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MODELLED APPROXIMATIONS TO THE IDEAL FILTER WITH
APPLICATION TO GDP AND ITS COMPONENTS'

BY THOMAS M. TRIMBUR?® AND TUCKER S. MCELROY"

Center for Statistical Research and Methodology, U.S. Census Bureau, *Thomas. Trimbur @ census.gov,
btucker.s.mcelroy@census. gov

This paper examines cyclical fluctuations in a comprehensive statistical
application, focusing on U.S. macroeconomic indicators related to real gross
domestic product (real GDP). While GDP is generally viewed as the most
widespread measure of economic activity available, our dataset also encom-
passes the primary GDP components, such as investment, together with lead-
ing (and regularly analyzed) subcomponent series, like residential and inven-
tory investment. Analysis of the cycles in these major sectors provides a more
informative perspective on the macroeconomic state and may improve a re-
searcher’s ability to understand and forecast cyclical movements and growth
in GDP. Adaptive time series modelling is used for each time series to derive
the preferred band-pass filter for computing the optimal cycle. This contrasts
with the rigid use of the ideal filter, whose gain function is perfectly sharp.
Regarding the ideal filter, we provide an improved implementation compared
to current practice. Thus, a set of approximating filters is derived that allow
for a more attractive gain profile, a better match to the targeted passband, and
a direct statistical way to extract signals near the sample endpoints. Our ap-
plication study demonstrates that the commonly used ideal filter can perform
quite poorly on a routine basis and lead to incorrect conclusions about even
the most basic questions about empirical cyclical properties. The amplitude
of filtered economic activity can have major distortions and become expanded
or diminished (depending on the GDP component under consideration), and
many essential divergences in path may occur and affect key signals, such
as expansion or contraction in growth. Statistical measures of model perfor-
mance very strongly favor the adaptive parameter approach. Our statistical
analysis reveals diverse dynamic behavior among the series; such results may
yield worthwhile insights for output sector analysts and, even for those pri-
marily focused on GDP, may lead to possible modelling improvements by
using the finer information content in the GDP-component dynamics.
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The radial velocity method is one of the most successful techniques for
detecting exoplanets. It works by detecting the velocity of a host star, induced
by the gravitational effect of an orbiting planet, specifically, the velocity along
our line of sight which is called the radial velocity of the star. Low-mass
planets typically cause their host star to move with radial velocities of 1 m/s
or less. By analyzing a time series of stellar spectra from a host star, mod-
ern astronomical instruments can, in theory, detect such planets. However, in
practice, intrinsic stellar variability (e.g., star spots, convective motion, pulsa-
tions) affects the spectra and often mimics a radial velocity signal. This signal
contamination makes it difficult to reliably detect low-mass planets. A prin-
cipled approach to recovering planet radial velocity signals in the presence of
stellar activity was proposed by Rajpaul et al. (Mon. Not. R. Astron. Soc. 452
(2015) 2269-2291). It uses a multivariate Gaussian process model to jointly
capture time series of the apparent radial velocity and multiple indicators
of stellar activity. We build on this work in two ways: (i) we propose using
dimension reduction techniques to construct new high-information stellar ac-
tivity indicators; and (ii) we extend the Rajpaul et al. (Mon. Not. R. Astron.
Soc. 452 (2015) 2269-2291) model to a larger class of models and use a
power-based model comparison procedure to select the best model. Despite
significant interest in exoplanets, previous efforts have not performed large-
scale stellar activity model selection or attempted to evaluate models based
on planet detection power. In the case of main sequence G2V stars, we find
that our method substantially improves planet detection power, compared to
previous state-of-the-art approaches.
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Exploratory cancer drug studies test multiple tumor cell lines against
multiple candidate drugs. The goal in each paired (cell line, drug) experi-
ment is to map out the dose-response curve of the cell line as the dose level
of the drug increases. We propose Bayesian tensor filtering (BTF), a hier-
archical Bayesian model for dose-response modeling in multisample, mul-
titreatment cancer drug studies. BTF uses low-dimensional embeddings to
share statistical strength between similar drugs and similar cell lines. Struc-
tured shrinkage priors in BTF encourage smoothness in the dose-response
curves while remaining adaptive to sharp jumps when the data call for it.
We focus on a pair of cancer drug studies exhibiting a particular pathol-
ogy in their experimental design, leading us to a nonconjugate monotone
mixture-of-gammas likelihood. To perform posterior inference, we develop a
variant of the elliptical slice sampling algorithm for sampling from linearly-
constrained multivariate normal priors with nonconjugate likelihoods. In
benchmarks, BTF outperforms state-of-the-art methods for covariance re-
gression and dynamic Poisson matrix factorization. On the two cancer drug
studies, BTF outperforms the current standard approach in biology and re-
veals potential new biomarkers of drug sensitivity in cancer. Code is available
at https://github.com/tansey/functionalmf.
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Replication studies are increasingly conducted in order to confirm origi-
nal findings. However, there is no established standard how to assess replica-
tion success, and, in practice, many different approaches are used. The pur-
pose of this paper is to refine and extend a recently proposed reverse-Bayes
approach for the analysis of replication studies. We show how this method
is directly related to the relative effect size, the ratio of the replication to
the original effect estimate. This perspective leads to a new proposal to re-
calibrate the assessment of replication success, the golden level. The recal-
ibration ensures that, for borderline significant original studies, replication
success can only be achieved if the replication effect estimate is larger than
the original one. Conditional power for replication success can then take any
desired value if the original study is significant and the replication sample
size is large enough. Compared to the standard approach to require statistical
significance of both the original and replication study, replication success at
the golden level offers uniform gains in project power and controls the type-I
error rate if the replication sample size is not smaller than the original one.
An application to data from four large replication projects shows that the new
approach leads to more appropriate inferences, as it penalizes shrinkage of
the replication estimate, compared to the original one, while ensuring that
both effect estimates are sufficiently convincing on their own.
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Motivated by a condition monitoring application arising from subsea en-
gineering, we derive a novel, scalable approach to detecting anomalous mean
structure in a subset of correlated multivariate time series. Given the need
to analyse such series efficiently, we explore a computationally efficient ap-
proximation of the maximum likelihood solution to the resulting modelling
framework and develop a new dynamic programming algorithm for solving
the resulting binary quadratic programme when the precision matrix of the
time series at any given time point is banded. Through a comprehensive simu-
lation study we show that the resulting methods perform favorably compared
to competing methods, both in the anomaly and change detection settings,
even when the sparsity structure of the precision matrix estimate is misspeci-
fied. We also demonstrate its ability to correctly detect faulty time periods of
a pump within the motivating application.
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A key objective in engineering problems is to predict an unknown exper-
imental surface over an input domain. In complex physical experiments this
may be hampered by response censoring which results in a significant loss of
information. For such problems, experimental design is paramount for max-
imizing predictive power using a small number of expensive experimental
runs. To tackle this, we propose a novel adaptive design method, called the in-
tegrated censored mean-squared error (ICMSE) method. The ICMSE method
first estimates the posterior probability of a new observation being censored,
then adaptively chooses design points that minimize predictive uncertainty
under censoring. Adopting a Gaussian process regression model with prod-
uct correlation function, the proposed ICMSE criterion is easy to evaluate
which allows for efficient design optimization. We demonstrate the effective-
ness of the ICMSE design in two real-world applications on surgical planning
and wafer manufacturing.
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Psychiatric studies of suicide provide fundamental insights on the evo-
Iution of severe psychopathologies, and contribute to the development of
early treatment interventions. Our focus is on modelling different traits of
psychosis and their interconnections, focusing on a case study on suicide at-
tempt survivors. Such aspects are recorded via multivariate categorical data,
involving a large numbers of items for multiple subjects. Current methods for
multivariate categorical data—such as penalized log-linear models and latent
structure analysis—are either limited to low-dimensional settings or include
parameters with difficult interpretation. Motivated by this application, this ar-
ticle proposes a new class of approaches, which we refer to as Mixture of Log
Linear models (MILLS). Combining latent class analysis and log-linear mod-
els, MILLS defines a novel Bayesian approach to model complex multivariate
categorical data with flexibility and interpretability, providing interesting in-
sights on the relationship between psychotic diseases and psychological as-
pects in suicide attempt survivors.
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INHOMOGENEOUS SPATIO-TEMPORAL POINT PROCESSES ON LINEAR
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We analyse the spatio-temporal distribution of visitors’ stops by touris-
tic attractions in Palermo (Italy), using theory of stochastic point processes
living on linear networks. We first propose an inhomogeneous Poisson point
process model with a separable parametric spatio-temporal first-order inten-
sity. We account for the spatial interaction among points on the given net-
work, fitting a Gibbs point process model with mixed effects for the purely
spatial component. This allows us to study first-order and second-order prop-
erties of the point pattern, accounting both for the spatio-temporal clustering
and interaction and for the spatio-temporal scale at which they operate. Due
to the strong degree of clustering in the data, we then formulate a more com-
plex model, fitting a spatio-temporal log-Gaussian Cox process to the point
process on the linear network, addressing the problem of the choice of the
most appropriate distance metric.
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Delta smelt is an endangered fish species in the San Francisco estuary
that have shown an overall population decline over the past 30 years. Re-
searchers have developed a stochastic, agent-based simulator to virtualize the
system with the goal of understanding the relative contribution of natural and
anthropogenic factors that might play a role in their decline. However, the
input configuration space is high dimensional, running the simulator is time-
consuming, and its noisy outputs change nonlinearly in both mean and vari-
ance. Getting enough runs to effectively learn input—output dynamics requires
both a nimble modeling strategy and parallel evaluation. Recent advances
in heteroskedastic Gaussian process (HetGP) surrogate modeling helps, but
little is known about how to appropriately plan experiments for highly dis-
tributed simulation. We propose a batch sequential design scheme, gener-
alizing one-at-a-time variance-based active learning for HetGP, as a means
of keeping multicore cluster nodes fully engaged with runs. Our acquisition
strategy is carefully engineered to favor selection of replicates which boost
statistical and computational efficiency when training surrogates to isolate
signal from noise. Design and modeling are illustrated on a range of toy ex-
amples before embarking on a large-scale smelt simulation campaign and
downstream high-fidelity input sensitivity analysis.
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In the past decades the growing amount of network data lead to many
novel statistical models. In this paper we consider so-called geometric net-
works. Typical examples are road networks or other infrastructure networks.
Nevertheless, the neurons or the blood vessels in a human body can also be
interpreted as a geometric network embedded in a three-dimensional space.
A network-specific metric, rather than the Euclidean metric, is usually used
in all these applications, making the analyses of network data challenging.
We consider network-based point processes, and our task is to estimate the
intensity (or density) of the process which allows us to detect high- and low-
intensity regions of the underlying stochastic processes. Available routines
that tackle this problem are commonly based on kernel smoothing methods.
This paper uses penalized spline smoothing and extends this toward smooth
intensity estimation on geometric networks. Furthermore, our approach eas-
ily allows incorporating covariates, enabling us to respect the network geom-
etry in a regression model framework. Several data examples and a simulation
study show that penalized spline-based intensity estimation on geometric net-
works is a numerically stable and efficient tool. Furthermore, it also allows
estimating linear and smooth covariate effects, distinguishing our approach
from already existing methodologies.
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Genome-wide association studies (GWAS) have identified thousands of
single nucleotide polymorphisms (SNPs) that are associated with complex
traits. GWAS data allows us to investigate the shared genetic etiologies
among different traits. However, linkage disequilibrium (LD) between the
SNPs complicates the detection and identification of shared genetic effects.
In this paper we model the LD by dividing the genome into LD blocks and
linking the genetic variants within a block to a possible latent causal variant.
An eigenvector-projected score statistic that leverages the set of variants in
LD and a maxtype test statistic (Max-block) are proposed to detect the ex-
istence of cross-trait genetic association. The Max-block is easy to calculate
and is shown to control the genome-wide error rate. After the detection a step-
wise procedure is proposed to identify the significant blocks that explain the
genetic sharing between two traits. Simulation experiments show that Max-
block is more powerful than standard approaches in the sparse settings and is
robust to different signal strengths or levels of sparsity. The method is applied
to study shared cross-trait associations in 10 pediatric autoimmune diseases
and identified several regions that explain the genetic sharing between ju-
venile idiopathic arthritis (JIA) and ulcerative colitis (UC) and between UC
and Crohn’s disease (CD). In addition, our analysis also indicates the ge-
netic sharing in the MHC region among systemic lupus (SLE), celiac disease
(CEL) and common variable immunodeficiency (CVID). Results from real
data and simulation studies show that Max-block provides an important al-
ternative to commonly used genetic correlation estimation in understanding
genetic correlation among complex diseases.
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Statistical estimates from survey samples have traditionally been ob-
tained via design-based estimators. In many cases these estimators tend to
work well for quantities, such as population totals or means, but can fall short
as sample sizes become small. In today’s “information age,” there is a strong
demand for more granular estimates. To meet this demand, using a Bayesian
pseudolikelihood, we propose a computationally efficient unit-level model-
ing approach for non-Gaussian data collected under informative sampling de-
signs. Specifically, we focus on binary and multinomial data. Our approach
is both multivariate and multiscale, incorporating spatial dependence at the
area level. We illustrate our approach through an empirical simulation study
and through a motivating application to health insurance estimates, using the
American Community Survey.
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Extreme floods cause casualties and widespread damage to property and
vital civil infrastructure. Predictions of extreme floods, within gauged and
ungauged catchments, is crucial to mitigate these disasters. In this paper a
Bayesian framework is proposed for predicting extreme floods, using the
generalized extreme-value (GEV) distribution. A major methodological chal-
lenge is to find a suitable parametrization for the GEV distribution when
multiple covariates and/or latent spatial effects are involved and a time trend
is present. Other challenges involve balancing model complexity and parsi-
mony, using an appropriate model selection procedure and making inference
based on a reliable and computationally efficient approach. We here propose a
latent Gaussian modeling framework with a novel multivariate link function
designed to separate the interpretation of the parameters at the latent level
and to avoid unreasonable estimates of the shape and time trend parameters.
Structured additive regression models, which include catchment descriptors
as covariates and spatially correlated model components, are proposed for the
four parameters at the latent level. To achieve computational efficiency with
large datasets and richly parametrized models, we exploit a highly accurate
and fast approximate Bayesian inference approach which can also be used to
efficiently select models separately for each of the four regression models at
the latent level. We applied our proposed methodology to annual peak river
flow data from 554 catchments across the United Kingdom. The framework
performed well in terms of flood predictions for both ungauged catchments
and future observations at gauged catchments. The results show that the spa-
tial model components for the transformed location and scale parameters as
well as the time trend are all important, and none of these should be ignored.
Posterior estimates of the time trend parameters correspond to an average in-
crease of about 1.5% per decade with range 0.1% to 2.8% and reveal a spatial
structure across the United Kingdom. When the interest lies in estimating re-
turn levels for spatial aggregates, we further develop a novel copula-based
postprocessing approach of posterior predictive samples in order to mitigate
the effect of the conditional independence assumption at the data level, and
we demonstrate that our approach indeed provides accurate results.
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The distribution of lumber strength of any grade may evolve, for exam-
ple, due to climate change, forest fire, changes in processing methods, and
other factors. So, in North America the forest products industry monitors the
evolution of their means, percentiles, or other parameters to ensure the wood
products meet the industrial standard. For administrative convenience and in-
formativeness, one may adopt a rotating sampling plan by sampling 36 mills
in the initial occasion and having six of them replaced in each successive
occasion for the next five occasions. The strength data on a specified num-
ber, commonly 10 pieces of lumbers from each sampled mills, are obtained.
Under such rotating plans the observations on pieces from the same mill are
correlated, and the observations on samples from the same mill taken on dif-
ferent occasions are also correlated. Ignoring these correlations may lead to
invalid inference procedures. Yet accommodating a cluster structure in para-
metric models is difficult and entails a high level of misspecification risk. In
this paper we explore symmetry in the clustered data collected via a rotating
sampling plan to develop a permutation scheme for testing various hypothe-
ses of interest. We also introduce a semiparametric density ratio model to link
the distributions of the response variable over time. The combination retains
the validity of the inference methods while extracting maximum informa-
tion from the sampling plan. A simulation study indicates that the proposed
permutation tests firmly control the type I error whether or not the data are
clustered. The use of the density ratio model improves the power of the tests.
We also apply the proposed tests to data from the motivating application. The
proposed permutation tests effectively address many real-world issues with
trust worth inference conclusions.
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Before the current pandemic, influenza and respiratory syncytial virus
(RSV) were the leading etiological agents of seasonal acute respiratory in-
fections (ARI) around the world. In this setting, medical doctors typically
based the diagnosis of ARI on patients’ symptoms alone and did not rou-
tinely conduct virological tests necessary to identify individual viruses, lim-
iting the ability to study the interaction between multiple pathogens and to
make public health recommendations. We consider a stochastic kinetic model
(SKM) for two interacting ARI pathogens circulating in a large population
and an empirically-motivated background process for infections with other
pathogens causing similar symptoms. An extended marginal sampling ap-
proach, based on the linear noise approximation to the SKM, integrates mul-
tiple data sources and additional model components. We infer the parameters
defining the pathogens’ dynamics and interaction within a Bayesian model
and explore the posterior trajectories of infections for each illness based on
aggregate infection reports from six epidemic seasons collected by the state
health department and a subset of virological tests from a sentinel program
at a general hospital in San Luis Potosi, México. We interpret the results and
make recommendations for future data collection strategies.
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Multistate capture-recapture data comprise individual-specific sighting
histories, together with information on individuals’ states related, for exam-
ple, to breeding status, infection level, or geographical location. Such data are
often analysed using the Arnason—Schwarz model, where transitions between
states are modelled using a discrete-time Markov chain, making the model
most easily applicable to regular time series. When time intervals between
capture occasions are not of equal length, more complex time-dependent con-
structions may be required, increasing the number of parameters to estimate,
decreasing interpretability, and potentially leading to reduced precision. Here
we develop a multi-state model based on a state process operating in continu-
ous time, which can be regarded as an analogue of the discrete-time Arnason—
Schwarz model for irregularly sampled data. Statistical inference is carried
out by regarding the capture-recapture data as realisations from a continuous-
time hidden Markov model, which allows the associated efficient algorithms
to be used for maximum likelihood estimation and state decoding. To illus-
trate the feasibility of the modelling framework, we use a long-term survey of
bottlenose dolphins where capture occasions are not regularly spaced through
time. Here, we are particularly interested in seasonal effects on the movement
rates of the dolphins along the Scottish east coast. The results reveal seasonal
movement patterns between two core areas of their range, providing informa-
tion that will inform conservation management.
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Agent-based methods allow for defining simple rules that generate com-
plex group behaviors. The governing rules of such models are typically set a
priori, and parameters are tuned from observed behavior trajectories. Instead
of making simplifying assumptions across all anticipated scenarios, inverse
reinforcement learning provides inference on the short-term (local) rules gov-
erning long-term behavior policies by using properties of a Markov decision
process. We use the computationally efficient linearly-solvable Markov de-
cision process to learn the local rules governing collective movement for a
simulation of the selfpropelled-particle (SPP) model and a data application
for a captive guppy population. The estimation of the behavioral decision
costs is done in a Bayesian framework with basis function smoothing. We
recover the true costs in the SPP simulation and find the guppies value col-
lective movement more than targeted movement toward shelter.
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In the absence of a randomized experiment, a key assumption for draw-
ing causal inference about treatment effects is the ignorable treatment assign-
ment. Violations of the ignorability assumption may lead to biased treatment
effect estimates. Sensitivity analysis helps gauge how causal conclusions will
be altered in response to the potential magnitude of departure from the ignor-
ability assumption. However, sensitivity analysis approaches for unmeasured
confounding in the context of multiple treatments and binary outcomes are
scarce. We propose a flexible Monte Carlo sensitivity analysis approach for
causal inference in such settings. We first derive the general form of the bias
introduced by unmeasured confounding, with emphasis on theoretical prop-
erties uniquely relevant to multiple treatments. We then propose methods to
encode the impact of unmeasured confounding on potential outcomes and
adjust the estimates of causal effects in which the presumed unmeasured con-
founding is removed. Our proposed methods embed nested multiple impu-
tation within the Bayesian framework, which allow for seamless integration
of the uncertainty about the values of the sensitivity parameters and the sam-
pling variability as well as use of the Bayesian Additive Regression Trees for
modeling flexibility. Expansive simulations validate our methods and gain
insight into sensitivity analysis with multiple treatments. We use the SEER-
Medicare data to demonstrate sensitivity analysis using three treatments for
early stage nonsmall cell lung cancer. The methods developed in this work
are readily available in the R package SAMTx.
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Big Data often presents as massive nonprobability samples. Not only is
the selection mechanism often unknown but larger data volume amplifies the
relative contribution of selection bias to total error. Existing bias adjustment
approaches assume that the conditional mean structures have been correctly
specified for the selection indicator or key substantive measures. In the pres-
ence of a reference probability sample, these methods rely on a pseudolike-
lihood method to account for the sampling weights of the reference sample,
which is parametric in nature. Under a Bayesian framework, handling the
sampling weights is an even bigger hurdle. To further protect against model
misspecification, we expand the idea of double robustness such that more
flexible nonparametric methods as well as Bayesian models can be used for
prediction. In particular, we employ Bayesian additive regression trees which
not only capture nonlinear associations automatically but permit direct quan-
tification of the uncertainty of point estimates through its posterior predictive
draws. We apply our method to sensor-based naturalistic driving data from
the second Strategic Highway Research Program using the 2017 National
Household Travel Survey as a benchmark.
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Supervised machine learning methods have been increasingly used in
biomedical research and clinical practice. In transcriptomic applications,
RNA-seq data have become dominating and have gradually replaced tradi-
tional microarray, due to their reduced background noise and increased digi-
tal precision. Most existing machine learning methods are, however, designed
for continuous intensities of microarray and are not suitable for RNA-seq
count data. In this paper we develop a negative binomial model via general-
ized linear model framework with double regularization for gene and covari-
ate sparsity to accommodate three key elements: adequate modeling of count
data with overdispersion, gene selection and adjustment for covariate effect.
The proposed sparse negative binomial classifier (snbClass) is evaluated in
simulations and two real applications of multidisease postmortem brain tis-
sue RNA-seq data and cervical tumor miRNA-seq data to demonstrate its
superior performance in prediction accuracy and feature selection.
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KERNEL MACHINE AND DISTRIBUTED LAG MODELS FOR ASSESSING
WINDOWS OF SUSCEPTIBILITY TO ENVIRONMENTAL MIXTURES IN
CHILDREN’S HEALTH STUDIES
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Exposures to environmental chemicals during gestation can alter health
status later in life. Most studies of maternal exposure to chemicals during
pregnancy have focused on a single chemical exposure observed at high tem-
poral resolution. Recent research has turned to focus on exposure to mix-
tures of multiple chemicals, generally observed at a single time point. We
consider statistical methods for analyzing data on chemical mixtures that are
observed at a high temporal resolution. As motivation, we analyze the as-
sociation between exposure to four ambient air pollutants observed weekly
throughout gestation and birth weight in a Boston-area prospective birth co-
hort. To explore patterns in the data, we first apply methods for analyzing
data on: (1) a single chemical observed at high temporal resolution, and (2) a
mixture measured at a single point in time. We highlight the shortcomings of
these approaches for temporally-resolved data on exposure to chemical mix-
tures. Second, we propose a novel method, a Bayesian kernel machine re-
gression distributed lag model (BKMR-DLM) that simultaneously accounts
for nonlinear associations and interactions among time-varying measures of
exposure to mixtures. BKMR-DLM uses a functional weight for each expo-
sure that parameterizes the window of susceptibility corresponding to that
exposure within a kernel machine framework that captures nonlinear and in-
teraction effects of the multivariate exposure on the outcome. In a simulation
study we show that the proposed method can better estimate the exposure-
response function and, in high signal settings, can identify critical windows
in time during which exposure has an increased association with the out-
come. Applying the proposed method to the Boston birth cohort data, we find
evidence of a negative association between organic carbon and birth weight
and that nitrate modifies the organic carbon, elemental carbon, and sulfate
exposure-response functions.
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There is an increasing interest in estimating heterogeneity in causal ef-
fects in randomized and observational studies. However, little research has
been conducted to understand effect heterogeneity in an instrumental vari-
ables study. In this work we present a method to estimate heterogeneous
causal effects using an instrumental variable with matching. The method
has two parts. The first part uses subject-matter knowledge and interpretable
machine-learning techniques, such as classification and regression trees, to
discover potential effect modifiers. The second part uses closed testing to
test for statistical significance of each effect modifier while strongly control-
ling the familywise error rate. We apply this method on the Oregon Health
Insurance Experiment, estimating the effect of Medicaid on the number of
days an individual’s health does not impede their usual activities by using
a randomized lottery as an instrument. Our method revealed Medicaid’s ef-
fect was most impactful among older, English-speaking, non-Asian males and
younger, English-speaking individuals with, at most, a high school diploma
or General Educational Development.
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The arterial networks in the human brain, termed brain arterial networks
or BANs, are complex arrangements of individual arteries, branching pat-
terns, and interconnectivity. BANs play an essential role in characterizing
and understanding brain physiology, and one would like tools for statisti-
cally analyzing the shapes of BANs. These tools include quantifying shape
differences, comparing populations of subjects, and studying the effects of
covariates on these shapes. This paper mathematically represents and sta-
tistically analyzes BAN shapes as elastic shape graphs. Each elastic shape
graph consists of nodes, or points in 3D, connected by 3D curves, or edges,
with arbitrary shapes. We develop a mathematical representation, a Rieman-
nian metric and other geometrical tools, such as computations of geodesics,
means, covariances, and PCA, for helping analyze BANs as elastic graphs.
We apply this analysis to BANs after dividing them into four components—
top, bottom, left, and right. The framework is then used to generate shape
summaries of BANs from 92 subjects and study the effects of age and gender
on shapes of BAN components. While gender effects require further investi-
gation, we conclude that age has a clear, quantifiable effect on BAN shapes.
Specifically, we find an increased variance in BAN shapes as age increases.
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SPATIOTEMPORAL-TEXTUAL POINT PROCESSES FOR CRIME LINKAGE
DETECTION

BY SHIXIANG ZHU® AND YAO XIEP

School of Industrial and Systems Engineering, Georgia Institute of Technology, ®shixiang.zhu@ gatech.edu,
YYao.xie@ isye.gatech.edu

Crimes emerge out of complex interactions of human behaviors and sit-
uations. Linkages between crime incidents are highly complex. Detecting
crime linkage, given a set of incidents, is a highly challenging task since
we only have limited information, including text descriptions, incident times,
and locations. In practice, there are very few labels. We propose a new sta-
tistical modeling framework for spatiotemporal-textual data and demonstrate
its usage on crime linkage detection. We capture linkages of crime incidents
via multivariate marked spatiotemporal Hawkes processes and treat embed-
ding vectors of the free-text as marks of the incident, inspired by the notion of
modus operandi (M.O.) in crime analysis. Numerical results, using real data,
demonstrate the good performance of our method as well as reveals inter-
esting patterns in the crime data: the joint modeling of space, time, and text
information enhances crime linkage detection, compared with the state-of-
the-art, and the learned spatial dependence from data can be useful for police
operations.
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Modeling event dynamics is central to many disciplines. Patterns in ob-
served social interaction events can be commonly modeled using point pro-
cesses. Such social interaction event data often exhibit self-exciting, hetero-
geneous and sporadic trends which is challenging for conventional models. It
is reasonable to assume that there exists a hidden state process that drives dif-
ferent event dynamics at different states. In this paper we propose a Markov
modulated Hawkes process (MMHP) model for learning such a mixture of
social interaction event dynamics and develop corresponding inference algo-
rithms. Numerical experiments using synthetic data demonstrate that MMHP
with the proposed estimation algorithms consistently recover the true hidden
state process in simulations, while email data from a large university and data
from an animal behavior study show that the procedure captures distinct event
dynamics that reveal interesting social structures in the real data.
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CONDITIONAL FUNCTIONAL CLUSTERING FOR LONGITUDINAL DATA
WITH HETEROGENEOUS NONLINEAR PATTERNS
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In studies of cognitive aging, it is crucial to distinguish subtypes of longi-
tudinal cognition change while accounting for the effects of given covariates.
The longitudinal cognition trajectories and the covariate effects can both be
nonlinear with heterogeneous shapes that do not follow a simple parametric
form, where flexible functional methods are preferred. However, most func-
tional clustering methods for longitudinal data do not allow controlling for
the possible functional effects of covariates. Although traditional mixture-
of-experts methods can include covariates and be extended to the functional
setting, using nonlinear basis functions, satisfactory parsimonious functional
methods required for robust functional coefficient estimation and clustering
are still lacking. In this paper we propose a novel latent class functional
mixed-effects model in which we assume the covariates have fixed functional
effects, and the random curves follow a mixture of Gaussian processes that
facilitates a model-based conditional clustering. A transformed penalized B-
spline approach is employed for parsimonious modeling and robust model
estimation. We propose a new iterative-REML method to choose the penalty
parameters in heterogeneous data. The new method is applied to the latest
data from the Religious Orders Study and Rush Memory and Aging Project,
and four novel subtypes of cognitive changes are identified.
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In 2011, the Los Angeles Police Department (LAPD), in conjunction
with other governmental and nonprofit groups, launched the Community
Safety Partnership (CSP) in several public housing developments in Los An-
geles. Following a relationship-based policing model, officers were assigned
to work collaboratively with community members to reduce crime and build
trust. However, evaluating the causal impact of this policy intervention is dif-
ficult, given the notable differences between communities where CSP was
implemented and the surrounding communities in South Los Angeles. In this
paper we use a novel data set, based on the LAPD’s reported crime inci-
dents and calls-for-service, to evaluate the effectiveness of this program via
augmented synthetic control models, a cutting-edge method for policy eval-
uation. We perform falsification analyses to evaluate the robustness of the
results. In the public housing developments where it was first deployed, we
find that CSP exhibited modest but statistically insignificant reductions in re-
ported violent crime incidents, shots fired and violent crime calls-for-service,
and Part I reported crime incidents. We do not find evidence of crime dis-
placement from CSP regions to neighboring control regions.

REFERENCES

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2010). Synthetic control methods for comparative case
studies: Estimating the effect of California’s tobacco control program. J. Amer. Statist. Assoc. 105 493-505.
MR2759929 https://doi.org/10.1198/jasa.2009.ap08746

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2015). Comparative politics and the synthetic control
method. Amer. J. Polit. Sci. 59 495-510.

ABADIE, A. and GARDEAZABAL, J. (2003). The economic costs of conflict: A case study of the Basque country.
Am. Econ. Rev. 93 113-132.

ABADIE, A. and L’HOUR, J. (2020). A penalized synthetic control estimator for disaggregated data.

ANGRIST, J. D. and PISCHKE, J.-S. (2008). Mostly Harmless Econometrics: An Empiricist’s Companion. Prince-
ton University Press, Princeton.

ARKHANGELSKY, D., ATHEY, S., HIRSHBERG, D. A., IMBENS, G. W. and WAGER, S. (2018). Synthetic dif-
ference in differences. ArXiv.

ATHEY, S. and IMBENS, G. W. (2017). The state of applied econometrics: Causality and policy evaluation. J.
Econ. Perspect. 31 3-32.

ATHEY, S. and IMBENS, G. (2018). Design-based analysis in difference-in-differences settings with staggered
adoption. ArXiv.

BANG, H. and ROBINS, J. M. (2005). Doubly robust estimation in missing data and causal inference models.
Biometrics 61 962-972. MR2216189 https://doi.org/10.1111/j.1541-0420.2005.00377.x

BEN-MICHAEL, E., FELLER, A. and ROTHSTEIN, J. (2019). Synthetic controls with staggered adoption. ArXiv.

BEN-MICHAEL, E., FELLER, A. and ROTHSTEIN, J. (2021). The augmented synthetic control method. J. Amer.
Statist. Assoc. 1-34.

BLACKSTONE, J. (2014). A change of tune for LAPD as community policing makes gains.

Key words and phrases. Gang violence, community policing, time-series cross-sectional data, augmented syn-
thetic control method, policy evaluation, causal inference.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/21-AOAS1543
http://www.imstat.org
mailto:skahmann@ucla.edu
mailto:ekhartman@berkeley.edu
mailto:jleap@ucla.edu
mailto:branting@ucla.edu
http://www.ams.org/mathscinet-getitem?mr=2759929
https://doi.org/10.1198/jasa.2009.ap08746
http://www.ams.org/mathscinet-getitem?mr=2216189
https://doi.org/10.1111/j.1541-0420.2005.00377.x

BLAIR, G., WEINSTEIN, J., CHRISTIA, F., ARIAS, E., BADRAN, E., BLAIR, R. A., CHEEMA, A., FAROOQUI,
A., FETZER, T. et al. (2021). Does community policing build trust in police and reduce crime? Evidence from
six coordinated field experiments in the global South. Submitted.

BLUMSTEIN, A. (2018). Science and technology and the president’s crime commission: Past and future. Criminol.
Public Policy 17 271-282.

BLUMSTEIN, A., WALLMAN, J. and FARRINGTON, D. (2006). The Crime Drop in America. Cambridge Univ.
Press, Cambridge.

BOTOSARU, I. and FERMAN, B. (2019). On the role of covariates in the synthetic control method. Econom. J. 22
117-130. MR4021116 https://doi.org/10.1093/ectj/utz001

BRAGA, A. A. and WEISBURD, D. L. (2012). The effects of focused deterrence strategies on crime: A systematic
review and meta-analysis of the empirical evidence. J. Res. Crime Deling. 49 323-358.

BRAGA, A. A., KENNEDY, D. M., WARING, E. J. and PIEHL, A. M. (2001). Problem-oriented policing, deter-
rence, and youth violence: An evaluation of Boston’s operation ceasefire. J. Res. Crime Deling. 38 195-225.

BRANTINGHAM, P. J., TITA, G. and HERZ, D. (2021). The impact of the city of Los Angeles mayor’s office of
Gang Reduction and Youth Development (GRYD) comprehensive strategy on crime in the city of Los Angeles.
Justice Eval. J. 1-20.

CALLAWAY, B. and SANT’ANNA, P. H. C. (2020). Difference-in-differences with multiple time periods. J.
Econometrics.

CARD, D. and KRUEGER, A. B. (1993). Minimum wages and employment: A case study of the fast food industry
in New Jersey and Pennsylvania Technical Report National Bureau of Economic Research.

CHERNOZHUKOV, V., WUTHRICH, K. and ZHU, Y. (2021). An Exact and Robust Conformal Inference Method
for Counterfactual and Synthetic Controls.

CORDNER, G. W. (1997). Community policing: Elements and effects. Crit. Issues Policing: Contemp. Read. S
401-418.

DOJ, U. (2009). Community policing defined. Office Community Oriented Policing Serv.

DOUDCHENKO, N. and IMBENS, G. W. (2016). Balancing, regression, difference-in-differences and synthetic
control methods: A synthesis. ArXiv.

Eck, J. E. and MAGUIRE, E. R. (2000). Have changes in policing reduced violent crime? An assessment of the
evidence. Crime Drop Amer. 207 207-265.

EcaMI, N. and YAMAUCHLI, S. (2021). Using multiple pre-treatment periods to improve difference-in-differences
and staggered adoption design. ArXiv.

FAGAN, J. and MACDONALD, J. (2012). Policing, crime and legitimacy in New York and Los Angeles: The
social and political contexts of two historic crime declines. Columbia Public Law Research Paper 12-315.

FERMAN, B. and PINTO, C. (2019). Synthetic controls with imperfect pre-treatment fit. ArXiv.

GOLDSTEIN, H. (1977). Policing a Free Society. Ballinger Pub. Co., Cambridge, MA.

GOLDSTEIN, H. (1979). Improving policing: A problem-oriented approach. Crime Deling. 25 236-258.

GROGGER, J. (2002). The effects of civil gang injunctions on reported violent crime: Evidence from Los Angeles
county. J. Law Econ. 45 69-90.

HARTMAN, E. and HIDALGO, F. D. (2018). An equivalence approach to balance and placebo tests. Amer. J. Polit.
Sci. 62 1000-1013.

HAZLETT, C. and XU, Y. (2018). Trajectory balancing: A general reweighting approach to causal inference with
time-series cross-sectional data.

HECKMAN, J. J. and HOTZ, V. J. (1989). Choosing among alternative nonexperimental methods for estimating
the impact of social programs: The case of manpower training. J. Amer. Statist. Assoc. 84 862-874.

HOERL, A. E. and KENNARD, R. W. (1970). Ridge regression: Biased estimation for nonorthogonal problems.
Technometrics 12 55-67.

HOLLAND, P. W. (1986). Statistics and causal inference. J. Amer. Statist. Assoc. 81 945-970. MR0867618

IMAL K., KiM, I. and WANG, E. (2020). Matching methods for causal inference with time-series cross-sectional
data. Unpublished Manuscript.

KAHMANN, S., HARTMAN, E., LEAP, J. and BRANTINGHAM, P. J (2022). Supplement to “Impact Evaluation
of the LAPD Community Safety Partnership.” https://doi.org/10.1214/21- AOAS1543SUPP

KATZENBACH, N. D. (1967). The Challenge of Crime in a Free Society: A Report by the President’s Commission
on Law Enforcement and Administration of Justice. United States Government Printing Office.

KELLING, G. L. and MOORE, M. H. (1989). The Evolving Strategy of Policing 4. US Department of Justice,
Office of Justice Programs, National Institute of Justice.

KELLING, G. L., PATE, A., FERRARA, A., UTNE, M. and BROWN, C. E. (1981). The Newark Foot Patrol
Experiment. Police Foundation, Washington, DC, 94-96.

KENNEDY, D. M. (1997). Pulling levers: Chronic offenders, high-crime settings, and a theory of prevention.
Valparaiso Univ. Law Rev. 31 449-484.


http://www.ams.org/mathscinet-getitem?mr=4021116
https://doi.org/10.1093/ectj/utz001
http://www.ams.org/mathscinet-getitem?mr=0867618
https://doi.org/10.1214/21-AOAS1543SUPP

KENNEDY, D., PIEHL, A. and BRAGA, A. (1996). Youth violence in Boston: Gun markets, serious youth offend-
ers, and a use reduction strategy. Law Contemp. Probl. 59 147-183.

KLINGER, D. A. and BRIDGES, G. S. (1997). Measurement error in calls-for-service as an indicator of crime.
Criminology 35 705-726.

LEAP, J. (2020). Evaluation of the LAPD Community Safety Partnership. UCLA Luskin School of Public Affairs,
Los Angeles.

MACDONALD, J. M. (2002). The effectiveness of community policing in reducing urban violence. Crime Deling.
48 592-618.

NAHUM-SHANI, I., SMITH, S. N., SPRING, B. J., COLLINS, L. M., WITKIEWITZ, K., TEWARI, A. and MUR-
PHY, S. A. (2018). Just-in-time adaptive interventions (JITAIs) in mobile health: Key components and design
principles for ongoing health behavior support. Annals Behav. Med. 52 446—462.

O’NEILL, S., KREIF, N., GRIEVE, R., SUTTON, M. and SEKHON, J. S. (2016). Estimating causal effects:
Considering three alternatives to difference-in-differences estimation. Health Serv. Outcomes Res. Methodol.
16 1-21. https://doi.org/10.1007/s10742-016-0146-8

FEDERAL BUREAU OF INVESTIGATION (2021). Uniform Crime Reporting Program Data: Supplementary Homi-
cide Reports, 1987-2017. Inter-university Consortium for Political and Social Research.

LA OFFICE OF THE MAYOR (2017). Mayor Garcetti announces new expansion of Community Safety Partnership.

PARK, J., SCHOENBERG, F. P., BERTOZZI, A. L. and BRANTINGHAM, P. J. (2021). Investigating clustering and
violence interruption in gang-related violent crime data using spatial-temporal point processes with covariates.
J. Amer. Statist. Assoc. 1-14.

PORTER, L. C., CURTIS, A., JEFFERIS, E. and MITCHELL, S. (2019). Where’s the crime? Exploring divergences
between call data and perceptions of local crime. Br. J. Criminol. 60 444-467.

REISIG, M. D. (2010). Community and problem-oriented policing. Crime Justice 39 1-53.

LAPD NEWS RELEASE (2015). LAPD’s Community Safety Partnership program NR15021SF.

RICE, C. and LEE, S. K. (2015). Relationship-Based Policing Achieving Safety in Watts. Advancement Project,
Washington, DC.

RIDGEWAY, G., GROGGER, J., MOYER, R. A. and MACDONALD, J. M. (2019). Effect of gang injunctions on
crime: A study of Los Angeles from 1988-2014. J. Quant. Criminol. 35 517-541.

ROBBINS, M. W., SAUNDERS, J. and KILMER, B. (2017). A framework for synthetic control methods with high-
dimensional, micro-level data: Evaluating a neighborhood-specific crime intervention. J. Amer. Statist. Assoc.
112 109-126. MR3646556 https://doi.org/10.1080/01621459.2016.1213634

RUBIN, D. B. (1974). Estimating causal effects of treatments in randomized and nonrandomized studies. J. Educ.
Psychol. 66 688.

RUBIN, D. B. (1978). Bayesian inference for causal effects: The role of randomization. Ann. Statist. 6 34-58.
MRO0472152

SHERMAN, L. W., MILTON, C., KELLY, T. V. and MACBRIDE, T. F. (1973). Team Policing: Seven Case Studies.
Police Foundation, Washington, DC.

SIEGLER, K. (2013). After years of violence, L.A.’s Watts sees crime subside.

SKOGAN, W. G. (2006). Police and Community in Chicago: A Tale of Three Cities. Oxford Univ. Press, Oxford.

STREETER, K. (2014). In Jordan Downs housing project, police are forging a new relationship.

TREMBLAY, A., HERZ, D., ZACHERY, R. and KRAUS, M. (2020). The Los Angeles Mayor’s Office of Gang
Reduction and Youth Development Comprehensive Strategy. GRYD Research Brief No. 1.


https://doi.org/10.1007/s10742-016-0146-8
http://www.ams.org/mathscinet-getitem?mr=3646556
https://doi.org/10.1080/01621459.2016.1213634
http://www.ams.org/mathscinet-getitem?mr=0472152

The Annals of Applied Statistics

2022, Vol. 16, No. 2, 12361252
https://doi.org/10.1214/21-A0AS 1544

© Institute of Mathematical Statistics, 2022

HIGHER CRITICISM FOR DISCRIMINATING WORD-FREQUENCY TABLES
AND AUTHORSHIP ATTRIBUTION

By ALON KIPNIS?

Department of Statistics, Stanford University, *kipnisal @ stanford.edu

We adapt the higher criticism (HC) goodness-of-fit test to measure the
closeness between word-frequency tables. We apply this measure to author-
ship attribution challenges, where the goal is to identify the author of a doc-
ument using other documents whose authorship is known. The method is
simple yet performs well without handcrafting and tuning, reporting accu-
racy at the state-of-the-art level in various current challenges. As an inherent
side effect, the HC calculation identifies a subset of discriminating words. In
practice, the identified words have low variance across documents belonging
to a corpus of homogeneous authorship. We conclude that in comparing the
similarity of a new document and a corpus of a single author, HC is mostly
affected by words characteristic of the author and is relatively unaffected by
topic structure.
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