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ABSTRACT

Our relationship with technology is constantly evolving, and that relationship is adapting even more quickly
when faced with disaster. Understanding how to utilize human interactions with technology and the
limitations of those interactions will be a crucial building block to contextualizing crisis data. The impact
of scale on behavioral change analyses is an unexplored yet necessary facet of our ability to identify relative
severities of crisis situations, magnitudes of localized crises, and total durations of disaster impacts. In
order to analyze the impact of increasing scale on the identification of extreme behaviors, we aggregated
Twitter data from Houston, Texas circa Hurricane Harvey across a wide range of scales. We found inversely
related power law relationships between the identification of sharp Twitter activity bursts and sharp activity
drop-offs. The relationships between these variables indicate the direct, definable dependence of social
media aggregation analyses on the scale at which they are performed.

1 INTRODUCTION

As the supply of data from humans-as-sensors continues to increase, understanding individual data streams
in the context of our multi-layered and multi-networked society is becoming more difficult. Social media
is increasingly looked to as a potential source of additional information in the notoriously information-
scarce environment of crises (Reuter and Kaufhold 2018). The crisis informatics field has continued to
flourish and expand alongside the seemingly ever-increasing quantities of available social media data and
methods of analyzing that data. As a result, the scope of applications for social media during crises has
expanded to include event detection (Sakaki et al. 2010), resource availability and need (Choe et al. 2017),
and mobility monitoring (Wang and Taylor 2016a). Analytical methods range from sieving individual posts
for information (Hiltz et al. 2014) to analyzing geographic changes in sentiment and behavior to inform
gestalt-level decisions (Jongman et al. 2015; Kryvasheyeu et al. 2016).

The big data revolution has opened a vast area of possibilities for crisis response (Qadir et al. 2016).
One of the greatest strengths of the field is the diversity it contains, which has resulted in a wide range of
available techniques for processing this ever-increasing and changing pool of data. Applications from the
field are being used currently by international aid organizations (Imran et al. 2014), and strides are being
made for local response implementations of social media analysis as well (Kropczynski et al. 2018) despite
initial resistance (Tapia and Moore 2014). Social media data analytics techniques range from convolutional
neural networks (Caragea et al. 2016) to latent Dirichlet Allocation topic models that combine spatial,
temporal, and semantic data to identify disasters (Wang and Taylor 2019). That said, the range of diversity
of applications and methods can also impede the process of building a solid foundation. Researchers both
external and internal to crisis informatics have noted criticism of social media applications’ limits with
respect to data bias, social inequality, and lack of confirmed validity (Imran et al. 2015; Jiang 2018).
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More data is available to us; however, big data is not complete data. There has been a consistent call
for us to critically interrogate the assumptions and capabilities of big data in the context of our political and
urban usage (Boyd and Crawford 2012). As the reach and amount of available data increase, holes in that
data become both less obvious due to the existing volume and yet more harmful due to the increasing
prevalence of that data’s use (Morstatter and Liu 2017). Social media, especially when used for crisis
response, is not exempt from this call. This is especially true in the case of crisis response, where
information availability alone can tip the scales of resource distribution. To ensure more equitable and
intelligent use of social media data in crisis response, researchers need to understand the social, spatial, and
sociospatial limitations of that data (Jessop et al. 2008). One critical piece of that understanding is
understanding the geographic scale at which social media data is capable of identifying disasters and how
much information is gained or lost by varying that geographic scale. This is necessary for accurate
implementation of our applications and recognition of any dangers of utilizing non-uniform aggregation
scales, such as census tracts (Jelinski and Wu 1996; Saib et al. 2014).

The capacity for social media to identify disasters is predicated on both the scale at which disasters are
impacting people and the scale at which people are responding to that impact. Disasters are social; a key
defining factor of a disaster’s scale is how greatly it impacts society’s normal functions (Guan and Chen
2014). Most of crisis analytics work operates on the assumption that, because disasters impact people,
people will change their behaviors, such as their mobility, purchasing habits, and, yes, social media usage.
Social media usage behavior has been defined through posting content, user interactions, sentiment
analysis, and posting frequency. The scale at which these behavior changes are identifiable, and how social
media usage behavior changes vary across geographic space, is unknown. Previous research has identified
a positive correlation between increasing amounts of posting frequency and hurricane damage
(Kryvasheyeu et al. 2016); however, recent research has also identified a correlation between the magnitude
of change, accounting for both increases and decreases in posting activity, and hurricane damage (Samuels
et al. 2018). We theorized that a variety of both increasing and decreasing posting behavior is happening
at smaller, neighborhood-scales, and thus the identification of different posting behavior trends would be
affected by the scale of analysis. Although scale has been identified as a potential impactor on analysis
conclusions for crisis data, its effect on the recognition of extremely greater or extremely diminished
posting activity changes as crisis identifiers has not been explored nor defined (Kniisel et al. 2019; Shelton
et al. 2014). Our conclusions are only as good as our data, and the analyses that utilize other types of social
media attributes—be they content, spatiotemporal clusters, or networks—need to incorporate the impact of
geographical scale and place into our interpretations of that data.

Our goal within the scope of this paper is to identify the effect of increasing scale on the identification
of both extremely high amounts and extremely low amounts of Twitter activity, as compared to a defined
baseline. As such, our research question is: what is the effect of increasing scale on the identification of
crisis-induced extreme changes in social media activity? In answering this, we contribute insight into not
only how well social media posts can represent a change in normal societal function during a disaster, but
also into the spatial variances in either accessibility to social media or inclination to post across a
geographical space.

To address this question, we chose to focus our efforts on the city of Houston, Texas circa Hurricane
Harvey. As the largest city on the Gulf Coast of the U.S. (World Population Review 2018), Houston had a
large hurricane-affected population that, based on our analysis of Gulf-based city Tweeting behavior, also
has a substantial number of affected Twitter-users.

2 METHODS

2.1 Twitter Data

All of the geolocated Twitter data for the greater metropolitan area of Houston for seven weeks prior to and
one week following Hurricane Harvey's landfall were streamed through the Twitter API (Wang and Taylor
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2016b). Hurricane Harvey made its first landfall in Houston on August 25", 2017 in the evening; the
hurricane then pivoted and returned on August 27" to deposit torrential, record-breaking rains. For our
analysis, we defined our perturbed state—the period of time during which non-normal behavior would be
expected—as one day prior to the first landfall through the week following landfall (August 24™-September
1*"). To identify non-normal behavior, we needed to select a steady state to act as our baseline for “normal”
behavior. We defined this steady state as the five-week period from July 11" and August 16™, following
prior research describing the time period length necessary to generate a sufficiently stable analysis (Toepke
2018); a longer period would increase the influence of both seasonality and population flux. The steady
state behavior has a left-leaning log normal distribution, matching prior findings, and is explored more in
Appendix A. We also allowed for a transitionary state, during which the hurricane would broadly impact
Twitter posting behavior through anticipation of harm but not through actual hurricane damages or events.
This state is defined as the period from the day Harvey was identified as a tropical storm through the day
before our perturbed state begins (August 17"-August 23").

It should be noted that Houston experienced the most infrastructural damage and flooding on August
27" and not when Hurricane Harvey first made landfall. As such, some of our discussion focuses on
behaviors identified on August 27",

The sets of steady state and perturbed state Tweets were temporally aggregated by day, transformed
into individual points through ArcGIS, and plotted using their latitude and longitude attribute information
in ArcGIS. The 2010 census tract shapefiles were downloaded from the Harris County GIS data portal.

2.2 Population Data

The census data and census tracts are not at a sufficiently granular resolution to understand the nuances of
neighborhood-scale behavior during a crisis. The tracts further from the city center can be as large as 600
km?, so we need to find a method of increasing the resolution of the population data. The geographic
information systems field has historically utilized National Land Cover Database (NLCD) 2011 data to
increase the granularity of the census data with substantial accuracy (Bian and Wilmot 2017; Reibel and
Agrawal 2007). Although the NLCD is updated every five years, the 2016 data was not yet available for
download at the time of analysis. Additionally, Grubesic et al. found substantial flaws in comparing
datasets more than a few years apart (Grubesic and Matisziw 2006). The 2011 NLCD would most closely
match the 2010 census data we used as population values. The NLCD contains a raster file with 30 by 30-
meter cells that have been classified, through satellite imagery, as one of 16 classes. The classification
includes four classes of developed land: open space, low intensity, medium intensity, and high intensity.
We downloaded the 2011 dataset and extracted the raster cells that were classified as any type of developed
land and were located within the greater metropolitan Houston Area. Using ArcGIS' Raster to Point
function, we then transformed each of the raster cells into points located at the center of each cell and
spatially joined these points by count into the census tracts for Houston. Using the counts of each type of
NLCD class and the population record for each census tract, we performed a multiple linear regression
analysis to determine the contributing coefficients of each type of land type with respect to population. The
results of the regression analysis are presented in Table 1, with an adjusted R-squared of 0.8317 and a model
p-value of <0.001.

We used these model coefficients to determine the weighted averages of each land type within each
census tract. As shown, the areas of very intense development have a substantial and significant negative
contribution to the residential population of the Houston census tracts. Bian and Wilmot encountered
similar results in New Orleans, Louisiana in a study using the same technique to study disadvantaged
populations impacted by Hurricane Katrina (Bian and Wilmot 2017). Following ground proofing
techniques, they assigned a positive but very small assigned coefficient to the highly developed areas of the
city. For the purposes of our population disaggregation, we followed their example and a very small
assigned coefficient to areas of low and high development, utilizing the ratio of each model coefficient to
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the others. These assigned coefficients were used in the redistribution of the Houston population. The
details of the produced model are included in Table 1.

Table 1: Multiple linear regression results for the NLCD land class types and the census data.

NLCD class Model STD Error p-value Assigned
Coefficient Coefficient
Open area 0.30 0.03 <0.0071*** 0.23
Low intensity -0.11 0.07 0.123 0.18
Medium intensity 4.50 0.10 <0.0071*** 0.58
High intensity -2.34 0.12 <0.001*** 0.01

The assigned coefficients were employed in Equation (1) to determine a population quantity to assign
to each of the NLCD point shapefiles, based on the distribution of points in each census tract and that tract's
population.

WA .pop
* total
IWA; tract

Po P = 1
pcelll TT‘athounti ( )

Pop ey, is the population represented by a single NLCD raster cell point of NLCD type i within a
specific census tract; the NLCD types of “Open area”, “Low intensity”, “Medium intensity”, and “High
intensity” are represented as i—/; WA, is the weighted average for the specific land type; WA;-; is the sum
of the weighted averages for each land type; Pop;otai,, ., 1S the total population within the census tract in
which the point is located; and Tract oyns, is the total number of points of type i within the specific census
tract. This was repeated for each of the NLCD types. The resulting dataset was a grid of point files spaced
30 meters apart that were assigned a reasonably accurate population total and could be aggregated into a
series of shapefile “nets” spread across the city of Houston.

2.3 Spatial Nets

With the social media data temporally aggregated and mapped and the population data spatially
disaggregated, we designed twelve spatial nets to catch the population data and the Twitter stream for each
day. We generated the spatial nets of equally sized and shaped hexagonal polygons through ArcGIS’
Generate Tessellation function. Hexagons are better suited for tiling large geospatial areas because they
reduce edge effects that can be exacerbated by intersecting rectangles and are more scalable on a curved
surface like the globe (Carr et al. 1992; Polisciuc et al. 2016). The twelve hexagonal nets consist of
hexagons that have square areas of, respectively, 0.25 km?, 0.5 km?, 0.75km?, 1 km?, 2 km? 5 km?, 10 km?,
15 km?, 20 km?, 35 km?, 50 km? and 80 km®>. We chose these by beginning with 10 km?, the average
approximate size of the Houston census tracts, and incorporating logarithmically larger and smaller scales
until the analysis appeared to only be catching individual behavior (0.25 km?) or we reached the scale at
which information provided very little actionable or useful information in terms of aid distribution or the
presence of local disasters (80 km?). A comparison between the 1km?* and 80km? nets is shown in Figure
1 for a scalar reference.
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Figure 1: (Left) Net of 1 km? hexagons across Houston. (Right) Net of 80 km? hexagons across Houston.

We summed the number of Twitter posts for each day and the population values of each of the NLCD
points within each polygon of each net. Following the methods listed by Kryvasheyeu et al. (2016), areas
that did not contain at least one Tweet per day during either the steady state or perturbed state were removed.

2.4  Analytical Methods

In order to understand the distribution of perturbed state Twitter posting counts that were either much higher
or much lower than the “normal” behavior observed in the steady state, we used cumulative distribution
functions (CDFs) to compare perturbed state Twitter activity to the steady state Twitter activity. We used
the steady state post counts for each of the spatial nets to generate a series of CDFs. These CDFs represented
the distribution of Twitter activity for a single area across each day of the steady state period. For instance,
for a given area A within the 10 km? net, we created a CDF from all of area A’s steady state Twitter activity
counts by day. We then took the perturbed state Twitter activity on a given day, such as August 27", and
used the generated steady state CDF of activity to determine what percentage of steady state days had
produced less than the number of Twitter posts produced on August 27" in area A. A result of 0.90 would
indicate that the perturbed state activity on August 27" was higher than the activity produced on 90% of
the days in the steady state, and a result of 0.10 would indicate that the perturbed state activity was only
higher than 10% of days in the steady state.

We used each CDF to assess, for each area and each day of the perturbed state, the cumulative
likelihood of observing a certain number of Tweets in that area on that day. We categorized this likelihood
as being normal, non-normal, or extreme. Although, as stated, we are most interested in extreme values, we
included an analysis of non-normal to provide a reference for the impact of how the threshold of “extreme”
amounts of activity is defined. Using empirical rule values, non-normal behavior was defined as being less
than 16% of steady state values or greater than 84% of steady state values. Extreme behavior was defined
as being less than 5% of steady state values or greater than 95% of steady state values. To identify the
effect of scale on observing extreme (and non-normal) values and so understand the prevalence and
significance of activity bursts, clustering, or drop-offs, we took the distribution of the likelihood of
observing the perturbed state Twitter activity and analyzed the distributions of those probabilities across
nets and days of the perturbed state.
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3 RESULTS

At smaller scales (less than 10 km?), we identified a clear bimodal distribution indicating a large quantity
of both extremely high and extremely low Twitter activity across each day of the perturbed state. At scales
greater than 20 km?, no consistent pattern of posting behavioral tendency was visible. To further interrogate
this trend, we assessed the percentage of areas on the day of maximum rainfall and damage, August 27",
that exhibited non-normal or extreme Twitter posting behavior. The percentage of areas for each net that
experienced Twitter activity lower than 5% and 16% of its steady state values on August 27" are portrayed
in Figure 2. The percentage of areas for each net that experienced Twitter activity higher than 84% and
95% of its steady state value are portrayed in Figure 3. All identified relationships fit well (R*>0.93) to a
power law distribution, defined as f(x) = ax™®. We additionally included the percentage of areas that
exhibited normal behavior, within the central 68% of observed Twitter activity behaviors, on both figures
for comparison. The power law relationship for normal activity fits less well (R* = 0.77).

Of most importance for applications, the relationship between increasing scale and the identification of
extremely low behaviors is negative, while the relationship between scale and the identification of
extremely high behaviors is positive. The minimum value for which this relationship holds true has not
been identified. The scaling constants, a, vary between 0.1 and 1.0, but the magnitude of the power k is
approximately the same (0.17) for both of the equations for the extreme values. Additionally, the inclusion
of non-normal activity analysis was provided as a reference for the impact of the threshold at which the
amount of activity could be interpreted as “extreme”. We see the impact of increasing the boundary for the
classification from outside the central 68% to outside of the central 90% in the identification of non-normal
and extreme perturbed state activity for both sets of behavior trends. Decreasing the threshold at which an
observed behavior is classified as noteworthy obviously increases the number of noteworthy observations;
however, this effect is slightly larger for the extremely high values, and the effect is more profound at higher
scales (greater than 40 km?).

At a gestalt level, the difference between the percentage of areas identified as exhibiting extreme at
the smaller scales is much larger (approximately 80% for scales less than 0.5 km?) than the percentage
identified at the larger scales (approximately 53%). This relationship is represented in Appendix B. The
geographic coverage of those areas, however, is quite similar due to the increased removal of areas
without Twitter activity at the smaller scale.

4 DISCUSSION

First and foremost, the analyses presented herein show that the stories our data tell differ when read at
different scales. We identify and define the effect of scale on the identification of extreme behaviors, and
we show clearly that the effect is different for different extreme behaviors. When we assessed the
distribution of the likelihood of seeing each value in the perturbed state using the empirical cumulative
distribution function generated in the steady state, we found that few perturbed state values lie close to the
average of the steady state, and that the proportion of areas exhibiting extreme behaviors was dependent on
the scale of the analysis. Although some effect of geographical scale had been identified in previous studies
(Shelton et al. 2014), the magnitude or consistency of the relationship had not been defined. We have
defined consistent power law relationships between scale and the observation of extreme levels of Twitter
activity. Due to the nature of this relationship, geographical scale has a very strong influence at the smallest
scales (less than 5 km?) and produces drastically different data distributions when comparing between scales
of very different magnitudes. Additionally, previous research had theorized that increasing scale improved
the identification of different, perturbed state behavior (Chen et al. 2013). However, we show that, although
increasing scale improves the identification of greater-than-normal Twitter activity, increasing scale
decreases the identification of less-than-normal Twitter activity. The inverse relationship between scale
and different types of perturbed state behavior can thus strongly affect analytical methods’ ability to identify
activity drop-offs caused by catastrophic flooding or energy infrastructure damage. This will be critical to
consider as the field continues to try to scale the applications of social media both up and down.
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Figure 2: Comparison of the percentages of areas exhibiting non-normal or extremely low Twitter activity
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In our data, we have identified four strong power law relationships between aggregation scale and the
number of identified areas exhibiting non-normal and extreme behavior. Power law distributions have
attracted a large amount of attention in almost every field, ranging from microbiology to economics. They
are nearly ubiquitous in natural systems, although the statistical confirmation of the reality of each claim
has been questioned (Stumpf 2012). It is no small irony to the authors that their identification of the scale-
dependence of social media analyses culminates in a distribution defined as scale-independent. We would
like to note, then, that the relationship between scale of aggregation and these Twitter behaviors is what is
scale-independent; the relationship itself is direct and significant.

The number of identified extremely low events decreases exponentially with increasing scale, and the
number of identified extremely high events increases exponentially with increasing scale. The scalar for
identification of non-normal (0.602) versus extreme (0.571) events is not very different for the lower
thresholds, but the scalar for the identification of non-normal (0.176) versus extreme events (0.107) is
higher with similar powers. This increased identification of non-normal behaviors at increased scales
suggests the need to apply more stringent thresholds for activity marked as non-normally or extremely high
at larger spatial scales, or our analyses cannot triage. Also, the many decreased values identified at the
smaller scales confirms the need for more stringent methods of investigation into these areas that fall
suddenly silent.

In terms of sudden silence, previous research has identified that drop-offs in Twitter activity are also
correlated with damage and theorized that those drop-offs are caused by social vulnerabilities more than
behavioral choices (Samuels et al. 2018). Increased scales minimize the potential for a social media analysis
to identify these drop-offs as extreme events, a factor that needs to be considered and addressed in social
media applications. Especially as many aggregate studies utilize zones such as census tracts and Zip Code
Tabulation Areas (ZCTAs), this factor can be a serious problem. ZCTAs vary widely in size and shape; the
ones within Houston, for instance, range in size from 0.16 km? to 677.20 km?. This variance in size and
socially constrained boundaries have been substantially critiqued in the field of GIS (Jelinski and Wu 1996;
Saib et al. 2014).

Here, we can confirm the effect of size variance on analysis and warn against the use of varying sizes.
Larger tracts tend to be those further from the city, with a higher percentage of populations that do not
participate in Twitter. These larger areas with a smaller number of Tweets per person will be far more
likely to show no or little increased activity, and thus any localized crises causing activity drop-offs will
not register in these analyses. Similarly, at the smallest scales, the majority of areas exhibit extreme
behaviors, so these areas’ behaviors are more likely to be interpreted as exhibiting a need. On the equity
side of that, the majority of small-scaled ZCTAs are in the center of our cities, where both population
density and community wealth tend to be higher. We have shown that the scalar dependencies of identifying
behavior changes tip the scales in favor of these urban populations.

4.1 Limitations and Future Work

4.1.1 Hurricane-specific Tweeting

Many studies in the field filter for Tweets that are directly related to the hurricane through text analysis.
This limits the application of steady state versus perturbed state analysis, as no one was Tweeting about
Hurricane Harvey before it formed in the Gulf. As such, using hurricane/disaster-specific Tweets was not
possible.

4.1.2 Area exclusion

We excluded from analysis all areas that did not have a single Tweet across the steady state period or a

single Tweet across the perturbed state. However, this resulted in a substantial amount of geographic
coverage reduction in the smaller scales. We identified a logarithmic increase in excluded area with
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decreasing scale. For example, 66% of Houston was excluded in the 0.25 km?” net, 53% was excluded from
the 1 km? net, and only 20% was excluded from the 20 km? net. Further research is necessary to investigate
the effects of Twitter activity thresholds, population thresholds, and the effect of including or excluding
areas and populations with a very lower Twitter representation. This information will help inform how
applicable Twitter data can be to demographically-different neighborhood distinctions in behavior and will
minimize the inclusion of non-participating, unrepresented populations.

4.1.3 Future work

No two disasters are the same, either in terms of the damage caused or in terms of the affected society. The
generalizability of the identified power law relationships and the distributions of Twitter activity to other
cities and other disasters should be investigated.

5 CONCLUSIONS

Social media analyses use changes in human behavior to identify the location, magnitude, and severity of
localized crises within disaster contexts. The marks that these behavior changes leave on crisis data,
however, are not consistent or uniform. Previous research in the field has identified both increases and
decreases in social media activity in response to severe hurricane damage, and researchers have noticed
the influence of scale on crisis informatics analyses, but the two had not been linked. Within this paper,
we analyze the influence of scale on the observation of extreme social media behaviors during Hurricane
Harvey. We find that increasing scales promote the identification of more areas with extremely high
amounts of Twitter activity and the identification of fewer areas with extremely low amounts of Twitter
activity. We also find that smaller scales are more likely to identify areas as exhibiting extreme behaviors.
In the context of future analyses, researchers need to be aware that using aggregation areas with widely
varying sizes can be heavily skewing their results, particularly when that skew favors bursts of activity and
those in more populous, potentially more advantaged areas. Ultimately, when social media analyses are a
factor influencing resource and aid distribution, we show that defining and understanding the scalar
dependencies of our analyses is critical to ensuring equitable emergency response.
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A STEADY STATE ANALYSIS

We created CDFs for the steady state Twitter posting activity of every area within each of the spatial nets,
resulting in thousands of steady state CDFs. The distributions for five randomly selected areas for two of
the spatial nets (50 km” and 1 km?) are depicted in Figure 3 for comparison. Both depict left-leaning log
normal distributions, with fairly substantial variation in density within the spatial nets and as compared to
each other. The long right tails are also a constant characteristic; however, they are more prominent in the
distributions of the 1 km? spatial net, and there is greater variability across and within the 1 km? areas.
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B AREAL INCLUSION

As discussed in Section 4, a much larger area of geographic space without a Twitter presence was removed
from the analysis for the smaller spatial scales (approximately 65%) than from the larger spatial scales
(approximately 20%). The relationship between the geographical scale of analysis and the excluded area

is depicted in Figure 4.
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Figure 4: The relationship between the percentage of the total study area (the greater metropolitan area of
Houston) excluded from the analysis on account of not having sufficient Twitter activity, as defined in
Section 2.3, and the geographic scale at which the data was aggregated.
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