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Abstract

We present a fully Bayesian spatiotemporal model for count data, which we use
to forecast crime, in space and time, up to 12 weeks into the future. Our model fits a
latent, smoothly varying relative risk surface using a Gaussian Process formulation.
This relative risk surface is used as the mean in a Poisson likelihood for the observed
weekly counts of crime by neighborhood. We use this model to assess the sepa-
rate contributions of purely spatial and purely temporal predictors to our model’s
fit and forecast accuracy. We also consider the inclusion of a space/time interac-
tion term. Our model is fully probabilistic, explicitly allowing us to characterize the
uncertainty in all of our parameters, estimates, and forecasts. The main competi-
tors for our method are univariate time series methods and heat maps (kernel-based
intensity smoothing). As compared to time series methods, we model spatial depen-
dence and variation through our relative risk surface. As compared to heat maps,
our model enables temporal forecasts, with uncertainty intervals. We show that our
model outperforms current methods. While we focus on the problem of forecasting,
our model is equally suited to the problem of statistical inference and longer time
periods; it could be used to answer questions like, how much did crime drop over
the last decade in a city, and was this drop uniformly felt across all neighborhoods?
Is there spatial or temporal variation in the amount of variance in crime rates? We
conclude by discussing some practical approaches to speeding up inference with
Gaussian Processes in moderately sized datasets.
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1 Introduction

The last two decades has seen the collection and availability of large spatially and time-referenced
crime datasets, and as a result researchers have focused on the possibility of short-term forecast-
ing of crime [16]. The most widely used method in this area is to assume that “hot spots” (found
with kernel intensity estimation) will persist in the short-term [11]. Other methods include ex-
trapolating forecasts from univariate time series analysis [16], leading indicators models [6]], and
combinations, such as risk terrain modeling, in which kernel intensity estimates for various types
of crime are combined [S)]. Through commercial vendors and popular software packages, these
models are being used in practice.

In the last few years, sophisticated modern spatiotemporal statistical models have been pro-
posed for crime events [1} [18} [23]]. While each of these methods was subjected to a small-scale
evaluation on the problem for which it was designed, we are not aware of any larger evaluations
or comparisons of these new methods to existing, deployed methods. This gap in the literature
means not only that we do not know how promising these methods are, but also that there is little
guidance for statisticians and computer scientists in developing new methods.

In this work, we draw on the geostatistical disease mapping literature to propose a new flexi-
ble framework based on Gaussian Processes for the modeling and short-term forecasting of crime
in space and time with three goals in mind:

e Forecasting and evaluation: provide a formal statistical framework, fully characterizing
uncertainty through forecast intervals, to allow comparisons with existing methods

e Spatial focus: produce visually interpretable heat maps forecasting crime intensity at a fine
grained spatial and temporal resolution in the future

e Temporal focus: provide a modeling framework which is equally suited to long-term
macro-level research on crime rates over time and short-term forecasting

In addition, our model is meant to be flexible and data-driven; it does not incorporate criminolog-
ical theory on crime dynamics, rather focusing on the statistical problem of accurately modeling
and forecasting crime counts in space and time. Thus, we argue that it is a reasonable start-
ing point for evaluating future models which do incorporate crime dynamics or other sources of
data. Our model is quite general and could be used to model the intensity of other spatiotemporal
datasets.

Our model fits a latent, smoothly varying relative risk surface using a Gaussian Process for-
mulation. This relative risk surface is used as the mean in a Poisson likelihood for the observed
weekly counts of crime by neighborhood. We use this model to assess the separate contributions
of purely spatial and purely temporal predictors to our model’s fit and forecast accuracy. We also
consider the inclusion of a space/time interaction term. Our model is fully probabilistic, explic-
itly allowing us to characterize the uncertainty in all of our parameters, estimates, and forecasts.
Our model outperforms existing univariate time series and heat map-based methods.



2 Background

2.1 Kernel Intensity Estimation (Heat Maps)

Given the coordinates of the locations of crime incidents [2] treated as a point pattern, smooth-
ing kernels can be used to estimate a spatially varying intensity. The technique is very similar
to kernel density estimation, except that instead of an estimate of the density (which must be
normalized), the estimate is of the (unnormalized) intensity—the number of crimes per square

mile. Given points in space {s, ..., s,} the intensity function is defined as:
. E(Y(ds))
Als) = him =

where Y(ds) counts the number of points in a small region ds around s [[12]]. Given a smoothing
kernel k(r) and a bandwidth 4, an estimate of the intensity function is:

ACs) = Z %k(llszsill)
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Kernel intensity estimation is a popular technique because it is easy to understand and apply, and
the resulting “heat maps” are appealing visual representations of a large, complex dataset. The
heat maps of estimated intensity produced by kernel estimation are usually visually inspected for
the presence of hot spots. A variety of choices must be made by the analyst in using the technique.
The parametric form of the smoothing kernel and its bandwidth must be specified. The time
period for which data is included is also an important choice. Methods have been proposed for
data driven kernel selection, bandwidth selection [[17]], and also for performing edge corrections
[9]. In comparing kernel intensity estimation to our methods, we use the implementation in the
density function in the R package spatstat [4] and grid search to select our bandwidth.

Kernel intensity estimation is frequently used in a forecasting context, despite the fact that
it contains no temporal information. The implicit assumption, then, is that current trends, espe-
cially the location of current hot spots, will continue in the near future. This might seem like a
rather strong assumption, but at least two factors make it plausible: an important component of
the spatial distribution of crime is chronic, with high-crime neighborhoods remaining high-crime
for years if not decades [22] and as discussed in the next section the high degree of autocorrela-
tion present in crime rates over time implies that a “no change” forecast is reasonably accurate
in the short term.

2.2 Time Series Models

Gorr et al. [16] compared various univariate time series forecasting models, including random
walk and a variety of exponential smoothing methods, to the naive method in use by the police
department: to forecast a certain month, use the observed counts from that month a year ago. The
models considered had no spatial component, with each estimated separately for each location
in the city. Seasonality was a major factor in most crime types considered. Time trends were
only an important factor for simple assaults. In general, forecasting accuracy was higher in

2



precincts with higher observed crime counts; forecasting rare events was difficult. The main
conclusion was that every univariate time series model outperformed naive models. While the
“no change” forecasting model discussed in the previous section did better than the naive model
based on predicting the counts from a year ago, all of the time series models were better than it
as well. This suggests that there is much room for improvement over the method discussed in the
previous section, of using heat maps as is for forecasting the short term. In terms of improving
over existing time series methods, the fact that each time series was modeled separately seems
to be a major drawback. Being able to appropriately “borrow strength” should improve forecasts
especially for locations with low counts. Explicitly allowing for the interaction between space
and time might also help, although this is by no means clear.

2.3 Gaussian Processes

We propose the use of Gaussian Processes (GPs) in a hierarchical Bayesian modeling framework
as a spatiotemporal alternative to both time series and smoothing kernel models. In our frame-
work, observations are counts modeled by a Poisson process whose intensity varies smoothly in
space and time. This intensity surface has a natural interpretation as the relative risk. As com-
pared to heat maps, our framework models temporal trends and thus naturally provides forecasts.
As compared to univariate time series models, our framework models spatial trends. We provide
a brief introduction to GPs. For a complete reference see [25].

A Gaussian process (GP) is a stochastic process where a realization of the process is a func-
tion f(x). Thus a Gaussian process is a distribution over functions. We parameterize a GP by a
mean function p(x) and a covariance k(x;, x;). Let us see how we draw a function:

I~ GPu(x), k(xi, x;))

For a finite set of observation locations x;, . . ., x, we calculate a covariance matrix K where K;; =
k(x;, x;). Then (yi,...,y,) ~ N(u(%), K), i.e. the observations y follow a multivariate Gaussian
distribution with mean vector u(¥) and covariance K. Finally, we complete the specification by
defining f(x;) := y;.

As an illustration we let 4 = 0 and k(x;, x;) = exp(||x; — x j||2) (the squared exponential co-
variance function). These parameters give a GP from which we can draw functions. In practice,
here are the steps—we create a grid of points: X = [-2,-1.9,...,1.9,2] and calculate the co-
variance K. Now, draw Y from a multivariate Gaussian distribution with mean 0 and covariance
K. This gives one draw of a function f from the GP. Three different draws are shown in Figure
In a Bayesian framework, these should be thought of as draws from the prior distribution over
functions, before we’ve seen any data.



Figure 1: Three draws from a GP prior with mean 0 and RBF covariance function.

How do we update our prior given observations Z = (X, Y)? We start by specifying the joint
distribution over both observed outputs (¥) and unobserved outputs (¥Y*):

Y
( v ) ~ N(u(x), K)
where we can calculate K(x;, x;) for any pair of x’s, observed or unobserved, i.e. :

o KXX)  KX.X")
| KX, X) KX, XY)

Now, since we’ve observed (X, Y), we can find the conditional distribution using the properties
of multivariate Gaussian distributions [25]]:

YIY ~ N(KX, X)KX, X)'Y, K(X7, X*) — K(X*, X\)K(X, X)" ' K(X, X*)) (1)

We give an illustration in Figure[2] where the observations (-1, 1), (0, 0), (1, 1) are shown in black
circles and 10 posterior function draws f* are plotted. Notice that there is no uncertainty at the
observed points.

In some cases, like modeling computer simulations, this noise-free behavior might be desir-
able, but for real data generated by nature we need to include an extra noise term. If we believe
our noise is 1id, we can use the following covariance function:

k(x;, x;) = exp(llx; = x;*) + 021G = )

What does this extra variance o (called the “nugget” in geostatistics) do? It only appears when
i = j, meaning that the diagonal of the covariance matrix has entries o instead of 1. If we use
the same K as before, we have:

YY ~ N(K(X*, X)(K(X, X) + o2D)7'Y, K(X*, X)) — KX, X)(K(X, X) + 02D K(X, X))
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Figure 2: Draws from a noise-free GP posterior with mean 0 and RBF covariance function.

Because the noise term o2 is only used for observed data Y. If we use this prior, we can draw 10

posterior functions as before. In Figure [3| we have plotted these function draws. Notice that there
is now uncertainty at the observed points.

2.4 Gaussian Processes for Time Series

GPs have been applied to time series data because they are well-suited to modeling non-iid
observations. A variety of covariance functions are available to model various standard time
series phenomena: e.g. trends, seasonality, periodic, and autoregressive components. The Matérn
class of covariance functions encompasses the Ornstein-Uhlenbeck process and a continuous-
time version of an AR(p) process, as discussed in [25]. Recent work has demonstrated the great
flexibility of Gaussian Processes in handling time series data: [[10] built a system to automate the
search for combinations of covariance functions which performed quite well in modeling real
datasets with non-stationary, periodic, and trend components.

2.5 Gaussian Processes for Spatial Data

The early development of Gaussian Process regression was in the context of geostatistics by
Georges Matheron based on the work of Danie G. Krige and as a result the methods go under the
name “kriging” (for a review of the history see [7/]). Whereas the illustrative examples we have
shown previously were one dimensional, i.e. we wished to predict the value of a time series at an
index set of times, the extension to multiple dimensions is straightforward, provided a suitable
covariance function can be specified. Common choices, which have been extensively studied in
the geostatistics literature, include the squared exponential (called Radial Basis Function in the
machine learning literature) and Matérn class of covariances functions.
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Figure 3: Draws from a GP posterior with mean O and RBF covariance function and noise vari-
ance o = 0.05.

2.6 Inference with Gaussian Processes

A variety of inference methods have been used with GPs. Once the hyperparameters of the co-
variance functions are specified, Equation |I| can be used to calculate the mean and variance of
the predictions in closed form. Thus, inference consists in choosing the hyperparameters. With
one or only a few hyperparameters, cross-validation is a reasonable approach. With more hy-
perparameters (corresponding a more richly parameterized covariance function) fully Bayesian
sampling methods and MAP estimation are used.

3  Our Proposed Model

Our dataset consists of spatially and temporally referenced observations of crime counts, aggre-
gated by neighborhood and week:

week (t) | neighborhood (s) | count
1 1 1

1 2 7
2 1 0
2 2 3

For convenience, we will refer to space-time regions i = (s, 1).

The key feature of a Gaussian Process is that it provides a prior for functions where any finite
set of function values are distributed according to a multivariate Gaussian distribution. This
means that it can be used to directly model continuous, real-valued data. We are dealing with
count data y, which is positive and integer valued. This type of data is usually modeled with a
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Poisson distribution: y

py )= ;e‘l

The only parameter that needs to be estimated is the underlying rate parameter 4. We borrow a
successful approach from the disease mapping literature: we allow A to vary in space and time.
A(s, 1) 1s thus a positive real-valued function, so we place a Gaussian Process prior not on the
function itself, but on its log. Equivalently, we imagine a latent, real-valued function f(s, f) with
a Gaussian Process prior:

A(s, 1) = exp(f(s, 1)

This would complete our formulation, but again following the disease mapping literature we
include a final fixed spatial term e, giving the expected count at location s:

Vs | A(s, 1) ~ Poisson(exp(f (s, 1)) - e5)

This specification allows us to directly interpret exp(f(s, 7)) as the relative risk and f(s, 7) as the
log-relative risk. When f(s, 1) is 0, exp(f(s,?)) = 1, so y,, has a Poisson distribution with mean
equal to the fixed, expected count in location s, e;. When f; is positive, exp(f(s,?)) > 1 so y,,
follows a Poisson distribution with an elevated mean, that is, greater than e;, and when f(s, 1)
is negative the mean is reduced. Conditional on the relative risk surface f, observed counts are
independent, so the likelihood factors:

p1 f) = | | Poisson(y, | exp(f(s, 1) - ey)

We model the latent surface f by placing a Gaussian Process prior with mean 0 and covariance
K onit:

f~G#P@0,K)

All of the modeling work is done with respect to the covariance function K, which should be
interpreted as giving the dependence structure, in space and time, between observation locations
(s,t). We combine spatial and temporal variation as follows: given a spatial covariance func-
tion ky(s, s”) and a temporal covariance function k;(z,1") we can specify an additive covariance
function:

K(@i,1) = ky(s,s") + k,(t,1)

We might wish to make this simple additive model more complex by considering a joint covari-
ance kg over space and time. Separable space-time covariance functions are easily constructed
by multiplying spatial and temporal covariance functions: k((s, 1), (s’,1")) = k(s, s")k(t, t’ﬂ

Next, we include a periodic temporal term k,(z,1), to account for seasonal variation. We
adopt the following parameterization [25]:

2 sin’ ((’_5;2)”)]

kp(t,1') = exp [— Ve

! Recent research has focused on formulating non-separable space-time covariance functions [8, [15], but we do
not consider these in this work.



where we use a fixed period of 52 weeks.
Our final covariance structure is as follows:

K((5,0), (s, 1) = ky(s,8") + ki(t, 1) + ko ((5,0), (5", 1)) + kp(2,1')

where:
® ky(s,s") 1s a Matérn covariance function with v = 3/2, length-scale ¢, and variance 0'3.

® k/(t,1') is a squared exponential (Radial Basis Function) covariance function with length-

scale ¢; and variance 2.

® ky(t,1') is a periodic covariance function with period 52 and parameterization as given
above.

® ky((s,0),(s", 1)) = ki(s, s )k,(t, 1) 1s a separable space-time covariance function with pe-
riodic time component parameterized as k; - k, with a single variance o, and separate
length-scales for space and time.
Throughout we use a Student’s t-distribution with mean u = 0, scale o> = 1, and degrees of
freedom v = 4 as the prior distribution for each parameter [24]:

I'((v+ 1)/2) ( (x — /,1)2 )—(v+l)/2
p(x) = 1+ .
['(v/2) W Vo

As compared a Normal distribution with mean 0 and large variance (one of the traditional choices
of “uninformative” priors), the Student’s t-distribution, which has heavier tails than a Normal
distribution, has been shown to be a more widely useful, weakly informative prior [14, 20]. The
shape of this distribution is shown in Figure [4]

To learn the hyperparameters we consider MAP estimation, grid integration, and MCMC.

3.1 Assessing Our Model

After fitting our model, we use it to make in-sample predictions (with credible intervals) and
out-of-sample forecasts (with forecasting intervals). We calculate and report the mean squared
error (MSE) of these predictions and forecasts. One of our motivating substantive questions is
to understand the variation in crime rates, i.e. how much of our model’s predictions are being
driven by our predictors for space, time, space/time, and covariates? Using our probabilistic
framework, we can assess the contributions of the various pieces of our model to the final fit.
Recall that we are fitting a latent relative risk surface with an additive covariance structure. We
can decompose the covariance structure and use the parameters we learned for each separate
covariance function to make a prediction for the relative risk surface f; corresponding to covari-
ance function k; [13, p. 506]. Notice that the separate log-relative risk surfaces f; sum to the final
predicted log-relative risk surface, so we can consider each surface as contributing additively to
an increase or a decrease in log relative risk, which varies in space or time. Exponentiating, each
surface contributes multiplicatively to an increase or decrease in relative risk; all the surfaces are
multiplied together to obtain the final relative risk surface.

We can convert this relative risk prediction to a prediction for the counts, i.e.: we use each
separate f; to calculate the predicted number of counts at location (s, t) as fi;, = exp(f;(s, t)e;).
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Figure 4: The distribution function of the Student’s t distribution is compared to a Normal N (0, 1)
distribution, varying v, the number of degrees of freedom. As v increases, the Student’s distribu-
tion approaches the Normal distribution.



We performed graphical posterior predictive checks by inspecting the residuals n, — 71, to look
for remaining structure in the error. To address the question of what is driving our model’s
predictions, we can calculate the MSE for each separate f;, and ask which terms of our model
improve the model’s predictions the most. An alternative way to assess which terms of our
model are important is by focusing on forecast accuracy. We conduct the same analysis for
out-of-sample counts of crimes.

3.2 Evaluating our Framework

We compare our results to the kernel intensity estimation approach described in Section[2.1] Holt
exponential smoothing (the best univariate time series method in [[16]]) and to an AR(1) time
series. The most widely used tool by police departments is Kernel Density Estimation (KDE).
This tool is applied in a variety of ways in practice, but for evaluation we adopt the following
straightforward approach: using the last W weeks of data (where W is a parameter chosen from
the data) for the event of interest, smooth the locations of this event with KDE to obtain intensity
estimates for each neighborhood, and predict that future crime counts by neighborhood will
remain constant, up to 12 weeks into the future.

4 Experimental Results

The City of Chicago makes geocoded, date-stamped crime data publicly available through its
data portalﬂ Chicago is divided into 77 community areas, which corresponds to a neighborhood
or group of neighborhoods, as shown in Figure [5] Thefts during the first two weeks of January
2011 are shown on a map in Figure [6|

We downloaded the crime data, aggregated it into counts by type of crime, community area
and week of the year. As an exemplar, we chose crimes coded as theft, a property crime which
includes pick-pocketing, retail theft, etc. Burglary, a related property crime, implies breaking
and entering, while robbery is theft accompanied by violence or the threat of violence (meaning
it is categorized as a violent crime rather than a property crime) ﬂ We wanted a crime type that
was relatively frequent (very sparse events pose further modeling challenges, which we discuss
in the conclusion) and showed interesting spatial and temporal patterns. Theft is very common
in Chicago’s central business district, the Loop, and has a marked seasonal pattern, peaking in
the summer.

We use the following strategy to estimate ey, the expected number of thefts in each neighbor-
hood: we find the weekly average city-wide count of thefts in our entire dataset (1,387 thefts per
week) and divide by the population of Chicago (2,718,590) to find a theft rate of 5.1 per 1,000
people. Then for each neighborhood with population p,; we calculate e; = 0.00051 - p;.

All of our models were fit using the GPstuff package in matlab [24]. GPstuff implements
MAP, grid integration, and MCMC. To reduce computational burden while we were developing
our models, we fit various submodels and then expanded them, sometimes fixing the hyperpa-
rameters learned in the submodels. Another method we used to reduce computational burden

Zhttp://data.cityofchicago.org
3 http://www.ucrdatatool.gov/offenses.cfm
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Figure 5: Community areas in Chicago. Source: [3]
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Figure 6: Map of thefts for the first two weeks of January 2011
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was the Fully Independent Conditional (FIC) approximation [21] where latent inducing inputs
are used and the very expensive covariance matrix updating is only performed at these pseudo
inputs.

4.1 Long-term Time Trends

We started by considering the time period from January 2004 to December 2013. Ignoring spatial
variation, we used a covariance function composed of the sum of periodic, exponential, and linear
covariance functions. We fit our model to data from January 2004-December 2012 and predicted
all of 2013. The fit, forecasts, and components of our model are shown in Figures[7|and [§] Our
forecasts for an entire year fit the data quite well, suggesting that a large degree of variation in
crime rates is explained by long-term trends composed of a linear and a periodic trend. These
initial results suggest that our model is well-suited to modeling long-term trends. We achieve full
coverage with our 95% uncertainty forecasting intervals. On an absolute scale, our forecasting
errors range from -146 to 144. The mean relative forecasting error is 4.4%. Based on the linear
component of our model (shown in Figure [§)), there was an overall reduction in weekly thefts of
253 from January 2004 until December 2012.

4.2 Short-term Forecasting in Space and Time

For the remainder of our evaluation, we focus on short term forecasting in space and time. We
consider data from 2011-2013 as training data, and leave out the last 12 weeks of data in 2013 for
forecasting. First, we fit a purely spatial model to the average number of thefts across Chicago
within the training data time period. In Figures [9a) and [Ob| we compare the map of observed
relative risk of theft (as compared to population) to our model’s predicted relative risk of theft.

Next, we fit our full model, using MAP with scaled conjugate gradient descent. We show the
results aggregated as a time series, predicting city-wide counts, in Figure[T0} The fit of our model
to the in-sample data is quite good, as are the forecasts for the last 12 weeks of 2013. Overall,
the mean squared forecasting error of our model is 25.81, and the mean squared prediction error
(in sample) is 23.32.

In Table|1} we report the MSE from making predictions and forecasts with the various compo-
nents of our model. The baseline we compare to is assuming a constant relative risk, i.e. making
predictions that are constant in time and are based solely on population density (we call this
expected count e;). We also calculate a version of R? which we call reduction in variance:

Z s,t(ns,t - ﬁs,t)z

Zs,t(”s,t - es)2

The numerator calculates the sum of squared errors given predictions 7,,. The denominator
calculates the sum of squared errors from assuming a constant relative risk. The MSE for the
in-sample predictions from assuming a constant relative risk of 1 is 204 and the MSE for the
out-of-sample forecasts is 179.

In Figure and Figure we compare a map of our average weekly predictions of theft
counts to the observed weekly counts for in sample data. In Figures and we show the

1 -
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Predictions Forecasts
Component Reduction in variance | MSE | Reduction in variance | MSE
Periodic -4.0% | 212 1.0% | 177
Time 0.3% | 203 01% | 178
Space-Periodic 1.7% | 200 28% | 174
Space 73.1% 55 56.4% 78
Combined 88.5% 23 85.5% 26

Table 1: Forecast and predictions of various components of our model as compared to the full
model (“Combined”). The reduction in variance column is analogous to R? in a linear model: it is
calculated as one minus the ratio between the residual sum of squares and the sum of squares from
assuming a constant relative risk of 1, i.e. it is meant to give some idea of how much variance
is “explained” by the component of the model. MSE stands for mean squared error. The MSE
for the in-sample predictions from assuming a constant relative risk of 1 is 204 and the MSE for
the out-of-sample forecasts is 179. Spatial variation accounts for most of the improvements in
accuracy and reduction in variance.

same maps for the out-of-sample forecasts and the observed data. The same results are shown as
scatterplots in Figures In all cases, the predictions and forecasts are exceptionally accurate,
with Spearman correlations above 0.97.

In Figure|l3a)we show the fit of our model to Austin, a neighborhood in Chicago (community
area 25), which is the largest community area by population. In Figure we show the fit of
our model to the Loop, Chicago’s central business district. In Figure we show the temporal
variation due to the various components of our model for Austin and in Figure [[4b|we show the
Loop.

4.3 Comparison with other methods

For the comparison with kernel intensity estimation, we used grid search to evaluate various
amounts of lagged data and bandwidths and selected the model with the best forecasting ac-
curacy, a liberal approach to model selection which could overestimate accuracy. The best
model used 5 weeks of previous data and a kernel with bandwidth 1000 feet and obtained a
mean squared forecasting error of 47.70. In Figure [15| we compare the intensity as estimated
by smoothing kernels to the intensity estimated with a Gaussian Process. Instead of aggregating
to community areas, we created a regular grid, and aggregated counts to this grid, then fit these
counts with a Poisson parameterized the same way.

We also compared to fitting an AR(1) model separately to each neighborhood. The mean
squared forecasting error was 37.98. A Holt-Winters exponential smoothing performed even
worse, achieving a mean squared forecasting error of 46.99. The comparison between our fore-
casting results and these baselines is shown in Figure[I6] where we also show how the forecasts
deteroriate over time. A paired t-test shows that the difference between MSE for each forecasted
neighborhood-week for our method and its closest competitor AR(1) was statistically significant
(p < 1.3e-08) even after excluding the very poor forecast at the end of December.
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5 Conclusion

We presented a general framework for the statistical modeling of spatiotemporal count data.
There is nothing special about crime events, and early experiments using our methods to forecast
311 (calls for non-emergency services like potholes) have been promising. In the application of
this framework, we made a series of modeling decisions which would be worth exploring in more
detail in future work. For a predictive policing application, police beats or census blocks might
be more appropriate than community areas. Shorter time windows, and even taking into account
time of day would also be interesting. The use of spatiotemporal leading indicators—other crime
types, weather patterns, other events measured online or offline—might provide measurable im-
provements in our forecasts. The use of a Poisson likelihood should be revisited for other types
of crime or events: it is straightforward to use a Negative Binomial model to handle inflated
variance. In the case of zero-inflation, that is, when counts are often zero, Gaussian Processes
for zero-inflated Poisson, Binomial, and Hurdle models have been explored [24]. Our framework
has much in common with Log Gaussian Cox Process models for point processes, and it would
be quite useful to explicitly compare to that framework [19].

The overall forecasting performance of our model was much better than the competitors
we considered, but a fuller evaluation, and more automatic model search techniques, would be
needed before recommending that city governments replace heat maps with Gaussian Processes.
This work does strongly support the literature suggesting that we can do better than simply as-
suming that patterns in heat maps will persist in the future—as is currently widely assumed in
the field. A full comparison between our method and recent reported results using sophisticated
statistical models [1} [18] 23] is also needed. Our framework does incur a significant compu-
tational burden. There is much room for the further development of approximation techniques
for Gaussian Processes and new formulations of models for fitting spatiotemporal data, and our
framework and evaluation, based entirely on publicly available data and source code, should
serve in the future as a baseline for comparison.
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Weekly number of thefts in Chicago
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Figure 7: Weekly time series of total number of thefts in Chicago. Black dots are observed
counts, and the black line is the model predictions. The model, consisting of a periodic term,
linear term, and an exponential term, was fit to the aggregate data shown. Forecasts are shown
for all of 2013 (to the right of the black vertical line). 95% uncertainty intervals are shown in

gray.
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Figure 8: The time series version of our model fit to weekly citywide theft data from 2004 to
2012 (data is shown on a log relative risk scale), with forecasts made for 2013. The fit of the
model is in blue, with the various contributions of the linear, periodic, and squared exponential

(time) covariance functions shown.
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Weekly number of thefts in Chicago
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Figure 10: Weekly time series of number of thefts in Chicago for the full spatial/temporal model
fit. Black dots are observations, the black line is the model predictions. Model forecasts are
shown for the last 3 months of 2014 (to the right of the black vertical line). 95% uncertainty
intervals are shown in gray.
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(a) Average weekly number of thefts for January (b) Predicted weekly number of thefts for
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(c) Average weekly number of thefts for October (d) Forecasted weekly number of thefts for
2013-December 2013 October 2013-December 2013

Figure 11: In sample predictions in match in sample observations in The patterns do
not change much for out of sample observations in [l Ic| suggesting that carrying forward static
predictions will provide a reasonably good forecast.
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Figure 12: The same data as in Figure In the Spearman correlation is 1.000 and in m
the Spearman correlation is 0.977.
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(a) Weekly number of thefts in the Austin neighborhood of Chicago
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(b) Weekly number of thefts in the Loop (downtown business district) of Chicago

Figure 13: The out of sample forecasting accuracy of our model is quite good. At the neighbor-
hood level, there is a lot of variance in the data. Our model could do a better job of capturing this
variance, as observations currently fall outside of the 95% uncertainty intervals of our model.

22



0.3+

—— Periodic
—— Space
—— Space/Time

value

0.0
Time
—— Combined

—— Observed relative risk

-0.34

T T T T T T T
January 2011 July 2011 January 2012 July 2012 January 2013 July 2013 January 2014

(a) The Austin neighborhood of Chicago
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(b) The Loop (downtown business district) of Chicago

Figure 14: Predictions for the Austin neighborhood of Chicago and the Loop with each
of the various additive components of our model shown on a log-relative risk scale. (On a relative
risk scale the components would be composed by multiplication.) Since the plot is over time,
the spatial component does not vary, but stays constant at relative risk of 1.4 for Austin and
6.0 for the Loop, meaning that compared to its population, the risk of theft in Austin is slightly
elevated and it is very elevated (the most in Chicago) for the Loop, probably explained by the
high concentration of targets during work hours. Another factor is the way in which the relative
risk is calculated is relative to the expected number of thefts, which is based on population; the
Loop has a low residential population. In both plots, the periodic component (which is non-
spatial) reaches a maximum relative risk of 1.1 and a minimum relative risk of 0.9. The purely
temporal component, which picks up unexplained temporal variation, reverts to a relative risk of
1 (log relative risk 0) as the forecasts move into the future. The space/time component, which is
separable, is composed of a periodic time covariance function multiplied by a spatial covariance
function, so the periodic nature of the trend varies across Chicago. Austin and the Loop are not
nearby and the space/time trend is indeed different between the two.
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Figure 15: In we show the kernel-smoothed intensity estimate of thefts in Chicago for the 5
week period before September 1, 2013. In @], we use a Gaussian Process to fit the same data,
fitting a Gaussian Process to the intensity surface by creating a fine grid and counting the number
of thefts within each grid cell.
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Figure 16: Forecasting accuracy of each of the methods we considered. The difference between
our method and the others is statistically significant. The forecast accuracy for each method gets
worse as we get farther out of sample. For the very last observation, our method is much better
than the others.
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