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ABSTRACT
Research has shown that police officer involved shootings, miscon-
duct and excessive use of force complaints exhibit network effects,
where officers are at greater risk of being involved in these incidents
when they socialize with officers who have a history of use of force
and misconduct. In this work, we first construct a network survival
model for the time-to-event of use of force incidents involving new
police trainees. The model includes network effects of the diffusion
of risk from field training officer (FTO) to trainee.We then introduce
a network rewiring algorithm to maximize the expected time to use
of force events upon completion of field training. We study several
versions of the algorithm, including constraints that encourage
demographic diversity of FTOs. Using data from Indianapolis, we
show that rewiring the network can increase the expected time (in
days) of a recruit’s first use of force incident by 8%. We then discuss
the potential benefits and challenges associated with implementing
such an algorithm in practice.
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1 INTRODUCTION
In the wake of George Floyd’s murder on May 25, 2020 at the
hands of Minneapolis police officer Derek Chauvin, large protests
across the United States called for police to be reformed, defunded,
or abolished. The officer ultimately convicted of second degree
murder had 18 prior conduct complaints, 2 of which resulted in
reprimands [22]. Furthermore, 3 other officers (two of whom were
trainees) were present and did not intervene when George Floyd
said “I can’t breathe" [20]. At the time of writing the present article
in January 2023, police excessive use of force remains a significant
problem in the U.S.; on January 7, 2023, Tyre Nicols was killed by
five police officers in Memphis, TN during a traffic stop, where
video shows that he did not fight back [9]. While sweeping changes
are needed to address systemic racial biases in the criminal justice
system, from traffic stops to incarceration, an immediate reform
that may be achievable in the short term is improving officer risk
assessments and interventions.

Recent research has shown that officers with negative marks on
their record (complaints, firearm discharges, etc.) are 3 times more
likely to shoot in the line of duty [23]. Other research has shown
that officer shootings, misconduct and excessive use of force exhibit
network effects, where officers are at greater risk of being involved
in these incidents when they socialize with officers who have a
history of misconduct and complaints [21, 27, 32]. Given that use
of force and misconduct behavior appear to be transmissible across
police networks, this leads to the question: can police networks be
altered to reduce use of force and misconduct events?

In the present article we attempt to take a small step towards
answering this question. We analyze field training data from Indi-
anapolis, Indiana where new recruits have been paired with field
training officers (FTO). We first build a survival model for the time
to the first use of force incident of a new police officer after field
training, where the survival model includes covariates on both indi-
vidual level characteristics of the officer and FTO characteristics to
capture network effects (such as use of force history of the FTO). We
then apply a simulated annealing algorithm to the fitted survival
model, to rewire the network in order to maximize the average
time-to-event of use of force across the network. Comparing the
results of the optimized network to the network used by IMPD
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from 2018 to 2021, we find that our rewiring algorithm increases
the forecasted (average) time to use of force events by 8%.

The outline of the paper is as follows. In Section 2, we discuss
related work on network intervention algorithms, survival mod-
eling, and studies that investigate the impacts of field training on
use of force. In Section 3, we discuss the field training process and
data used in our study from the Indianapolis Metropolitan Police
Department (IMPD). In Section 4, we construct a network survival
model for the time to use of force events and then introduce a
novel simulated annealing algorithm for optimizing the network.
In Section 5, we discuss results from several experiments where
our model was applied to IMPD data. In Section 6, we discuss the
potential benefits and challenges associated with implementing
police network rewiring algorithms in practice.

2 RELATEDWORK
Network interventions may target individual or groups of nodes,
encourage or discourage certain peer-to-peer interactions to change
information/behavioral diffusion, or alter the network through
node deletion or rewiring [26]. Node-level interventions can be
used for a wide range of tasks, from influence maximization [2]
to determining optimal immunization strategies [31]. Simple and
complex contagions can also be controlled though edge removal or
deletion [10, 11]. Networks can bemodified to optimize key network
statistics like group centrality [19] or reinforced to make themmore
resilient during disasters [30]. Rewiring the entire network is a
less studied problem compared to node/edge removal algorithms,
as one typically does not have control over the entire network.
However, in some situations this is possible, for example network
rewiring has been applied to what-to-watch-next recommendations
[4]. More recently, network rewiring has been studied in the context
of adversarial attacks on graph neural networks [15].

Survival analysis has been applied in a number of data mining
contexts. In [12], a survival model was applied to forecast time-
to-talent turnover events and career progression. In [14], survival
analysis was applied to Reddit posts to predict transitions to and
from drug addiction. Survival analysis has also been applied in
the context of information diffusion on networks, for example to
evaluate the rate of adoption of public health interventions [29].

Several past studies have examined the direct impacts of training
on officer use of force or misconduct. In [13], the authors examine
the effect of supervisor education and training on police use of
force practices and, in [5], the relationship between police field
training officers (FTOs) and their trainees’ subsequent allegations
of misconduct were investigated. To date no studies have consid-
ered the problem of altering the FTO-trainee network to reduce
forecasted use of force.

The contribution of the present paper is two-fold. 1) To our
knowledge there is no existing work that considers optimizing
survival models on networks through rewiring. The algorithm we
introduce here fills in this gap and applies to a variety of time-to-
event problems on networks where the goal is to rewire the network
to either increase or decrease the expected time-to-event. 2) Our
model is applied to the important problem of reducing the risk of
use of force by rewiring police social networks. We study a novel
police training social network dataset, and propose an algorithm
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Figure 1: Number of failed and right-censored officers in the
different risk sets (during training, 6 months and 12 months
after training). Here failure time is the time of occurrence of
a use of force incident.

for rewiring such a network early in the career of officers, when
such an intervention may be most effective.

3 POLICE FIELD TRAINING DATA
Field training is formalized, on-the-job instruction for new police
recruits. After being hired, recruits receive training over a several
month period at a training academy, where they are provided with
classroom instruction on criminal justice, human behaviour and
police skills. After graduating from the academy, recruits are paired
with field training officers (FTOs) who serve as mentors, trainers
and evaluators. Field training provides exposure to field problems
and patrol situations, where new police officers can apply classroom
principles to real-life situations [6, 16, 25].

The data in the present study consists of field observations and
use of force incidents for Indianapolis Metropolitan Police Depart-
ment (IMPD). IMPD is the law enforcement agency serving Indi-
anapolis, Indiana and employs approximately 1700 officers. This
research is based on three data sources: field training data collected
from recruit classes during December 2018 to January 2021, officer
use of force incidents, and roster data on all officers who were either
FTOs or trainees during this time period.

We note that use of force can be sub-classified into several cate-
gories: 1) legal, if applied in accordance with the law, 2) excessive,
when an officer uses more force than necessary or legal, and 3)
police brutality, where no actual law enforcement function is occur-
ring and the officer is being abusive. In the present study we focus
on aggregated use of force incidents where we do not distinguish
between these three types of events, in part because few incidents
in the dataset are labeled as excessive.

The training period in Indianapolis is 5 months, followed by a 1
year probationary period. Table 1 summarises officer level attributes
in the dataset. For predicting an officer’s time to their first (or next)
use of force, we separate our analysis into 3 different risk sets–
during training, 6 months after training and 12 months after
training. In the first training period, the forecast is made at day 0
and the observations are collected through the 5 month training
period. In the second period, the forecast is made at the end of the 5
months of training and lasts for 6 months (11 months after the start
of training). In the third period, the forecast of the time to the next
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use of force incident is made at the end of the 5 months of training
and lasts for 12 months (17 months after the start of training).

A key advantage of survival models over traditional regression
models is their ability to effectively handle right-censored data.
Right-censored data refers to observations in which the event of
interest has not yet occurred, such as an officer who has not had an
incident by the end of the observation period. Traditional regression
models assume that all data points are fully observed and cannot
account for the censoring that can occur due to a finite observation
window. Figure 1 depicts the failure-censored group distribution of
the 189 recruits in our study across the three different risk sets.

Table 1: Officer Attributes of IMPD Field Training from Dec
2018 to Jan 2021.

Attribute FTO Trainee

N 240 189
Gender
Male 85% 79.9%
Female 15% 20.1%
Race and ethnicity
White 86.7% 74.6%
Black 10.8% 16.4%
Hispanic and other 2.5% 9.0%

4 METHODOLOGY
In our network survival model, each officer in training is repre-
sented by a feature vector that includes trainee sex, race, assigned
policing district (location), and average evaluation scores during
training. IMPD jurisdiction is divided into north, east, northwest,
southeast, and southwest districts. Due to high correlation, south-
west and southeast were combined into a single grouped location
feature. Field trainees are scored daily by FTOs on categories such
as appearance, attitude, knowledge, and performance on a scale of
1 to 7. These scores were aggregated for each recruit into a training
score feature.

We also included FTO related features for each trainee. Since a
recruit has multiple FTOs throughout their training (and each FTO
has multiple trainees), we formed a weighted average feature vector
across a trainee’s FTOs that includes sex, race, average FTO use of
force incidents per year and average awards/recognition received
per year. The weighting of the FTO features for each trainee was
proportional to the time spent training under each FTO.

We estimated a variance inflation factor (VIF) [3] and Pearson
correlation coefficient to identify multicollinearity and removed
features with high correlation. Figure 2 displays the correlation
matrix after feature selection which ensures that no two features
are highly correlated.

4.1 Survival modeling of the time to use of force
To model the survival curve of each officer as a function of their
characteristics and the FTO network, we considered two popular
methods: Cox proportional hazards and random survival forests.
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Figure 2: Correlation matrix after removing features with
high correlation.

Cox Regression
The Cox proportional hazards model, also known as a Cox regres-
sion, is a semi-parametric model that estimates the relative risk of
failure (or hazard) for different groups of individuals based on a
set of covariates. Here time 𝑡 is the time in days since the start of
training for each trainee, and failure time is the time of occurrence
of a use of force incident involving the trainee.

Let 𝒁 ( 𝒊) ∈ R𝑑 be a covariate vector for officer 𝑖 , the hazard for
officer 𝑖 is,

𝜆𝑖 (𝑡) = 𝜆0 (𝑡) exp{𝜷⊺𝒁 ( 𝒊) }
and the corresponding survival function is,

𝑆𝑖 (𝑡) = 𝑆0 (𝑡)exp{𝜷
⊺𝒁 (𝒊) }

where 𝜷 ∈ R𝑑 is a vector of trainable parameters. The data for the
model is denoted as 𝐷𝑠𝑢𝑟𝑣 = {(𝑦𝑖 , 𝛿𝑖 ,𝒁 (𝑖 ) ) : 𝑖 = 1, 2..., 𝑛}, where 𝑦𝑖
is the minimum of the censoring time 𝐶𝑖 (end of observation time)
and survival time 𝑇𝑖 , and

𝛿𝑖 =

{
1 𝑖 𝑓 𝑇𝑖 = 𝑦𝑖

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
.

In the above equation, 𝛿𝑖 denotes whether or not an instance is
censored.

We train 𝜷 by maximizing the partial likelihood (under an iid
assumption),

𝐿(𝜷 |𝐷𝑠𝑢𝑟𝑣) =
𝑛∏
𝑖=1

[
𝜆0 (𝑡) exp{𝜷⊺𝒁 ( 𝒊) }∑

𝑗∈Ψ(𝑦𝑖 ) 𝜆0 (𝑡) exp{𝜷⊺𝒁 (𝒋) }

]𝛿𝑖
where Ψ(𝑡) = {𝑖 : 𝑦𝑖 > 𝑡} is the subset of officers who “survive" (no
use of force incident) past time 𝑡 .
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Random Survival Forest (RSF)
Whereas Cox regression is a parametric, log-linear survival model,
random survival forests (RSF) are a non-linear, non-parametric
approach for analyzing survival data [8]. RSF is a tree-based algo-
rithm that aggregates an ensemble of decision trees, where each
tree is trained on a random subset of the data. The final prediction
is made by averaging the predictions over the ensemble of trees.
The general algorithm is as follows:

(1) Draw B bootstrap samples.
(2) Grow a survival tree for each bootstrap sample. At each

node select a subset of predictor variables. Among all binary
splits across the predictor variables randomly selected at
the node, find the best split determined by the maximum
survival difference between daughter nodes. Repeat until
stopping criteria is met (for example once each node has
only 𝑘 observations).

(3) Aggregate information from terminal nodes (nodes for which
there are no further splits) and calculate a cumulative hazard
function (CHF) for each tree. Average the tree CHFs to obtain
the ensemble CHF.

The cumulative hazard function for each terminal nodeℎ is given
by,

𝐻̂ℎ (𝑡) =
∑︁

𝑡𝑙,ℎ<=𝑡

𝑑𝑙,ℎ

𝑌𝑙,ℎ
,

where 𝑇 denotes the set of terminal nodes, 𝑑𝑙,ℎ is the number of
officers with a use of force incident before time 𝑡𝑙,ℎ and 𝑌𝑙,ℎ is the
number of individuals at risk at time 𝑡𝑙,ℎ . Letting 𝒁 (𝑖 ) be the co-
variate vector for officer 𝑖 as above, the cumulative hazard function
for each tree is then given by:

𝐻 (𝑡 |𝒁 (𝑖 ) ) = 𝐻̂ℎ (𝑡), if 𝒁 (𝑖 ) ∈ ℎ.

4.2 A 2-opt annealing algorithm for optimizing
the survival network

Our goal is to rewire the training network to maximize the expected
time to the next use of force incident, averaged over all trainees in
the network. While we cannot change individual level characteris-
tics of the officers in training, we can rearrange the FTOs and hence
change the network features of each trainee. For example, suppose
trainee A has 2 FTOs, C and D, both of whom have a low number
of use of force incidents in their histories. Trainee B, on the other
hand, has 2 FTOs, E and F, who have a high number of use of force
incidents in their histories. Our hypothesis is that by switching C
and E, we can improve the expected time of the next use of force
incident for trainee B, while also improving the average expected
time across A and B. At the same time, we want to maintain the
workloads of FTOs, and we may also want to encourage diversity
of each trainees FTO group. Therefore we consider a cost of the
form,

C = mean survival time (MST) + 𝜆 ∗ FTO diversity fraction,

where the first term is expected time to the next use of force incident,
averaged over all trainees, and the second term is the fraction of
trainees that have at least one FTO who is not a white male (and 𝜆
is a parameter that can control the balance of the two terms).

We then apply 2-opt annealing, where at each iteration we ran-
domly exchange two FTOs between two random recruits. We then
keep the new network configuration with a probability that in-
creases with the improvement of the above cost function (that we
want to maximize). Pseudocode for the annealing heuristic is given
in the Algorithm 1.

Algorithm 1. Survival Network Annealing

1: Initialize network and temperature 𝑇0.
2: Calculate initial cost (average failure time) using random sur-

vival forest, 𝐶0.
3: for 𝑖 ← 1 to 𝑁 do
4: Generate temperature, 𝑇𝑖 = 𝑇𝑖−1

𝑖
5: Exchange FTO between two random recruit nodes
6: Update recruit features
7: Calculate the new cost, 𝐶𝑖
8: Calculate acceptance probability,

𝑃 =

{
1 𝑖 𝑓 𝛿 > 0

𝑒
𝛿
𝑇𝑖 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

where 𝛿 = 𝐶𝑖 - 𝐶𝑖−1
9: if rand() > P then
10: Reject the new network.
11: else
12: Accept the new network.
13: end if
14: end for

To initialize the network before annealing, we consider three
configurations:

(1) Random configuration. As the name suggests, we started
with a random graph with each recruit (trainee) node having
3 random FTOs.

(2) IMPD configuration. In this configuration, we start with
the IMPD FTO-trainee graph from 2018-2021.

(3) Greedy configuration. In this configuration, we greedily
add FTOs to the trainee network to yield the greatest in-
cremental increase in the expected survival time with each
additional FTO.

(4) Removing bad apples. For each of the three above configu-
rations, we also explore the effect of “removing bad apples",
e.g. removing the top 10% of FTOs from the initial network
with the highest number of use of force incidents in their
history.

In our simulations, there are on average 3 FTOs per recruit and 5-7
recruits per FTO. The annealing algorithm typically converged (no
further improvement in the cost) within 35,000 to 100,000 iterations.

5 EXPERIMENTS AND RESULTS
First, we use concordance (c-index) to compare the Cox regression
model with the random survival forest. Table 2 reports the scores
from the Cox regression and random survival forest on a 75%-25%
split of the 189 recruits present in our dataset. Here we find that
the RSF outperforms the Cox regression across the three risk sets.
We also evaluate the survival models by splitting the test data into
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Figure 3: Actual vs Predicted mean failure time for 5 officer cohorts in test-set across during training, after 6 months and after
12 month of training risk sets respectively.

quintiles ranked from low to high based on the average forecasted
time to use of force across each quintile. Figure 3 presents the
actual vs predicted survival time in each group. Due to the superior
performance of the random survival forest, the remainder of our
analyses make use of the RSF.

Table 2: Survival Results Summary. Train/test split of 141
and 48 officers, respectively. C-Index shown for models using
different risk sets. Random survival model performed best
across all risk sets.

Risk Set Training set Cox regression
(c-index)

RSF
(c-index)

During training train 0.65 0.71
test 0.57 0.66

After 6 months train 0.68 0.72
test 0.63 0.65

After 12 months train 0.68 0.72
test 0.64 0.65

In Figure 4, we show the Kaplan-Meier survival curves for officers
in different risk sets, disaggregated by the average number of FTO
use of force incidents. Here we observe a significant change in the
survival probability as FTO use of force history changes. Trainees
tend to have a longer time to their first use of force incident when
their FTOs have fewer use of force incidents in their history. This
result is consistent across training, 6 months and 12 months after
training. The mean time to use of force across the three time periods
is depicted in the Figure 5.

In Table 3, we show the feature importance along with uncer-
tainty estimates for each feature defined in our model. Here we
observe that FTOweighted use of force cases per year is the variable
with highest score, and this is true across the three risk sets. We
note that the features in Table 3 are the remaining features after
removing co-linear features from the model.

We performed an additional experiment where we include sec-
ond degree trainee-trainee peer effects in the model. Although it
points in the direction of a positive effect, this feature was non-
significant.

Next we investigate the improvement of the average survival
time of the network after applying 2-opt annealing. In Table 4,
we show the starting cost 𝐶0 and final cost 𝐶𝑁 after annealing for
different choices of the initial network, and with or without removal
of the top 10% of FTOs with the highest number of historical use of

Table 3: Random Survival forest Model Summary. Table dis-
plays feature importance score mean along with standard
deviation based on c-index attributed to the features defined
in our model (difference between c-index with and without
feature).

Features Training 6 months 12 months

mean std mean std mean std

Overall scores 0.010 0.006 0.002 0.011 0.005 0.012
FTO weighted male 0.027 0.010 0.007 0.006 0.010 0.007
FTO weighted black 0.008 0.003 -0.004 0.005 -0.002 0.004
FTO weighted cases 0.122 0.024 0.075 0.019 0.074 0.020
FTO weighted awards 0.015 0.004 0.001 0.005 0.003 0.006

location north 0.001 0.001 -0.001 0.005 -0.001 0.002
location east 0.002 0.001 0.007 0.008 0.006 0.006

location northwest 0.002 0.001 -0.001 0.001 0.001 0.001
location southwest 0.000 0.001 0.000 0.000 0.000 0.000

Sex male 0.002 0.002 0.004 0.003 0.006 0.004
Race white 0.000 0.003 0.000 0.001 0.001 0.001

force incidents per year. In the actual IMPD network, the average
forecasted time to the first use of force incident for trainees is 64.912
± 0.763 days. When we optimize the network through annealing
(starting from the IMPD configuration), we improve the average
time-to-event to 66.944 ± 0.763 days. However, by starting from the
greedily constructed initial network, we can improve the average
time to 69.405 ± 0.681 days. By removing the 10% of FTOs with the
highest number of historical use of force incidents, we can improve
the average time further, to 70.410 days after the start of training
(an improvement over the original IMPD network of 8.5%). These
results are consistent across the three time periods we considered.
We also note that a greater improvement is achieved by rewiring
the network, rather than removing the top 10% of FTOs. This is
consistent with recent research that suggests that removing the top
10% of officers in a network (according to risk) may only yield a
4-6% reduction in incidents [1].

Next we investigate the impact of adding the diversity constraint
to the cost function during annealing. In Table 5, we display the
mean survival time after annealing, along with the fraction of
trainees in the network that have at least one non-white FTO. We
observe that the incorporation of a diversity constraint into the
annealing cost function leads to an improvement in the fraction
of trainees with at least one trainer who is not white or male. For
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Figure 4: Kaplan-Meier curve showing survival probability vs days disaggregated by the number of FTO use of force cases per
year (weighted average across FTOs) during training, after 6 months of training and after 12 months of training.
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Figure 5: Mean survival time for officers in different risk set.

Table 4: Starting cost𝐶0 and final cost𝐶𝑁 after annealing for
different choices of the initial network and with or without
removal of the top 10% of FTOs with the highest number of
incidents.

Risk Set Network Method 𝐶0 𝐶𝑁

Training

Random Standard 62.684 ± 0.189 67.523 ± 0.626
Removing 10% 63.356 ± 0.304 66.907 ± 0.588

Greedy Standard 65.840 ± 0.437 69.405 ± 0.681
Removing 10% 66.316 ± 0.546 70.410 ± 0.726

IMPD Standard 64.912 ± 0.585 66.944 ± 0.763
Removing 10% 65.049 ± 0.602 67.637± 0.763

6 months

Random Standard 90.493 ± 0.467 95.510 ± 0.844
Removing 10% 91.456 ± 0.542 96.056 ± 0.791

Greedy Standard 93.577 ± 0.625 97.712 ± 0.945
Removing 10% 94.081 ± 0.580 98.571 ± 0.944

IMPD Standard 92.619 ± 0.838 96.036 ± 1.098
Removing 10% 92.772 ± 0.789 96.496 ± 1.015

12 months

Random Standard 129.917 ± 0.781 141.931 ± 1.690
Removing 10% 130.166 ± 0.816 139.479 ± 1.638

Greedy Standard 136.297 ± 1.459 147.454 ± 2.086
Removing 10% 136.808 ± 1.318 148.328 ± 2.106

IMPD Standard 134.970 ± 1.834 142.959 ± 2.381
Removing 10% 135.241 ± 1.661 143.880 ± 2.403

example, in the original IMPD network, 74.6% of trainees have a
diverse set of FTOs (as measured by the diversity constraint). Af-
ter annealing, this fraction goes up to 98.9% (𝜆 = 0.1) and 100%

(𝜆 = 0.5). Thus each officer in training can be assigned a diverse set
of FTOs in the rewired network, while still maximizing the average
forecasted survival time.

In Figure 6, we investigate how the survival time depends on
the number of historical FTO cases. We consider the existing IMPD
network and vary the average number of FTO cases per year within
the range of 0 to 10. We observe a significant decline in the mean
survival time of the network, followed by a plateau once the number
of FTO incidents per year reaches 4. This is consistent across the
three risk sets.

In Figure 7, we show a subgraph of the larger network for 10
recruits before and after annealing. Initially, on the left, the recruits
have shorter expected time-to-event, depicted by the smaller node
sizes, and the assigned FTOs have a greater number of use of force
incidents (indicated by larger FTO nodes). After annealing, on the
right, the same recruits are reassigned to different FTOs with fewer
use of force incidents in their histories, leading to an increase in
the expected time to use of force (reflected in the larger node size).

Finally, we investigate how network rewiring shifts the distri-
bution of time to use of force in Figure 8. We divide recruits into 5
categories based on their expected time to event, e.g. the groups are
sorted from highest risk to lowest risk. After annealing, we see that
the number of officers in the highest-risk category is significantly
reduced, especially for the training time period, whereas we see the
greatest increase is in the lowest-risk category (which changes from
9% of recruits to 37% after annealing). Similar patterns are observed
after 6 and 12 months. For example, after 12 months the highest
risk category goes from having 21% of recruits to 12%, whereas the
lowest risk category goes from having 10% of officers to 35%.

6 DISCUSSION
We analyzed a novel dataset from the Indianapolis Metropolitan
Police Department on officer field training, subsequent use of force,
and the role of network effects from field training officers. We
developed a network survival model for the expected time to use
of force incidents of police trainees. The model includes individual
characteristics of the trainees, as well as network features such as
FTO use of force history. We showed that FTO use of force history
is the best predictor of trainee time to use of force in the survival
model, and that the forecasted average time to use of force across
the network can be increased by 8% through rewiring.
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Table 5: Annealing results with diversity constraint added to the cost for several choice of lambda. The initial configuration is
the IMPD network.

Risk set Method 𝜆 = 0.01 𝜆 = 0.1 𝜆 = 0.3 𝜆 = 0.5 𝜆 = 0.8

Initial
frac

Final
frac

Final
MST

Initial
frac

Final
frac

Final
MST

Initial
frac

Final
frac

Final
MST

Initial
frac

Final
frac

Final
MST

Initial
frac

Final
frac

Final
MST

Training Standard 0.746 0.979 68.226 0.746 0.989 68.08 0.746 0.995 68.05 0.746 1 67.52 0.746 1 67.596
Removing 10% 0.73 0.984 68.867 0.73 0.974 69.376 0.73 0.979 68.894 0.73 0.968 69.176 0.73 0.989 68.497

6 months Standard 0.746 0.974 97.355 0.746 0.989 96.888 0.746 0.979 96.838 0.746 1 96.314 0.746 1 96.451
Removing 10% 0.73 0.979 97.979 0.73 0.979 98.148 0.73 0.968 98.069 0.73 0.984 97.748 0.73 0.968 98.265

12 months Standard 0.746 0.968 146.37 0.746 0.963 146.731 0.746 0.934 146.407 0.746 1 143.795 0.746 1 143.653
Removing 10% 0.73 0.974 148.31 0.73 0.958 149.003 0.73 0.974 148.252 0.73 0.963 150.088 0.73 0.963 149.006
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Figure 6: Non-linear effect of FTO use of force on expected survival time of IMPD network.

Explanations of police brutality are broadly classified into two
theories – “bad apples” and “bad institutions”. “Bad apple” theories
posit that misconduct is caused by individual factors such as an
officer’s age, race, gender, education, and experience. It is believed
that these factors lead to deviant behavior among a small group of
officers. On the other hand, the “bad institutions" theory focuses
on the organizational factors of a department, such as its culture,
hiring practices, and historical context. This approach argues that
misconduct is a result of systemic biases within the department
[7, 17, 27].

Our approach to rewiring training networks in the present study
is grounded in both organizational and individual-level theories.
Removing highest risk FTOs or changing individual characteristics
of recruits can increase the expected time to use of force; however,
considering the network of the entire organization leads to even
greater gains. We caution here that gains achievable by network
rewiring are likely to be small if applied on their own. We view
algorithmic rewiring as an intervention that should compliment
other changes to policing in the U.S., such as procedural justice
training [28], requiring body worn cameras, prohibiting practices
such as chokeholds and no-knock warrants, and reforming qualified
immunity. Some of these changes have been proposed in H.R. 1280,
the George Floyd Justice in Policing Act.

There are several limitations of the present study. Our results
show that the average forecasted time to use of force can be in-
creased in a network survival model fit to historical data. While
we have attempted to control for shared environment confounding
through the use of spatial covariates (representing the assigned

district), in general network contagion estimated through regres-
sion models is confounded by environment and/or homophily [24].
For example, trainees with a propensity for use of force may have
personality characteristics that lead them to being paired with sim-
ilar FTOs. Field experiments are needed to demonstrate that the
potential gains we observed in our simulations are realizable in
actual field training networks. Another interesting line of future
research would be to apply network rewiring algorithms to officer
networks beyond field training, for example daily patrol pairings
and calls for backup. The latter presents mathematical challenges
that would need to be overcome, for example how to balance opti-
mizing use of force risk while minimizing call response time. We
also note that alternatives to the survival forest may yield more
accurate risk assessments. For example, a graph convolution neural
network may be better able to learn features related to contagion
across higher degree connections. Furthermore, adding more gran-
ular time based features would also be a good direction for future
research. While the 2-opt heuristic used to solve the present non-
linear integer programming problem empirically converged to a
local minimum, future research should concentrate on analyzing
the convergence of algorithms for officer pairings and designing
efficient algorithms that can scale to larger networks.

Another challenge is the absence of comprehensive national
and state level data on use of force. U.S. police departments are
decentralized, and they collect and store data in a variety of formats
through a wide range of commercial vendors. Further research is
needed to determine what elements of the present study are gen-
eralizable to other departments, and what aspects are department
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Figure 7: Network subgraph of 10 recruits depicting the change in failure time before and after annealing. The yellow nodes in
this representation depict recruit officers, while the lavender nodes represent field training officers. The size of the yellow
nodes shows the cost category of failure time, with larger nodes indicating a higher failure time and smaller nodes indicating a
lower failure time. The size of the lavender nodes, on the other hand, depicts the average number of use of force incidents, with
larger nodes indicating a higher number of incidents and smaller nodes indicating a lower number. Yellow nodes getting bigger
in the final subgraph after annealing suggests an increase in failure time after being rewired with smaller lavender nodes.

specific. Moving forward, it will be crucial for agencies to collect
and make publicly available comprehensive, accurate data on police
use of force, and for researchers to have access to this data to study
and understand its impact [18].
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