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PERIODOGRAM REGRESSION: A TWO-STAGE MIXED EFFECTS
APPROACH FOR MODELLING MULTIPLE INTEGER-VALUED TIME

SERIES OF TROPICAL CYCLONE FREQUENCY

BY LYUYUAN ZHANG1,a
 iD, GUOQI QIAN1,b

 iD AND SOURAV DAS2,c
 iD

1School of Mathematics and Statistics, University of Melbourne, alyuyuanz@student.unimelb.edu.au,
bqguoqi@unimelb.edu.au

2College of Science and Engineering, James Cook University, csourav.das@jcu.edu.au

Tropical cyclones (TC) are significant indicators of evolving climate dy-
namics. Two primary responses of interest are the cyclone frequency and in-
tensity. In this paper we propose a novel integrated modelling framework
for simultaneous modelling of TC frequency across several meteorological
regions within Australasia. The key methodological insight is to model the
second-order properties of multiple integer-valued time series in frequency
domain, instead of parametric time domain models. We take a two-stage
semiparametric approach, where large scale environmental variation is mod-
elled using generalized linear models while the stochastic variation, including
spatial heterogeneity, is estimated using spectral analysis of time series un-
der a hierarchical generating model. Using longitudinal data analysis, we are
able to jointly model periodicities in TC frequencies and their correlation with
El Niño–Southern Oscillation (ENSO) cycles as well as the spatial variation
between regions. We project the fitted model to obtain one-step-ahead fore-
casts under the principle of best linear unbiased estimation. This semipara-
metric approach allows us to obliterate the uniqueness matter of parametric
integer-valued time series modelling. Additional methodological advantages
include tests for spatial heterogeneity and temporal second-order stationarity.
The data analysis corroborates previous findings on declining trend of tropi-
cal cyclone frequencies, in the short-term.
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The bulk of causal inference studies rule out the presence of interfer-
ence between units. However, in many real-world scenarios, units are inter-
connected by social, physical, or virtual ties, and the effect of the treatment
can spill from one unit to other connected individuals in the network. In
this paper, we develop a machine learning method that uses tree-based al-
gorithms and a Horvitz–Thompson estimator to assess the heterogeneity of
treatment and spillover effects with respect to individual, neighborhood, and
network characteristics in the context of clustered networks and interference
within clusters. The proposed network causal tree (NCT) algorithm has sev-
eral advantages. First, it allows the investigation of the heterogeneity of the
treatment effect, avoiding potential bias due to the presence of interference.
Second, understanding the heterogeneity of both treatment and spillover ef-
fects can guide policymakers in scaling up interventions, designing targeting
strategies, and increasing cost-effectiveness. We investigate the performance
of our NCT method using a Monte Carlo simulation study and illustrate its
application to assess the heterogeneous effects of information sessions on the
uptake of a new weather insurance policy in rural China.
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Since the beginning of the Covid-19 pandemic, public health authorities
across the globe have implemented policies, such as lockdowns, in an attempt
to reduce population mobility and, consequently, person-to-person contacts.
It is well known that lockdowns reduce mobility, but to what extent does this
reduction in mobility lead to lower infection rates? In this paper we extend
the endemic-epidemic modeling framework in a principled manner, incorpo-
rating temporally changing mobility network data and quantifying the risk
associated with travelling throughout the first year of the pandemic in two
Spanish communities.
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Gun violence is a major source of injury and death in the United States.
However, relatively little is known about the effects of firearm injuries on
survivors and their family members and how these effects vary. To study
these questions and, more generally, to address a gap in the methodologi-
cal causal inference literature, we present a framework for the study of effect
modification or heterogeneous treatment effects in difference-in-differences
designs. We implement a new matching technique, combining profile match-
ing and risk set matching to: (i) preserve the time alignment of covariates,
exposure, and outcomes, avoiding pitfalls of other common approaches for
difference-in-differences, and (ii) explicitly control biases due to imbalances
in observed covariates in subgroups discovered from the data. Our case study
shows significant and persistent effects of nonfatal firearm injuries on several
health outcomes for those injured and on the mental health of their family
members. Sensitivity analyses reveal that these results are moderately robust
to unmeasured confounding bias. Finally, while the effects for those injured
vary largely by the severity of the injury and its documented intent, for fam-
ilies, effects are strongest for those whose relative’s injury is documented as
resulting from an assault, self-harm, or law enforcement intervention.
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In this paper we consider the problem of predicting survey response rates
using a family of flexible and interpretable nonparametric models. The study
is motivated by the U.S. Census Bureau’s well-known ROAM application,
which uses a linear regression model trained on the U.S. Census Planning
Database data to identify hard-to-survey areas. A crowdsourcing competi-
tion (Public Opin. Q. 81 (2016) 144–156) organized more than 10 years ago
revealed that machine learning methods, based on ensembles of regression
trees, led to the best performance in predicting survey response rates; how-
ever, the corresponding models could not be adopted for the intended ap-
plication due to their black-box nature. We consider nonparametric additive
models with a small number of main and pairwise interaction effects us-
ing �0-based penalization. From a methodological viewpoint, we study our
estimator’s computational and statistical aspects and discuss variants incor-
porating strong hierarchical interactions. Our algorithms (open-sourced on
GitHub) extend the computational frontiers of existing algorithms for sparse
additive models to be able to handle datasets relevant to the application we
consider. We discuss and interpret findings from our model on the U.S. Cen-
sus Planning Database. In addition to being useful from an interpretability
standpoint, our models lead to predictions comparable to popular black-box
machine learning methods based on gradient boosting and feedforward neu-
ral networks—suggesting that it is possible to have models that have the best
of both worlds, good model accuracy and interpretability.
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ULTRA-SPARSE SMALL AREA ESTIMATION WITH SUPER HEAVY-TAILED
PRIORS FOR INTERNAL MIGRATION FLOWS
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1Department of Statistics, University of California, Davis, ajafuquenepatino@ucdavis.edu
2Department of Statistics and Data Science, NORC at the University of Chicago, bbetancourt-brenda@norc.org

Migration flows represent an important component of global sustainable
development and demographic trends. However, the dynamic nature of the
migration phenomenon, known issues of undercoverage of administrative
records and long intercensal periods make estimation of internal migration
a very challenging task. In this work we focus on the estimation of internal
migration in Colombia, which is the subject of an ongoing armed conflict that
has triggered forced and voluntary population movements from rural areas.
Motivated by the high variability of migration flows across small areas in
Colombia, we propose the use of super heavy-tailed (SHT) priors for sparse
and ultra-sparse small area effects under a Fay–Herriot model.

We establish theoretical properties of a family of log-Cauchy priors and a
new SHT prior obtained by considering a four parameter beta (FPB) density.
We provide especially suited Markov chain Monte Carlo (MCMC) algorithms
that can also be applied to other global-local families of priors in small area
contexts. In addition, we consider a simulation study to illustrate how our
proposal improves the precision of posterior estimates in sparse and ultra-
sparse settings compared to other existing priors in the literature. Finally,
we apply our proposed methodology to the estimation of internal migration
in Colombia and obtain results with improved precision that are consistent
with the population dynamics in the country. Moreover, we provide practical
suggestions for official statisticians and other practitioners who desire to use
our proposed framework in their own SAE problems.
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POD-BIN: A PROBABILITY OF DECISION BAYESIAN INTERVAL DESIGN
FOR TIME-TO-EVENT DOSE-FINDING TRIALS WITH MULTIPLE

TOXICITY GRADES

BY MEIZI LIU1,a, JI LIN2,b, GU MI2,c, CHRISTELLE LORENZATO2,d, XUN CHEN2,e AND
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We introduce a Bayesian framework centered on the “probability of deci-
sion” for designing dose-finding trials. The proposed PoD-BIN design evalu-
ates the posterior predictive probabilities of up-and-down decisions. In PoD-
BIN, multiple grades of toxicity, categorized as mild toxicity (MT) and dose-
limiting toxicity (DLT), are simultaneously modeled, with the primary out-
come being time-to-toxicity for both MT and DLT. This approach allows the
enrollment of new patients while previously enrolled patients are still being
monitored for toxicity, potentially reducing the trial duration. The Bayesian
decision rules in PoD-BIN employ the probability of decisions to balance the
trade-off between accelerating the trial and the risk of exposing patients to ex-
cessively toxic doses. Through numerical examples, we illustrate the trade-off
between speed and safety of PoD-BIN and compare it with existing designs.
PoD-BIN demonstrates the ability to control the frequency of risky decisions
while simultaneously shortening trial duration in simulations.
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There is abundant interest in assessing the joint effects of multiple expo-
sures on human health. This is often referred to as the mixtures problem in
environmental epidemiology and toxicology. Classically, studies have exam-
ined the adverse health effects of different chemicals one at a time, but there
is concern that certain chemicals may act together to amplify each other’s ef-
fects. Such amplification is referred to as synergistic interaction, while chem-
icals that inhibit each other’s effects have antagonistic interactions. Current
approaches for assessing the health effects of chemical mixtures do not ex-
plicitly consider synergy or antagonism in the modeling, instead focusing on
either parametric or unconstrained nonparametric dose response surface mod-
eling. The parametric case can be too inflexible, while nonparametric meth-
ods face a curse of dimensionality that leads to overly wiggly and uninter-
pretable surface estimates. We propose a Bayesian approach that decomposes
the response surface into additive main effects and pairwise interaction effects
and then detects synergistic and antagonistic interactions. Variable selection
decisions for each interaction component are also provided. This Synergistic
Antagonistic Interaction Detection (SAID) framework is evaluated relative to
existing approaches using simulation experiments and an application to data
from NHANES.
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Bayesian deep Gaussian processes (DGPs) outperform ordinary GPs as
surrogate models of complex computer experiments when response surface
dynamics are nonstationary, which is especially prevalent in aerospace simu-
lations. Yet DGP surrogates have not been deployed for the canonical down-
stream task in that setting: reliability analysis through contour location (CL).
In that context we are motivated by a simulation of an RAE-2822 transonic
airfoil which demarcates efficient and inefficient flight conditions. Level sets
separating passable vs. failable operating conditions are best learned through
strategic sequential designs. There are two limitations to modern CL method-
ology which hinder DGP integration in this setting. First, derivative-based
optimization underlying acquisition functions is thwarted by sampling-based
Bayesian (i.e., MCMC) inference, which is essential for DGP posterior inte-
gration. Second, canonical acquisition criteria, such as entropy, are famously
myopic to the extent that optimization may even be undesirable. Here we
tackle both of these limitations at once, proposing a hybrid criterion that ex-
plores along the Pareto front of entropy and (predictive) uncertainty, requiring
evaluation only at strategically located “triangulation” candidates. We show-
case DGP CL performance in several synthetic benchmark exercises and on
the RAE-2822 airfoil.
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HAS THE COVID-19 OUTBREAK CAPSIZED THE PREDICTIVE
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We check whether taking into account long-term relationships in het-
eroscedastic VAR models affects their predictive performance before and
during the Covid-19 pandemic. Also, we examine whether the predictions
can benefit from suspending posterior updates at some point. Empirical anal-
ysis covers five different economies and uses Bayesian VAR/VEC models
with volatility specifications combining stochastic volatility and GARCH
processes. It emerges that, while accounting for cointegration relationships
in the models enhances their predictive performance prior to the pandemic, it
may be counterproductive for times of economic crisis. Additionally, refrain-
ing from keeping the posterior updated does improve the predictions, but only
rarely.
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elling and Forecasting of Socio-Economic Phenomena (M. Papież and S. Śmiech, eds.) 78–87. Wydawnictwo
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ESTIMATING PRODUCT CANNIBALISATION IN WHOLESALE USING
MULTIVARIATE HAWKES PROCESSES WITH INHIBITION

BY ISABELLA DEUTSCH1,a AND GORDON J. ROSS1,b
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Product cannibalisation in the marketplace refers to the decrease in the
sales of one product due to competition from another product. We examine
this phenomenon in a wholesale data set provided by a major international
company. We use a multivariate Hawkes process where each product is repre-
sented by a dimension, with cross-inhibition effects that model product can-
nibalisation. To implement the Hawkes process with inhibition, we resolve
challenges regarding the integration of the intensity function and introduce
a new, less restrictive condition for stability, as existing conditions are un-
necessarily strict under inhibition. We conduct our analysis in a Bayesian
framework for which we design a dimension-independent prior on the cross-
inhibition based on a reparametrisation.
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We propose a novel set of Poisson cluster process (PCP) models to detect
ultra-diffuse galaxies (UDGs), a class of extremely faint, enigmatic galax-
ies of substantial interest in modern astrophysics. We model the unobserved
UDG locations as parent points in a PCP and infer their positions based on the
observed spatial point patterns of their old star cluster systems. Many UDGs
have somewhere from a few to hundreds of these old star clusters, which we
treat as offspring points in our models. We also present a new framework to
construct a marked PCP model using the marks/characteristics of star clusters
(their colors, brightnesses, etc.). The marked PCP model may enhance the
detection of UDGs and offers broad applicability to problems in other dis-
ciplines. To assess the overall model performance, we design an innovative
assessment tool for spatial prediction problems where only point-referenced
ground truth is available, overcoming the limitation of standard ROC anal-
yses where spatial Boolean reference maps are required. We construct a be-
spoke blocked Gibbs adaptive spatial birth-death-move Markov chain Monte
Carlo algorithm to infer the locations of UDGs using real data from a Hub-
ble Space Telescope imaging survey. Based on our performance assessment
tool, our novel models significantly outperform existing approaches using the
log-Gaussian Cox process. We also obtained preliminary evidence that the
marked PCP model may improve UDG detection performance compared to
the model without marks. Furthermore, we find evidence of a potential new
“dark galaxy” that was not detected by previous methods.
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THE SHORT-TERM DYNAMICS OF CONFLICT-DRIVEN DISPLACEMENT:
BAYESIAN MODELING OF DISAGGREGATED DATA FROM SOMALIA
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Understanding the short-run dynamics of conflict and forced displace-
ment is crucial for the design of effective policy responses, yet quantita-
tive analyses in this realm are sparse. This is primarily due to the scarcity
of high-frequency displacement data and methodological challenges arising
when modeling imperfect data collected in conflict zones. Addressing both
issues, we develop a Bayesian panel regression model to assess the short-
term impact of conflict on displacement in Somalia, utilizing weekly panel
data that encompasses eight million displacements and 19,000 conflict events
from 2017 to 2023. Results suggest a rapid and nonlinear displacement re-
sponse postconflict, with significant heterogeneity in effects dependent on the
nature of conflict events. In a displacement forecasting exercise, our model
outperforms standard benchmarks, underscoring its potential for informing
decision-makers in crisis scenarios.
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We propose some extensions to semiparametric models based on
Bayesian additive regression trees (BART). In the semiparametric BART
paradigm, the response variable is approximated by a linear predictor and
a BART model, where the linear component is responsible for estimating the
main effects and BART accounts for nonspecified interactions and nonlin-
earities. Previous semiparametric models based on BART have assumed that
the set of covariates in the linear predictor and the BART model are mutu-
ally exclusive in an attempt to avoid poor coverage properties and reduce
bias in the estimates of the parameters in the linear predictor. The main nov-
elty in our approach lies in the way we change the tree-generation moves in
BART to deal with this bias and resolve nonidentifiability issues between the
parametric and nonparametric components, even when they have covariates
in common. This allows us to model complex interactions involving the co-
variates of primary interest, both among themselves and with those in the
BART component. Our novel method is developed with a view to analysing
data from an international education assessment, where certain predictors
of students’ achievements in mathematics are of particular interpretational
interest. Through additional simulation studies and another application to a
well-known benchmark dataset, we also show competitive performance when
compared to regression models, alternative formulations of semiparametric
BART, and other tree-based methods. The implementation of the proposed
method is available at https://github.com/ebprado/CSP-BART.
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In the flourishing live streaming industry, accurate recognition of stream-
ers’ emotions has become a critical research focus with profound implications
for audience engagement and content optimization. However, precise emo-
tion coding typically requires manual annotation by trained experts, making
it extremely expensive and time-consuming to obtain complete observational
data for large-scale studies. Motivated by this challenge in streamer emotion
recognition, we develop here a novel imputation method together with a prin-
cipled statistical inference procedure for analyzing partially observed binary
data. Specifically, we assume for each observation an auxiliary feature vec-
tor, which is sufficiently cheap to be fully collected for the whole sample.
We next assume a small pilot sample with both the target binary covariates
(i.e., the emotion status) and the auxiliary features fully observed, of which
the size could be considerably smaller than that of the whole sample. There-
after, a regression model can be constructed for the target binary covariates
and the auxiliary features. This enables us to impute the missing binary fea-
tures using the fully observed auxiliary features for the entire sample. We
establish the associated asymptotic theory for principled statistical inference
and present extensive simulation experiments, demonstrating the effective-
ness and theoretical soundness of our proposed method. Furthermore, we
validate our approach using a comprehensive dataset on emotion recognition
in live streaming, demonstrating that our imputation method yields smaller
standard errors and is more statistically efficient than using pilot data only.
Our findings have significant implications for enhancing user experience and
optimizing engagement on streaming platforms.
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OVERLAP VIOLATIONS IN EXTERNAL VALIDITY: APPLICATION TO
UGANDAN CASH TRANSFER PROGRAMS

BY MELODY HUANGa

Department of Political Science and Statistics & Data Science, Yale University, amelody.huang@yale.edu

Estimating externally valid causal effects is a foundational problem in
the social and biomedical sciences. Generalizing or transporting causal esti-
mates from an experimental sample to a target population of interest relies on
an overlap (or positivity) assumption between the experimental sample and
the target population. In practice, having full overlap between an experimen-
tal sample and a target population can be implausible. In the following paper,
we introduce a framework for considering external validity in the presence
of overlap violations. We propose a novel bias decomposition that parameter-
izes the bias from an overlap violation into two components: (1) the propor-
tion of units omitted and (2) the degree to which omitting the units moderates
the treatment effect. The bias decomposition offers an intuitive and straight-
forward approach to conducting sensitivity analysis to assess robustness to
overlap violations. Furthermore, we introduce a suite of sensitivity tools in
the form of summary measures and benchmarking, which help researchers
consider the plausibility of the overlap violations. We illustrate the proposed
framework on an experiment evaluating the impact of a cash transfer program
in Northern Uganda.
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Recurrent COVID-19 outbreaks have placed immense strain on the hos-
pital system in Quebec. We develop a Bayesian three-state coupled Markov
switching model to analyze COVID-19 outbreaks across Quebec based on
admissions in the 30 largest hospitals. Within each catchment area, we as-
sume the existence of three states for the disease: absence, a new state meant
to account for many zeroes in some of the smaller areas; endemic and out-
break. Then we assume the disease switches between the three states in each
area through a series of coupled nonhomogeneous hidden Markov chains.
Unlike previous approaches, the transition probabilities may depend on co-
variates and the occurrence of outbreaks in neighboring areas to account for
geographical outbreak spread. Additionally, to prevent rapid switching be-
tween endemic and outbreak periods we introduce clone states into the model
which enforce minimum endemic and outbreak durations. We make some in-
teresting findings, such as that mobility in retail and recreation venues had a
positive association with the development and persistence of new COVID-19
outbreaks in Quebec. Based on model comparison, our contributions show
promise in improving state estimation retrospectively and in real-time, espe-
cially when there are smaller areas and highly spatially synchronized out-
breaks. Furthermore, our approach offers new and interesting epidemiologi-
cal interpretations, such as being able to estimate the effect of covariates on
disease extinction.
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The structure of a bipartite interaction network can be described by pro-
viding a clustering for each of the two types of nodes. Such clusterings are
outputted by fitting a latent block model (LBM) on an observed network that
comes from a sampling of species interactions. However, the sampling is lim-
ited and possibly uneven. This may jeopardize the fit of the LBM and then
the description of the structure of the network by detecting structures result-
ing from the sampling and not from actual underlying ecological phenomena.
If the observed interaction network consists of a weighted bipartite network
where the number of observed interactions between two species is available,
the sampling efforts for all species can be estimated and used to correct the
LBM fit. We propose to combine an observation model that accounts for sam-
pling and an LBM for describing the structure of underlying possible ecolog-
ical interactions. We develop an original inference procedure for this model,
the efficiency of which is demonstrated in simulation studies. Its relevance
and its practical interest are attested on a large dataset of plant-pollinator net-
works, as we observe structural change on most of the networks depending
on whether observation processes are accounted for or not.

REFERENCES

AICHER, C., JACOBS, A. Z. and CLAUSET, A. (2015). Learning latent block structure in weighted networks. J.
Complex Netw. 3 221–248. MR3365464 https://doi.org/10.1093/comnet/cnu026

ALMEIDA-NETO, M., GUIMARÃES, P., GUIMARÃES JR, P. R., LOYOLA, R. D. and ULRICH, W. (2008). A con-
sistent metric for nestedness analysis in ecological systems: Reconciling concept and measurement. Oikos 117
1227–1239.

ANAKOK, E., BARBILLON, P., FONTAINE, C. and THEBAULT, E. (2025). Supplement to “Disentangling the struc-
ture of ecological bipartite networks from observation processes.” https://doi.org/10.1214/24-AOAS1965SUPP

BALDRIDGE, E., HARRIS, D. J., XIAO, X. and WHITE, E. P. (2016). An extensive comparison of species-
abundance distribution models. PeerJ 4 e2823. https://doi.org/10.7717/peerj.2823

BIERNACKI, C., CELEUX, G. and GOVAERT, G. (2000). Assessing a mixture model for clustering with the inte-
grated completed likelihood. IEEE Trans. Pattern Anal. Mach. Intell. 22 719–725.

BLÜTHGEN, N., FRÜND, J., VÁZQUEZ, D. P. and MENZEL, F. (2008). What do interaction network metrics tell us
about specialization and biological traits? Ecology 89 3387–3399. https://doi.org/10.1890/07-2121.1

BLÜTHGEN, N., STORK, N. and FIEDLER, K. (2004). Bottom-up control and co-occurrence in complex commu-
nities: Honeydew and nectar determine a rainforest ant mosaic. Oikos 106 344–358.

BRAULT, V., KERIBIN, C., CELEUX, G. and GOVAERT, G. (2014). Estimation and selection for the latent block
model on categorical data. Stat. Comput. 25 1–16.

CELEUX, G. and DIEBOLT, J. (1992). A stochastic approximation type EM algorithm for the mixture problem.
Stoch. Stoch. Rep. 41 119–134. MR1275369 https://doi.org/10.1080/17442509208833797

CELISSE, A., DAUDIN, J.-J. and PIERRE, L. (2012). Consistency of maximum-likelihood and variational estima-
tors in the stochastic block model. Electron. J. Stat. 6 1847–1899. MR2988467 https://doi.org/10.1214/12-
EJS729

Key words and phrases. Latent block model, modularity, nestedness, sampling effect, stochastic expectation
maximization.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1965
https://www.imstat.org
mailto:emre.anakok@agroparistech.fr
mailto:pierre.barbillon@agroparistech.fr
mailto:colin.fontaine@mnhn.fr
mailto:elisa.thebault@upmc.fr
https://mathscinet.ams.org/mathscinet-getitem?mr=3365464
https://doi.org/10.1093/comnet/cnu026
https://doi.org/10.1214/24-AOAS1965SUPP
https://doi.org/10.7717/peerj.2823
https://doi.org/10.1890/07-2121.1
https://mathscinet.ams.org/mathscinet-getitem?mr=1275369
https://doi.org/10.1080/17442509208833797
https://mathscinet.ams.org/mathscinet-getitem?mr=2988467
https://doi.org/10.1214/12-EJS729
https://doi.org/10.1214/12-EJS729


CHACOFF, N. P., VÁZQUEZ, D. P., LOMÁSCOLO, S. B., STEVANI, E. L., DORADO, J. and PADRÓN, B. (2012).
Evaluating sampling completeness in a desert plant-pollinator network: Sampling a plant-pollinator network.
J. Anim. Ecol. 81 190–200.

CHAMBERLAIN, S. A., CARTAR, R. V., WORLEY, A. C., SEMMLER, S. J., GIELENS, G., ELWELL, S., EVANS, M.
E., VAMOSI, J. C. and ELLE, E. (2014). Traits and phylogenetic history contribute to network structure across
Canadian plant–pollinator communities. Oecologia 176 545–556.

CHAO, A. (1984). Nonparametric estimation of the number of classes in a population. Scand. J. Stat. 11 265–270.
MR0793175

CHAO, A. and JOST, L. (2012). Coverage-based rarefaction and extrapolation: Standardizing samples by com-
pleteness rather than size. Ecology 93 2533–2547. https://doi.org/10.1890/11-1952.1

DAUDIN, J.-J., PICARD, F. and ROBIN, S. (2008). A mixture model for random graphs. Stat. Comput. 18 173–183.
MR2390817 https://doi.org/10.1007/s11222-007-9046-7

DE MANINCOR, N., HAUTEKÈETE, N., MAZOYER, C., MOREAU, P., PIQUOT, Y., SCHATZ, B., SCHMITT, E.,
ZÉLAZNY, M. and MASSOL, F. (2020). How biased is our perception of plant-pollinator networks? A compar-
ison of visit- and pollen-based representations of the same networks. Acta Oecol. 105 103551.

DELYON, B., LAVIELLE, M. and MOULINES, E. (1999). Convergence of a stochastic approximation version of
the EM algorithm. Ann. Statist. 27 94–128. MR1701103 https://doi.org/10.1214/aos/1018031103

DEMPSTER, A. P., LAIRD, N. M. and RUBIN, D. B. (1977). Maximum likelihood from incomplete data via the
EM algorithm. J. Roy. Statist. Soc. Ser. B 39 1–38. MR0501537

DORÉ, M., FONTAINE, C. and THÉBAULT, E. (2021). Relative effects of anthropogenic pressures, climate, and
sampling design on the structure of pollination networks at the global scale. Glob. Change Biol. 27 1266–1280.
https://doi.org/10.1111/gcb.15474

DOSER, J. W., FINLEY, A. O., KÉRY, M. and ZIPKIN, E. F. (2022a). spOccupancy: An R package for single-
species, multi-species, and integrated spatial occupancy models. Methods Ecol. Evol. 13 1670–1678.

DOSER, J. W., LEUENBERGER, W., SILLETT, T. S., HALLWORTH, M. T. and ZIPKIN, E. F. (2022b). Integrated
community occupancy models: A framework to assess occurrence and biodiversity dynamics using multiple
data sources. Methods Ecol. Evol. 13 919–932.

DURAND-BESSART, C., CORDEIRO, N. J., CHAPMAN, C. A., ABERNETHY, K., FORGET, P.-M., FONTAINE, C.
and BRETAGNOLLE, F. (2023). Trait matching and sampling effort shape the structure of the frugivory network
in Afrotropical forests. New Phytol. 237 1446–1462. https://doi.org/10.1111/nph.18619
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Forcing someone into marriage against their will is a violation of their
human rights. In 2021, the county of Nottinghamshire, U.K., launched a strat-
egy to tackle forced marriage and violence against women and girls. We set
out to map the risk of forced marriage across the county to support the strat-
egy and enable the development of local interventions. However, there was no
centralised database for forced marriage in the county and carrying out a sur-
vey using standard survey methods was unlikely to produce robust results due
to the hidden nature of this crime. Comparative judgement provides a survey
design that can map the risk of forced marriage through pairwise compar-
isons. Current comparative judgement models require studies to have a large
number of participants, so we developed a more flexible spatial modelling
structure and a mechanism to schedule comparisons more effectively. The
proposed modelling structure reduced the data collection burden and made a
comparative judgement study feasible with a small number of participants.
Underpinning this structure is a latent variable representation that improves
on the scalability of inferential procedures of previous comparative judge-
ment models. We used these methods to map the risk of forced marriage
across Nottinghamshire, thereby supporting the county’s strategy for tackling
violence against women and girls.
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MORE POWER TO YOU: USING MACHINE LEARNING TO AUGMENT
HUMAN CODING FOR MORE EFFICIENT INFERENCE IN TEXT-BASED

RANDOMIZED TRIALS

BY REAGAN MOZER1,a AND LUKE MIRATRIX2,b

1Department of Mathematical Sciences, Bentley University, armozer@bentley.edu
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For randomized trials that use text as an outcome, traditional approaches
for assessing treatment impact require that each document first be manually
coded for constructs of interest by trained human raters. This process, the
current standard, is both time-consuming and limiting: even the largest hu-
man coding efforts are typically constrained to measure only a small set of
dimensions across a subsample of available texts. In this work we present
an inferential framework that can be used to increase the power of an im-
pact assessment, given a fixed human-coding budget, by taking advantage
of any “untapped” observations—those documents not manually scored due
to time or resource constraints—as a supplementary resource. Our approach,
a methodological combination of causal inference, survey sampling meth-
ods, and machine learning, has four steps: (1) select and code a sample of
documents, (2) build a machine learning model to predict the human-coded
outcomes from a set of automatically extracted text features, (3) generate
machine-predicted scores for all documents and use these scores to estimate
treatment impacts, and (4) adjust the final impact estimates using the resid-
ual differences between human-coded and machine-predicted outcomes. This
final step ensures any biases in the modeling procedure do not propagate to
biases in final estimated effects. Through an extensive simulation study and
an application to a recent field trial in education, we show that our proposed
approach can be used to reduce the scope of a human-coding effort while
maintaining nominal power to detect a significant treatment impact.
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TRACING THE IMPACTS OF MOUNT PINATUBO ERUPTION ON
REGIONAL CLIMATE USING SPATIALLY-VARYING
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Significant events, such as volcanic eruptions, can have global and long-
lasting impacts on climate. These global impacts, however, are not uniform
across space and time. Understanding how the Mt. Pinatubo eruption affects
global and regional climate is of great interest for predicting the impact on cli-
mate due to similar events as well as understanding the possible effect of the
stratospheric aerosol injections proposed to combat climate change. While
many studies illustrated the impact of the Pinatubo eruption on a global scale,
studies at a fine regional scale are scarce. We propose a Bayesian spatially-
varying changepoint detection and estimation method to trace the impact of
Mt. Pinatubo eruption on regional climate. Our approach takes into account
the diffusing nature and spatial correlation of the climate changes attributed
to the volcanic eruption. We illustrate our method and demonstrate its advan-
tages over an existing changepoint detection method through simulations. Fi-
nally, we apply our method to monthly stratospheric aerosol optical depth and
surface temperature data from 1985 to 1995 to detect and estimate change-
points following the 1991 Mt. Pinatubo eruption. Our results quantitatively
characterize the spatial pattern of the eruption’s impact on regional climate,
complementing the previous studies on the global impact of the Pinatubo
eruption.
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A SPATIAL AUTOREGRESSIVE RANDOM FOREST ALGORITHM FOR
SMALL-AREA SPATIAL PREDICTION

BY CARA MACBRIDEa, VINNY DAVIESb AND DUNCAN LEEc

School of Mathematics and Statistics, University of Glasgow, a2392494m@student.gla.ac.uk, bvinny.davies@glasgow.ac.uk,
cDuncan.Lee@glasgow.ac.uk

In spatial areal unit data with missing or suppressed values, it is desir-
able to create models that are able to predict observations that are not avail-
able. Typically, statistical spatial smoothing models fitted in a Bayesian hier-
archical framework are used for this purpose, which capture any unexplained
residual spatial autocorrelation in the data through conditional autoregres-
sive (CAR) or spatial autoregressive (SAR) priors applied to a set of ran-
dom effects. In contrast, typical machine learning approaches, such as ran-
dom forests or neural networks, ignore this residual autocorrelation and in-
stead base predictions on complex nonlinear feature-target relationships. In
this paper we propose SPAR-Forest, a novel spatial prediction algorithm
that fuses random forests with spatial smoothing models. By iteratively re-
fitting a random forest combined with a Bayesian CAR or SAR model in
one algorithm, SPAR-Forest can incorporate flexible feature-target relation-
ships while still accounting for the residual spatial autocorrelation. Our re-
sults, based on a Scottish property price data set and multiple simulated data
sets, show that SPAR-Forest outperforms Bayesian CAR/SAR models, ran-
dom forests, and state-of-the-art hybrid approaches, including geographical
random forests, providing a state-of-the-art framework for small-area spatial
prediction.
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Alzheimer’s Disease (AD) is a common neurodegenerative disorder im-
pairing multiple domains. Recent AD studies, for example, the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) study, collect multimodal data
to better understand AD severity and progression. To facilitate precision
medicine for high-risk individuals, it is essential to develop an AD predic-
tive model that leverages multimodal data and provides accurate personalized
predictions of dementia occurrences. In this article we propose a multivari-
ate functional mixed model with longitudinal magnetic resonance imaging
data (MFMM-LMRI) that jointly models longitudinal neurological scores,
longitudinal voxelwise MRI data, and the survival outcome as dementia on-
set. We model longitudinal MRI data using the joint and individual variation
explained (JIVE) approach. We investigate two functional forms linking the
longitudinal and survival processes. We adopt the Markov chain Monte Carlo
(MCMC) method to obtain posterior samples. We establish a dynamic pre-
diction framework that predicts longitudinal trajectories and the probability
of dementia occurrence. The simulation study with various sample sizes and
event rates supports the validity of the method. We apply the MFMM-LMRI
to the motivating ADNI study and conclude that additional ApoE-ε4 alleles
and a higher latent disease profile are associated with a higher risk of demen-
tia onset. We detect a significant association between the longitudinal MRI
data and the survival outcome. The instantaneous model with longitudinal
MRI data has the best fitting and predictive performance.
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We investigate peer role model influence on successful graduation from
therapeutic communities (TCs) for substance abuse and criminal behavior.
We use data from three TCs that kept records of exchanges of affirmations
among residents and their precise entry and exit dates, allowing us to form
peer networks and define a causal effect of interest. The role model effect
measures the difference in the expected outcome of a resident (ego) who can
observe one of their peers graduate before the ego’s exit vs. not graduating. To
identify peer influence in the presence of unobserved homophily in observa-
tional data, we model the network with a latent variable model. We show that
our peer influence estimator is asymptotically unbiased when the unobserved
latent positions are estimated from the observed network. We additionally
propose a measurement error bias correction method to further reduce bias
due to estimating latent positions. Our simulations show the proposed latent
homophily adjustment and bias correction perform well in finite samples.
We also extend the methodology to the case of binary response with a probit
model. Our results indicate a positive effect of peers’ graduation on residents’
graduation and that it differs based on gender, race, and the definition of the
role model effect. A counterfactual exercise quantifies the potential benefits
of an intervention directly on the treated resident and indirectly on their peers
through network propagation.
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Modeling cyber data breach risks poses a formidable challenge, primarily
due to the intricate multivariate dependencies within a backdrop of limited
data. This study proposes a novel ensemble learning approach that effectively
captures both the temporal and cross-sectional dependence inherent in cyber
risks. The proposed approach is significantly different from those traditional
ones that directly model the multivariate dependence among risks. Instead,
our approach leverages bivariate copulas to generate predictive members to
capture the multivariate dependence, and the resulting predictive distribution
is calibrated by minimizing the distribution score. Furthermore, the proposed
model is applied in insurance pricing, and the results show that it can lead
to more profitable contracts. Through extensive simulations and analysis of
real-world data, our findings reveal that the proposed model has satisfactory
fitting and predictive performance and outperforms those in the literature.
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Cyber systems are under near-constant threat from intrusion attempts.
Attacks types vary, but each attempt typically has a specific underlying in-
tent, and the perpetrators are typically groups of individuals with similar
objectives. Clustering attacks appearing to share a common intent is very
valuable to threat-hunting experts. This article explores Dirichlet distribution
topic models for clustering terminal session commands collected from honey-
pots, which are special network hosts designed to entice malicious attackers.
The main practical implications of clustering the sessions are two-fold: find-
ing similar groups of attacks and identifying outliers. A range of statistical
models are considered, adapted to the structures of command-line syntax. In
particular, concepts of primary and secondary topics, and then session-level
and command-level topics, are introduced into the models to improve inter-
pretability. The proposed methods are further extended in a Bayesian non-
parametric fashion to allow unboundedness in the vocabulary size and the
number of latent intents. The methods are shown to discover an unusual MI-
RAI variant, which attempts to take over existing cryptocurrency coin-mining
infrastructure, not detected by traditional topic-modelling approaches.
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Nanobodies are small antibody fragments derived from camelids that
selectively bind to antigens. These proteins have marked physicochemical
properties that support advanced therapeutics, including possible treatments
for SARS-CoV-2. To realize their potential, bottom-up proteomics via liquid
chromatography-tandem mass spectrometry (LC-MS/MS) has been proposed
to identify antigen-specific nanobodies at the proteome scale, where a critical
component of this pipeline is matching nanobody peptides to their begot-
ten tandem mass spectra. While peptide-spectrum matching is a well-studied
problem, we show the sequence similarity between nanobody peptides vio-
lates key assumptions necessary to infer nanobody peptide-spectrum matches
(PSMs) with the standard target–decoy paradigm and prove these violations
beget inflated error rates. To address these issues, we develop a novel frame-
work and method that treats peptide-spectrum matching as a Bayesian model
selection problem with an incomplete model space, which are, to our knowl-
edge, the first to account for all sources of PSM error without relying on
the aforementioned assumptions. Our work also demonstrates how to lever-
age novel retention time and spectrum prediction tools to develop accurate
and discriminating data-generating models and, to our knowledge, provides
the first rigorous description of MS/MS spectrum noise. We illustrate our
method’s superior performance on simulated and real nanobody data.
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TREATMENT MEASURES VIA MINING ELECTRONIC MEDICAL RECORD

DATA
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The analysis of clinical treatment measures has been extensively con-
ducted and can facilitate more effective resource management and assist in
better understanding diseases. Most of the existing analyses have been fo-
cused on a single disease or many diseases combined. Partly motivated by
the successes of gene-centric and phenotypic human disease network (HDN)
research, there has been growing interest in network analysis of clinical treat-
ment measures. However, existing studies have been limited by a lack of at-
tention to heterogeneity and relevant covariates, ineffectiveness of methods,
and low data quality. In this study our goal is to mine the Taiwan National
Health Insurance Research Database (NHIRD), a large population-level elec-
tronic medical record (EMR) database, and construct HDNs for the number
of outpatient visits and medical cost. Significantly advancing from existing
literature, the proposed analysis accommodates heterogeneity and the effects
of covariates. Additionally, the proposed method effectively accommodates
zero inflation, Poisson distribution, high dimensionality, and network spar-
sity. Computational and theoretical properties are carefully examined. Simu-
lation demonstrates the competitive performance of the proposed approach.
In the analysis of NHIRD data, two and four subject groups are identified for
outpatient visit and medical cost, respectively. The interconnections, hubs,
and network modules are found to have sound implications.
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Modern applications in medical imaging often include high-dimensional
predictors and spatially dependent responses in the non-Euclidean space. For
example, in imaging-genetics studies, our objective is to study the relation-
ship between single-nucleotide polymorphisms (SNPs), a high-dimensional
predictor vector, and diffusion tensor imaging (DTI) responses, which are
thousands to millions of voxelwise 3 × 3 symmetric positive definite (SPD)
matrices. In this paper we develop a fast and pragmatic method of re-
gressing spatially associated random responses on a high-dimensional pre-
dictor set. Specifically, we focus on two related problems: fast variable
screening of high-dimensional predictors and smoothing techniques for non-
Euclidean spatially associated responses. Under a Fréchet regression frame-
work (which handles regression of SPD matrix-variate responses on covari-
ates in Euclidean space), we propose a two-stage approach, where a screen-
ing method (using distance covariances in metric spaces) is employed to
mitigate high-dimensionality (Stage 1), followed by deriving a closed-form
solution that powers elegant smoothing of the spatially associated SPD re-
sponses (Stage 2). We investigate the finite-sample properties of our method
using synthetic data generated under various settings and present illustra-
tion via analysis of an imaging-genetics (DTI responses with genetic and
demographic predictors) dataset, derived from the Alzheimer’s Disease Neu-
roimaging Initiative 2. Code for implementing our proposed method is avail-
able in the GitHub link: https://github.com/leiyan-ly/Frechet-regression.
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Motivated by research on gender identity norms and the distribution of
the woman’s share in a couple’s total labor income, we consider additive
regression models for densities as responses with scalar covariates. To pre-
serve nonnegativity and integration to one under vector space operations, we
formulate the model for densities in a Bayes Hilbert space, which allows
to not only consider continuous densities but also, for example, discrete or
mixed densities. Mixed ones occur in our application, as the woman’s income
share is a continuous variable having discrete point masses at zero and one
for single-earner couples. Estimation is based on a gradient boosting algo-
rithm, allowing for potentially numerous flexible (linear, nonlinear, categor-
ical, interaction etc.) covariate effects and model selection. We show useful
properties of Bayes Hilbert spaces related to subcompositional coherence,
also yielding new (odds-ratio) interpretations of effect functions and sim-
plified estimation for mixed densities via an orthogonal decomposition. Ap-
plying our approach to data from the German Socio-Economic Panel Study
(SOEP) shows a more symmetric distribution in East German than in West
German couples after reunification and a smaller child penalty comparing
couples with and without minor children. These West–East differences be-
come smaller but are persistent over time.

REFERENCES

AITCHISON, J. (1986). The Statistical Analysis of Compositional Data. Monographs on Statistics and Applied
Probability. CRC Press, London. MR0865647

BEBLO, M. and GÖRGES, L. (2018). On the nature of nurture. The malleability of gender differences in work
preferences. J. Econ. Behav. Organ. 151 19–41.

BERTRAND, M., KAMENICA, E. and PAN, J. (2015). Gender identity and relative income within households. Q.
J. Econ. 130 571–614.

BLACK, S. E. and SPITZ-OENER, A. (2010). Explaining women’s success: Technological change and the skill
content of women’s work. Rev. Econ. Stat. 92 187–194.

BROCKHAUS, S. and RÜGAMER, D. (2018). FDboost: Boosting Functional Regression Models R package version
0.3-2.

BROCKHAUS, S., RÜGAMER, D. and GREVEN, S. (2020). Boosting functional regression models with FDboost.
J. Stat. Softw. 94 1–50.

BROCKHAUS, S., SCHEIPL, F., HOTHORN, T. and GREVEN, S. (2015). The functional linear array model. Stat.
Model. 15 279–300. MR3349797 https://doi.org/10.1177/1471082X14566913

BÜHLMANN, P. and YU, B. (2003). Boosting with the L2 loss: Regression and classification. J. Amer. Statist.
Assoc. 98 324–339. MR1995709 https://doi.org/10.1198/016214503000125

CHEN, S. X. (1999). Beta kernel estimators for density functions. Comput. Statist. Data Anal. 31 131–145.
MR1718494 https://doi.org/10.1016/S0167-9473(99)00010-9

CHERNOZHUKOV, V., FERNÁNDEZ-VAL, I. and MELLY, B. (2013). Inference on counterfactual distributions.
Econometrica 81 2205–2268. MR3138546 https://doi.org/10.3982/ECTA10582

Key words and phrases. Density regression, functional additive model, gradient boosting, mixed densities.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1979
mailto:eva-maria.maier@hu-berlin.de
mailto:sonja.greven@hu-berlin.de
mailto:almond.stoecker@epfl.ch
mailto:bernd.fitzenberger@fau.de
https://mathscinet.ams.org/mathscinet-getitem?mr=0865647
https://mathscinet.ams.org/mathscinet-getitem?mr=3349797
https://doi.org/10.1177/1471082X14566913
https://mathscinet.ams.org/mathscinet-getitem?mr=1995709
https://doi.org/10.1198/016214503000125
https://mathscinet.ams.org/mathscinet-getitem?mr=1718494
https://doi.org/10.1016/S0167-9473(99)00010-9
https://mathscinet.ams.org/mathscinet-getitem?mr=3138546
https://doi.org/10.3982/ECTA10582


CORTES, P. and PAN, J. (2018). Occupation and gender. In The Oxford Handbook of Women and the Economy
425–452.

DABO-NIANG, S. and RHOMARI, N. (2009). Kernel regression estimation in a Banach space. J. Statist. Plann.
Inference 139 1421–1434. MR2485136 https://doi.org/10.1016/j.jspi.2008.06.015

EGOZCUE, J. J. (2009). Reply to “On the Harker variation diagrams;. . . ” by JA Cortés. Math. Geosci. 41 829–834.
EGOZCUE, J. J., DÍAZ-BARRERO, J. L. and PAWLOWSKY-GLAHN, V. (2006). Hilbert space of probability density

functions based on Aitchison geometry. Acta Math. Sin. (Engl. Ser.) 22 1175–1182. MR2245249 https://doi.
org/10.1007/s10114-005-0678-2

EGOZCUE, J. J. and PAWLOWSKY-GLAHN, V. (2011). Basic concepts and procedures. In Compositional Data
Analysis: Theory and Applications (V. Pawlowsky-Glahn and A. Buccianti, eds.) 12–28. Wiley, New York.

FITZENBERGER, B., SOMMERFELD, K. and STEFFES, S. (2013). Causal effects on employment after first birth—a
dynamic treatment approach. Labour Econ. 25 49–62.

GHODRATI, L. and PANARETOS, V. M. (2022). Distribution-on-distribution regression via optimal transport maps.
Biometrika 109 957–974. MR4519110 https://doi.org/10.1093/biomet/asac005

GOEBEL, J., GRABKA, M. M., LIEBIG, S., KROH, M., RICHTER, D., SCHRÖDER, C. and SCHUPP, J. (2019). The
German socio-economic panel (SOEP). Jahrb. Natl.ökon. Stat. 239 345–360.

GU, C. (1995). Smoothing spline density estimation: Conditional distribution. Statist. Sinica 5 709–726.
MR1347615

HALL, P., WOLFF, R. C. L. and YAO, Q. (1999). Methods for estimating a conditional distribution function. J.
Amer. Statist. Assoc. 94 154–163. MR1689221 https://doi.org/10.2307/2669691

HAN, K., MÜLLER, H.-G. and PARK, B. U. (2020). Additive functional regression for densities as responses. J.
Amer. Statist. Assoc. 115 997–1010. MR4107695 https://doi.org/10.1080/01621459.2019.1604365

HOFNER, B., HOTHORN, T., KNEIB, T. and SCHMID, M. (2011). A framework for unbiased model selection based
on boosting. J. Comput. Graph. Statist. 20 956–971. MR2878957 https://doi.org/10.1198/jcgs.2011.09220

HOTHORN, T., KNEIB, T. and BÜHLMANN, P. (2014). Conditional transformation models. J. R. Stat. Soc. Ser. B.
Stat. Methodol. 76 3–27. MR3153931 https://doi.org/10.1111/rssb.12017

HSING, T. and EUBANK, R. (2015). Theoretical Foundations of Functional Data Analysis, with an Introduction
to Linear Operators. Wiley Series in Probability and Statistics. Wiley, Chichester. MR3379106 https://doi.org/
10.1002/9781118762547

JEON, J. M. and PARK, B. U. (2020). Additive regression with Hilbertian responses. Ann. Statist. 48 2671–2697.
MR4152117 https://doi.org/10.1214/19-AOS1902

KLEVEN, H., LANDAIS, C., POSCH, J., STEINHAUER, A. and ZWEIMÜLLER, J. (2019). Child penalties across
countries: Evidence and explanations. AEA Pap. Proc. 109 122–26.

KOENKER, R. (2005). Quantile Regression. Econometric Society Monographs 38. Cambridge Univ. Press, Cam-
bridge. MR2268657 https://doi.org/10.1017/CBO9780511754098

KUEHNLE, D., OBERFICHTNER, M. and OSTERMANN, K. (2021). Revisiting gender identity and relative income
within households: A cautionary tale on the potential pitfalls of density estimators. J. Appl. Econometrics 36
1065–1073. MR4362607 https://doi.org/10.1002/jae.2853

LI, R., REICH, B. J. and BONDELL, H. D. (2021). Deep distribution regression. Comput. Statist. Data Anal. 159
Paper No. 107203, 11. MR4233348 https://doi.org/10.1016/j.csda.2021.107203

LUTZ, R. W. and BÜHLMANN, P. (2006). Boosting for high-multivariate responses in high-dimensional linear
regression. Statist. Sinica 16 471–494. MR2267246

MACEACHERN, S. N. (1999). Dependent nonparametric processes. In ASA Proceedings of the Section on Bayesian
Statistical Science, Vol. 1 50–55. Amer. Statist. Assoc., Alexandria, VA.

MAIER, E.-M., STÖCKER, A., FITZENBERGER, B. and GREVEN, S. (2025). Supplement to “Additive Density-
on-Scalar Regression in Bayes Hilbert Spaces with an Application to Gender Economics.” https://doi.org/10.
1214/24-AOAS1979SUPPA, https://doi.org/10.1214/24-AOAS1979SUPPB

MARRON, J. S. and DRYDEN, I. L. (2021). Object Oriented Data Analysis. CRC Press, Boca Raton.
MORRIS, J. S. (2015). Functional regression. Annu. Rev. Stat. Appl. 2 321–359.
PARK, J. Y. and QIAN, J. (2012). Functional regression of continuous state distributions. J. Econometrics 167

397–412. MR2892084 https://doi.org/10.1016/j.jeconom.2011.09.024
PAWLOWSKY-GLAHN, V., EGOZCUE, J. J. and TOLOSANA-DELGADO, R. (2015). Modeling and Analysis of Com-

positional Data. Statistics in Practice. Wiley, Chichester. MR3328965
PETERSEN, A. and MÜLLER, H.-G. (2019). Fréchet regression for random objects with Euclidean predictors. Ann.

Statist. 47 691–719. MR3909947 https://doi.org/10.1214/17-AOS1624
RIGBY, R. A. and STASINOPOULOS, D. M. (2005). Generalized additive models for location, scale and shape. J.

R. Stat. Soc., Ser. C 54 507–554. MR2137253 https://doi.org/10.1111/j.1467-9876.2005.00510.x
RÜGAMER, D. and GREVEN, S. (2020). Inference for L2-boosting. Stat. Comput. 30 279–289. MR4064622

https://doi.org/10.1007/s11222-019-09882-0

https://mathscinet.ams.org/mathscinet-getitem?mr=2485136
https://doi.org/10.1016/j.jspi.2008.06.015
https://mathscinet.ams.org/mathscinet-getitem?mr=2245249
https://doi.org/10.1007/s10114-005-0678-2
https://doi.org/10.1007/s10114-005-0678-2
https://mathscinet.ams.org/mathscinet-getitem?mr=4519110
https://doi.org/10.1093/biomet/asac005
https://mathscinet.ams.org/mathscinet-getitem?mr=1347615
https://mathscinet.ams.org/mathscinet-getitem?mr=1689221
https://doi.org/10.2307/2669691
https://mathscinet.ams.org/mathscinet-getitem?mr=4107695
https://doi.org/10.1080/01621459.2019.1604365
https://mathscinet.ams.org/mathscinet-getitem?mr=2878957
https://doi.org/10.1198/jcgs.2011.09220
https://mathscinet.ams.org/mathscinet-getitem?mr=3153931
https://doi.org/10.1111/rssb.12017
https://mathscinet.ams.org/mathscinet-getitem?mr=3379106
https://doi.org/10.1002/9781118762547
https://doi.org/10.1002/9781118762547
https://mathscinet.ams.org/mathscinet-getitem?mr=4152117
https://doi.org/10.1214/19-AOS1902
https://mathscinet.ams.org/mathscinet-getitem?mr=2268657
https://doi.org/10.1017/CBO9780511754098
https://mathscinet.ams.org/mathscinet-getitem?mr=4362607
https://doi.org/10.1002/jae.2853
https://mathscinet.ams.org/mathscinet-getitem?mr=4233348
https://doi.org/10.1016/j.csda.2021.107203
https://mathscinet.ams.org/mathscinet-getitem?mr=2267246
https://doi.org/10.1214/24-AOAS1979SUPPA
https://doi.org/10.1214/24-AOAS1979SUPPA
https://doi.org/10.1214/24-AOAS1979SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=2892084
https://doi.org/10.1016/j.jeconom.2011.09.024
https://mathscinet.ams.org/mathscinet-getitem?mr=3328965
https://mathscinet.ams.org/mathscinet-getitem?mr=3909947
https://doi.org/10.1214/17-AOS1624
https://mathscinet.ams.org/mathscinet-getitem?mr=2137253
https://doi.org/10.1111/j.1467-9876.2005.00510.x
https://mathscinet.ams.org/mathscinet-getitem?mr=4064622
https://doi.org/10.1007/s11222-019-09882-0


SPRENGHOLZ, M., WIEBER, A. and HOLST, E. (2022). Gender identity and wives’ labor market outcomes in
West and East Germany between 1983 and 2016. Socio-Econ. Rev. 20 257–279.

SRIVASTAVA, A., JERMYN, I. and JOSHI, S. (2007). Riemannian analysis of probability density functions with
applications in vision. In 2007 IEEE Conference on Computer Vision and Pattern Recognition 1–8.

STÖCKER, A., BROCKHAUS, S., SCHAFFER, S. A., VON BRONK, B., OPITZ, M. and GREVEN, S. (2021). Boosting
functional response models for location, scale and shape with an application to bacterial competition. Stat.
Model. 21 385–404. MR4307776 https://doi.org/10.1177/1471082X20917586

TALSKÁ, R., MENAFOGLIO, A., MACHALOVÁ, J., HRON, K. and FIŠEROVÁ, E. (2018). Compositional regression
with functional response. Comput. Statist. Data Anal. 123 66–85. MR3777086 https://doi.org/10.1016/j.csda.
2018.01.018

VAN DEN BOOGAART, K. G., EGOZCUE, J. J. and PAWLOWSKY-GLAHN, V. (2010). Bayes linear spaces. SORT
34 201–221. MR2797479

VAN DEN BOOGAART, K. G., EGOZCUE, J. J. and PAWLOWSKY-GLAHN, V. (2014). Bayes Hilbert spaces. Aust.
N. Z. J. Stat. 56 171–194. MR3226435 https://doi.org/10.1111/anzs.12074

WOOD, S. N. (2017). Generalized Additive Models: An Introduction with R, 2nd ed. CRC Press, Boca Raton, FL.
YANG, H., BALADANDAYUTHAPANI, V., RAO, A. U. K. and MORRIS, J. S. (2018). Regression analyses of distri-

butions using quantile functional regression. arXiv preprint. Available at arXiv:1810.03496.
ZHAO, Y., DATTA, A., TANG, B., ZIPUNNIKOV, V. and CAFFO, B. S. (2023). Density-on-density regression. arXiv

preprint. Available at arXiv:2307.03642.

https://mathscinet.ams.org/mathscinet-getitem?mr=4307776
https://doi.org/10.1177/1471082X20917586
https://mathscinet.ams.org/mathscinet-getitem?mr=3777086
https://doi.org/10.1016/j.csda.2018.01.018
https://doi.org/10.1016/j.csda.2018.01.018
https://mathscinet.ams.org/mathscinet-getitem?mr=2797479
https://mathscinet.ams.org/mathscinet-getitem?mr=3226435
https://doi.org/10.1111/anzs.12074
https://arxiv.org/abs/1810.03496
https://arxiv.org/abs/2307.03642


The Annals of Applied Statistics
2025, Vol. 19, No. 1, 701–719
https://doi.org/10.1214/24-AOAS1983
This research was funded, in whole or in part, by [National Natural Science Foundation of China, 72173140, 71991474]. A CC BY 4.0 license is applied to this article
arising from this submission, in accordance with the grant’s open access conditions.

ENDOGENEITY AND MOMENTS IN TIME SERIES MOMENTUM’S
PREDICTABILITY TEST

BY LEI JIANG1,a, LIANG PENG2,b, ZHONGLING QIN3,c AND BINGDUO YANG4,d

1Ambassador Crawford College of Business and Entrepreneurship, Kent State University, aljiang10@kent.edu
2Maurice R. Greenberg School of Risk Science, Robinson College of Business, Georgia State University, blpeng@gsu.edu

3Department of Finance, Harbert College of Business, Auburn University, czzq0018@auburn.edu
4School of Finance, Guangdong University of Finance and Economics, dbdyang2006@sina.com

The predictability test is critical in developing momentum trading strate-
gies. In time-series momentum (TSM) tests via linear predictive regressions,
the classical and Newey–West t-tests have size distortions because of endo-
geneity and a lack of enough finite moments. To tackle these issues, this paper
proposes a new test that features a model of the error correlations, weighted
least squares estimation, and the random weighted bootstrap method. Simu-
lations confirm its accurate size and good power. Empirically, we revisit the
evidence in (J. Financ. Econ. 135 (2020) 774–794) and find that the TSM
predictability detected by the new test is much more widespread than that by
the Newey–West t-tests.
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Somatic hypermutation (SHM) is a critical enzyme-mediated process of
the adaptive immune response in which antibodies acquire mutations to en-
hance antigen binding. Despite abundant research elucidating the biochemi-
cal basis of SHM, and substantial sequence data available for parameteriza-
tion, previous computational models of SHM have not been explicitly mech-
anistic. In this paper we bridge this gap by developing a probabilistic latent
variable model encapsulating a sequence of interacting steps, thus formulat-
ing the biochemical underpinnings of SHM in a mathematical framework.
However, fitting this latent variable model is challenging. To navigate this
complexity, we employ an approximate Bayesian computation strategy inte-
grated with neural networks. We are able to estimate almost all of the param-
eters of the model to good accuracy but find that the parameters involving the
boundaries of the nucleotide stripping process are slightly more challenging,
given the type of data available.
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We consider design-based causal inference for spatial experiments in
which treatments may have effects that bleed out and feed back in complex
ways. Such spatial spillover effects violate the “no interference” assumption
for standard causal inference methods. The complexity of spatial spillover ef-
fects also raises the risk of misspecification and bias in model-based analyses.
We offer an approach for robust inference in such settings without having to
specify a parametric outcome model. We define a spatial “average marginal-
ized effect” (AME) that characterizes how, in expectation, units of observa-
tion that are a specified distance from an intervention location are affected
by treatment at that location, averaging over effects emanating from other in-
tervention nodes. We show that randomization is sufficient for nonparametric
identification of the AME, even if the nature of interference is unknown. Un-
der mild restrictions on the extent of interference, we establish asymptotic
distributions of estimators and provide methods for both sample-theoretic
and randomization-based inference. We show conditions under which the
AME recovers a structural effect. We illustrate our approach with a simu-
lation study. Then we reanalyze a randomized field experiment and a quasi-
experiment on forest conservation, showing how our approach offers robust
inference on policy-relevant spillover effects.
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LOW-RANK LONGITUDINAL FACTOR REGRESSION WITH APPLICATION
TO CHEMICAL MIXTURES

BY GLENN PALMERa, AMY H. HERRINGb AND DAVID B. DUNSONc

Department of Statistical Science, Duke University, aglenn.palmer@duke.edu, bamy.herring@duke.edu, cdunson@duke.edu

Developmental epidemiology commonly focuses on assessing the asso-
ciation between multiple early life exposures and childhood health. Statistical
analyses of data from such studies focus on inferring the contributions of in-
dividual exposures, while also characterizing time-varying and interacting ef-
fects. Such inferences are made more challenging by correlations among ex-
posures, nonlinearity, and the curse of dimensionality. Motivated by studying
the effects of prenatal bisphenol A (BPA) and phthalate exposures on glucose
metabolism in adolescence using data from the ELEMENT study, we pro-
pose a low-rank longitudinal factor regression (LowFR) model for tractable
inference on flexible longitudinal exposure effects. LowFR handles highly-
correlated exposures using a Bayesian dynamic factor model, which is fit
jointly with a health outcome via a novel factor regression approach. The
model collapses on simpler and intuitive submodels when appropriate, while
expanding to allow considerable flexibility in time-varying and interaction ef-
fects when supported by the data. After demonstrating LowFR’s effectiveness
in simulations, we use it to analyze the ELEMENT data and find that diethyl
and dibutyl phthalate metabolite levels in trimesters 1 and 2 are associated
with altered glucose metabolism in adolescence.
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Understanding the longitudinally changing associations between Social
Determinants of Health (SDOH) and stroke mortality is essential for effec-
tive stroke management. Previous studies have uncovered significant regional
disparities in the associations between SDOH and stroke mortality. However,
existing studies have not utilized longitudinal associations to develop data-
driven methods for regional division in stroke control. To fill this gap, we
propose a novel clustering method to analyze SDOH-stroke mortality associ-
ations across U.S. counties. To enhance the interpretability of the cluster-
ing outcomes, we introduce a novel regularized expectation-maximization
algorithm equipped with sparsity- and smoothness-pursued penalties, aim-
ing at simultaneous clustering and variable selection in longitudinal asso-
ciations. As a result, we can identify key SDOH that contributes to longi-
tudinal changes in stroke mortality. This facilitates the clustering of U.S.
counties based on the associations between these SDOH and stroke mortality.
The effectiveness of our proposed method is demonstrated through extensive
numerical studies. By applying our method to longitudinal data on SDOH
and stroke mortality at the county level, we identify 18 important SDOH
for stroke mortality and divide the U.S. counties into two clusters based on
these selected SDOH. Our findings unveil complex regional heterogeneity
in the longitudinal associations between SDOH and stroke mortality, provid-
ing valuable insights into region-specific SDOH adjustments for mitigating
stroke mortality.
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NONPARAMETRIC CAUSAL DECOMPOSITION OF GROUP DISPARITIES
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We introduce a new nonparametric causal decomposition approach that
identifies the mechanisms by which a treatment variable contributes to a
group-based outcome disparity. Our approach distinguishes three mecha-
nisms: group differences in: (1) treatment prevalence, (2) average treatment
effects, and (3) selection into treatment based on individual-level treatment
effects. Our approach reformulates classic Kitagawa–Blinder–Oaxaca de-
compositions in causal and nonparametric terms, complements causal me-
diation analysis by explaining group disparities instead of group effects, and
isolates conceptually distinct mechanisms conflated in recent random equal-
ization decompositions. In contrast to all prior approaches, our framework
uniquely identifies differential selection into treatment as a novel disparity-
generating mechanism. Our approach can be used for both the retrospective
causal explanation of disparities and the prospective planning of interventions
to change disparities. We present both an unconditional and a conditional de-
composition, where the latter quantifies the contributions of the treatment
within levels of certain covariates. We develop nonparametric estimators that
are

√
n-consistent, asymptotically normal, semiparametrically efficient, and

multiply robust. We apply our approach to analyze the mechanisms by which
college graduation causally contributes to intergenerational income persis-
tence (the disparity in adult income between the children of high- vs. low-
income parents). Empirically, we demonstrate a previously undiscovered role
played by the new selection component in intergenerational income persis-
tence.
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