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Motivation

[NASEM; 2021]

■ More than 5,000 papers have cited
US CDC’s vital statistics system in
the last ten years

■ Often taken for granted in
high-income countries that
mortality data is reliable

■ Most data quality papers focus on
low-income settings and national
registries. We are interested in
sub-national differences in data
quality
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Death certificate coding

[NAS; 2003]

Disease or condition that
led directly to the death

Intermediate cause of death

Underlying cause of death
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Death certificate coding example

Lung cancer

Pneumonia

Acute respiratory
distress syndrome
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Mortality data collection process

Death occurs

Medical examiner or coroner
usually certifies cause-of-death

Certification filed with the state

State registration & finalization

States transmit record to
NCHS within the CDC
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Data quality problems

■ Missing information

■ Lack of detail

■ Garbage codes: useless or wrong codes

In the paper, we look at 3 aspects of data quality and then apply these
metrics to the US at a county-level.
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Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Proportion of garbage codes

■ First, we look at the proportion of garbage codes in each county:

Prop. garbage=
Number of garbage-coded deaths

Number of deaths

■ IHME has led work on garbage codes and efforts to re-classify them.

■ Re-assignment methods: (1) Proportional redistribution by age and sex;
(2) Statistical modelling; (3) Expert judgment (for example,
reconstructing the chain of events)

■ Lozano et al, 2012 show that re-distributing garbage codes changes the
top 10 leading causes of death worldwide.

■ In 2023, about 10% of deaths in the United States were garbage coded.

7



Level of detail

Goal is to measure how specific ICD-10 coding is for non-garbage codes.
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Goal is to measure how specific ICD-10 coding is for non-garbage codes.

■ We need to control for the underlying epidemiological differences in cause
of death to capture the variation in detail driven by coding differences
rather than the differences in the (true) distribution of causes of death. To
do so, we weight deaths so that each county set matches the national
average for the broad distribution of causes of death

■ Another way to think about this is that we are interested in the diversity
within each cause of death category.
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Level of detail

■ For each time period t, we compute the national share of deaths in each
broad cause group. These national shares are used as weights.

■ Using these weights, we construct a standardized ICD-10 distribution for
each county set k:

p∗k,t(d) =
∑

c

st(c)wk,t(d | c)

■ Here, wk,t(d | c) is the within-cause distribution of ICD-10 codes in county
set k, and st(c) is the national share of cause group c.

■ p∗k,t(d) represents the probability that a death in county set k would be
coded as ICD-10 code d, if the county had the national cause-of-death mix.
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Level of detail

We then measure how spread out this standardized ICD-10 distribution is using
Shannon entropy.

Hk,t = −
∑

d p∗k,t(d) logp∗k,t(d)

■ Entropy is a measure of diversity:
− high entropy implies deaths spread across many ICD-10 codes
− low entropy implies deaths clumped into a few codes

■ We rescale entropy to a 0-100 score to obtain the level of detail.

10



Level of detail

We then measure how spread out this standardized ICD-10 distribution is using
Shannon entropy.

Hk,t = −
∑

d p∗k,t(d) logp∗k,t(d)

■ Entropy is a measure of diversity:
− high entropy implies deaths spread across many ICD-10 codes
− low entropy implies deaths clumped into a few codes

■ We rescale entropy to a 0-100 score to obtain the level of detail.

10



Re-assignability Index

The goal is to quantify how re-assignable garbage codes are in each county.

hi =
−
∑

k∈KG
pi(k) log pi(k)

log
�

�Kg

�

�

∈ [0,1]
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■ We calculate pi using a model trained on the deaths with candidate i listed
as the underlying cause of death and the garbage code g listed in the
multiple cause of death, building on the work of Foreman et al., 2016

RI := 1−
∑

i∈Gc,t
hi

Nc,t
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Aggregating data quality indices

■ Constructed an aggregate data quality index by averaging the z-scores of
the three metrics for each county set

■ For example, zavg = 1 means the county set has, on average, one standard
deviation better data quality than the mean
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Aggregate data quality indices

■ In addition to socio-economic effects, there are clear state-specific effects

■ Correlation with median county income is 0.31 in 1999-2005 and 0.37 in
2020-2022

■ Per-capita public health spending correlation is 0.17 in 1999-2005 and
0.14 in 2020-2022

■ Association with reporting type is 0.33 in 1999-2005 and 0.34 in
2020-2022
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Data quality over time
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Level of detail

■ Increased from 1999-2022; unclear to what extent it is driven by
increasing diversity in cause of death in general (the underlying cause
mixture is controlled for by period, not globally) or by improved specificity
in coding

17



Level of detail

■ Increased from 1999-2022; unclear to what extent it is driven by
increasing diversity in cause of death in general (the underlying cause
mixture is controlled for by period, not globally) or by improved specificity
in coding

17



Level of detail

■ Higher level of detail associated with higher median county income
(ρ = 0.23 in 1999-2005; 0.26 in 2020-2022),

■ Higher level of detail with death investigation system type (ρ = 0.24 in
1999-2005; 0.27 in 2020-2022).

■ Small association between detail and per-capita public health spending (ρ
= 0.08 in 1999-2005; 0.05 in 2020-2022).
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Re-assignability Index

■ Positively correlated with mean county income (ρ = 0.14 in 1999-2005;
0.13 in 2020-2022) and with per-capita public health spending (ρ = 0.09
in 1999-2005; 0.08 in 2020-2022)

■ Small differences by reporting type (ρ = 0.11 in 1999-2005; 0.06 in
2020-2022).
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Proportion of garbage codes

■ Decreased from 1999-2019 and increased during the COVID-19 pandemic

■ The proportion of garbage-coded deaths was lower in higher-income
counties (ρ = -0.25 in 1999-2005; -0.29 in 2020-2022)

■ Lower in counties using medical examiners (ρ =-0.31 in 1999-2005; -0.34
in 2020-2022) and associated with per-capita public health spending (ρ =
-0.21 in 1999-2005; -0.15 in 2020-2022)
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Relationship between data quality metrics and COVID-19
undercounting

■ Correlation between COVID-19 underreporting and proportion of higher
garbage-coded deaths and lower level of detail is 0.27 and 0.28.

■ Correlation between lower RI and underreporting is 0.13

■ Correlation between lower aggregate data quality index and COVID-19
underreporting is 0.33
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Discussion

■ Different data quality metrics point to different potential problems

■ More centralized reporting practises as well as use of medical examiners
rather than coroners might help reduce garbage codes

■ Low level of detail might suggest that diagnostic specificity is constrained
and could perhaps benefit from more medicolegal capacity, toxicology and
autopsy access

■ Low RI suggests incomplete or generic MCOD reporting and is likely most
affected by jurisdictional differences in death certificate coding practises

■ The strong state-specific effects on data quality is something to be
optimistic about
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Thank you!

Contact information:
Amy Mann
amy.mann@chch.ox.ac.uk
Monica Alexander
monica.alexander@utoronto.ca
Mathew Kiang
mkiang@stanford.edu

Supported by Data Sciences Institute
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Why is it getting harder to re-assign garbage codes?

It’s probably not because death certificates are becoming less descriptive.
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