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“Globally, only modest 
progress has been made 
since 2000, with the 
percentage of deaths 
registered increasing from 
36% to 38%, and the 
percentage of children 
aged under 5 years 
whose birth has been 
registered increasing from 
58% to 65%.” 


Mikkelsen et al., Lancet, 
2015
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estimates of NMR, SFB, etc.
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• Zhenke Wu talked about estimating cause-specific mortality fractions

• Data: Verbal autopsy from multiple non-local populations.

• Challenges: Relationship between symptoms and causes change over populations.

• Method: Pooling data from multiple populations and model the shared components and heterogeneity.
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Discussion overview
• A key theme in both talks is how to combine information from multiple 

datasets.

• More specifically, how to combine weak information…

• This is an important problem in many population health research domains.

• I will do a brief recap of both talks, mention some related topics (from my 
work), and mention some questions and thoughts.  
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Estimating intrapartum stillbirths (IPSB) fraction 
• The paper jointly models different data sources over 92 countries!

• Place-level prevalence is decomposed into 
• Main effects from region, country, subpopulation,
• Fixed effect from NMR (log scale),
• Place-specific time trends,
• Adjustment for gestational age definition,
• Additional noise based on study type, if not CRVS.

• Country-level prevalence are estimated as weighted average of place-level prevalence.

• Weights computed by comparing observed counts with UN IGME estimates
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How much information to share?
• The key challenge to me is how 

much information to share and 
what assumptions to make.

• In our work on subnational child 
mortality estimation and small area 
estimation, we usually choose to 
model data from a single country.

• For summary data, global model is 
probably the only choice?  How 
do we ensure the model 
extrapolates in a sensible way 
across countries?

• How do we assess the amount of 
information shared and avoid 
“over-smoothing”?

https://richardli.github.io/
SUMMER/
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The need for aggregation
• Subpopulation-level model allows researchers to combine data from multiple sources, with different 

resolutions, and allows covariate modeling at the relevant scale.

• Aggregating subpopulation estimates to the useful scale can be non-trivial. 

• How do we assess the effect from aggregation weights?

https://cran.r-project.org/web/packages/
surveyPrev/index.html
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Verbal Autopsy
• VA is usually the only feasible method 

to collect information on cause of 
death where traditional death 
certification or autopsy are not 
possible.

• Zhenke’s paper deals with the 
important problem of distribution shift 
across datasets.

• This is also a general problem for any 
predictive modeling in demographic 
and health research.
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Tree-structured domain adaptation
• The key idea here is that that there are multiple types of symptom profiles for 

any given cause of death.

• The observed symptom distribution given each cause of death is a mixture of 
these latent profiles, and thus can be heterogeneous across populations.

• The mixing weights of these latent profiles are more likely to be similar if the 
populations are “close” to each other. 



https://openva.net 

https://openva.net
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developed methods for 
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structured prior to smooth 
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How much information to share 
• In related work, we have 

developed methods for 
domain adaptation across 
subpopulation defined by 
age, sex, time, etc., and use 
structured prior to smooth 
the estimates.

• What if one or several 
domains significantly deviate 
from the structure we 
assume? How to prevent 
negative effect from joint 
modeling?
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The importance to have estimates
• Early work on VA usually have 

arbitrary thresholds to report 
“undetermined” as a cause 
assignment.

• What if there are “garbage” 
profiles that correspond to no 
specific causes? 

• Can we identify them from 
the latent class model?

https://cran.r-project.org/web/packages/
openVA/index.html



The need for aggregation
• How do we combine VAs that are not from a probabilistic sample, with 

probabilistic surveys or medically certified deaths? 



Thank you!



Monica Alexander, Statistical Sciences and Sociology, University of Toronto 
IAOS-ISI WSC, 15 May 2024

Estimating the timing of 
stillbirths in all countries



• Estimated 2 million stillbirths 
globally


• Reducing stillbirths is an 
important part of the UN 
Sustainable Development Goals 
agenda


• Specific aims to reduce stillbirth 
rate and end preventable 
stillbirths

Background and Motivation



• Stillbirths can either occur before or after the onset of labor (antepartum or 
intrapartum


• Stillbirths that occur intrapartum are largely preventable with adequate access 
to medical resources and healthcare


Goal of this project: estimate the proportion of stillbirths that are 
intrapartum (IPSB) for all 195 UN-member countries over the period 

2000-2021

Background and Motivation



• There are a number of data quality and availability issues that make estimating 
IPSB challenging, particularly in low- and middle-income countries 


• We use a Bayesian hierarchical penalized splines regression model with a 
post-estimation weighting step to account for many of these issues


• Just published in JRSS C: https://academic.oup.com/jrsssc/advance-article/
doi/10.1093/jrsssc/qlae017/7636258


• Estimates published in UN report on stillbirths: https://childmortality.org/


• Joint work with Michael Chong (Statistics, UofT), with support and input from 
members of the UN Interagency Group for Child Mortality Estimation (UN 
IGME) and UNICEF

Background and Motivation

https://academic.oup.com/jrsssc/advance-article/doi/10.1093/jrsssc/qlae017/7636258
https://academic.oup.com/jrsssc/advance-article/doi/10.1093/jrsssc/qlae017/7636258
https://academic.oup.com/jrsssc/advance-article/doi/10.1093/jrsssc/qlae017/7636258


Data (or lack thereof)



Characteristics of data on stillbirth timing

Data collection system 

Classification method 

Stillbirth definition

• Civil Registration and Vital Statistics (CRVS) system


• Health and Medical Information System (HMIS)


• Single health facility


• Population-based study


• Fetal heartbeat


• Appearance of skin


• ‘Late’ (official definition): >28 weeks gestation or >1000g


• ‘Early’: >22 weeks gestation or >500g



• At least one data point for 92 
countries


• Big differences in data 
availability by region 


• Big differences in data type by 
region

Data availability
Data availability by region

Proportion of observations by data collection system



Illustrative countries

• Often only have one 
or two points (no 
idea of trends)


• Even when countries 
have data, large 
variation in type, 
level and trends
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Modeling approach



Modeling goals

• Allow for different levels of measurement error based on data 
system


• Obtain estimates over time in the absence of temporal data


• Data-driven trends in presence of reliable temporal data


• Account for different stillbirth definitions


• Adjust for under coverage 



Model set up

• Consider data on stillbirths by timing as available for a specific ‘place’


• For observations  let  and  denote the number of observed 
intrapartum and antepartum stillbirths respectively. Then





• The  represents the proportion of intrapartum stillbirths, to be estimated.

i = 1,…, N yi zi

yi |ϕi ∼ Binomial(yi + zi, ϕi)

ϕi



Data model
The proportion  is modeled





with . The variance  depends on the type of data system of 
observation : 








Note that the estimated variance for health facility > pop study > HMIS

ϕi

logit(ϕi) = μi + εi

εi ∼ Normal(0,σ2
ε,s[i]) σ2

ε,s[i]
i

εi = 0

σε,s ∼ Normal+(0,12) if s = health facility, HMIS, population study

 if s =  CRVS



Process model




The ‘true’ transformed proportion  is modeled as


logit(ϕi) = μi + εi

μi

μi = β0 + βr[i] + βc[i] + βp[i] + βNMR log NMRc[i],t[i] + ηp[i],t[i] + γg[i],m[i]



Hierarchical intercepts




The ‘true’ transformed proportion  is modeled as


logit(ϕi) = μi + εi

μi

μi = β0 + βr[i] + βc[i] + βp[i] + βNMR log NMRc[i],t[i] + ηp[i],t[i] + γg[i],m[i]

Model intercepts hierarchically 
(place within country within region 
within the world) to pool information 
across similar areas



Neonatal mortality as a covariate




The ‘true’ transformed proportion  is modeled as


logit(ϕi) = μi + εi

μi

μi = β0 + βr[i] + βc[i] + βp[i] + βNMR log NMRc[i],t[i] + ηp[i],t[i] + γg[i],m[i]

Trends in neonatal mortality rate 
inform trends in IPSB, allowing 
for reasonable trends in absence 
of data
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Penalized splines




The ‘true’ transformed proportion  is modeled as


logit(ϕi) = μi + εi

μi

μi = β0 + βr[i] + βc[i] + βp[i] + βNMR log NMRc[i],t[i] + ηp[i],t[i] + γg[i],m[i]

Penalized splines component 
allows for data-driven trends in 
presence of reliable data.

Spline coefficients modeled as 
random walk to ensure 
smoothness



Penalized splines 
• To allow for data-driven trends we include a place-time specific component , which is modelled 

using a first-order penalized splines set up





• Cubic B-splines  with knots placed at integer year values 


• First-order differences in the coefficients are penalized to ensure a level of smoothness in the 
resulting fit:








• Coefficients  are constrained to sum to zero to ensure identifiability

ηp,t

ηp,t =
H

∑
h=1

kh(t)αh,p

kh(t)

Δh,p

Δh,p = αh,p − αh−1,p

Δ ∼ Normal(0,σ2
Δ)

α.p



Definitional adjustment




The ‘true’ transformed proportion  is modeled as


logit(ϕi) = μi + εi

μi

μi = β0 + βr[i] + βc[i] + βp[i] + βNMR log NMRc[i],t[i] + ηp[i],t[i] + γg[i],m[i]

Definitional adjustment to 
account for different stillbirth 
definitions



Definitional adjustment

• Adjustment  for definition  (early or late) and income group  (high or low)


• Make use of auxiliary data which gives information on stillbirths by timing at 
different gestational ages:


1. Euro-Peristat: high-quality data for 17 European countries (BUT country 
names are suppressed)


2. Global Network Maternal Newborn Health Registry: information for 8 low- 
and middle-income countries


• Use overlapping data to inform prior distribution on adjustment term 

γg,m g m

γg,m



Constructing country-level estimates

• Estimation of IPSB  happens at ‘place’ level 


• How to get country-level estimates ?


• If the ‘place’ is just the country then





• But usually a ‘place’ is a subset of the whole country


ϕ
̂ϕc,t

̂ϕc,t = ̂ϕp,t



Constructing country-level estimates

• If we had full coverage, and we knew the place weights , then the country 
estimate would just be





• …but in practice, we don’t have full coverage, and we don’t know place-
specific weights

wp

̂ϕc,t = ∑
p:c(p)=c

wp
̂ϕp,t



Constructing country-level estimates

Proposed weighting scheme:


̂ϕc,t = ∑
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ŵp
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ŵp
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Constructing country-level estimates

Proposed weighting scheme:


̂ϕc,t = ∑
p:c[p]=c

ŵp
̂ϕobs
p,t + 1 − ∑

p:c[p]=c

ŵp
̂ϕunobs
c,t

Weights are estimated based on 
ratio of observed number of 
stillbirths to estimated total 
stillbirths

Informed by 
NMR and 
regional 
patterns

Unobserved component 
accounts for under 
coverage



Illustrative Results



Region estimates
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Summary

• Proportion of stillbirths that are intrapartum is an important indicator to 
monitor to track progress towards the goal of ending preventable stillbirths


• Data availability and quality varies substantially by region, with other definition 
and classification differences also reducing comparability


• Bayesian hierarchical penalized splines model with post weighting accounts 
for many of issues, and performs reasonably well in a series of validations


• Future work: improve estimation of weights; estimation of total stillbirths and 
timing in one model



Thanks!

monica.alexander@utoronto.ca

monicaalexander.com

       @monjalexander

       MJAlexander
X



Gestational adjustment

• Let   denote respectively intrapartum and antepartum stillbirth counts for 
some country  and some gestational definition . The counts are modeled 











• where  is given a vague prior and represents the mean under the late gestational 
age definition. The difference between the proportions in the early and late definitions 
is therefore captured by the adjustment factor.

·yc,gand  ·zc,g
c g

·yc,g |ρc,g ∼ Binomial( ·yc,g + ·zc,g, ρc,g)

logitρc,g = νc,g + γg,m[c]

νc,g ∼ Normal(0,102)

νc,g



Construction of weights
• We construct an estimate  as the ratio of the number of observed classified stillbirths in place  

to the number of total stillbirths expected nationally, based on UN IGME estimates of overall 
stillbirths.


• Let  denote the sum of observed stillbirths classified as intrapartum or antepartum i. 


• Let  denote the estimate of total stillbirths from the UN IGME total stillbirth rate model 
in the country c and year t corresponding to the observation. 


• To reflect uncertainty in the number of stillbirths, we directly use posterior samples of  when 
computing our own posterior samples. 


• Estimated weights are 


ŵp p

si = yi + zi

S̃i = S̃c[i],t[i]

S̃i

ŵp =
∑i:p[i]=p si

∑i:p[i]=p S̃i



Unobserved component

• The "unobserved" component for a country is centered at the estimate given 
its region and country intercepts and NMR level








•  and  are new realizations of the sub-population effect and time trend to 
reflect appropriate uncertainty about the unobserved population

̂μunobs
c,t = ̂β0 + ̂βr[c] + ̂βc + β̃pc

+ ̂βNMR log ˜NMRc,t + η̃c,t

̂ϕunobs
c,t = logit−1( ̂μunobs

c,t )

β̃pc
η̃c,t
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Outline

• Part 1: Background, gaps, and challenges  

• Part 2: Proposed Bayesian approach 

• Likelihood: nested latent class models 

• Prior (for integrating similarity info between multiple datasets, or 
“domains”; encoded by a tree) 

• Part 3: Results + software (🎄🎄)



“Hidden Deaths”

• Many people living in low- and middle-income countries are not covered by Civil 
Registration and Vital Statistics systems 

• Cause-of-death data is lacking for 50% – 65% of the world’s population 

• Registration of births and deaths, including cause of death information, is fundamental 
to any public health system.



Counting deaths

• Overall scientific goal: 

• Estimate cause-of-death distribution in the population and assign individual cause-
of-death. 

• Survey programs have been routinely used to obtain accurate demographic 
information such as births and deaths in low-resource settings 

• e.g., the Demographic and Health Surveys (DHS) 

• Collecting information on cause-of-death (COD) is much harder.



Counting deaths: “The New Hope”

• Verbal autopsy (VA): interview relatives or caregivers and ask questions about the 
circumstances and symptoms leading up to a recent death. 

• VA was first used in two research projects during 1965 – 1973 in Punjab, India. 

• The use of VA has significantly expanded in the last five years.  

• VA module has been integrated into the civil registration system in many countries.

Historical perspective and review: Chandramohan  et al. (2022). Estimating causes of death where there is no medical certification: evolution and state of the art of 
verbal autopsy. Global Health Actions.



Population Health Metrics Research Consortium (PHMRC) 
Verbal Autopsy Survey Form

2007-2010 Adult/Adolescent Module

typically 200-300 questions; some with complex skip patterns; implemented with varying qualities across sites; less 
costly and time-consuming than physician reviewing



Statistical Methods: “A Bayesian Revolution”

• analytic methods + reproducible open-source software —>  confidence in large-
scale implementations of VA in many low and middle income countries (LMICs).  

• Bayesian methods are critical: incorporate expert priors on symptom-cause 
relationships, uncertainty quantification 

• King and Lu (2008) Stat Sci.; McCormick et al. (2016) JASA; Li et al. (2020) 
Bayesian Analysis; Moran et al. (2021) JRSS-C,  Li et al. (2024) 

• openva.net (Clark, McCormick, Li and others): dedicated to open-sourcing stat 
tools for VA research

Li et al. (2023). The openVA toolkit for verbal autopsies. The R Journal

http://openva.net


“The Pain of Growth”

• Expansion of VA to new “domains”: new regions (e.g., Brazil, New Guinea) and/or 
new time periods (COVID vs non-COVID periods) 

• potential data distribution shifts call for domain adaptive methods 

• New statistical question:  

• Can we estimate cause-specific mortality fractions (CSMFs) with some 
robustness to data distribution shifts between the source and the target 
domains?



Population Health Metrics Research Consortium (PHMRC) 
Verbal Autopsy Data

• The PHMRC VA gold-standard data  
(Population Health Metrics Research Consortium, 2018): 

• Mexico City, Mexico 
• Andhra Pradesh, India 
• Uttar Pradesh, India 
• Dar es Salaam, Tanzania 
• Pemba Island, Tanzania 
• Bohol, Philippines. 

• Gold-standard CODs are obtained from clinical diagnostics. 

• We focus on 35 CODs at the finest level and 168 binary indicators. 
• N = 7841; 
• Differential rates of missingess (see right figure:  

“Don’t Know”, “Refused to Answer” and no data.) 

• We will take one site as the target and use the other five sites as source domains.

root

India
Tanzania

AP UP
Dar es 
Salaam

Pembla 
Island MexicoBohol

hierarchy encodes geographical similarity



Example of Between-Domain Differences: PHMRC Data

causes

domains



Data: A Closer Look
Death Counts
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Data: A Closer Look
Death Counts

• Sparse table 

• “Small area estimation” 

• Trees provide prior information about 
similarities between the domains (among the 
columns) 

• We have assumed trees are given
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Notation

•                                           : a vector of binary responses for subject i = 1, …, N 

•          : (cause of death, domain) 

•      takes value from              , indicating the cause of death among a total of pre-
specified causes 

•      takes its value from                 , indicating domain membership: 0 for target 
domain, 1 to G for the G pre-specified source domains 

•  is assumed to be observed for all subjects 

•  observed for                in the source domains; unobserved otherwise 

<latexit sha1_base64="l70VZgXrvj5TgSAEr2uwqSk3zpM="></latexit>

Di

<latexit sha1_base64="SV0eQvjvsmpr4UxiW8Dp7fVisRE="></latexit>

Yi

<latexit sha1_base64="K8G1PUW/IqaEx33FgAUtnn5Z1hk="></latexit>

Xi = (Xi1, . . . , XiJ)
T 2 {0, 1}J

<latexit sha1_base64="KCrY20XL2aWNCO8Cswhj7/+0J2E="></latexit>

(Yi, Di)

<latexit sha1_base64="SV0eQvjvsmpr4UxiW8Dp7fVisRE="></latexit>

Yi
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{1, . . . , C}
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Di
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{0, 1, . . . , G}

<latexit sha1_base64="F6foY7z+ku6d972eXW5isePNKKo="></latexit>

{i : Di 6= 0}



Notation

<latexit sha1_base64="g43d0ddYDRPjdRnaQnO9Mehlqqs="></latexit>

• Let Y obs = {Yi : Di 6= 0} and Y mis = {Yi : Di = 0}; we then have
Y = (Y obs,Y mis)T.

• Let X = (X1, . . . ,XN )T be an N ⇥J binary data matrix for all subjects.

• D maps every row of data X to a leaf in the tree for domains Tw.

– Similarities between domains are then characterized by between-
domain distances in Tw.

• Finally, let D = (X,Y obs,D) represent the data from all the domains.



Our Framework: Nested Latent Class Models
<latexit sha1_base64="uPvnrhp0YoKZh5skfkHOTnN6yGQ="></latexit>

We assume the following model specifications for D:

cause of death : Yi | Di = g ⇠ CategoricalC(⇡
(g)), (1)

latent class : Zi | Yi = c,Di = g ⇠ CategoricalK(�(c,g)), (2)

responses : Xij | Zi = k, Yi = c
indep.⇠ Bernoulli(✓(c)jk ), j 2 [J ] (3)

for i 2 [N ], g 2 {0}[[G], where the population parameters ⇡(g) = (⇡(g)
1 , . . . ,⇡(g)

c )T

with
PC

c=1 ⇡
(g)
c = 1 are referred to as “cause-specific mortality fractions” (CSMFs).

Importantly, {⇡(g), g = 0, 1, . . . , G} are not constrained to be identical. We seek
to estimate ⇡(0) and {Yi : Di = 0}.



Why bother?

• Given each cause, the conditional distribution of symptom approximated by a latent 
class model. Relative to Gaussian thresholded approaches 

• easy to control the number of classes, to induce parsimony 

• computationally (much) easier 

• New domain having new “innovations in the symptom distributions”?  

• Add additional classes



Distribution Shift in VA Data

• For a domain, the joint distribution of (causes of death, VA responses) can be factored into 
 

 

• a) CSMF may differ by domain: most natural - a cause may differentially contribute to 
deaths occurred in different study populations. 

• b) may differ by domain 

• Need “intelligent information pooling between the domains”

• a) a vector of population-level marginal probabilities of the 
causes (or “cause-specific mortality fractions”, CSMF)  

• b) conditional distribution of the VA responses given a cause



Prior Distribution to Integrate the Tree Information
Condensed Summary

• Tree-informed Bayesian shrinkage prior 

• heuristics: “parameters connected by shorter paths in a tree a priori take more 
similar values” 

• we apply this framework to let  parameters diffuse along the tree (domain 
hierarchy)

λ(c,u)



Nested Latent Class Models
Variational Algorithm for Approximate Posterior Inference

1. We use variational Bayes to conduct approximate posterior inference 
(Blei, Kucukelbir and Mcauliffe, 2017; Thomas et al. 2019) 

2. This is more scalable for large trees and large sample sizes 

3. This overcomes some known sampling issues with MCMC for dealing 
spike-and-slab priors (George and McCulloch, 1997) 

R package 🎄🎄: https://github.com/zhenkewu/doubletree 
The package is designed to work under all possible patterns of observed and 

missing causes of death

https://github.com/zhenkewu/doubletree


Simulation Design

• Setup: G training domains (g = 1, 2, …, G), 1 target domain (g=0) 

• Simulate VA response data and true CODs for all domains according to the true model 

• Choose one domain as “target”, mask all or a subset of the chosen domain’s CODs



Results

• Performance Metrics 

• CSMF accuracy: normalized L1 distance

- Top cause accuracy, top 3 cause accuracy (McCormick et al. 2016 JASA) 
- CSMF accuracy (Murray et al. 2011, Population Health Metrics)



Simulation Results



Simulation Results



PHMRC Data Results: “Similarity”

causes

domains 
(all but “AP”, a site from India)



PHMRC Data Results: “class profiles”

surveyed  
“symptoms”

classes

causes



PHMRC Data Results: “For some causes, domains differ in how the classes got 
mixed”

domains

causes

classes



Main Points Once Again

• Distribution shifts between the source and target domains are common, e.g., 

• In VA, conditional distributions of symptoms given a cause may vary by study sites 

• The degree of this variation may differ by cause 

• Domain adaptive method is needed for improving the estimation of the target domain’s population-level 
parameters and individual-level predictions 

• Among many possible solutions, the present work focused on  

• “how to use a tree to guide domain adaptation?” 

• For illustration, we used a domain tree that encodes geographic similarity information.  

• One can use domain-level info to form a hierarchy, e.g., by hierarchical clustering, and then use that 
tree as input for our method



Future Directions
Methods

• Current work assumed the same set of response probability profiles; can be relaxed 
using techniques from recent robust clustering work (Stephenson et al. (2020)) 

• Different K’s across causes 

• General graph-informed clustering with tensor decomposition approximation 

• Negative transfer issues: “a bad module/additional noisy data may harm statistical 
performances. This has been noted in Multitask Gaussian Process literature. 

• A further study of how to deal with cause-of-death labeled at multiple 
resolutions



Future Directions
Applied

• How to deal with emerging prominent causes over different time 
periods (COVID19…)?  

• How to actively choose the most informative deaths to label? 

• COD labels might be noisy:  

• How to do privacy-robust analysis (“Died of Malaria, but in 
fact…”)? Adversarial-labeling resistant analysis? 



Thank you! 

zhenkewu@umich.edu

Paper: 
Wu et al. (2024). Tree-informed Bayesian multi-source domain adaptation: cross-population 
probabilistic cause-of-death assignment using verbal autopsy. Biostatistics.  
https://doi.org/10.1093/biostatistics/kxae005 

Software: 
R package 🎄🎄: https://github.com/zhenkewu/doubletree 
The package is designed to work under all possible patterns of observed and missing causes  
of death

mailto:zhenkewu@umich.edu
https://doi.org/10.1093/biostatistics/kxae005
https://github.com/zhenkewu/doubletree

