/07-AOAS114
http://www.ams.org/mathscinet-getitem?mr=2005523
https://doi.org/10.1177/0146621603258350
http://www.ams.org/mathscinet-getitem?mr=3367269
https://doi.org/10.1080/01621459.2014.934827
http://www.ams.org/mathscinet-getitem?mr=3767014
https://doi.org/10.1007/s11336-017-9579-4
http://www.ams.org/mathscinet-getitem?mr=2565331
https://doi.org/10.1007/s11336-009-9125-0
http://www.ams.org/mathscinet-getitem?mr=3583919
https://doi.org/10.1007/s11336-016-9534-9
https://doi.org/10.1007/s11336-016-9534-9


CULPEPPER, S. A. and CHEN, Y. (2019). Development and application of an exploratory reduced reparameter-
ized unified model. J. Educ. Behav. Stat. 44 3–24.

CULPEPPER, S. A. and HUDSON, A. (2018). An improved strategy for Bayesian estimation of the reduced
reparameterized unified model. Appl. Psychol. Meas. 42 99–115.

DECARLO, L. T. (2011). On the analysis of fraction subtraction data: The DINA model, classification, class sizes,
and the Q-matrix. Appl. Psychol. Meas. 35 8–26.

DECARLO, L. T. (2012). Recognizing uncertainty in the Q-matrix via a Bayesian extension of the DINA model.
Appl. Psychol. Meas. 36 447–468.

DE LA TORRE, J. (2008). An empirically based method of Q-matrix validation for the DINA model: Development
and applications. J. Educ. Meas. 45 343–362.

DE LA TORRE, J. (2009). DINA model and parameter estimation: A didactic. J. Educ. Behav. Stat. 34 115–130.
DE LA TORRE, J. (2011). The generalized DINA model framework. Psychometrika 76 179–199. MR2788881

https://doi.org/10.1007/s11336-011-9207-7
DE LA TORRE, J. and CHIU, C.-Y. (2016). A general method of empirical Q-matrix validation. Psychometrika

81 253–273. MR3505366 https://doi.org/10.1007/s11336-015-9467-8
DE LA TORRE, J. and DOUGLAS, J. A. (2004). Higher-order latent trait models for cognitive diagnosis. Psy-

chometrika 69 333–353. MR2272454 https://doi.org/10.1007/BF02295640
DIBELLO, L. V., STOUT, W. F. and ROUSSOS, L. A. (1995). Unified cognitive psychometric diagnostic as-

sessment likelihood-based classification techniques. In Cognitively Diagnostic Assessment (P. D. Nichols,
S. F. Chipman and R. L. Brennan, eds.) 361–390. Erlbaum Associates, Hillsdale, NJ.

EMBRETSON, S. E. and YANG, X. (2013). A multicomponent latent trait model for diagnosis. Psychometrika 78
14–36. MR3042817 https://doi.org/10.1007/s11336-012-9296-y

EROSHEVA, E. A. (2004). Partial membership models with application to disability survey data. In Statistical
Data Mining and Knowledge Discovery 117–134. CRC Press/CRC, Boca Raton, FL. MR2048951

EROSHEVA, E. A. (2005). Comparing latent structures of the grade of membership, Rasch, and latent class mod-
els. Psychometrika 70 619–628. MR2272507 https://doi.org/10.1007/s11336-001-0899-y

EROSHEVA, E. A., FIENBERG, S. E. and JOUTARD, C. (2007). Describing disability through individual-level
mixture models for multivariate binary data. Ann. Appl. Stat. 1 502–537. MR2415745 https://doi.org/10.1214/
07-AOAS126

EROSHEVA, E., FIENBERG, S. and LAFFERTY, J. (2004). Mixed-membership models of scientific publications.
Proc. Natl. Acad. Sci. USA 101 5220–5227.

FENG, Y., HABING, B. T. and HUEBNER, A. (2014). Parameter estimation of the reduced rum using the em
algorithm. Appl. Psychol. Meas. 38 137–150.

GALYARDT, A. (2015). Interpreting mixed membership models: Implications of Erosheva’s representation theo-
rem. In Handbook of Mixed Membership Models and Their Applications. Chapman & Hall/CRC Handb. Mod.
Stat. Methods 39–65. CRC Press, Boca Raton, FL. MR3380024

GEORGE, A. C., ROBITZSCH, A., KIEFER, T., GROSS, J. and ÜNLÜ, A. (2016). The R package CDM for
cognitive diagnosis models. J. Stat. Softw. 74 1–24.

GU, Y. and XU, G. (2019). The sufficient and necessary condition for the identifiability and estimability of the
DINA model. Psychometrika 84 468–483. MR3947373 https://doi.org/10.1007/s11336-018-9619-8

GU, Y. and XU, G. (2020). Partial identifiability of restricted latent class models. Ann. Statist. 48 2082–2107.
MR4134787 https://doi.org/10.1214/19-AOS1878

GU, Y., LIU, J., XU, G. and YING, Z. (2018). Hypothesis testing of the Q-matrix. Psychometrika 83 515–537.
MR3851945 https://doi.org/10.1007/s11336-018-9629-6

HABERMAN, S. (1995). Book review of “Statistical applications using fuzzy sets,” by K.G. Manton, M.A. Wood-
bury, and L.S. Corder. J. Amer. Statist. Assoc. 90 1131–1133.

HANSEN, M., CAI, L., MONROE, S. and LI, Z. (2016). Limited-information goodness-of-fit testing of diagnostic
classification item response models. Br. J. Math. Stat. Psychol. 69 225–252.

HARTZ, S. M. (2002). A Bayesian Framework for the Unified Model for Assessing Cognitive Abilities: Blending
Theory with Practicality. ProQuest LLC, Ann Arbor, MI. Thesis (Ph.D.)–Univ. Illinois at Urbana-Champaign.
MR2703174

HARTZ, S. and ROUSSOS, L. (2008). The fusion model for skills diagnosis: Blending theory with practicality.
ETS Res. Rep. Ser. 2008 i–57.

HENSON, R. A., TEMPLIN, J. L. and WILLSE, J. T. (2009). Defining a family of cognitive diagnosis models us-
ing log-linear models with latent variables. Psychometrika 74 191–210. MR2507377 https://doi.org/10.1007/
s11336-008-9089-5

HONG, H., WANG, C., LIM, Y. S. and DOUGLAS, J. (2015). Efficient models for cognitive diagnosis
with continuous and mixed-type latent variables. Appl. Psychol. Meas. 39 31–43. https://doi.org/10.1177/
0146621614524981

http://www.ams.org/mathscinet-getitem?mr=2788881
https://doi.org/10.1007/s11336-011-9207-7
http://www.ams.org/mathscinet-getitem?mr=3505366
https://doi.org/10.1007/s11336-015-9467-8
http://www.ams.org/mathscinet-getitem?mr=2272454
https://doi.org/10.1007/BF02295640
http://www.ams.org/mathscinet-getitem?mr=3042817
https://doi.org/10.1007/s11336-012-9296-y
http://www.ams.org/mathscinet-getitem?mr=2048951
http://www.ams.org/mathscinet-getitem?mr=2272507
https://doi.org/10.1007/s11336-001-0899-y
http://www.ams.org/mathscinet-getitem?mr=2415745
https://doi.org/10.1214/07-AOAS126
http://www.ams.org/mathscinet-getitem?mr=3380024
http://www.ams.org/mathscinet-getitem?mr=3947373
https://doi.org/10.1007/s11336-018-9619-8
http://www.ams.org/mathscinet-getitem?mr=4134787
https://doi.org/10.1214/19-AOS1878
http://www.ams.org/mathscinet-getitem?mr=3851945
https://doi.org/10.1007/s11336-018-9629-6
http://www.ams.org/mathscinet-getitem?mr=2703174
http://www.ams.org/mathscinet-getitem?mr=2507377
https://doi.org/10.1007/s11336-008-9089-5
https://doi.org/10.1177/0146621614524981
https://doi.org/10.1214/07-AOAS126
https://doi.org/10.1007/s11336-008-9089-5
https://doi.org/10.1177/0146621614524981


JUNKER, B. W. and SIJTSMA, K. (2001). Cognitive assessment models with few assumptions, and connections
with nonparametric item response theory. Appl. Psychol. Meas. 25 258–272. MR1842982 https://doi.org/10.
1177/01466210122032064

KASS, R. E. and RAFTERY, A. E. (1995). Bayes factors. J. Amer. Statist. Assoc. 90 773–795. MR3363402
https://doi.org/10.1080/01621459.1995.10476572

KÖHN, H.-F. and CHIU, C.-Y. (2017). A procedure for assessing the completeness of the Q-matrices of cogni-
tively diagnostic tests. Psychometrika 82 112–132. MR3614810 https://doi.org/10.1007/s11336-016-9536-7

KÖHN, H.-F. and CHIU, C.-Y. (2018). How to build a complete Q-matrix for a cognitively diagnostic test. J.
Classification 35 273–299. MR3849135 https://doi.org/10.1007/s00357-018-9255-0

LIU, Y., DOUGLAS, J. A. and HENSON, R. A. (2007). Testing person fit in cognitive diagnosis. In Annual
Meeting of the National Council on Measurement in Education (NCME), Chicago, IL, April.

LIU, J., XU, G. and YING, Z. (2012). Data-driven learning of Q-matrix. Appl. Psychol. Meas. 36 548–564.
https://doi.org/10.1177/0146621612456591

LIU, J., XU, G. and YING, Z. (2013). Theory of self-learning Q-matrix. Bernoulli 19 1790–1817. MR3129034
https://doi.org/10.3150/12-BEJ430

MA, W. and DE LA TORRE, J. (2019). Gdina: The generalized dina model framework. R package version, 2.3.2.
Retrieved from https://CRAN.R-project.org/package=GDINA.

MANTON, K. G., WOODBURY, M. A. and TOLLEY, H. D. (1994). Statistical Applications Using Fuzzy Sets.
Wiley Series in Probability and Mathematical Statistics: Probability and Mathematical Statistics. Wiley, New
York. A Wiley-Interscience Publication. MR1269319

RECKASE, M. (2009). Multidimensional Item Response Theory 150. Springer, Berlin.
RUPP, A. A. and TEMPLIN, J. L. (2008). Effects of Q-matrix misspecification on parameter estimates and mis-

classification rates in the DINA model. Educ. Psychol. Meas. 68 78–98. MR2416509 https://doi.org/10.1177/
0013164407301545

RUPP, A. A., TEMPLIN, J. L. and HENSON, R. A. (2010). Diagnostic Measurement: Theory, Methods, and
Applications. Guilford Press, New York.

SHANG, Z., EROSHEVA, E. A. and XU, G. (2021). Supplement to “Partial-mastery cognitive diagnosis models.”
https://doi.org/10.1214/21-AOAS1439SUPP

STOUT, W., HENSON, R., DIBELLO, L. and SHEAR, B. (2019). The reparameterized unified model system: A
diagnostic assessment modeling approach. In Handbook of Diagnostic Classification Models 47–79. Springer,
Berlin.

TATSUOKA, K. (1990). Toward an integration of item-response theory and cognitive error diagnosis. In Diagnostic
Monitoring of Skill and Knowledge Acquisition 453–488.

TATSUOKA, C. (2002). Data analytic methods for latent partially ordered classification models. J. R. Stat. Soc.
Ser. C. Appl. Stat. 51 337–350. MR1920801 https://doi.org/10.1111/1467-9876.00272

TATSUOKA, K. K. (2009). Cognitive Assessment: An Introduction to the Rule Space Method. Routledge, New
York.

TEMPLIN, J. and BRADSHAW, L. (2014). Hierarchical diagnostic classification models: A family of models for
estimating and testing attribute hierarchies. Psychometrika 79 317–339. MR3255122 https://doi.org/10.1007/
s11336-013-9362-0

TEMPLIN, J. L. and HENSON, R. A. (2006). Measurement of psychological disorders using cognitive diagnosis
models. Psychol. Methods 11 287–305. https://doi.org/10.1037/1082-989X.11.3.287

TEMPLIN, J. L., HENSON, R. A., TEMPLIN, S. E. and ROUSSOS, L. (2008). Robustness of hierarchical mod-
eling of skill association in cognitive diagnosis models. Appl. Psychol. Meas. 32 559–574. MR2528297
https://doi.org/10.1177/0146621607300286

VON DAVIER, M. (2008). A general diagnostic model applied to language testing data. Br. J. Math. Stat. Psychol.
61 287–307. MR2649038 https://doi.org/10.1348/000711007X193957

XU, G. (2017). Identifiability of restricted latent class models with binary responses. Ann. Statist. 45 675–707.
MR3650397 https://doi.org/10.1214/16-AOS1464

XU, G. and SHANG, Z. (2018). Identifying latent structures in restricted latent class models. J. Amer. Statist.
Assoc. 113 1284–1295. MR3862357 https://doi.org/10.1080/01621459.2017.1340889

XU, G. and ZHANG, S. (2016). Identifiability of diagnostic classification models. Psychometrika 81 625–649.
MR3535051 https://doi.org/10.1007/s11336-015-9471-z

ZHAO, S., ENGELHARDT, B. E., MUKHERJEE, S. and DUNSON, D. B. (2018). Fast moment estimation for
generalized latent Dirichlet models. J. Amer. Statist. Assoc. 113 1528–1540. MR3902227 https://doi.org/10.
1080/01621459.2017.1341839

http://www.ams.org/mathscinet-getitem?mr=1842982
https://doi.org/10.1177/01466210122032064
http://www.ams.org/mathscinet-getitem?mr=3363402
https://doi.org/10.1080/01621459.1995.10476572
http://www.ams.org/mathscinet-getitem?mr=3614810
https://doi.org/10.1007/s11336-016-9536-7
http://www.ams.org/mathscinet-getitem?mr=3849135
https://doi.org/10.1007/s00357-018-9255-0
https://doi.org/10.1177/0146621612456591
http://www.ams.org/mathscinet-getitem?mr=3129034
https://doi.org/10.3150/12-BEJ430
https://CRAN.R-project.org/package=GDINA
http://www.ams.org/mathscinet-getitem?mr=1269319
http://www.ams.org/mathscinet-getitem?mr=2416509
https://doi.org/10.1177/0013164407301545
https://doi.org/10.1214/21-AOAS1439SUPP
http://www.ams.org/mathscinet-getitem?mr=1920801
https://doi.org/10.1111/1467-9876.00272
http://www.ams.org/mathscinet-getitem?mr=3255122
https://doi.org/10.1007/s11336-013-9362-0
https://doi.org/10.1037/1082-989X.11.3.287
http://www.ams.org/mathscinet-getitem?mr=2528297
https://doi.org/10.1177/0146621607300286
http://www.ams.org/mathscinet-getitem?mr=2649038
https://doi.org/10.1348/000711007X193957
http://www.ams.org/mathscinet-getitem?mr=3650397
https://doi.org/10.1214/16-AOS1464
http://www.ams.org/mathscinet-getitem?mr=3862357
https://doi.org/10.1080/01621459.2017.1340889
http://www.ams.org/mathscinet-getitem?mr=3535051
https://doi.org/10.1007/s11336-015-9471-z
http://www.ams.org/mathscinet-getitem?mr=3902227
https://doi.org/10.1080/01621459.2017.1341839
https://doi.org/10.1177/01466210122032064
https://doi.org/10.1177/0013164407301545
https://doi.org/10.1007/s11336-013-9362-0
https://doi.org/10.1080/01621459.2017.1341839


The Annals of Applied Statistics
2021, Vol. 15, No. 3, 1556–1581
https://doi.org/10.1214/21-AOAS1453
© Institute of Mathematical Statistics, 2021

ASSESSING SELECTION BIAS IN REGRESSION COEFFICIENTS
ESTIMATED FROM NONPROBABILITY SAMPLES WITH APPLICATIONS

TO GENETICS AND DEMOGRAPHIC SURVEYS

BY BRADY T. WEST1,*, RODERICK J. LITTLE2,‡, REBECCA R. ANDRIDGE3, || , PHILIP

S. BOONSTRA2,§, ERIN B. WARE1,†, ANITA PANDIT2,¶ AND

FERNANDA ALVARADO-LEITON4

1Survey Research Center, Institute for Social Research, University of Michigan, *bwest@umich.edu; †ebakshis@umich.edu
2Department of Biostatistics, School of Public Health, University of Michigan, ‡rlittle@umich.edu; §philb@umich.edu;

¶anitapan@umich.edu
3Division of Biostatistics, College of Public Health, Ohio State University, ||andridge.1@osu.edu

4Michigan Program in Survey and Data Science, Institute for Social Research, University of Michigan, mleiton@umich.edu

Selection bias is a serious potential problem for inference about relation-
ships of scientific interest based on samples without well-defined probability
sampling mechanisms. Motivated by the potential for selection bias in: (a)
estimated relationships of polygenic scores (PGSs) with phenotypes in ge-
netic studies of volunteers and (b) estimated differences in subgroup means
in surveys of smartphone users, we derive novel measures of selection bias
for estimates of the coefficients in linear and probit regression models fitted
to nonprobability samples, when aggregate-level auxiliary data are available
for the selected sample and the target population. The measures arise from
normal pattern-mixture models that allow analysts to examine the sensitivity
of their inferences to assumptions about nonignorable selection in these sam-
ples. We examine the effectiveness of the proposed measures in a simulation
study and then use them to quantify the selection bias in: (a) estimated PGS-
phenotype relationships in a large study of volunteers recruited via Facebook
and (b) estimated subgroup differences in mean past-year employment dura-
tion in a nonprobability sample of low-educated smartphone users. We eval-
uate the performance of the measures in these applications using benchmark
estimates from large probability samples.
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