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Excluded datasets

We excluded ten databases on police-related violence that we found in our initial search from our analysis for a
variety of issues, including incomplete case definitions of police violence, lack of detailed tabulations, and poor data
quality. We chose to exclude the Washington Post’s Fatal Force project, a commonly used open-source database,
because it only included police shootings in its case definition of police violence. Notably, we also chose to exclude
two governmental data-collection efforts on police violence, the National Violent Deaths Reporting System
(NVDRS) and the Arrest-Related Deaths (ARD) program.

NVDRS is a surveillance system run by “frontline investigators including law enforcement, medical examiners, and
coroners,” who use death certificates, autopsy reports, and police reports to identify violent deaths.! Each state
began its implementation of NVDRS at a different time, with the earliest states beginning in 2003 and the latest not
yet reporting any data. Based on comparisons with two NVDRS-based studies covering 2005-2012 and 2009-2012,
respectively, we calculate that NVDRS appears to report around 80-90% of deaths reported in Mapping Police
Violence (MPV) and The Counted (TC).?? One study found that NVDRS has approximately the same completeness
as open-source databases when considering only police shootings.* Therefore the 10-20% gap between NVDRS and
MPV/TC could be attributable to non-firearm police killings. We chose to exclude NVDRS from our analysis due to
its apparent lack of coverage of non-firearm police killings, as well as its comparatively sparse spatial and temporal
coverage. However, NVDRS does represent a significant improvement in the transparent reporting of fatal police
violence by official sources in the USA.

ARD was a program run by the Bureau of Justice Statistics (BJS) from 2003 to 2014 that aimed to collect data on all
deaths in the USA “during the process of arrest or while in the custody of state or local law enforcement.”> ARD
relied on State Reporting Coordinators to identify and report all arrest-related deaths in their state, but did not
require a standard methodology for doing so. In 2014, ARD was discontinued when the BJS found that only 49% of
police killings were identified in ARD from 2003 to 2009. We chose to exclude this data source since it showed
similar under-reporting rates to that of NVSS.3 Since then, BJS performed a study in 20152016 that showed that
they were able to improve their coverage of police violence when they included open-source databases like Fatal
Encounters (FE) and TC in their data collection.®

Biases in open-source data sources

The three open-source datasets used in this study have several important biases that were not accounted for in our
network meta-regression approach (NMR), since they affect the gold-standard data, TC, as well as others. First, all
open-source databases are limited by what events are publicized and what level of information is made available to
the public from both law enforcement and eyewitnesses. For example, FE reports that most news media rely solely
on the police department’s narrative of events when reporting on police violence and do not seek out alternative
accounts that may contradict them.” Another limitation of the Fatal Encounters source is that data collection was
started in 2013 and occurred retrospectively for 2000-2012, potentially limiting the completeness of these early
years. To address this, we analyzed the completeness of these years of FE and dropped those that we believe
significantly underreport deaths (see “Completeness of Fatal Encounters” section below.)

Second, both MPV and TC use other open-source police databases as inputs in their data collection, including FE.3°
For example, MPV’s sampling framework overlaps with that of Fatal Encounters, since MPV researchers compile
their records based on Fatal Encounters, the US Police Shooting Database, and KilledbyPolice.net. They then subset
these records to only those that fit their narrower definition of police killing, excluding any accidents or suicides
captured in FE as well as any homicides perpetrated by civilians.® Since these datasets have correlated samples, we
are likely underestimating the uncertainty of our estimates, and any police violence deaths not captured in our data
sources are likely to be non-random.

Background on NVSS

The USA vital registration database is an exhaustive collection of deaths in the USA, with near 100% completeness
when considering all causes of death.!® We therefore expect that all police violence deaths that are not correctly
coded to legal intervention in NVSS data are still present within the dataset, but coded to different diseases and
injuries. Previous research has shown that for police violence deaths that are not correctly coded to legal
intervention, the most common underlying cause of death that is listed instead is civilian assault.!'~!3 Feldman and
colleagues found that in the 2015 USA NVSS data, 86% of all police violence deaths not coded to legal intervention
were coded to assault (X95-Y09). The second most common code range for unreported police violence deaths was



“events of undetermined intent or cause missing” (Y 10-Y34, R99), at 4%.'3 The most likely cause of the high rate of
miscoding to assault is that the medical examiner or coroner marks homicide as the manner of death, but fails to
mention police involvement in the “describe how this injury occurred” section.!?

Contestation of non-firearm deaths

An important potential source of bias that effects all data sources, including NVSS and the open-source databases, is
the contestation of non-firearm deaths. In deaths involving Tasers, asphyxiation, and other non-firearm mechanisms,
police statements and autopsy reports sometimes deny police culpability and claim that drug use, medical
emergencies, and medically contested conditions like “excited delirium” are responsible for death.'*1¢ This
decreases the likelihood of police involvement being listed on the death certificate or police culpability being
reported in media coverage of the death. This would potentially bias the completeness of both NVSS and open-
source databases downwards. Non-firearm deaths comprise 8.0% of Fatal Encounters, 4.8% of MPV, 9.4% of TC,
and 7.2% of NVSS.

Details on data standardisation

Age

We extracted and standardised the age, sex, USA state of death registration, year of death, and race/ethnicity of each
decedent for all data sources. Across databases, age was generally presented in the raw data by year; we transformed
these data into age groups using the bins established by the GBD 2020 study.!” The age groups are: days: 0-6, 7-27;
months: 1-5, 6-11, 12-23; years: 2-4, 5-9, 10-14, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-59, 60-
64, 65-69, 70-74, 75-79, 80-84, 85-89, and 90-94. Binning age groups in this way allows for comparability across
ages between data sources. For cases where there was less age detail than the standard bins, we used an age-sex-
splitting algorithm for causes of death developed by the GBD study'’ to split these cases among our established bins.

Sex

Death certificates in the USA only allow a binary designation of sex and do not distinguish between sex assigned at
birth and gender identity. Therefore, NVSS data conform to a male/female binary by design. In contrast, the open-
source databases all record several decedents with their gender listed as transgender or non-binary. To standardise
the data so that comparisons could be made, we chose to assign transgender and non-binary decedents in the open-
source data to “sex unknown,” which we then split into the male/female binary using the GBD age-sex-splitting
algorithm for causes of death.!”

Race and ethnicity

Data collection on the race and ethnicity of deceased individuals can be complicated and fraught with bias, as it is
impossible for the decedent themselves to report the race and ethnicity with which they identify. NVSS relies on
funeral directors to report the race/ethnicity of decedents on death certificates. The next of kin should in turn report
this to the funeral director, but this does not always occur. Studies show that race/ethnicity reporting on death
certificates is much poorer for American Indian and Alaskan Native decedents than other race/ethnicities.'® Open-
source databases rely on news reports and public records requests to identify race/ethnicity, which can also deviate
from the decedent’s self-identified race/ethnicity. MPV in particular makes an effort to improve the completeness
and accuracy of its race/ethnicity variable by using police reports, criminal records, social media, and obituaries to
find additional race/ethnicity information. Both NVSS and FE also attempt to impute race/ethnicity where it is
missing; for example, NVSS attempts to impute Hispanic ethnicity based on place of birth, while FE uses surname
and place of residence to impute race and ethnicity.”!®

Handling unknown race & ethnicity

For each data source, we reassigned deaths with unknown race/ethnicity to our standard race/ethnicity groupings
proportionally based on the pattern of race/ethnicity among deaths with known race/ethnicity for each data source,
year, and state. For data source/year/states with 0 deaths with known race/ethnicity, we pooled across year to obtain
proportions. This method that assumes that a decedent’s likelihood of being recorded with unknown race/ethnicity in
a given dataset is independent of their true race/ethnicity. This is a questionable assumption based on established
research on race/ethnicity measurement, so we attempted to ensure that that the proportion of deaths with unknown
race/ethnicity was low enough for every data source and demographic to minimise the impact of this assumption'?
To this end, two data sources, NVSS and FE, required supplemental algorithms for the reassignment of unknown



race/ethnicity. An alternative method that could improve our results would be to backfill race/ethnicity between data
sources for those data sources where records can be accurately linked and are permissible to link given the relevant
laws and practices on individual privacy.

Unknown ethnicity in NVSS

NVSS has no police violence deaths with unknown race, but does have decedents with unknown ethnicity. Most
state-years of NVSS have well below 10% ethnicity missingness, but each state has a distinct time series of 3 to 17
years starting from 1980 with > 50 % ethnicity missingness (Appendix Table 1). To assign race/ethnicity in these
state-years, first we calculated the relative police violence mortality rate between Hispanic and non-Hispanic for
each state (1), race (p), and sex (s) within the 5 years (Y5) immediately succeeding the time series with > 50%
ethnicity missingness. Since we did not have population estimates separately by each race (white, Black, and other)
for Hispanic people, we calculated these relative rates using the overall Hispanic population for all races:

police violence deathsl,p‘slys,mSpamc/populatlonI‘S,,,S,HispamC

relative rate; ps = - - -
p01lce violence deathsl,p,s,YS,non—Hispanic/poplﬂatlonl,s,YS,non—Hispanic

We then assumed that this relative rate would hold for all preceding years and applied these relative mortality rates
to each year y with > 50% ethnicity missingness to split deaths with unknown race/ethnicity:

relative rate; , ¢ X population, s, nispanic

fraction Hispanic;, s, = i i .
populatlonlls‘y,m,n_HispamC + relative rate; , ¢ X pOPUIatlonl,s,y.Hispanic

By using population estimates that are not detailed by race, we assumed that the change in percent Hispanic
population over time is the same for every race group. If the 5 years following a given time series had 0 police
violence deaths for a given state, race, and sex, we progressively calculated 10, 20, and 40 year pools until a viable
relative rate was found. A total of 3 deaths had no viable relative rate in even a 40-year pool, which we assigned to
non-Hispanic.

Unknown race/ethnicity in Fatal Encounters

22% of all deaths in Fatal Encounters are missing race/ethnicity; however, the amount of missingness varies
dramatically from year to year. Missingness is above 20% from 2005-2011 before lowering substantially from 2012-
2017, and finally rising again in 2018-2019 (see Appendix Figure 1). The researchers who produce the Fatal
Encounters say that the reliability of their race/ethnicity variable is best after 2013. In a prior analysis, Edwards et al
found that known race/ethnicity distribution of Fatal Encounters diverges significantly from that of NVSS prior to
2013." Based on the assumption that underreporting of police violence in NVSS is not affected by race/ethnicity,
the researchers concluded that this divergence was an indication of biased known race/ethnicity. Any bias in the
distribution of deaths with known race/ethnicity would be propagated by our method of proportionally redistributing
unknown race/ethnicity.

To mitigate this problem, for decedents with unknown race/ethnicity, we used the imputed race/ethnicity provided
by Fatal Encounters whenever the individual imputation probability was greater than 80%. Fatal Encounters uses the
Bayesian Improved Surname Geocoding algorithm to obtain their imputations based on surname and place of
residence.® This algorithm is the most accurate for people identified as Black and Asian and least for people
identified as Indigenous.?’ We tested imputation probability cutoffs at every 10" percent (e.g. 0%, 10%, 20%, ...)
and chose the highest cutoff with which the percent of deaths with unknown race/ethnicity was reduced to less than
20% for all years from 2005-2019 (see Appendix Figure 1). After the inclusion of these imputed race/ethnicity
values, we then redistributed all remaining deaths with unknown race/ethnicity according to the proportional method
described above.

To validate the results of this approach, we replicated the analysis performed by Edwards et al, comparing the
known race/ethnicity distribution of deaths in Fatal Encounters to that in NVSS. We found that the proportions of
non-Hispanic white and non-Hispanic Black deaths in particular were more consistent between Fatal Encounters and
NVSS after the inclusion of imputed race/ethnicity (see Appendix Figure 2). The proportions were still not
completely consistent between Fatal Encounters and NVSS even after the inclusion of imputed race. However, the
time trends of proportion across year were consistent between the two data sources for all race/ethnicity groups.
There are observed, summary-level differences in underreporting in NVSS between racial/ethnic groups which may



explain these biases between NVSS and Fatal Encounters. Regardless, since this bias now consistent across year, our
network meta-regression approach is capable of quantifying it and correcting it in the final results.

Standardizing race/ethnicity groups

Additionally, the race/ethnicity groups considered during data collection also vary between data sources. For
example, NVSS classifies people of Middle Eastern and North African (MENA) descent as white during data
collection; this practice does not accurately reflect the identities of all people from MENA 21?2 The open-source
databases do not make the distinction between race and ethnicity as NVSS does, forcing us to make some broad
generalisations when attempting to standardise their race/ethnicity groups.

As discussed in the full text, for our primary analysis by state and four race/ethnicity groups, we chose to standardise
all data sources to the race/ethnicity groups non-Hispanic Black, non-Hispanic white, non-Hispanic of other race,
and Hispanic of any race. Non-Hispanic of other race includes people who are identified as Asian, Pacific Islander,
Native Hawaiian, Indigenous, Native American, Alaskan Native, American Indian, Middle Eastern, North African,
and Arab. For our secondary analysis at the national level with five race/ethnicity groups, we chose to standardise all
data sources to the race ethnicity groups non-Hispanic Black, non-Hispanic white, non-Hispanic Indigenous, non-
Hispanic of other race, and Hispanic of any race. For this secondary analysis, non-Hispanic of other race includes
people who are identified as Asian, Pacific Islander, Native Hawaiian, Middle Eastern, North African, and Arab.
Because none of the open-source databases reported decedents who identified as two or more races, we consider our
standard categories to refer to only one identified race of each decedent. This assumption most likely does not reflect
the true identities of decedents, but was necessary due to the lack of appropriate data. Appendix Table 4 shows the
race/ethnicity categories in the raw data for each dataset and how we classified them to our standard race/ethnicity
groups for both primary and secondary analyses.

There some key contradictions in our standardisation of NVSS that we address in our network-meta regression. We
classified people of MENA descent as non-Hispanic, other race in the open-source databases, whereas NVSS
includes MENA people as part of non-Hispanic white. Additionally, unlike the open-source databases, NVSS allows
for the designation of more than one race per person in some years and states. The network meta-regression allows
us to adjust the non-Hispanic white and non-Hispanic other categories in NVSS for any bias due to these alternative
classifications of MENA and multiracial people to match the classifications that were used for the open-source
databases.

Special handling of Fatal Encounters

Causes of death in Fatal Encounters

Given the fact that the FE database tracks deaths occurring during all police encounters, we assumed that any death
in FE with cause listed as “Vehicle,” “Drug overdose,” “Undetermined,” “Medical emergency,” “Other,” or
“Unknown” would be less likely to involve direct violence perpetrated by the police, and therefore excluded them.
22% of deaths from 2005-2019 were excluded from our analysis of the FE database for this reason. A major
limitation of this assumption is that in cases where there are no eyewitnesses, even the open-source methodology
relies on police and autopsy reports, which incorrectly over-emphasise the role of drugs and medical emergencies
through medically contested conditions like “excited delirium,” which may be rooted in racial stereotypes.'#'¢

Completeness of Fatal Encounters

Edwards et al previously reported that the early years of Fatal Encounters likely undercount deaths, based on the
assumption that underreporting in NVSS has been constant over time.!* We followed the method used by Edwards
et al to assess which years of Fatal Encounters are complete enough to include in our analysis. We normalised the
total number of deaths in each year to the totals in 2000 separately for each data source (Appendix Figure 3). From
this we observed that the normalised deaths reach a stable ratio between data sources in 2005, which continues for
the rest of the time series. When the deaths in each data source are normalised to 2005, the normalised deaths are
very consistent between Fatal Encounters and NVSS from 2005 onwards.

Based on this analysis, we believe that Fatal Encounters 2000-2004 undercount deaths and therefore excluded these
data from all analyses. While it possible that the foundational assumption of this analysis is wrong and that the
trends observed from 2000-2004 are a change in under-reporting levels in NVSS, we believe that this is unlikely for
a number of reasons. First, underreporting in NVSS is remarkably consistent in all other years and we found no
historical or policy-based reason why underreporting would have been lower in 2000-2004. Furthermore, Fatal



Encounters data collection for 2000-2004 occurred retroactively when the project was started in 2012, and
computerised news reports are likely less abundant from this time.

Edwards et al reached a slightly different conclusion from their analysis of the completeness of Fatal Encounters,
even though an identical method was used: they concluded that 2000-2007 of Fatal Encounters undercount deaths.
There are several possible explanations for this disagreement. First, Edwards et al performed their analysis in 2019;
since then, there have been revised releases of both NVSS and Fatal Encounters data. Second, we chose a different
set of causes of death in Fatal Encounters to drop compared to Edwards et al. This may have affected the
completeness of the remaining causes, since certain causes of death may be more likely to be reported by the news
media than others.

Modelling

Estimating population

We generated direct and indirect comparisons for the NMR by taking the ratio between the cause-specific mortality
rates for police violence in each USA state, year, and race/ethnicity group that any two datasets had in common,
aggregating age and sex. To obtain these cause-specific mortality rates, we first estimated the population for each
age group, sex, state, race/ethnicity group, and year from 1980 to 2020 for 50 states and the District of Columbia
using bridged race/ethnicity population estimates from the NVSS?? interpolated for the intercensal years. In a small
number of strata, very low population counts, likely due to undercounts in the 1980 and 1990 censuses, led to
implausible all-cause mortality rate estimates. In those few cases, we used a simple Gaussian process model to
adjust the population values for 1980-1999.2* Race/ethnicity-specific population estimates were then scaled to state-
level population values from the GBD 2020 study, such that the sum of the four race/ethnicity populations for each
state was equal to the state-level value.

Dealing with zeros

Since our implementation of NMR relies on a log transform of the ratio between mortality rates, data points with
zero death counts for a given state/race/ethnicity/year are not usable. Excluding zeros entirely leads to bias in the
model predictions; in particular, when dropping zeros, the NMR significantly underestimates the level of under-
reporting in NVSS. To solve this problem, we offset every data point by a small amount prior to NMR, such that the
total offset per state and year was one death, split proportionally across race/ethnicity at the state level.!” After
running the NMR and applying the resulting correction factors to each dataset, the deaths added to offset the data
were subtracted off again to avoid inflating final estimates. Offsetting all data points ensures that, while the absolute
counts are temporarily inflated, the ratios between them are not seriously affected on average. For all non-zero data
points where this comparison is possible, the concordance correlation coefficient between the log ratios pre- and
post-offset was 0.99. The average percent change in the ratios due to the offset was 2.4%, with a standard deviation
of 9.7%. The concordance between the ratios pre- and post- offset decreases slightly as the pre-offset ratio
approaches 0 or infinity (Appendix Figure 4). Offsetting increases the amount of data available to the regression and
gives the regression a more accurate distribution of the raw data by enabling the inclusion of wider tails that
represent state/race/ethnicity/years with 0 deaths (Appendix Figure 5).

Covariate selection

We based our list of candidate covariates on prior research on correlates of underreporting of police violence, our
prior knowledge of the causes of underreporting, and the availability of data (Appendix Table 7). Transforms were
tested for several covariates, notably log transforms for completeness and LDI to improve linearity and
heteroscedasticity. All covariates were tested for collinearity. We then tested each covariate to see if its coefficient
in the regression had a plausible direction and was statistically significant (p-value < 0.05). For the two categorical
covariates, we ran one- and two-way ANOVA tests to determine significance. Only 3 covariates passed these
criteria: percent of police violence deaths through the mechanism of firearm; state; and race. In particular,
completeness, percent garbage, percent well-certified, drug, suicide, and homicide mortality rates, and LDI per
capita by state/race/ethnicity were all insignificant, and LDI per capita by state and LDI per capita by state for non-
Hispanic Black people were both insignificant and had implausible directions (negative).



Modelling assumptions

The NMR model specification assumes that under-reporting in NVSS varies by state and race/ethnicity, which is
well-supported by the literature.!* We assume that dataset-level biases of FE and MPV are constant over time, which
is well supported by the data. An exception is 2000-2004 in FE, which show significantly fewer deaths than
expected given constant under-reporting in NVSS. We believe this is more likely due to low completeness in FE
rather than changing under-reporting in NVSS, and so we dropped FE 2000-2004 from all analyses.

We also assume that all dataset-level biases are constant across age and sex, since we aggregated these before
generating between-dataset comparisons. This assumption may not always apply to children under 18, who in
general have higher rates of under-reporting,' but, given that most police violence is committed against young and
middle-aged adults, this assumption is reasonable. To test the assumption of constant underreporting across age
group, we aggregated deaths from each data source across state, race/ethnicity, and sex and calculated the log deaths
ratio between NVSS and each open-source database for a given year and age group. Aggregation was necessary in
order to prevent 0 death counts which can bias the estimation. We limited the data to ages 20-54, since the vast
majority of police violence deaths occur in these age groups, and ran a two-way ANOVA of log deaths ratio on age
group and open-source database. We found there was no significant difference in log deaths ratio across the levels of
age group (p-value = 0.327).

We performed an analogous ANOVA test for sex, in which we aggregated across age instead of sex and ran a two-
way ANOVA of log deaths ratio on sex and open-source database. We found that there was a significant difference
in log deaths ratio across the levels of sex (p-value = 2.12 X 10™#). We then ran a linear regression of the log deaths
ratio on sex and open-source database to quantify this effect. We found that the linear regression predicted an overall
under-reporting rate for NVSS of 53% in males and 62% in females. However, given the low counts of deaths in
females, we were unable to support the disaggregation of sex in our network meta-regression, so we made the
simplifying assumption that underreporting is constant across sex. Future work could include address these
limitations of our methods.

Estimating age and sex

As explained in the methods section, although all data sources included the age and sex of decedents, we chose to
run all models on data aggregated across age and sex. We produced age and sex specific estimates by applying the
GBD causes of death age-sex-splitting algorithm on our model predictions. We chose do this because we found that
our modelling techniques were not robust enough to handle the small tabulation groups created when modelling by
detailed age and sex. In particular, including detailed age and sex in models greatly increases the number of Os that
require offsetting, skewing the distribution of the log mortality rate ratios beyond what we judged to be appropriate.
It also increases the stochasticity of the data and number of small data points in ST-GPR, which leads to poor fit and
upward bias when the model is run with a log transform.

Raking in ST-GPR

ST-GPR runs on multiple levels of detail in location, race, and ethnicity. The most detailed set of data that ST-GPR
is run on is most-detailed state/race/ethnicity group, as shown in the main text. ST-GPR also runs at the state level
with no race/ethnicity detail, and finally at the national level with no race/ethnicity detail. We produce a separate
stage 1 Poisson model for each level of detail using the same method described in the main test. After ST-GPR
completes at each location level, we reconcile the results through a process known as raking. First, we scale the
state-level estimates to the national level; then, we scale the most-detailed state/race/ethnicity estimates to the state
level. We scale the more-detailed estimates to fit the less detailed because data with large sample sizes and fewer Os
are more stable in ST-GPR; therefore we trust these results more.

Calculating uncertainty

We calculated the uncertainty of our estimates using methods for network meta-regression and ST-GPR that are
reported in detail elsewhere. 2>2° Briefly, we first calculated the sampling variance of each mortality rate in the data
based on the assumption that police violence follows a Poisson distribution. We obtained a distribution of the
coefficients of the network meta-regression by performing a parametric bootstrap that resampled the data and refit
the optimization problem 1000 times. We calculated the variance of the correction factors from the NMR using this
distribution. To obtain the uncertainty of the final ST-GPR estimate, we drew 1000 samples from multivariate
normal distributions that include the sampling variance of the data, the variance of the NMR correction factors, and



the covariance of the Gaussian process itself. We performed all calculations on these 1000 samples and calculated
the 2.5% and 97.5™ percentiles across these samples to obtain the uncertainty interval for every estimate.

Uncertainty from sampling error, the network meta-regression, and ST-GPR are all included in our uncertainty
intervals. The uncertainty associated with the following sources were not included in our uncertainty intervals: the
population estimates that we used to calculate mortality rates; the algorithms we used to reassign deaths with
unknown race/ethnicity; the correlated sampling frameworks of the open-source databases; and the secondary
national/five race-ethnicity group network meta-regression.

Sensitivity analyses

To assess the impact of several of our modelling assumptions, we performed sensitivity analyses. We ran network
meta-regressions (NMRs) to quantify the biases between data sources as described in the methods section of this
paper, with the following changes:

1. Dropping the random effect on matching groups from the regression, to test its impact due to concerns that
it may be collinear with some of the fixed effects in the model.

2. Dropping the time-variant covariate, percent of police violence deaths through firearms in NVSS, to test the
impact of covariates on the time trend of the police violence estimates.

3. Dropping Fatal Encounters data from 2005-2012, in addition to 2000-2004, to assess the impact of these
years of data. A previous study that used Fatal Encounters as a data source dropped these years."”

We then adjusted the data according to each NMR and compared the results of each regression using Lin’s
concordance correlation coefficient (CCC). The model without random effects had a CCC within le-15 of 1 when
compared with our final results, indicating that our analysis is extremely robust to this random effect. The model
without time-variant covariates had a CCC of 0.997 when compared to our final results. This means that given the
universe of possible causal and explanatory factors of underreporting in NVSS that we considered in the analysis
(Appendix Table 7), we predict that the rate of underreporting in NVSS has been mostly stable over time since 1980.
The model without FE 2005-2012 had a CCC of 0.94 compared to our final results. Specifically, dropping FE 2005-
2012 lead to higher estimates for NVSS, with an average increase of 63 deaths per year. The decision to drop or
keep 2005-2012 FE data is a consequential one; however, based on our analyses of the completeness and quality of
FE, we found no justification for rejecting these years of data. Since the final analysis contains all available data that
met our quality standards, we trust its result above models that lack subsets of that data.

Incarceration

While the scope of this paper does not cover the relationship between incarceration, police violence and systemic
racism, many other studies have established the inextricable links between these systems.?”?® Policing and its
associated violence is embedded in the larger American criminal justice system, which includes incarceration.?® The
criminal justice system is rooted in policies and systems that target Black communities and other people of color,
including but not limited to: the school to prison pipeline, the war on drugs, discriminatory stop and frisk practices
and segregation laws and policies.?>3? These policies and practices disproportionately impact Black people and
other people of color, contributing to both increased interactions with the police and more broadly with the criminal
justice system.3!33 For instance, Human Rights Watch reported in 2000 that while Black people constitute only 13%
of all drug users, they represent 35% percent of arrests and 74% percent of those sent to prison.** The USA has seen
a massive increase in the rate of in incarceration: raising by over 200% between 1980 and 1996,3 to what is now
referred to as “mass incarceration”,*® with US incarceration rates higher than any other country in the world.?” Like
police violence, mass incarceration affects Black and Hispanic communities at disproportionate rates compared to
non-Hispanic white people.3® Incarceration and police violence are higher for both non-Hispanic Black people and
for Hispanic people of any race than for non-Hispanic white people, as illustrated in Appendix Figure 6. However,
Hispanic people of any race have relatively low incarceration rates as compared to the high rate of police violence,
while non-Hispanic Black people have high rates of both incarceration and police violence (Appendix Figure 6).
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estimates

ChecKklist of information that should be included in new reports of global health

Item # | Checklist item Reported on
page #

Objectives and funding

1 Define the indicator(s), populations (including age, sex, and geographic entities), and time period(s) 2
for which estimates were made.

2 List the funding sources for the work. 3

Data Inputs

For all data inputs from multiple sources that are synthesised as part of the study:

3 Describe how the data were identified and how the data were accessed. 6-7

4 Specify the inclusion and exclusion criteria. Identify all ad-hoc exclusions. 6, Appendix p. 2

5 Provide information on all included data sources and their main characteristics. For each data source 6-7, Appendix p.
used, report reference information or contact name/institution, population represented, data collection | 3-4 and Table 1
method, year(s) of data collection, sex and age range, diagnostic criteria or measurement method, and
sample size, as relevant.

6 Identify and describe any categories of input data that have potentially important biases (e.g., based 8, Appendix p. 2

on characteristics listed in item 5).

For data inputs that contribute to the analysis but were not synthesised as part of the study:

7

| Describe and give sources for any other data inputs.

n/a

For all data inputs:

8 Provide all data inputs in a file format from which data can be efficiently extracted (e.g., a 17
spreadsheet rather than a PDF), including all relevant meta-data listed in item 5. For any data inputs
that cannot be shared because of ethical or legal reasons, such as third-party ownership, provide a
contact name or the name of the institution that retains the right to the data.

Data analysis

9 Provide a conceptual overview of the data analysis method. A diagram may be helpful. 8, Figure 1

10 Provide a detailed description of all steps of the analysis, including mathematical formulae. This 8

description should cover, as relevant, data cleaning, data pre-processing, data adjustments and
weighting of data sources, and mathematical or statistical model(s).

11 Describe how candidate models were evaluated and how the final model(s) were selected. 8

12 Provide the results of an evaluation of model performance, if done, as well as the results of any Appendix p. 4

relevant sensitivity analysis.

13 Describe methods for calculating uncertainty of the estimates. State which sources of uncertainty Appendix p. 5

were, and were not, accounted for in the uncertainty analysis.

14 State how analytic or statistical source code used to generate estimates can be accessed. Available through
GHDx link (upon
publication)

Results and Discussion

15 Provide published estimates in a file format from which data can be efficiently extracted. N/A

16 Report a quantitative measure of the uncertainty of the estimates (e.g. uncertainty intervals). 10-12

17 Interpret results in light of existing evidence. If updating a previous set of estimates, describe the 13-14

reasons for changes in estimates.
18 Discuss limitations of the estimates. Include a discussion of any modelling assumptions or data 15

limitations that affect interpretation of the estimates.
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Supplemental figures

Appendix Figure 1. Distribution of specified and unspecified race/ethnicity in Fatal Encounters, before and
after including imputed race/ethnicity

Proportion of deaths with unknown race/ethnicity, before and after including imputed race/ethnicity values with >
80% imputation probability.
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Appendix Figure 2. Race/ethnicity composition of Fatal Encounters and NVSS, before and after including

imputed race/ethnicity in Fatal Encounters

Proportion of deaths with known race/ethnicity in each race ethnicity group, NVSS vs Fatal Encounters, before and
after including imputed race/ethnicity values with > 80% imputation probability.
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Appendix Figure 3. Normalised deaths in Fatal Encounters and NVSS
Deaths for each data source are normalised to 1 for a common year, making their time trends relative to this year

comparable between data sources.
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Appendix Figure 4. Ratios of mortality rates for all non-zero data points, pre- and post-offset

Each data point represents the ratio of the mortality rates between two data sources for a given state, race, ethnicity,
and year. This ratio can only be calculated and log-transformed for data points where both data sources report non-
zero deaths, so only these ratios are shown. The line of perfect concordance between pre- and post-offset is shown in
blue.
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Appendix Figure 5. Distributions of ratios of mortality rates, pre- and post-offset

Each data point represents the ratio of the mortality rates between two data sources for a given state, race, ethnicity,
and year.
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Appendix Figure 6. Police violence and incarceration rates per 100,000 by state, race, ethnicity, and year,
1980-2018

Each data point is a state/race/ethnicity/year, with only state-years with a population of 700,000 or greater included
to avoid the stochastic effects. Police violence rates come from our modelled estimate, while the incarceration rates
were extracted from the National Prisoner Statistics database collected by the US Bureau of Justice Statistics. Only
prisoners incarcerated in long-term confinement under state jurisdiction are included in these rates. Prisoners
incarcerated under federal jurisdiction and prisoners held in local jails not under state jurisdiction are not included.
The line is the linear regression of police violence rate on incarceration rate and the shaded area is the 95%
uncertainty interval of the regression.
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Appendix Figure 7: Methods for the estimation of police violence in the USA by state, race, and ethnicity,
1980-2019
The network meta-regression is represented in a network graph, where each data source is a node and each

connection represents the type of comparison and number of years of data that inform that comparison. The
inclusion of indirect comparisons adds 25 additional years of comparisons to the model.
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Supplemental Tables
Appendix Table 1. Percent of deaths missing ethnicity in NVSS by state and year, 1980-1999

Percent of deaths missing Hispanic ethnicity by state-year in NVSS from 1980-1999, including deaths due to all
causes (not limited to police violence).
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Appendix Table 2. Legal intervention ICD 10 codes used to identify police violence in NVSS

Six-digit ICD codes for legal intervention show the identity of the person injured (police or civilian), but in practice
codes with this level of detail are not used by NVSS.

Y35 Legal intervention
Y35.0 Legal intervention involving firearm discharge
Y35.00 Legal intervention involving unspecified firearm discharge

Y35.001 | Legal intervention involving unspecified firearm discharge, law enforcement official injured,
sequela

Y35.002 | Legal intervention involving unspecified firearm discharge, bystander injured, sequela
Y35.003 | Legal intervention involving unspecified firearm discharge, suspect injured, sequela

Y35.01 Legal intervention involving injury by machine gun

Y35.011 | Legal intervention involving injury by machine gun, law enforcement official injured, sequela

Y35.012 | Legal intervention involving injury by machine gun, bystander injured, sequela

Y35.013 | Legal intervention involving injury by machine gun, suspect injured, sequela

Y35.02 Legal intervention involving injury by handgun

Y35.021 | Legal intervention involving injury by handgun, law enforcement official injured, sequela
Y35.022 | Legal intervention involving injury by handgun, bystander injured, sequela

Y35.023 | Legal intervention involving injury by handgun, suspect injured, sequela
Y35.03 Legal intervention involving injury by rifle pellet

Y35.031 | Legal intervention involving injury by rifle pellet, law enforcement official injured, sequela
Y35.032 | Legal intervention involving injury by rifle pellet, bystander injured, sequela

Y35.033 | Legal intervention involving injury by rifle pellet, suspect injured, sequela

Y35.04 Legal intervention involving injury by rubber bullet

Y35.041 | Legal intervention involving injury by rubber bullet, law enforcement official injured, sequela
Y35.042 | Legal intervention involving injury by rubber bullet, bystander injured, sequela

Y35.043 | Legal intervention involving injury by rubber bullet, suspect injured, sequela

Y35.09 Legal intervention involving other firearm discharge

Y35.091 | Legal intervention involving other firearm discharge, law enforcement official injured, sequela
Y35.092 | Legal intervention involving other firearm discharge, bystander injured, sequela

Y35.093 | Legal intervention involving other firearm discharge, suspect injured, sequela

Y35.1 Legal intervention involving explosives

Y35.10 Legal intervention involving unspecified explosives

Y35.101 | Legal intervention involving unspecified explosives, law enforcement official injured, sequela
Y35.102 | Legal intervention involving unspecified explosives, bystander injured, sequela

Y35.103 | Legal intervention involving unspecified explosives, suspect injured, sequela

Y35.11 Legal intervention involving injury by dynamite

Y35.111 | Legal intervention involving injury by dynamite, law enforcement official injured, sequela
Y35.112 | Legal intervention involving injury by dynamite, bystander injured, sequela

Y35.113 | Legal intervention involving injury by dynamite, suspect injured, sequela

Y35.12 Legal intervention involving injury by explosive shell

Y35.121 | Legal intervention involving injury by explosive shell, law enforcement official injured, sequela
Y35.122 | Legal intervention involving injury by explosive shell, bystander injured, sequela

Y35.123 | Legal intervention involving injury by explosive shell, suspect injured, sequela

Y35.19 Legal intervention involving other explosives

Y35.191 | Legal intervention involving other explosives, law enforcement official injured, sequela
Y35.192 | Legal intervention involving other explosives, bystander injured, sequela

Y35.193 | Legal intervention involving other explosives, suspect injured, sequela
Y35.2 Legal intervention involving gas
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Y35.20 Legal intervention involving unspecified gas

Y35.201 | Legal intervention involving unspecified gas, law enforcement official injured, sequela
Y35.202 | Legal intervention involving unspecified gas, bystander injured, sequela

Y35.203 | Legal intervention involving unspecified gas, suspect injured, sequela

Y35.21 Legal intervention involving injury by tear gas

Y35.211 | Legal intervention involving injury by tear gas, law enforcement official injured, sequela
Y35.212 | Legal intervention involving injury by tear gas, bystander injured, sequela

Y35.213 | Legal intervention involving injury by tear gas, suspect injured, sequela

Y35.29 Legal intervention involving other gas

Y35.291 | Legal intervention involving other gas, law enforcement official injured, sequela

Y35.292 | Legal intervention involving other gas, bystander injured, sequela

Y35.293 | Legal intervention involving other gas, suspect injured, sequela

Y353 Legal intervention involving blunt objects

Y35.30 Legal intervention involving unspecified blunt objects

Y35.301 | Legal intervention involving unspecified blunt objects, law enforcement official injured, sequela
Y35.302 | Legal intervention involving unspecified blunt objects, bystander injured, sequela
Y35.303 | Legal intervention involving unspecified blunt objects, suspect injured, sequela

Y35.31 Legal intervention involving baton

Y35.311 | Legal intervention involving baton, law enforcement official injured, sequela

Y35.312 | Legal intervention involving baton, bystander injured, sequela

Y35.313 | Legal intervention involving baton, suspect injured, sequela

Y35.39 Legal intervention involving other blunt objects

Y35.391 | Legal intervention involving other blunt objects, law enforcement official injured, sequela
Y35.392 | Legal intervention involving other blunt objects, bystander injured, sequela

Y35.393 | Legal intervention involving other blunt objects, suspect injured, sequela

Y35.4 Legal intervention involving sharp objects

Y35.40 Legal intervention involving unspecified sharp objects

Y35.401 | Legal intervention involving unspecified sharp objects, law enforcement official injured, sequela
Y35.402 | Legal intervention involving unspecified sharp objects, bystander injured, sequela
Y35.403 | Legal intervention involving unspecified sharp objects, suspect injured, sequela

Y35.41 Legal intervention involving bayonet

Y35.411 | Legal intervention involving bayonet, law enforcement official injured, sequela

Y35.412 | Legal intervention involving bayonet, bystander injured, sequela

Y35.413 | Legal intervention involving bayonet, suspect injured, sequela

Y35.49 Legal intervention involving other sharp objects

Y35.491 | Legal intervention involving other sharp objects, law enforcement official injured, sequela
Y35.492 | Legal intervention involving other sharp objects, bystander injured, sequela

Y35.493 | Legal intervention involving other sharp objects, suspect injured, sequela

Y35.6 Legal intervention involving other specified means

Y35.7 Legal intervention, means unspecified

Y35.8 Legal intervention involving other specified means

Y35.81 Legal intervention involving manhandling

Y35.811 | Legal intervention involving manhandling, law enforcement official injured, sequela
Y35.812 | Legal intervention involving manhandling, bystander injured, sequela

Y35.813 | Legal intervention involving manhandling, suspect injured, sequela

Y35.89 Legal intervention involving other specified means

Y35.891 | Legal intervention involving other specified means, law enforcement official injured, sequela
Y35.892 | Legal intervention involving other specified means, bystander injured, sequela
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Y35.893 | Legal intervention involving other specified means, suspect injured, sequela

Y359 Legal intervention, means unspecified

Y35.91 Legal intervention, means unspecified, law enforcement official injured, sequela

Y35.92 Legal intervention, means unspecified, bystander injured, sequela

Y35.93 Legal intervention, means unspecified, suspect injured, sequela

Y89.0 Sequelae of legal intervention

Appendix Table 3. Legal intervention ICD 9 codes used to identify police violence in NVSS

E970 Injury due to legal intervention by firearms

E971 Injury due to legal intervention by explosives

E972 Injury due to legal intervention by gas

E973 Injury due to legal intervention by blunt object

E974 Injury due to legal intervention by cutting and piercing instrument
E975 Injury due to legal intervention by other specified means

E976 Injury due to legal intervention by unspecified means

E977 Late effects of injuries due to legal intervention
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Appendix Table 4. Race/ethnicity group standardisation across data sources

All race/ethnicities categories reported in each data source and the standardised group to which we mapped it.

Data source

Race/ethnicity category

Standardised group

in source Primary analysis Secondary analysis
Fatal Encounters European- Non-Hispanic white Non-Hispanic white
American/White
African-American/Black | Non-Hispanic Black Non-Hispanic Black
Hispanic/Latino Hispanic of any race Hispanic of any race

Native American/Alaskan

Non-Hispanic of other race

Non-Hispanic Indigenous

Asian/Pacific Islander

Non-Hispanic of other race

Non-Hispanic of other
race

Middle Eastern Non-Hispanic of other race Non-Hispanic of other
race
Mapping Police White Non-Hispanic white Non-Hispanic white
Violence Black Non-Hispanic Black Non-Hispanic Black
Hispanic Hispanic of any race Hispanic of any race
Pacific Islander Non-Hispanic of other race Non-Hispanic of other
race
Asian Non-Hispanic of other race Non-Hispanic of other
race
Native American Non-Hispanic of other race Non-Hispanic Indigenous
The Counted White Non-Hispanic white Non-Hispanic white
Black Non-Hispanic Black Non-Hispanic Black
Hispanic/Latino Hispanic of any race Hispanic of any race
Native American Non-Hispanic of other race Non-Hispanic Indigenous
Asian/Pacific Islander Non-Hispanic of other race Non-Hispanic of other
race
Arab-American Non-Hispanic of other race Non-Hispanic of other
race
Other Non-Hispanic of other race Non-Hispanic of other
race
NVSS race groups — | Other Asian or Pacific Non-Hispanic of other race Non-Hispanic of other
standardised group | Islander race
is overridden to White Non-Hispanic white Non-Hispanic white
Hispanic of any Black Non-Hispanic Black Non-Hispanic Black
race when these American Indian incl. Non-Hispanic of other race Non-Hispanic Indigenous
appear with a Aleuts & Eskimos
Hispanic ethnicity Chinese Non-Hispanic of other race Non-Hispanic of other
race
Japanese Non-Hispanic of other race Non-Hispanic of other

race

Hawaiian incl. Part-
Hawaiian

Non-Hispanic of other race

Non-Hispanic of other
race

All other races

Non-Hispanic of other race

Non-Hispanic of other
race

Filipino Non-Hispanic of other race Non-Hispanic of other
race

Other Races Non-Hispanic of other race Non-Hispanic of other
race

Guamanian Non-Hispanic of other race Non-Hispanic of other

race
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Asian Indian

Non-Hispanic of other race

Non-Hispanic of other
race

Korean Non-Hispanic of other race Non-Hispanic of other
race

Samoan Non-Hispanic of other race Non-Hispanic of other
race

Vietnamese Non-Hispanic of other race Non-Hispanic of other

race

American Indian or

Non-Hispanic of other race

Non-Hispanic Indigenous

Alaskan Native (AIAN)

Hawaiian Non-Hispanic of other race Non-Hispanic of other
race

Other or Multiple Asian Non-Hispanic of other race Non-Hispanic of other

race

Other or Multiple Pacific
Islander

Non-Hispanic of other race

Non-Hispanic of other
race

Specific Multiple Race
Combinations

Non-Hispanic of other race

Non-Hispanic of other
race

NVSS ethnicities —
standardised group
is determined by
race when not

Non-Spanish

Non-Hispanic

Non-Hispanic

Hispanic

Mexican Hispanic of any race Hispanic of any race
Puerto Rican Hispanic of any race Hispanic of any race
Cuban Hispanic of any race Hispanic of any race
Central or South Hispanic of any race Hispanic of any race
American

Other or unknown Hispanic of any race Hispanic of any race
Spanish

Other European, African,
and Asian ethnicities

Non-Hispanic

Non-Hispanic

Other or unknown
Hispanic

Hispanic of any race

Hispanic of any race

Non-Hispanic white

Non-Hispanic

Non-Hispanic

Non-Hispanic Black

Non-Hispanic

Non-Hispanic

Non-Hispanic other races

Non-Hispanic

Non-Hispanic
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Appendix Table S. Causes of death in Fatal Encounters, 2005-2019

Vehicle, medical emergency, drug overdose, undetermined, and other were excluded from analysis.

Cause of death Deaths Percentage of deaths

Gunshot 16046 71.4%
Vehicle* 4468 19.9%
Tasered 826 3.7%
Medical emergency* 310 1.4%
Asphyxiated/restrained 182 0.8%
Drug overdose* 146 0.7%
Drowned 125 0.6%
Beaten/bludgeoned with instrument 119 0.5%
Undetermined* 73 0.3%
Fell from a height 56 0.2%
Stabbed 33 0.1%
Other* 28 0.1%
Chemical agent/pepper spray 26 0.1%
Burned/smoke inhalation 22 0.1%
Total 22460 100.0%

*Excluded from analysis

Appendix Table 6. Spatial-temporal Gaussian process regression parameters

Hyper-parameters of ST-GPR used to produce final estimates of police violence mortality in the USA by state, race,
and ethnicity.

Parameter Value
A (time adjustment) 04

w (age adjustment) 1.0

{ (space adjustment) 0.001
[ (temporal length scale) 5

v (degree of differentiability) 2
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Appendix Table 7. Candidate covariates for covariate selection in network meta-regression

Candidate covariates for covariate selection
Each covariate is listed with the source for the covariate and our justification for including this covariate in our

covariate selection process.

Covariate

Source

Reasoning for testing

Completeness of NVSS

Percent garbage coding in NVSS

Percent well-certified of NVSS

Global Burden of Disease!”

Standard metrics related to the
quality of vital statistics reporting

Drug overdose mortality rate

Suicide mortality rate

Homicide mortality rate

Global Burden of Disease!’

Causes of death commonly
investigated by medical
examiners and coroners

Lag distributed income (LDI) per
capita by U.S. state

Lag distributed income (LDI) per
capita by U.S. state, race, and ethnicity

Lag distributed income (LDI) per
capita by U.S. state for Non-Hispanic
Black people

Global Burden of Disease?**°

Feldman et al found that county
income quintile was correlated
with underreporting of police
violence in NVSS*!

Percent of police violence deaths in NVSS Feldman et al found that firearm

NVSS through the mechanism of vs non-firearm mechanism was

firearms correlated with underreporting of
police violence in NVSS*!

State N/A Death investigation systems are
legislated and managed
differently within each state,
leading to different outcomes in
data collection and reporting

Race/ethnicity group N/A Longstanding, documented

systemic racism in the USA
criminal justice system
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