
Urban Incident Prediction with Graph Neural Networks: Integrating Government
Ratings and Crowdsourced Reports

Sidhika Balachandar1, Shuvom Sadhuka2, Bonnie Berger2, Emma Pierson1, Nikhil Garg3

1 Department of Electrical Engineering & Computer Sciences, UC Berkeley
2 Department of Electrical Engineering & Computer Science, MIT

3 Department of Operations Research & Information Engineering, Cornell Tech
sidhikab@berkeley.edu, ssadhuka@mit.edu, bab@mit.edu, emmapierson@berkeley.edu, ngarg@cornell.edu

Abstract

Graph neural networks (GNNs) are widely used in urban spa-
tiotemporal forecasting, e.g., predicting infrastructure prob-
lems. In this setting, government officials aim to identify in
which neighborhoods incidents like potholes or rodents oc-
cur. The true state of incidents is observed via government
inspection ratings. However, these ratings are only conducted
for a sparse set of neighborhoods and incident types. We
also observe the state of incidents via crowdsourced reports,
which are more densely observed but may be biased due
to heterogeneous reporting. First, we propose a multi-view,
multi-output GNN-based model that uses both unbiased rat-
ing data and biased reporting data to predict the true latent
state of incidents. Second, we investigate a case study of New
York City urban incidents and collect a dataset of 9,615,863
crowdsourced reports and 1,041,415 government inspection
ratings over 3 years and across 139 types of incidents. We
show on both real and semi-synthetic data that our model
can better predict the latent state compared to models that use
only reporting data or only rating data. Finally, we quantify
demographic biases in crowdsourced reporting, e.g., higher-
income neighborhoods report problems at higher rates. Our
analysis showcases a widely applicable approach for latent
state prediction using heterogeneous, sparse, and biased data.

Model — https://github.com/sidhikabalachandar/
nyc urban incident model

Dataset — https://github.com/sidhikabalachandar/
nyc urban incident data

1 Introduction
Graph neural networks (GNNs) have emerged as expressive
models for making predictions on graph-structured data, in-
cluding for urban applications such as air quality monitor-
ing, forecasting traffic flows, etc. (Xie et al. 2019; Roy et al.
2021; Brimos et al. 2023; Yu et al. 2023; Zhan and Datta
2024). In urban planning – our empirical setting – govern-
ment officials often wish to know where incidents like ro-
dent infestations or floods occur so they can make down-
stream resource allocation decisions; however, ground truth
is often unobserved. GNNs are a powerful prediction tool,
as they can encode spatial correlations of the ground-truth
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states across nodes in a graph (e.g., neighborhoods in a city)
as well as across hundreds of types of incidents. For exam-
ple, if a flood has occurred in one neighborhood, the adjacent
neighborhoods are also likely to be flooded and might also
experience related incidents like street damage.

Estimating latent ground truth for the hundreds of types of
incidents in a city is challenging. Two sources of information
are often used, each with its limitations. First, we observe the
ground-truth state via government inspections, which gen-
erate ratings for neighborhoods. Importantly, these inspec-
tions are only conducted for some incident types and neigh-
borhoods and thus ratings are sparsely observed. For exam-
ple, New York City conducts street inspections for every
street and rates them from 1-10, but each street is only rated
about once every year. Second, we observe biased proxies of
the latent state via crowdsourced reports of incidents. Com-
pared to ratings, indicators of whether a report is observed
are available for every incident type and neighborhood.

A challenge is that learning only from reporting data leads
to biased predictions. Previous work has established that
underreporting is pervasive and heterogeneous (O’Brien,
Sampson, and Winship 2015; O’Brien et al. 2017; Clark
et al. 2020; Kontokosta and Hong 2021; Agostini, Pierson,
and Garg 2024; Liu, Bhandaram, and Garg 2024); in differ-
ent neighborhoods that face similar incidents, residents often
report those incidents at different rates. This bias presents
an identifiability issue; if one neighborhood logs more re-
ports than another, it is unclear whether the former has a
worse ground truth, or if given the same ground truth, the
latter is less likely to report. As a result, for example, Casey,
Wilson, and Yokum (2018) found that in Washington, D.C.,
crowdsourced reports on rodents did not accurately predict
the outcome of inspections. Moreover, differences in report-
ing often correlate with demographics, so learning only from
reporting data risks introducing decision making dispari-
ties against underserved populations (Agostini, Pierson, and
Garg 2024; Liu, Bhandaram, and Garg 2024).

In summary, we make the following contributions:

• We propose a multi-view, multi-output GNN-based
model for our task named URBAN (Unbiased Ratings
and Biased reports Aggregation Network). As summa-
rized in Figure 1, we use both sparsely observed ground-
truth rating data and frequently observed biased report-
ing data to predict ratings and to infer how the likeli-
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hood of reporting varies by demographics, conditional
on ground-truth. URBAN’s contribution lies in adapt-
ing GNNs for biased data settings by connecting multi-
view datasets through a multi-output loss. Our model
is available here: https://github.com/sidhikabalachandar/
nyc urban incident model.

• We investigate a case study of New York City incidents.
We create a dataset of reports sourced from NYC 311-
complaints (crowdsourced reports) and ratings sourced
from government inspections. Our dataset presents two
advantages. First, our dataset is heterogeneous, and
through various train/test splits our data can be used
to evaluate model performance on unseen time periods,
neighborhoods, and incident types. Second, new data for
a large set of types and locations is available daily, so
our data provides an ideal setting to study distribution
shifts over time with an automatic source of uncontam-
inated test sets. We share our data here: https://github.
com/sidhikabalachandar/nyc urban incident data.

• We show that our approach can predict ground-truth in-
spection ratings and quantify reporting biases. In both
semi-synthetic and real data, we find that jointly using the
sparsely observed ground-truth rating data and the fre-
quently observed biased reporting data outperforms us-
ing reporting data alone (predicted ratings are 5.3× more
correlated) or using rating data alone (predicted ratings
are up to 2.6× more correlated). Finally, we quantify the
biases in the reporting data, finding for example that con-
ditional on ground-truth, neighborhoods with higher me-
dian income report incidents at higher rates.

Although our primary application is urban crowdsourc-
ing, our approach is applicable to other tasks where both
sparsely observed ground-truth data and frequently observed
biased data are available. This includes other urban chal-
lenges (e.g., estimating air quality using resident reports and
sparse sensor measurements (Sarto et al. 2016; Samal, Babu,
and Das 2022)) and spatiotemporal processes (e.g., epidemic
forecasting using internet search data and sparse official
health reports (Kapoor et al. 2020; Hacker et al. 2022; Tomy
et al. 2022; Wang et al. 2022a; Yu et al. 2023)).

2 Related Work
Our work is related to literature in three areas. We provide
below a brief exposition of these areas, and provide more
details in the appendix related works section.

Predicting urban incidents: There is a large literature
on predicting urban incidents (Budde et al. 2014; O’Brien,
Sampson, and Winship 2015; Lum and Isaac 2016; Sarto
et al. 2016; Wang et al. 2017; Hu et al. 2018; Mosavi, Oz-
turk, and Chau 2018; Yu, Yin, and Zhu 2018; Gómez et al.
2019; Pan et al. 2019; Xie et al. 2019; Clark et al. 2020;
Jiménez-Jiménez et al. 2020; Kontokosta and Hong 2021;
Agonafir et al. 2022; Hacker et al. 2022; Mauerman et al.
2022; Farahmand, Xu, and Mostafavi 2023; Zaouche and
Bode 2023; Agostini, Pierson, and Garg 2024; Gao et al.
2024), and prior work has shown that crowdsourced report-
ing data may not represent ground-truth states due to under-
reporting (Wang et al. 2017; Clark et al. 2020; Kontokosta
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Figure 1: Model. We introduce URBAN (Unbiased Ratings
and Biased reports Aggregation Network), a GNN-based
model to estimate inspection ratings and reports of incidents.
We model inspection ratings rikt using node i’s learned em-
bedding en[i] and type k’s learned embedding eτ [k]. We
model reports Tikt as a function of the rating rikt and de-
mographics Xi.

and Hong 2021; Agostini, Pierson, and Garg 2024; Gao et al.
2024; Liu, Bhandaram, and Garg 2024; Liu and Garg 2024).
Especially notable is the work of Casey, Wilson, and Yokum
(2018), who show in Washington, D.C., that 311-reports
alone are poor predictors of ground-truth ratings.

Existing works in this area typically consider only one or
a few related incident types; thus a novel contribution of our
model is its ability to learn and make predictions for more
than a hundred 311-complaint types. Additionally, many re-
lated works use statistical models that make strict assump-
tions (Agostini, Pierson, and Garg 2024), whereas our GNN-
based model presents a flexible approach to modeling spa-
tial correlation. Finally, we create a heterogeneous spatial
dataset that we hope can be used by other researchers to
study data bias in an urban application.

Using GNNs for biased data: A common approach to
addressing selection bias in GNNs is graph-based semi-
supervised learning (Song et al. 2023), which typically uses
graph regularization (Zhou et al. 2003; Zhu, Ghahramani,
and Lafferty 2003; Belkin, Niyogi, and Sindhwani 2006;
Dai, Aggarwal, and Wang 2021; Verma et al. 2021; Li, Yin,
and Chen 2023; Qian et al. 2023; Zhou et al. 2024) or graph
embedding methods (Perozzi, Al-Rfou, and Skiena 2014;
Tang et al. 2015; Grover and Leskovec 2016; Li, Xiong, and
Hoi 2021; Sharma and Jones 2023) to infer labels for unla-
beled datapoints.

These related works discuss how to effectively train
GNNs on sparsely labeled data (e.g., inspection ratings) by
generating proxy labels for the unlabeled datapoints. We ex-
tend this literature by identifying another approach to ob-
taining proxy labels: using data from a frequently observed
biased proxy for the target of interest (e.g., whether a report
is made is a biased proxy of the true rating).

Using GNNs for spatiotemporal modeling: GNNs are
a natural fit for high-dimensional spatiotemporal modeling
(Kapoor et al. 2020; Roy et al. 2021; Wang et al. 2022a,b;
He et al. 2023; Pineda et al. 2023; Wu et al. 2024). Our study
relates to literature on multi-view GNNs, which integrate in-
formation from multiple datasets or views (Shao et al. 2023;
Cheng et al. 2018), and multi-output GNNs, which predict
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multiple outputs from a single graph by leveraging shared
graph structure and correlations between the outputs (Peng
et al. 2022; Samal, Babu, and Das 2022).

Related works that use GNNs for spatiotemporal model-
ing have identified that learning only from proxy data (re-
ports) results in biased predictions. We extend this litera-
ture by identifying an approach to improve predictions: ad-
ditionally learning from sparse ground-truth data (ratings).
We show that our model, which uses both reporting and rat-
ing data, makes better predictions than a model trained only
on reporting data or only on rating data. Additionally, while
multi-view and multi-output GNNs are used for spatiotem-
poral tasks, prior work does not explicitly model biases.

3 Setting and Data
We now describe our setting. The goal is to estimate the
ground-truth state of various types of incidents (e.g., rodents,
floods, etc.). There are two sources of data for this task: fre-
quently observed biased crowdsourced reporting data and
sparsely observed unbiased inspection rating data. To our
knowledge, prior urban prediction work has not considered
the challenges and benefits of jointly learning from these two
data sources—one reason is the lack of processed data com-
bining reports and ratings across types. We formalize this
setting and provide large-scale preprocessed data composed
of 9,615,863 crowdsourced reports across 139 incident types
and 1,041,415 government inspection ratings across 5 types.
Additional details are provided in the appendix data section.

Dataset overview: We create a multi-view dataset of rat-
ings and reports from New York City. We analyze all Census
tracts1 with valid demographic information (2292 tracts).
We use all complaint types that receive at least one report
for greater than 0.1% of all tract/week pairs. We study all
data in the three year period from 2021-2023 discretized into
157 weeks. The main contribution is the data’s heterogene-
ity. Our data can be used to evaluate models on unseen time
periods, tracts, and types. Many related works only analyze
one or a few types or do not model relationships between
types (Agostini, Pierson, and Garg 2024; Liu, Bhandaram,
and Garg 2024; Liu and Garg 2024; Xu et al. 2017; Clark
et al. 2020; Kontokosta, Hong, and Korsberg 2017; Agonafir
et al. 2022; Casey, Wilson, and Yokum 2018). In contrast,
our data represents the majority of available types and our
model can learn relationships between types.

Reports: We observe reports of incidents from New York
City’s resident reporting system, NYC311 (NYC Open Data
2024a). We collect data from 9,615,863 reports. We trans-
form reports into indicators of whether a report of a type
was observed in a Census tract during a particular week.

Ratings: For some Census tract, type, and week tuples,
we observe inspection ratings. We source ratings from gov-
ernment inspections (e.g., street ratings, park ratings, etc.).
A lower rating indicates a worse state; e.g., a street with a

1A Census tract is a geographic region defined by the U.S. Cen-
sus Bureau. On average, each Census tract has thousands of inhab-
itants. There are 2326 total Census tracts in NYC.

lower rating has more damage. We normalize (z-score) the
ratings for each type across time and Census tracts.

We collect ratings from 1,041,415 inspections across five
types: (i) street conditions (NYC Open Data 2023), (ii) park
maintenance or facility conditions (NYC Open Data 2024d),
(iii) rodents (NYC Open Data 2024e), (iv) food establish-
ment/mobile food vendor/food poisoning (NYC Open Data
2024c), and (v) DCWP consumer complaints (NYC Open
Data 2024b). We do not observe ratings for every tract/week
pair. A summary is in the appendix data section.

Our model treats government inspections as a source of
unbiased data, so we ensure that the inspections are not sus-
ceptible to bias. Selection bias can occur if an inspection is
conducted in response to a crowdsourced report. We pro-
cess the inspection data to only use inspections not con-
ducted in response to crowdsourced reports, as verified by
the data dictionaries or by filtering out responsive inspec-
tions. For example, rodent inspections are conducted both
block-by-block in a scheduled manner and in response to
311-reports; the data does not distinguish between these rea-
sons. As shown in the appendix data section, we identify the
block-by-block inspections as those for which many other
buildings in the same Census tract are inspected in the same
week. We provide more details on how we filter out respon-
sive inspections and validate our filtration process in the ap-
pendix data section.

Matching ratings and reports to geographic units:
Next, we match government inspection ratings and crowd-
sourced reports to geographic regions and to each other.
Each rating is for a fine-grained unit within a Census tract,
e.g., street ratings are for street segments and rodent ratings
are for buildings. For Census tract/type/week tuples with an
observed rating, we match the rating to its corresponding
fine-grained report. Thus, we may have multiple ratings and
reports for each Census tract/type/week tuple. For Census
tract/type/week tuples without observed ratings, we aggre-
gate the reporting data at the Census tract level. Thus, we
have one rating and report for each Census tract/type/week
tuple. See the appendix data section for details.

4 Model
Approach overview: Our model is summarized in Figure
1. The goals are (i) to estimate the true state of an incident
at a location – what is the true street condition in a neigh-
borhood?; and (ii) to quantify biases in the reporting data –
which neighborhoods systematically underreport incidents
and how does reporting correlate with demographics? In
many urban settings, models are fit using only the frequently
observed reporting data, resulting in biased predictions (Xu
et al. 2017; Casey, Wilson, and Yokum 2018; Li et al. 2020;
Hacker et al. 2022). In contrast, our approach estimates the
true state using both the frequently observed biased report-
ing data and the sparsely observed unbiased rating data.

Notation: Consider a network G with n nodes and adja-
cency matrix E. Nodes are indexed by i and represent neigh-
borhoods, and edges connect adjacent neighborhoods. Each
node i has features Xi ∈ RD, where D is the number of fea-
tures. These features include demographic factors that may
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influence reporting rates. There are τ total incident types in-
dexed by k (e.g., rodents, floods, etc.). We index time by
week t. The model uses two types of data: sparsely observed
unbiased true state data (e.g., inspection ratings) and fre-
quently observed biased data (e.g., crowdsourced reports).

Observed data: We observe inspection ratings rikt ∈ R
which are unbiased observations of the true latent state, but
are only available for a subset of nodes, types, and weeks.
We also observe indicators of reports of incidents Tikt ∈
{0, 1}, where Tikt = 1 indicates that an incident of type k
was reported for node i at week t. As discussed in §3, for
some types, both inspection ratings and reports are available
at the sub-node level. We provide the sub-node level notation
of our URBAN model in the appendix model section.

Model: The true inspection rating rikt captures the con-
dition of incident type k in node i during week t. The true
ratings are drawn from some distribution fr as a function of
the node, type, and week, as follows:

True inspection rating: rikt ∼ fr(·|i, k, t). (1)

We now discuss how we model ratings. To model ratings,
we learn a node embedding and a type embedding. Node i’s
embedding en[i] ∈ REemb , where Eemb is the embedding
dimension, is a low-dimensional representation of a node
and captures the node’s attributes and position. The node
embeddings are learned using a graph convolutional net-
work (GCN) (Kipf and Welling 2017), which is a model that
leverages graph data by iteratively aggregating and trans-
forming features from neighboring nodes. Thus our node
embeddings are spatially correlated, capturing the correla-
tion of true incident occurrence across neighborhoods. We
also learn type k’s embedding eτ [k] ∈ REemb . The type em-
bedding is a low-dimensional representation of a type and
captures the type’s features, similarity to other types, and re-
lationship to nodes in the graph. Thus, our type embeddings
capture correlations across types. We model ratings as:

Pred. rating: r̂ikt = en[i]
⊤eτ [k] (2)

In words, the predicted rating r̂ikt is estimated as the dot
product of node i’s embedding and type k’s embedding.

We model the probability of observing a report as a type-
specific function of demographics and the inspection rating.
We learn type-specific reporting parameters to account for
the fact that different incident types have different reporting
characteristics, a claim we confirm on our real rating data.
We model the predicted probability of observing a report
P̂ (Tikt) as the following logistic (σ) function:

Pred. prob. of report: P̂ (Tikt) = σ(α∗r∗ikt + θ∗⊤Xi), (3)

where α∗ is the coefficient on true rating (how relatively
likely is an incident with rating r to be reported) and θ∗ is
the coefficient on node-specific demographic features (is a
node with features Xi more likely to report, given the rat-
ing). α∗ and θ∗ are interpretable reporting coefficients that
allow us to understand how each demographic covariate im-
pacts reporting probabilities.

As we discuss further below, the values used for
r∗ikt, α

∗, θ∗ depend on whether a rating rikt is observed in

node/type/week tuple (i, k, t) and whether ratings for other
nodes i′ or weeks t′ for type k are observed (ri′kt′ ). We must
consider these cases separately because we cannot simulta-
neously learn the rating rikt and the type-specific reporting
coefficients [αk, θk]—there is a fundamental unidentifiabil-
ity between whether conditions are bad (low rating rikt) but
the area does not make a report (small reporting coefficients
[αk, θk]) or conditions are good (high rating rikt) and no re-
port is needed. We now describe the three different cases:

Case 1 – A rating rikt is observed: Here, the probability of
observing a report is a function of demographics Xi and the
true observed rating, r∗ikt = rikt. We estimate type specific
reporting coefficients, [α∗

k, θ
∗
k] = [αk, θk].

Case 2 – No rating rikt is observed at node i but ratings
ri′kt′ for type k are observed at other nodes i′ or times t′:
Here, we do not have access to node i’s true rating, so we
model the probability of observing a report as a function of
demographics Xi and the predicted ratings, r∗ikt = r̂ikt. We
use type specific reporting coefficients, [α∗

k, θ
∗
k] = [αk, θk],

which are learned via nodes i′ or times t′ for which ratings
ri′kt′ are observed.

Case 3 – No ratings rikt for type k are observed at any
node or time period: We do not observe the true rating, so we
model the probability of observing a report as a function of
demographics Xi and the predicted ratings, r∗ikt = r̂ikt. We
cannot simultaneously learn the rating rikt and type-specific
reporting coefficients [αk, θk]. Thus, we borrow information
from types with observed ratings and use the mean reporting
coefficients across these types, [α∗

k, θ
∗
k] = [α, θ].

For observed types k, we can recover type-specific report-
ing coefficients [αk, θk] to account for different types’ likeli-
hoods of being reported when incidents occur. For instance,
residents may be more likely to report rodents than a noise
complaint. We assume that the mean coefficients [α, θ] are
reasonable for types with unobserved ratings, i.e., the report-
ing coefficients transfer across types to some extent.

URBAN’s modelling contribution lies in adapting GNNs
for biased data, and our approach extends to other param-
eterizations of rikt and Tikt. While our described model
predicts constant ratings r̂ikt and reporting probabilities
P̂ (Tikt) over time, our method generalizes to other GNN
architectures, other reporting models, and spatio-temporal
methods. We expect all these models with multiple types of
data to perform well. Regarding time, as new data comes
in, our model can be modified to throw away old data (this
is how we train models on real data across different time
splits), upweight new data, or use a spatiotemporal GNN.
Full details are provided in the appendix model section.

Loss function: Our loss function is a weighted sum of four
components that evaluate our URBAN model’s performance
in predicting reports and ratings:

(i) Report loss for data points with unobserved ratings:
Binary cross entropy (BCE) loss between the true report sta-
tus Tikt and the predicted probability of a report P̂ (Tikt) for
data points with unobserved ratings.

Lunobs =
∑
ikt

1 (rikt unobs) · BCE(P̂ (Tikt), Tikt) (4)
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(a) (b) (c)

Figure 2: Semi-synthetic results. We calculate the correlation between the average predicted and true rating for each node/type
pair. We find that (a) our full URBAN model predicts ratings that are more correlated with ground truth than a model that
uses only reporting data, and (b) as ratings are more sparsely observed, for types where reports are predictive of ratings, our
full model predicts ratings that are more correlated with ground truth than a model that uses only rating data. (c) Our model’s
predicted coefficients [θ̂k, α̂k] match the true coefficients [θk, αk] for all types with observed ratings. Panels (a) and (c) show
results averaged across 20 semi-synthetic datasets. Panel (b) shows results averaged across 5 datasets.

(ii) Report loss for data points with observed ratings: BCE
between the true report status and the predicted probability
of a report for fine-grained data points with observed ratings.

Lobs =
∑
ikt

1 (rikt obs) · BCE(P̂ (Tikt), Tikt) (5)

(iii) Rating loss: Mean squared error (MSE) between the true
rating rikt and the predicted rating r̂ikt.

Lrating =
∑
ikt

1 (rikt obs) · MSE(r̂ikt, rikt) (6)

(iv) Regularization loss: L2 norm of the predicted ratings for
data points with unobserved ratings. We include this com-
ponent to prevent our predicted ratings from growing exces-
sively large.

Lreg =
∑
ikt

1 (rikt unobs) · r̂2ikt (7)

The overall loss is:

L = Lunobs + γ1 · Lobs + γ2 · Lrating + γ3 · Lreg (8)

We use weights γ1, γ2, γ3 and fix the weight on Lunobs to 1.
We select weights via a hyperparameter search minimizing
the RMSE of predicted reports and ratings on a validation
split. To aid estimation in real data settings we use two addi-
tional losses. Full details are in the appendix model section.

5 Semi-synthetic Experiments
We now validate our approach on semi-synthetic data, using
real reporting data but synthetic ratings. In this setting, our
URBAN model is well-specified and captures the true rela-
tionship between ratings and reports. An advantage of our

synthetic data is that we can know and vary the parameters.
We verify that in these conditions our model can (i) better
predict true ratings compared to using either the ratings or
reports alone and (ii) recover the reporting parameters.

Experimental Setup
For our semi-synthetic experiments, we use real reporting
data Tikt as described in the §3, and we use demographic
data Xi from the U.S Census Bureau (United States Cen-
sus Bureau 2024a,b,c,d,e,f). We generate synthetic inspec-
tion ratings rikt by inverting eq. (3):

rikt =
1

αk

(
logit(Et(Tikt))− θ⊤k Xi

)
. (9)

Et(Tikt) is the empirical frequency of Tikt over all weeks
in the dataset and [αk, θk] are the reporting coefficients. Our
synthetically generated ratings rikt aim to distributionally
match our real ratings. To match the sparsity pattern, we gen-
erate a synthetic version of each rating observed in the real
data. To test the limits of our model with sparse data, we also
run experiments where we further subsample the observed
ratings. To reflect real-world reporting parameters, for each
type k, we draw reporting parameter θk from a Gaussian
with a standard deviation of 0.1 and a mean equal to the av-
erage reporting coefficient predicted by a logistic regression
model run on the real rating data.2 Full details are available
in the appendix semi-synthetic experiments section.

We report results averaged across 20 trials. For each trial,
we draw a set of coefficients [αk, θk]; generate a new set of
ratings; refit the model; and evaluate the predicted ratings,

2We set the intercept and αk such that our generated rikt are
zero mean and have a standard deviation of 1.
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(a) (b)

Figure 3: Real data results. We calculate the correlation between the average predicted and true rating for each node/type pair.
We find that (a) our full URBAN model predicts ratings that are more correlated with ground truth than a model that uses only
reporting data, and (b) as ratings are more sparsely observed, for the rodent type where reports are predictive of ratings, our
full model predicts ratings that are more correlated with ground truth than a model that uses only rating data. We plot the mean
correlation and 95% CIs over contiguous two-year periods between 2021 and 2023.

reports, and coefficients. We use a time-based split. We train
on data from January 2022 to June 2023 and test on data
from July 2023 to December 2023. We assess the effect of
using both reporting and rating data by comparing predic-
tions from models using (i) both reporting and rating data
(full model), (ii) only reporting data (reports-only model),
and (iii) only rating data (ratings-only model).

To evaluate, we compare predictions to true reports and
ratings. Our primary metric is the correlation between pre-
dicted ratings/probabilities of a report and the average true
ratings/report statuses. This measure evaluates how well our
model ranks incidents across nodes for each type. the The
appendix semi-synthetic experiments section also reports
RMSE which behaves similarly.

Semi-synthetic Data Results
Our URBAN model’s predicted ratings and reports correlate
with ground truth. As shown in the appendix semi-synthetic
experiments section, across all types, the average correla-
tion between our full model’s predicted probability of a re-
port and the true probability is r = 0.49 (p < 0.001 for
81% of types). Across all types with observed ratings, the
average correlation between our full model’s predicted rat-
ing and the true rating is r = 0.62 (p < 0.001 for all types).
Our full model recovers the empirical average ratings for
each node/type pair in the training data (r = 1.00) and the
remaining error is due to the distribution shift between the
train and test time periods.

The full model outperforms a model that uses only re-
porting data: Compared to the reports-only model, the
full model predicts ratings that better correlate with ground
truth (r = 0.62 for the full model vs. 0.33 for the reports-
only model). Figure 2 (a) shows the improvement for each
type with observed ratings. The reports-only model’s ratings

are poorly correlated with the ground-truth ratings because
it cannot recover the true reporting coefficients.

The full model outperforms a model that only uses rat-
ing data when rating data is sparse: Next we compare
our full model to the ratings-only model. We show that the
full model is valuable when ratings are sparsely observed.
We run experiments with artificial sparsity by subsampling
ratings for each type with observed ratings. We plot the re-
sults in Figure 2 (b). For types where reports are predictive
of ratings (reports-only model achieves a high correlation,
e.g. park and rodent), as we decrease the number of ob-
served ratings, the full model relies on reporting data and
the predicted ratings remain correlated with the true ratings,
while the ratings-only model approaches random prediction
(r = 0). More details on the subsampled experiments are in
the appendix model section.

The model recovers the true reporting coefficients: As
shown in Figure 2 (c), our model recovers the true reporting
coefficients [αk, θk] for incident types with observed ratings.
This can only be done by using both types of data together.
With only reporting data it is impossible to distinguish be-
tween a bad inspection rating that is never reported and a
truly good inspection rating. With only rating data we cannot
estimate reporting coefficients. Thus, to identify reporting
coefficients, one must either use both rating and reporting
data or make strong parametric assumptions. Additionally,
our model only estimates type-specific reporting coefficients
for incident types with observed ratings and we accordingly
evaluate its performance on these types. For incident types
without observed ratings, we use the average reporting coef-
ficients learned across incident types with observed ratings.

The model can learn across types: In the appendix semi-
synthetic experiments section we show that, compared to
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the reports-only model, our full model predicts ratings that
are more correlated with ground truth even for types with
fully unobserved ratings. Thus rating data for observed types
helps in predicting ratings for unobserved types, and our
model can generalize across types.

Overall, our results show that our approach helps if our
URBAN model is well-specified. In the next section, we as-
sess on real data.

6 Real-world Case Study: New York City
Crowdsourced Reporting

We now evaluate our approach using real data, both in terms
of predicting ratings and in recovering reporting biases.

Experimental Setup
We use real reporting data Tikt and rating data rikt, as de-
scribed in §3. As in the semi-synthetic experiments, we use
demographic data Xi from the U.S Census Bureau (United
States Census Bureau 2024a,b,c,d,e,f). When a government
inspection occurs, we assume that the resulting rating re-
mains constant over time until the next inspection occurs.
We split our data into a train and test set using a time-
based split, as is standard in urban prediction tasks (Yu, Yin,
and Zhu 2018; Farahmand, Xu, and Mostafavi 2023; Huang
et al. 2023; Agostini, Pierson, and Garg 2024). We create
splits over every contiguous two-year period between Jan-
uary 2021 and December 2023 (13 total periods). For each
two year time period, we train on the first 18 months of data
and test on the last 6 months. We report results averaged
across all 13 time splits.3

Results
Prediction on real data is more challenging than semi-
synthetic data due to model misspecification. We model the
probability of a report as a logistic function of demograph-
ics and ratings, which allows us to quantify how reporting
rates vary by demographics. But in reality, it is likely that
reports are generated by a more complex function with more
complex inputs. Nevertheless, our model’s predicted ratings
and reports still correlate with ground truth. Across all types,
the average correlation between our full model’s predicted
probability of a report and the true probability of a report
is r = 0.24 (p < 0.001 for 83% of types). As shown in
the appendix real data experiments section, across all types
with observed ratings, the average correlation between our
full model’s predicted rating and the true rating is r = 0.53
(p < 0.001 for all types). Additionally, in the appendix
real data experiments section we report RMSE results; we
evaluate rating predictions using top-k coverage, expected
calibration error (ECE), correlation and ECE gaps for de-
mographic subgroups, and spatial equity under budget con-
straints as measured by the average demographics of Cen-
sus tracts which receive resources compared to the overall
demographics; and we discuss performance across Census
tracts.

3We report CIs over the 13 overlapping two-year splits between
Jan 2021 and Dec 2023.

Covariate Mean coefficient
log(Population density) 0.250± 0.058
log(Median income) 0.173± 0.020
Bachelors degree population 0.159± 0.018
Households occupied by renter 0.115± 0.029
Median age 0.104± 0.016
White population 0.093± 0.012
True inspection rating −0.197± 0.009

Table 1: Demographic coefficients. We report the average
predicted univariate coefficients across types with observed
ratings. The estimated coefficients capture known demo-
graphic factors: e.g., tracts that have a higher income are
more likely to report incidents. We also report the average
coefficient on the true inspection rating across all models.
Tracts that have worse ratings are more likely to have re-
ports. We report the mean coefficients and 95% CIs over all
contiguous two year periods between 2021 and 2023.
The full model outperforms a model that uses only re-
porting data: The correlation between the full model’s
predicted ratings and the ground-truth ratings is r = 0.53
vs. 0.10 for the reports-only model. Figure 3 (a) shows the
full model’s improvement in predicting ratings for each type
with observed ratings. We also compare to Gaussian process
(GP) models trained only on the reporting data. We sepa-
rately fit models for each type with observed ratings. The
GP (r = 0.03) underperforms both the full model and the
reports-only model showing the value of a flexible model
that learns across multiple incident types and demographics.

Our key finding is that any model trained on only one
source of data is limited. Even test split reports are a poor
predictor of test split ratings (r = 0.0180 vs. 0.5303 for
our full model). Prior work has also found that reports alone
cannot accurately predict ground truth (Casey, Wilson, and
Yokum 2018). This confirms that there is a low ceiling to the
performance of any ML method trained only on reports.

The full model outperforms a model that only uses rat-
ing data when rating data is sparse: Next we compare
our full model to the ratings-only model. We show that the
full model is valuable when ratings are sparsely observed
and reports are predictive of ratings. We run experiments
with artificial sparsity by subsampling observed ratings. As
shown in Figure 3 (b), for the rodent type, where reports
are predictive of ratings, as we decrease the number of ob-
served ratings, our full model’s predicted ratings remain cor-
related with the true ratings, while the ratings-only model
approaches random prediction (r = 0). For the other types
with observed ratings, reports are not predictive of ratings
(reports-only model achieves a low correlation, r ≤ 0.1),
the model’s predictive power comes from rating data, and
reporting data minimally improves rating predictions.

The model learns demographic predictors of under-
reporting: θk measures the contribution of each demo-
graphic feature in Xi to the reporting rate. We estimate θk
by fitting univariate variants of our full model. Each uni-
variate model is trained on both rating and reporting data
but only uses one demographic feature. We run a separate
univariate model for each demographic feature in Xi. Ta-

38200



ble 1 shows that the inferred coefficients capture known de-
mographic predictors of underreporting. We find that condi-
tional on ground-truth, neighborhoods with higher popula-
tion density, higher median income, higher proportion of the
population with a bachelor’s degree, older residents, higher
proportion of white residents, and worse ground-truth all re-
port incidents at higher rates; these estimates are consistent
with those of other work (Kontokosta and Hong 2021; Agos-
tini, Pierson, and Garg 2024; Liu, Bhandaram, and Garg
2024; Franchi et al. 2025) and add further evidence of de-
mographic bias in crowdsourced reporting. Coefficients es-
timated by a multivariate model are in the appendix real data
experiments section.

Our full model’s predicted ratings are spatially cor-
related and capture correlations across incident types:
We evaluate the interpretability of our model’s predicted rat-
ings by analyzing how well they correlate across nodes and
types. We first analyze the predicted ratings’ spatial corre-
lation. For each node i, we create a vector ri = {rikt}τk=1
of predicted ratings over all types k. We use each node’s
ri vector to cluster the nodes into 4 groups. As shown in
the appendix real data experiments section, we find that our
clusters are spatially correlated demographically different.
We also show that our full model learns more spatially cor-
related ratings than the ratings-only model. The higher spa-
tial correlations from our full model are consistent with prior
work (Agostini, Pierson, and Garg 2024) and potentially ren-
des our full model to be more interpretable.

Next, we analyze our predicted ratings across complaint
types. For each type k, we create a vector rk = {rikt}ni=1
of predicted ratings over all nodes and cluster the types into
8 groups. Each group contains a coherent cluster of types
which we describe in the appendix real data experiments
section. Additionally, we show that the dimension of high-
est variability of rk captures type frequency (i.e., Eit[Tikt]).
These results show that both our predicted and true ratings
are spatially correlated and capture similarities across types.

7 Discussion
We address the challenging problem of estimating graph
neural networks (GNNs) in settings where we observe bi-
ased outcome data. In these settings, nodes have a true latent
state that is sparsely observed (e.g., via government inspec-
tion ratings). We also frequently observe biased proxies of
the latent states (e.g., via crowdsourced reports). We propose
a GNN-based model, URBAN, that jointly uses frequently
observed biased reporting data and sparsely observed unbi-
ased rating data. We apply our model to New York City 311-
data and show that (i) our model makes better predictions
of the ground-truth latent state compared to both a baseline
model trained only on reporting data and a baseline model
trained only on rating data; (ii) our model’s inferred report-
ing coefficients capture known demographic factors associ-
ated with underreporting; and (iii) our model’s learned rat-
ings are interpretable and capture correlation between nodes
and 311-complaint types.

Our findings have important implications for urban re-
source allocation decisions. NYC, like many municipalities,

uses 311 data to help schedule inspections (NYC Open Data
2024e; Tussey and Yan 2025). Prior work has shown that
learning only from reporting data can lead to biased predic-
tions and downstream inequities in resource allocation. For
example, Casey, Wilson, and Yokum (2018) found that in
D.C., reports on rodents did not accurately predict ground
truth inspection outcomes. Our results reinforce that deci-
sions based exclusively on reporting data risk perpetuating
demographic biases and misallocating resources, and that
jointly modeling reporting data with ground truth outcomes
can aid prediction.

There are several avenues for future work. Our model is
an example of how to estimate reporting propensity, but fu-
ture work could investigate whether other methods of in-
corporating reporting data could produce more accurate rat-
ing predictions. Another direction is to apply our model to
other settings where demographic reporting disparities exist,
such as, crime reporting, public health incident tracking, and
across domains where equitable resource allocation depends
on accurate understanding of underlying conditions.
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