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A B S T R A C T   

This study tested spatio-temporal model prediction accuracy and concurrent validity of observed neighborhood 
physical disorder collected from virtual audits of Google Street View streetscapes. We predicted physical disorder 
from spatio-temporal regression Kriging models based on measures at three dates per each of 256 streestscapes 
(n = 768 data points) across an urban area. We assessed model internal validity through cross validation and 
external validity through Pearson correlations with respondent-reported perceptions of physical disorder from a 
breast cancer survivor cohort. We compared validity among full models (both large- and small-scale spatio- 
temporal trends) versus large-scale only. Full models yielded lower prediction error compared to large-scale only 
models. Physical disorder predictions were lagged at uniform distances and dates away from the respondent- 
reported perceptions of physical disorder. Correlations between perceived and observed physical disorder pre-
dicted from the full model were higher compared to that of the large-scale only model, but only at locations and 
times closest to the respondent’s exact residential address and questionnaire date. A spatio-temporal Kriging 
model of observed physical disorder is valid.   

1. Introduction 

Neighborhood physical disorder is a health-related, built environ-
ment characteristic reflecting levels of public and private disinvestment, 
disrepair, and neglect (O’Brien et al., 2019). Evidence supports the ex-
istence of relationships between neighborhood physical disorder that is 
either independently observed or resident-perceived and various health 
behaviors or outcomes (O’Brien et al., 2019; South et al., 2018). For 
example, a recent randomized, controlled trial found that participants 
proximate to a remediated vacant lot reported lower psychological 
distress compared to residents proximate to vacant lots randomly 
selected to not receive remediation (South et al., 2018). Numerous 

studies of neighborhood physical disorder and various health behaviors 
and outcomes including tobacco use, alcohol consumption, infant mor-
tality, and obesity have also been conducted (see O’Brien et al., 2019). 

A majority of studies have assessed participant-reported perceptions, 
as opposed to observed, neighborhood physical disorder for investiga-
tion with health behaviors and outcomes (O’Brien et al., 2019). Better 
characterization of observed neighborhood physical disorder could be 
beneficial despite the weight of evidence indicating that any potential 
causal effect on health due to observed neighborhood physical disorder 
acts through individual perceptions of disorder (O’Brien et al., 2019). 
Many studies of perceived neighborhood physical disorder and out-
comes besides mental health have yielded mixed results (O’Brien et al., 
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2019), raising concerns of same-source bias (Chum et al., 2019). 
Moreover, the growing ubiquity of publicly available, address-level 
streetscape images along with various virtual neighborhood audit 
tools and protocols allow for routine and resource-efficient assessment 
of observed neighborhood physical disorder without burdening study 
participants (Bader et al., 2015; Plascak et al., 2020; Rzotkiewicz et al., 
2018). 

Studies have taken advantage of widely-available virtual street-
scapes to audit neighborhood physical disorder and build spatial models 
for estimation at locations associated with participants of epidemiologic 
studies (Mooney et al., 2017; Plascak et al., 2020; Remigio et al., 2019). 
These investigations demonstrate the utility of auditing locations un-
associated with participants for the express intent of predicting levels of 
neighborhood physical disorder at study participant locations, without 
revealing study participant addresses to virtual streetscape providers 
(Bader et al., 2016). However, these studies have not modeled temporal 
relationships of observed neighborhood physical disorder, despite the 
existence of multiple image dates per some locations with dates as early 
as 2007 from the streetscape data source Google Street View (GSV) 
(Google). 

Some studies have explored GSV streetscape date availability (Curtis 
et al., 2013; Fry et al., 2020; Nesoff et al., 2020; Tang and Long, 2019). 
Generally, these studies conclude that temporal variation in streetscape 
availability exists and should not be ignored. No study, however, has 
extended spatial models of observed neighborhood physical disorder by 
incorporating information on temporal dimensions in addition to spatial 
aspects. On the one hand, the unknown feasibility of constructing a 
spatio-temporal model of observed neighborhood physical disorder is an 
important gap because such a model could be used to estimate longi-
tudinal exposures, therefore addressing a major limitation of epidemi-
ologic studies relying on cross-sectional exposure data (Entwisle, 2007; 
O’Brien et al., 2019). On the other hand, observed neighborhood 
physical disorder may exhibit little temporal variation (Tang and Long, 
2019), indicating that auditing repeated streetscapes across different 
times might be unnecessary and a poor use of resources. We tested the 
accuracy of a spatio-temporal model of observed neighborhood physical 
disorder and concurrent validity with perceived neighborhood physical 
disorder. 

2. Materials and methods 

2.1. Data 

Neighborhood physical disorder observations were from two virtual 
audits of identical locations within Essex county, New Jersey (area =
315 km2). In both audits, trained raters used the virtual auditing plat-
form CANVAS to assess GSV streetscapes for six attributes related to 
neighborhood physical disorder: presence of garbage (yes/no), presence 
of graffiti (yes/no), presence of abandoned buildings (yes/no), presence 
of dumpsters (yes/no), building conditions (very well-kept, moderately 
well-kept, fairly well-kept, poorly well-kept), and yard conditions (same 
scale as buildings) (Bader et al., 2015). The original audit included 7986 
locations and took place from 11/27/2017 to 4/2/2018, as previously 
described (Plascak et al., 2020). The second audit took place from 
1/29/2019 to 3/29/2019 and was a random subset of the first audit’s 
locations. Raters of the second audit were divided into two teams of 
three based on streetscape dates accessed within GSV’s timeline: current 
or historical (Google). The current team rated the GSV streetscape 
automatically returned from the GSV API, which is the most recent 
available at that location. The historical team was instructed to rate the 
oldest, 2009+ GSV streetscape. Images prior to 2009 were lower reso-
lution, and excluded from rating to limit measurement error. The his-
torical and current teams rated 957 and 798 locations, respectively. 
Audit responses were considered missing only if all six items had 
non-applicable responses (e.g., no buildings present, no residential yards 
present), leading to 7977 (99.9%), 869 (90.8%), and 769 (96.4%) valid 

audit responses for the original, historical, and current audits, respec-
tively. In order to maximize temporal variability in the audit data, we 
restricted all subsequent analyses to the 256 locations where a unique 
GSV streetscape date was available at an identical location for each of 
the three audits (original, historical, current) and responses were 
non-missing for all six neighborhood physical disorder indicators (n =
768, 2.44 date-locations per km2). Each team’s audit data by 
location-date combinations are summarized in the Supplement. GSV 
streetscape dates ranged from June 2009 to October 2018. 

Respondent-reported perceptions of neighborhood physical disorder 
were from a breast cancer survivor cohort with spatial and temporal 
extents overlapping that of the virtual audits (Bandera et al., 2020; 
Plascak et al., 2020). Briefly, Black women between the ages of 20–75 
years, diagnosed with breast cancer while a resident of one of ten New 
Jersey counties were eligible to participate (Bandera et al., 2020). Par-
ticipants’ geocoded residential address was obtained through linkage 
with New Jersey State Cancer registry files. Participants were adminis-
tered the Ross and Mirowsky perceived neighborhood physical disorder 
questionnaire approximately 24 months following diagnosis (Ross and 
Mirowsky, 1999). The questionnaire assesses agreement – strongly 
agree, somewhat agree, neither agree nor disagree, somewhat disagree, 
strongly disagree – on each of six statements specific to a respondent’s 
neighborhood: ‘is clean’, ‘people take good care houses/apartments and 
yards’, ‘there is a lot of graffiti’, ‘is noisy’, ‘vandalism is common’, ‘a lot of 
abandoned/boarded up buildings’. ‘Neighborhood’ was defined for par-
ticipants as, ‘the general area around your house where you might perform 
routine tasks, such as shopping, going to the park, or visiting with neighbors’. 
The neighborhood perception questionnaire was administered to 116 
Essex county participants, whose residential spatial distribution is 
concentrated in the Southeast of the county (Plascak et al., 2020). We 
further restricted to participants with the most accurate geocodes (i.e., 
using street address and zip code, n = 112), survey dates no later than 4 
months prior to the latest GSV streetscape date (June 2018, n = 61), and 
non-missing perceived neighborhood physical disorder responses (n =
58). We performed the temporal restriction in anticipation of calculating 
time-lagged correlations between Kriging-predicted audited neighbor-
hood physical disorder and perceived neighborhood physical disorder 
that would not be off-support and to retain the same participants within 
each lagged correlation. Without this temporal restriction, levels of 
neighborhood physical disorder would have been predicted at months 
occurring after the latest audited GSV streetscape date; especially among 
participants enrolled later in the study. The first two perceived neigh-
borhood physical disorder items were reversed and item responses were 
sum scored upon finding adequate internal consistency reliability 
(Cronbach’s alpha = 0.85) (Pruitt et al., 2012). 

2.2. Statistical analysis 

An audited neighborhood physical disorder score was estimated at 
each location-date combination using item response theory analysis of 
the six audit items (Mooney et al., 2017). Total area under the infor-
mation curve was 0.96 indicating adequate internal consistency reli-
ability (Thissen, 2000). A spatio-temporal regression Kriging model was 
built to predict audited neighborhood physical disorder at locations 
across Essex County and times ranging from June 2009 and October 
2018, including at dates and locations of the 58 participants with 
self-reported perceived neighborhood disorder responses. Regression 
Kriging allowed direct comparison of model validity metrics between 
the large-scale and small-scale trend components. 

Audit rater variability – that is, individual raters’ tendency to assess 
disorder indicators in consistently different ways – can be considered 
systematic measurement error and accounted for statistically (Hoeben 
et al., 2018). To account for audit rater variability, we first regressed 
audited neighborhood physical disorder scores on raters using a series of 
dummy variables for raters within a linear regression (p-value of Type III 
F-test < 0.0001). The residuals of this regression ranged from −1.88 to 
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2.61 (standard deviation = 0.750, interquartile range = 0.951), repre-
sent rater-adjusted neighborhood physical disorder scores (hereafter, 
‘observed neighborhood physical disorder’), and were used in all sub-
sequent analyses. 

The spatio-temporal distribution of observed neighborhood physical 
disorder was summarized in trellis plots. Satisfaction of the spatio- 
temporal stationarity assumption was investigated through a linear 
regression model of observed neighborhood physical disorder with 
spatial and temporal indices as covariates. Third order polynomials were 
considered for spatial and temporal indices and covariates were retained 
in the model if 95% confidence intervals were sufficiently narrow. 
Spatial and temporal covariates were mean centered to reduce collin-
earity between polynomial terms. The linear model indicated large-scale 
spatial but not temporal trends in observed neighborhood physical dis-
order. Model residuals, ε, represent observed   

+ − 0.003
(
longitude2)

+ −0.008(latitude ∗ longitude) + ε  

physical disorder values that were free from large-scale trend but were 
further tested for smaller-scale spatio-temporal patterns. 

An empirical spatio-temporal variogram was built limiting the 
spatial separation of data pairs to 8 km, temporal separation to 1600 
days, and assuming irregular data collection and semivariogram binning 
(see Fig. 2 for evidence of irregularity and spatio-temporal extents of 
data). A theoretical spatio-temporal semivariogram was fit according to 
a simple sum metric model family which allows for variogram compo-
nents that are spatial, temporal, joint spatio-temporal, and a joint spatio- 
temporal nugget (Pebesma and Heuvelink, 2016). The theoretical sem-
ivariogram model was fit by eye; nugget, partial sill, range parameters 
and functional form (e.g., exponential, spherical, circular, etc.) were 
best fit visually. Plots of empirical semivariograms, theoretical semi-
variograms, and the difference between empirical and theoretical were 
produced. The best fitting theoretical semivariogram was considered 
that which yielded the smallest differences between the empirical and 
theoretical semivariograms within the estimated ranges of the spatial 
and temporal parameters; larger differences between the two semi-
variograms beyond the estimated ranges were de-emphasized in visual 
model fitting because any observations beyond these range values would 
contribute relatively little information to subsequent Kriging pre-
dictions. Global, spatio-temporal Kriging using the fitted theoretical 
semivariogram and observed neighborhood physical disorder values 
was used to predict the small-scale neighborhood physical disorder, ε 
from the equation above, at gridded locations across the study area 
every 6 months between August 2010 and August 2018. An overall 
prediction of neighborhood physical disorder was calculated by adding 
predictions from the Kriging model and large-scale trend model at the 
gridded locations and dates. Results were mapped. 

Validity was assessed through 10-fold cross validation and a matrix 
of Pearson correlations between model-predicted neighborhood phys-
ical disorder and perceived neighborhood physical disorder. Cross 
validation prediction accuracy was measured by averaged root mean 
square error (RMSE), normalized RMSE (i.e., RMSE divided by observed 
neighborhood physical disorder IQR), and coefficient of determination 
(R2) from each fold. Thus, 10 Kriging models were built, each one using 
90% of the data and used to predict responses to the 10% of data left out 
within each fold. The fitted theoretical semivariogram calculated using 
the full data was used in each of the 90% training datasets. 

The correlation matrix was composed of temporal and spatial lags 
based on set times and distances away from each respondent’s actual 
residence (spatial lag = 0) and date of survey completion (time lag = 0). 
Each temporal and spatial lag represented 1 month and 0.1 km of sep-
aration, respectively. Number of total temporal lags (n = 42) and spatial 
lags (n = 36) were based on the ranges estimated from theoretical 
semivariograms and limited to locations and times that were within the 
extents of the audit data to ensure on-support predictions. To account for 
potential variability of the two spatial dimensions – latitude and longi-
tude – that factor into the calculations between actual and lagged dis-
tances, 16 locations were generated per each respondent-lag 
combination. The 16 locations were uniformly distributed around a 
circle with radius equal to the lagged distance of the matrix. Thus, a total 
of 1366,596 predictions of observed neighborhood physical disorder 
were calculated using the linear regression and full global spatio- 

temporal Kriging models described above (58 respondents | spatial 
lag = 0 × 42 temporal lags + (58 respondents x 35 spatial lags x 16 
locations per spatial lag x 42 temporal lags)). Respondents’ 58 perceived 
neighborhood physical disorder values were replicated across each of 
the 1512 cells of the matrix. A similar correlation matrix was calculated 
using observed neighborhood physical disorder predictions from the 
large-scale only model (equation above). To highlight the spatio- 
temporal lags where observed physical disorder predictions from the 
full model might be more valid than those predictions from the large- 
scale only model, we subtracted correlation coefficients of the large- 
scale only from the full model. We expected the highest correlations 
between predicted and perceived neighborhood physical disorder to 
occur at or near time and spatial lag of zero, and correlations to decrease 
as a function of lags away from zero. Data were projected equidistant 
conic. Analyses were conducted in SAS 9.4, ArcMap 10.6 and R v4.0.4 
primarily with the gstat package v2.0–6 (Environmental Systems 
Research, 2020; Pebesma and Heuvelink, 2016; Sas, 2014; Team, 2013). 

3. Results 

3.1. Spatio-temporal data description and semivariograms 

Availability of locations and dates with non-missing, observed 
neighborhood physical disorder data appear spatio-temporally struc-
tured, with a greater proportion of data available in the Southeast of the 
study region and between May and October (Fig. 1). The sample lacked 
any data between December and April of any year, lacked any data from 
2010 or 2011, and only a few data points in 2009 or 2014. Higher 
observed neighborhood physical disorder values also appear to be 
concentrated in the Southeast as indicated by the warmer colors of both 
Fig. 1 and Fig. 2, which displays the modelled large scale spatial trend of 
observed neighborhood physical disorder. 

The empirical and fitted theoretical semivariograms of de-trended 
observed neighborhood physical disorder suggest spatial and temporal 
autocorrelation; albeit with a temporal partial sill that is much smaller 
than the spatial partial sill (Fig. 3). Spherical theoretical semivariograms 
were fit to all three variogram components (spatial, temporal, joint) 
based on the following parameters: spatio-temporal nugget = 0.1, 
spatial partial sill = 0.35, spatial range = 2.1 km, temporal partial sill =
0.03, temporal range = 900 days, joint spatio-temporal partial sill =

0.001, joint spatio-temporal range = 0.005, and spatio-temporal 
anisotropy=0.001. There seem to be slight wave patterns in semi-
variance across space and time with a decrease in semivariance at 

Observed neighborhood physical disorder = 0.093 + 0.117(latitude) + − 0.007
(
latitude2)

+ − 0.001
(
latitude3)

+ −0.038(longitude)
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distances beginning around 5–6 km and times between 400 and 800 
days. Semivariance appears to also dip again at times beyond the esti-
mated range of 900 days. These trends are clearer when subtracting the 
empirical from theoretical semivariograms (Fig. 4). The theoretical 

semivariogram is overestimating semivariance (i.e., underestimating 
correlation) between pairs of points separated by distances and times 
indicated by darker shades of red in Fig. 4; our theoretical semivario-
gram estimates larger differences than we observe from the data 

Fig. 1. Observed neighborhood physical disorder values by location and date, Essex County, New Jersey, n = 768.  

Fig. 2. Estimated observed neighborhood physical disorder from a model of large-scale trend, Essex County, New Jersey, n = 768.  
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between pairs of points separated by these distances and times. 
Conversely, semivariance is underestimated between pairs of points 
separated by distances and times indicated by shades of blue; our 
theoretical semivariogram estimates smaller differences than we 
observe from the data between pairs of points separated by these dis-
tances and times. Light red colors represent point pairings with little 
difference between empirical and theoretical semivariograms; our 
theoretical semivariogram estimates similar differences to what we 
observe from the data between pairs of points separated by these 

distances and times. These light red colors are clustered around short 
times and distances where nearby points will have the greatest weight in 
Kriging predictions; data points with the largest weights will have the 
least covariance error in Kriging predictions. 

3.2. Observed neighborhood physical disorder predictions and model 
validity 

Neighborhood physical disorder estimated from the sums of the 

Fig. 3. Empirical and fitted theoretical spatio-temporal semivariograms of observed neighborhood physical disorder, Essex County, New Jersey, n = 768.  

Fig. 4. Differences between empirical and fitted theoretical spatio-temporal semivariograms of observed neighborhood physical disorder, Essex County, New Jersey, 
n = 768. 
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predictions from the linear regression and spatio-temporal Kriging 
models suggest general trends of higher neighborhood physical disorder 
in the Southeast of Essex County that is largely stable over time (Fig. 5). 
RMSE and NRMSE from combined large- and small-scale models was 
half of the RMSE and NRMSE from the large-scale only model (Table 1). 
Similarly, R2 was more than twice as large comparing the combined 
large- and small-scale trend models to the large-scale only model. The 
improved accuracy of combined predictions is further demonstrated 
when analyzing correlation matrices of perceived neighborhood phys-
ical disorder and model-predicted neighborhood physical disorder by 
time and space lags (Fig. 6 and Supplement Figures). The highest cor-
relations are at temporal and Fig. 5. Predicted observed neighborhood 
physical disorder across Essex County, New Jersey 2010–2018 

1 Observed neighborhood physical disorder at time lag 0 indicates a 
model prediction at the exact date when perceived neighborhood 
physical disorder was assessed. Negative time lags indicate observed 
neighborhood physical disorder values predicted at times occurring 
before the date when perceived neighborhood physical disorder was 
assessed. Positive times indicate observed neighborhood physical dis-
order values predicted at times occurring after the date when perceived 
neighborhood physical disorder was assessed. Distance at lag 0 indicates 
that observed neighborhood physical disorder was predicted at the exact 
address where perceived neighborhood physical disorder was assessed. 
Distances > 0 indicate observed neighborhood physical disorder values 
estimated at locations ‘X km’ away from the address where perceived 
neighborhood physical disorder was assessed. 16 different locations 

were selected along an arc with radius = distanceX. The 16 locations 
were uniformly distributed along the arc and all points were within the 
study region. Correlations were then calculated under a multiple 
imputation framework where correlations from the 16 distance re-
alizations were considered an imputed dataset (distance lag of 0 contain 
no imputation realizations). Correlation coefficient differences were 
from two sets of correlations: those using predictions of observed 
physical disorder from the full model and those using predictions of 
observed physical disorder from the large-scale only model. spatial lags 
closest to zero (i.e., respondent’s exact questionnaire date and residen-
tial address) when predicting observed neighborhood physical disorder 
from the combined large- and small-scale models (Supplement Figure a). 
Correlations between perceived and model-predicted neighborhood 
physical disorder when using predictions limited to the large-scale 
model are also highest at spatial lags closest to zero but constant 
across temporal lags, as expected due to a lack of time covariates in the 
large-scale regression equation above (Supplement Figure b). 
Comparing the matrices by subtracting correlation coefficients of the 
combined large- and small-scale models by those of the large-scale only 
indicates the lags at which model-estimated observed neighborhood 
physical disorder from the full model more strongly correlate with 
perceived neighborhood physical disorder (red colors Fig. 6). Taken as a 
measure of observed neighborhood physical disorder concurrent val-
idity, the predictions from the combined models exhibit superior val-
idity at any time lags with separation distances less than 0.5 km. 
Observed neighborhood physical disorder predictions from the large- 
scale only model, however, indicate greater validity at all time lags 
with separation distances greater than 0.5 km. The spatial versus tem-
poral variability in neighborhood physical disorder is also highlighted in 
the vertical and horizontal gradients of Supplement Figure a; the 
gradient left to right indicates that disorder varies strongly over space 
whereas the markedly smaller vertical gradient indicates that disorder 
varies much less over time. 

4. Discussion 

The full, spatio-temporal regression Kriging model which accounted 
for both large- and small-scale patterns in observed neighborhood 

Fig. 5. Predicted observed neighborhood physical disorder across Essex County, New Jersey 2010–2018.  

Table 1 
Accuracy results from 10-fold cross-validation comparing observed neighbor-
hood physical disorder predictions from large-scale only to combined large- and 
small-scale models, Essex County, New Jersey, n = 7681.   

RMSE IQR NRMSE R2 

Large-scale trend only 0.418 0.951 0.439 0.272 
Combined large- and small-scale spatio- 

temporal trends 
0.209 0.951 0.220 0.632  

1 RMSE = averaged root mean square error; IQR = interquartile range of 
observed neighborhood physical disorder; NRMSE = normalized root mean 
square error; R2 = averaged coefficient of determination. 
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physical disorder exhibited substantially greater accuracy compared to 
the model that accounted only for large-scale patterns. Observed- 
perceived neighborhood physical disorder correlations resulting from 
the full spatio-temporal model are highest among predictions of 
observed disorder nearest to the address and survey date when 
perceived disorder was self-reported. Together this provides evidence 
for the general validity of a spatio-temporal regression Kriging model of 
observed neighborhood physical disorder and suggests that information 
on spatial and temporal indices of audits can yield greater prediction 
accuracy than spatial-only models. Moreover, its general stability over 
time suggests that long-term exposure to objective neighborhood 
physical disorder might be an important consideration in epidemiologic 
studies. 

4.1. Utility of collecting spatio-temporal dimensions of observed 
neighborhood physical disorder 

Observed-perceived neighborhood physical disorder correlations 
resulting from the full spatio-temporal model are slightly higher 
compared to those of the large-scale only model among predictions of 
observed disorder nearest to the address when perceived disorder was 
reported. In contrast, observed-perceived neighborhood physical disor-
der correlations among predictions of observed disorder that are further 
away from the address where perceived disorder was reported (> 0.5 
km) are higher when predicted from the large-scale only model 
compared to the full spatio-temporal regression Kriging model. 
Assuming these correlations represent a true and generalizable measure 
of validity, the choice to collect and develop a spatio-temporal regres-
sion Kriging or a simpler spatial trend regression model to yield neigh-
borhood physical disorder predictions at locations and times relevant for 

a specific epidemiologic dataset could be guided by the precision of the 
spatial and temporal indices of that epidemiologic data. For example, a 
study of the correlation between observed neighborhood physical dis-
order and health among participants with a residential address geo-
coding error of > 0.5 km might yield more accurate correlations if 
observed neighborhood physical disorder were estimated from a model 
accounting for large-scale spatial trends only. Similarly, a study linking 
model-predicted observed neighborhood physical disorder to a dataset 
that only provides participants’ zip code tabulation area of residence (e. 
g., Behavioral Risk Factor Surveillance System) might be better off 
building a simple model of neighborhood physical disorder that is a 
function of polynomials of the x and y coordinates knowing that, in the 
U.S., zip code tabulation areas have a median area of 96 km (radius of 
5.5 km if a circle) (Donaldson, 2013). In contrast, it might be advisable 
to collect and model the spatio-temporal dependencies of observed 
neighborhood physical disorder within studies that collect residential 
addresses and geocode those addresses to a latitude and longitude with 
high precision (e.g., high quality cancer registries). 

4.2. Patterns of perceived and observed neighborhood physical disorder 
correlations 

As hypothesized, correlations between perceived and observed 
neighborhood physical disorder predicted from either model were 
highest where data were spatially nearest one another and gradually 
decreased as a function of spatial separation between data. This is in line 
with previous studies demonstrating that individuals perceive their 
neighborhoods as having spatial boundaries (Donaldson, 2013; Taylor, 
2012). In contrast to the expected spatial trends, the highest correlations 
between perceived and observed neighborhood physical disorder were 

Fig. 6. Differences in correlation coefficients of perceived neighborhood physical disorder and predicted neighborhood physical disorder by time and space lags1.  
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not when data were temporally nearest (i.e., assessed at identical dates), 
but when observed neighborhood physical disorder was predicted 
approximately 9–12 months prior to the dates when residents reported 
perceived neighborhood physical disorder. Compared to previous 
research on residents’ perceptions of neighborhood spatial boundaries, 
far less is known of timeframes recalled by residents when prompted to 
characterize specific attributes of their neighborhood (Taylor, 2012). A 
systematic review of temporal variation in physical activity found that 
physical activity was highest during summer months and lowest in 
winter months among regions with temperate climates, which was 
attributed to residents interacting outdoors more often during favorable 
weather (Tucker and Gilliland, 2007). It is possible that the timeframe 
recalled by residents when reporting neighborhood physical disorder 
perceptions coincides with outdoor neighborhood activities – walking 
within the neighborhood, interacting with neighbors, engaging in 
home/yard maintenance, etc. – that are more likely to occur in warmer 
months. If true, the temporal pattern between perceived and observed 
neighborhood physical disorder correlations could reflect the inclina-
tion to recall the previous summer’s neighborhood characteristics and 
the months when residents reported neighborhood physical disorder 
perceptions. Indeed, the average time between when residents reported 
neighborhood perceptions and the previous July (summer in the 
Northern hemisphere) was 5.9 months. Future studies should specify an 
exact recall timeframe within neighborhood perception questions which 
would help align the temporal indices of observed and 
resident-perceived neighborhood physical disorder measures. Such 
spatio-temporally aligned measures could lead to better understanding 
of how observed neighborhood factors might impact perceptions and 
eventually health and well-being (Entwisle, 2007; O’Brien et al., 2019). 

4.3. Limitations 

Limitations of this study include reliance on GSV for observed 
neighborhood physical disorder characteristics; unclear generalizability 
among areas that are less urban, non-sampled dates, different pop-
ulations, and health behaviors and outcomes; and modest sample sizes of 
audit and self-report data used for validation. Limitations to using GSV 
for neighborhood audits were discussed at length elsewhere (Bader 
et al., 2015; Curtis et al., 2013; Plascak et al., 2020), but highly relevant 
for this study is the potential for differential data availability by location 
and date. GSV streetscapes used to build the model were sparsely 
available or absent between fall-early spring seasons; 2009–2011 and 
2014; and in the west of the county where the population is less dense. 
While Google’s proprietary, image capture protocol is unclear, a 2013 
study reported similar urban-rural and temporal variation in streetscape 
availability (Curtis et al., 2013), which appears to have persisted despite 
several years of additional data. The effect of spatio-temporally 
patterned data availability should minimally impact results of this 
study due to various reasons: 1) observed neighborhood physical dis-
order is considered an urban construct;(Sampson and Raudenbush, 
1999) 2) model-estimated neighborhood physical disorder was strongly 
driven by spatial versus temporal model components, and 3) the 
spatio-temporal extents of perceived disorder data largely overlapped 
that of the audit data. Similarly, generalizability of these results to less 
densely populated regions, winter months, unsampled years, and health 
behaviors and outcomes is unknown. However, evidence suggests that 
the relationship between observed neighborhood physical disorder and 
health is likely mediated by perceptions of disorder, indicating that the 
concurrent validity correlations reported herein could motivate similar 
spatio-temporal studies with health behaviors and outcomes previously 
associated with observed neighborhood physical disorder (O’Brien 
et al., 2019). 

5. Conclusions 

It is feasible to construct a spatio-temporal model of observed 

neighborhood physical disorder from virtually audited GSV street-
scapes. Availability of GSV data within an urban U.S. county is spatio- 
temporally patterned, yet a spatio-temporal regression Kriging model 
displays reasonably high prediction accuracy. Observed neighborhood 
physical disorder appears more variable across space and relatively 
stable over time. However, correlations between perceived neighbor-
hood physical disorder and model-predicted observed neighborhood 
physical disorder support the use of spatio-temporal regression Kriging 
to model neighborhood physical disorder, especially if predicting 
observed neighborhood physical disorder at locations measured with 
high spatial precision. Future studies using GSV’s spatio-temporal data 
should collect larger, more diverse samples and investigate correlations 
with various health behaviors and outcomes related to neighborhood 
physical disorder. 
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