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ABSTRACT

Most work to date on mitigating the COVID-19 pandemic is focused
urgently on biomedicine and epidemiology. Yet, pandemic-related
policy decisions cannot be made on health information alone.
Decisions need to consider the broader impacts on people and
their needs. Quantifying human needs across the population is
challenging as it requires high geo-temporal granularity, high
coverage across the population, and appropriate adjustment
for seasonal and other external effects. Here, we propose a
computational methodology, building on Maslow’s hierarchy of
needs, that can capture a holistic view of relative changes in
needs following the pandemic through a difference-in-differences
approach that corrects for seasonality and volume variations. We
apply this approach to characterize changes in human needs
across physiological, socioeconomic, and psychological realms
in the US, based on more than 35 billion search interactions
spanning over 36,000 ZIP codes over a period of 14 months. The
analyses reveal that the expression of basic human needs has
increased exponentially while higher-level aspirations declined
during the pandemic in comparison to the pre-pandemic period. In
exploring the timing and variations in statewide policies, we find
that the durations of shelter-in-place mandates have influenced
social and emotional needs significantly. We demonstrate that
potential barriers to addressing critical needs, such as support for
unemployment and domestic violence, can be identified through
web search interactions. Our approach and results suggest that
population-scale monitoring of shifts in human needs can inform
policies and recovery efforts for current and anticipated needs.
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1 INTRODUCTION

Many of the existing studies and datasets of the COVID-19 global
pandemic focus on the biomedical and epidemiological aspect of
the case and fatality rates, including efforts in detection, infection
propagation, therapeutic intervention, and vaccine design, with a
gaze fixed on the virus and illness that it causes. Despite the direct
focus on mitigating the spread and morbidity of infection [59],
pandemic-related policy decisions and investments cannot be
made on health information alone. Challenges span societal (e.g.,
disparities [14]), economic (e.g., unemployment [7, 15]), and
psychosocial (e.g., stress, anxiety [43], loneliness [55]) realms.
Recent work has called for identifying and understanding the multi-
level system of humans needs and well-being for pandemic response
and recovery strategies [47]. Our goal is to better understand the
influences of the pandemic and associated policy decisions on
a multitude of human needs, where new insights about shifting
needs can guide valuable refinements of policies and motivate the
development of new interventions, programs, and investments.

Quantifying human needs across the population is important but
challenging, as it requires innovative, ethical, privacy-preserving
approaches with fine-grained and broad geo-temporal coverage.
A standard way to assess human needs is through survey-based
measures [23], which can be costly and time-consuming to conduct
at large scales. Surveys are difficult to manage across time and
geographies when the desire is to provide fine-grained analyses
longitudinally and to be able to understand and react in near real-
time. Passively observing human behaviors is another approach,
grounded in the fact that physical and psychosocial needs motivate
human behaviors to express and fulfill those needs when they are
unmet [36]. For example, historical purchase behaviors are used
to predict future consumer needs in market research [1], but this
approach is also limited to smaller-scale, consumer and commercial
interests. E-commerce platforms (e.g., Amazon marketplace) or
specialized service providers (e.g., Talkspace, Coursera) may have
access to large-scale, real-time analysis of customer behaviors, but
they are focused tightly on specific needs. Publicly available social
network data (e.g., Twitter), have been used to characterize needs [3,
62], but these studies examine a subset of needs from data that only
portrays externalized behaviors. Such fragmentation of data limits
the capture of broader expressions and comparisons across a broad
spectrum of human needs.
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We address these limitations in obtaining signals about human Observation period 14 months (Jan 1-Aug 2 in 2019-2020)

needs by observing the behaviors of people through their everyday # of queries 35,650,687,581
interactions with a web search engine. Human behaviors, through # of human need queries 3,250,228,644
which human needs are expressed or ful lled, often involve seeking # of days 428

# of ZIP codes 36,667

information or obtaining tangible support or material items, for
which web search has been an integral component. Thus, search Table 1: Descriptive statistics for our web search dataset.

logs provide a unique lens into human needs via providing signals ynderstanding of human needs. The characterizations of broad
about human behaviors in their natural state, at large scale, and on gpectrum of needs from these models are increasingly relevant
already routinely collected data. during the pandemic47. Most studies use survey-based methods to
We propose a computational methodology built on constructs of - measure human need42, 38 40 53. Others have applied human
human needs by Maslov8p 37 and Max-Neef BJ. We characterize  needs theories in computational social scien8ed3 62, but they
pandemic changes across a broad spectrutiunéamental human  focys deeply on speci c topics (e.g., consumer behavior, well-being)
needsspanning five broad human needs categorigsif Actualization  and leverage publicly available social network data. In contrast, we
Cognitive Love and Belongingafety and Physiologicaind 79 introduce a computational methodology to extract a full spectrum
subcategories. We apply this framework to a dataset of 35+ billion - of human needs at population scales, which is critical for aligning
search interactions across 36,000+ ZIP codes in the United States andygjicies with societal needs that they are intended to support.
over 14 months (7 months in 2019 and 7 months in 2020) to map
search query strings and click interactions to human needs, resulting
in over three billion expressions of human needs. We demonstrate
how this approach enables the examination of shifts in fundamental
human needs based on disruptions induced by the pandemic.

Web Search Logs for Human Needs Analysis. In addition,

we harness search interaction data which captures more natural
observations of human need$§. Web search logs have been used
to understand human behaviors across many di erent domaids [
Our contributions include the following: 25 58 60, time [5, 6, 22, 43, location [48 61, and to predict the

We propose a novel computational framework for characterizinga "M0W and the future I3 24, but prior studies typically focus on
holisticview of human behaviors, intents, and unmet needs based & Single aspect of human well-being. Google Trends APIs have

on web search logs and human motivational theories (Sec. 4). helped to stimulate a p_roli ¢ range of research in _the context of
We leverage a difference-in-differences approasti [to quantify the COVID-19 pandemic for physica8f, psychological p4, and
the impact of the pandemic and its associated policies on the Socioeconomic, 27 well-being that operate on highly normalized
relative changes in needs while controlling for seasonality and @nd aggregated data. In distinction, our work leverages ne-
external factors (Sec. 4.4). grained geospatial comparisons across 79 need subcategories and a
We present the rst population-scale analysis acrosealisticset di erence-in-di erences methodology, which allows for controlling
of human needs during the COVID-19 pandemic in the United confounders and understanding national coverage with exible geo-
States through the use of web search logs (35+ billion search temporal normalizati.on an.d aggregat!on.We also improve detection
interactions for 14 months on 86% of US ZIP codes; Sections 5-8) Of needs by leveraging click interactions.

We nd that search interactions in pursuit of basic human needs

(i.e.,PhysiologicalSafety have increased exponentially during 3 DATASET AND VALIDITY
the pandemic while several higher-level aspirations (i®elf 3.1 Dataset, Privacy, and Ethics

Actualization Cognitivg have declined (Sections 5, 6). _ We collected a dataset containing a random sample of deidenti ed
We observe geographical di erences in how di ering statewide  gearch interactions from the rst seven months of the years 2019 and
shelter-in-place policies are associated with short-term and Iong- 2020 gbtained from Microsoft's Bing search engine. For each search
term changes in social and emotional needs (Sec. 7). interaction, we collected the search query strings, all subsequent
We demonstrate that potential barriers to accessing critical  ¢jicks from the search results page (e.g., clicked URL), and time and
resources, in support of people facing unemployment or domestic - 7p code location of the search interaction. The resulting dataset
violence, can be identi ed through search interactions combined  contains 35+ billion search interactions and represents the web
with external data sources (Sec. 8). search tra c of over 86% (36,667/42,632) of US ZIP codes associated
Our work suggests that signals from web search logs can be \yjth at least 100 queries per month so as to preserve anonymity
used to characterize and to monitor over time human needs ata (aple 1). All data was deidenti ed, aggregated to ZIP code levels or
population scale. Our ndings also emphasize the importance of  pigher, and stored in a way to preserve the privacy of the users and
tracking broad sets of human needs in combination with other ;. 5ccordance to Bing's Privacy Policy. Our study was approved by

reported measures to identify gaps in our current understanding of  ihe Microsoft Research Institutional Review Board (IRB).
challenges and support, to measure the impact of policy changes,

and to design policies and programs that can meet the needs. 3.2 Validation of Data

2 RELATED WORK Considering potentlgl thr.eats to validity, we examln_ed the date}set
from three perspectives: coverage of the population, analysis of

Quantifying Human Needs. Theories about basic human needs ~Selection bias, and reliability of the trends.
have been discussed for close to a centusd[ In particular, — Analyzing National Representation. To understand how much
Maslow's hierarchy of needs3g 37 has been applied in numerous  f the US population is represented by the collected data, we

domains [L2 41, 56 62, despite criticisms of the validity of the  gptained demographics data from the Census Reporter AR [
theory [57. These theories are aimed at providing a holistic



Figure 1: lllustration of human needs detection framework. (a) Human needs are represented by a ladder according to Maslow's hierarchy of
needs to indicate than a person may have multiple needs simultaneously. (b) These needs are expressed through search interactions, which
can be categorized through keyword matches and/or subsequent clicks into relevant search result pages. (c) Each search behavior is then
aggregated across categories of human needs, time, or geography. (d) To quantify changes in needs, aggregated needs are compared between
pre-pandemic and pandemic periods while adjusting for seasonal and query volume variation.

The demographics of the ZIP codes in our dataset closely matched  Safety needs stem from our desire to seek order, stability, and
the US population demographics (Online Appx. Ast]). Although protection from elements in the world. Topics include: personal
query volumes are not uniformly distributed across these ZIP codes, protection; nances; banking; job search; unemployment; housing.
the vast majority of the ZIP codes are included in our dataset. We Physiological needs are the basic animal needs such as air, food,
leverage location information for our analysis when geographical drink, shelter, warmth, sex, and other body needs. Topics include:
di erentiation is necessary. health; food and groceries; basic staples; sleep; transportation.

To understand the nuances of the needs, we further subdivided
the five main categories into 79 subcategories. Several researchers
independently developed subcategories which were combined
and resolved collaboratively through consensus meetings. Online
Appx. A.4 B1] describes this process in detail with the full taxonomy
of our need categories, example queries and/or clicked page URLSs.

Analyzing Selection Bias. To understand potential biases in
socioeconomic circumstances that would in uence the usage of
the Bing search engine, we leveraged deidenti ed client id as
a proxy for a unique user to estimate the “client rate', or how
much of the population in a ZIP code is using the Bing search
engine. We examined the correlation between the client rate and
various demographic factors. While the factors describe some of 4.2 Human Needs Detection
the variance, none were correlated more strongly than0.058 (%

Housing Owned), suggesting that the dataset is not strongly biased A search interaction can be an observation of the underlying human

towards any single demographic (Online Appx. A.2 [51]). need in two ways: (1) an expression of a potential satis er (physical
or information) for that need, or (2) a direct expression of the

Reliability of Search Interaction Trends.  Many Americans use  ge ciency or satisfaction of that need. For example, a search query
other search engines such as Google. Therefore, we comparedg,, “bandages’ with a subsequent click on “amazon.com' could
search trends for Bing with data available via the Google Trends jgicate a purchase intent that satis esRhysiologicaheed. We
API for the same time period and for speci ¢ keywords in €ach  yequire the additional click into one of many e-commerce domains
need category. We found that the search trends are highly similar, 1, sojidify that this interaction is a purchase intent. Information
with a median Pearson correlation of 0.96 (min=0.45, max=0.98, all search about “online games with friends' could satisfyave and
?<0.001)This implies that our findings are not simply an artifactof  ge|ongingreed. A need (satisfaction or de ciency thereof) could
using one search engine over another (Online Appx. A.3 [51]). be directly expressed in experiential statements such as 'l feel

depressed'l{ove and Belonging
4 HUMAN NEEDS FRAMEWORK We match each search interaction to a corresponding need

4.1 Human Needs Categories subcategory through simple detectors based on regular expressions

We draw inspiration from Maslow's hierarchy of fundamental ~@nd basic propositional logic. Each need subcategory could have
human needs 36 37] to tag each search interaction with one multuo_le regular expressions appln_ad to either the query string,
or more of ve broad categories of needs. We represent human the clicked URL, or both, depending on the complexity of the
needs as a ladder to convey that a person may have multiple needs €XPression and the need subcategory. We arrived at these regL_JIar
(Fig. 1a)Safetyand Physiologicahre considered as ‘basic' needs. ©XPressions based on our data through several collaborative
Love and Belongirig often considered to be “psychological' needs, C€ONSensus meetings until we were satis ed with precision and
and Cognitiveand Self Actualizatiorare considered as “growth'  ecall (Online Appx. A.4%1)). Overall, 9.1% of our query samples
needs, de ned in more detail below: matched at least one of the need categories. Each search interaction
Self Actualization needs are about realizing personal potential, €an satisfy multiple human needs3g, so we allowed each
seeking personal growth, and self-ful llment. Topics include: search mteractloq to be tagged by multiple need categories (only
hobbies; parenting; wedding; talent acquisition; goals; charity. 0.32% have multiple tags). We then aggregated matched search
Cognitive needs are about pursuing knowledge and intelligence interactions across need categories and subcategories, time (e.g.,
through learning and discovering. Topics include: online education, 9y, week), and geography (e.g., ZIP code, county, state). Fig. 1
learning materials; educational degrees; cognition; memory; focus. illustrates these steps in detecting and processing of human needs.
Love and Belonging are social and emotional needs and include Throughout the paper, we report needs aspressethrough
emotionally-based relationships such as friendship, family, dating, S€arch interactions and not actual underlying human needs. Some
sexual intimacy. Topics include: mental health or emotions; social Numan needs are expressed well by search interactions while
network or activities; relationships, dating, divorce or breakup. other needs are more appropriately expressed through other digital



and/or non-digital means. When analyzirghangedn such search 4.4 Quantifying Changes in Human Needs
interactions, careful consideration is required to di erentiate actual  oyr goal is to quantify the change in human needs during
shifts in the underlying human needs (e.g., health-related needs {he pandemic relative to the pre-pandemic period. This can be
have increased due to COVID-19) from the equally meaningful challenging due to potential confounding e ects of yearly seasonal
changes observed in logs based upon shifts from o ine to online  yariations, weekly seasonal variations, and variations in query
behaviors (e.g., online grocery purchases due to store closures), andyglume over time. Conceptually, we control for yearly seasonal

we present our results in both possible contexts. e ects through comparisons with the previous year, for weekly
oy seasonal e ects by matching the day of the week between both
4.3 Framework Validation years (i.e.Mon Jan 6, 2023 aligned toMon Jan 7, 20)9and by
Our goal is to detect with high precision a large number of needs considering relative proportions of the query volume represented by
across a broad set of categories. each need over time. Formally, we follow a di erence-in-di erences

Precision. We sampled 1.2 million search interactions that matched methodology 1.8 31, commonly used In economics, tq account
at least one need category as a candidate set. From this sample, wefor_ CO”fOU“d'”g_ e (_acts betwe_en comparison groups. Finally, our
randomly chose 100 unique tuples of search query string and clicked adj_us_ted e e(_:t Size IS th? Iogarlth_m of_the ratio between two groups.
URL (e.g., '15 Ib dumbbells' and click on “walmart.com') for each Thisise ec,“"e'Y the di elrence-ln-dl erences approach applied

of the ve high-level need categories, for a total of 500 unique to the logarithmic e ect sizes and has the advantage of the e ect

tuples representing 1,530 search interactions in our evaluation set. siz_es having symmetric prop(_arties (i'e'l’q;_Qoz 1Q;QO)_[16 24.
We selected unique tuples to avoid duplication in labeling, but we This ;tep allows for approprlatg comparison of € ect sizes across
mapped the labels back to the original 1,530 search interactions both increases and decreases in need. Our estimate ve

to compute precision on the distribution of the source evaluation change in human needbetween two time periods is dPT ned as
12019 0°

set. We then collected human labels for each tuple via Amazon's 13020 =0

Mechanical Turk, where each tuple could be tagged with none, one, 'G; G = = logy m log, m

or more of the ve needs categories. All labels and predictions have

Boolean values with no ranking among needs categories. where 1G%23= is the expression of need at some timeG92°

Upon inspecting the label quality, we found common systematic in 2020 (i.e., after the pandemic declaration) aﬁdfozq = s the
label errors such as labeling “recipe'-related querie€agnitive expression of need a:fozo(i.e., before the pandemic).
needs, or “divorce'-related queries or visits to speci ¢ government Across all following analyses, we choose the mean daily expression
unemployment sites afhysiologicaheeds, where the workers of needs between Jan 6 to Feb 23, 2020 as the “pre-pandemic baseline’,
mislabeled the queries according to the de nitions we speci ed referred to throughout the paper, and dates on or after Mar 16 as
in the task detail. Other errors were due to inherent ambiguities  the “pandemic period' because individual states declared a state of
in search. For example, “rent in orida coronavirus' is tagged as emergency at different times (Feb 29 to Mar 48 then compute the
Physiologicalor “coronavirus' but not asSafetyfor “rent' because 95% con dence interval on this multiplicative e ect size by using
our high precision detector requires more quali ed keywords such  bootstrap resampling with replacement (N=500). We report mean
as "apartment rent. Although the worker tagged this Safety estimates and p-values throughout the text and 95% con dence
(i.e., rent for shelter), the use of the word “rent' here may not be intervals in all gures and tables where applicable. All time series
shelter-related. We took a conservative approach of only correcting  gures (Figures 2, 3, 5B) indicate the moving average of the daily
de nitive label errors and not ambiguous errors, and our evaluation  relative changes, computed from 3 days before to 3 days after.

set achieved a precision 8f7"2% using the example-based precision
metric de ned in [63] for multi-label classi cation. 5 TEMPORAL CHANGES IN HUMAN NEEDS

Recall. Although it is infeasible to ensure a perfect recall across a We rst consider how human needs change over time across the
massive dataset, itis important that we capture a signi cantnumber US in the context of major events surrounding the pandemic.
of needs expressions. We nd that 9.1% of our search interactions We compute the daily relative change in the expressed needs in
match at least one need category. While this recall is signi cantand comparison to the pre-pandemic baseline, as described in Sec. 4.4,
led to more than 3.2 billion detections of needs expressions, we note for the duration of our entire dataset, giving us per-day relative
that high recall is not necessary for an unbiased analysis approach, changesin all need categories and subcategories. For each in ection
because we conduct a fair comparison among the outputs of the Point and major national event, we examine need subcategories
same detectors across pre_pandemic and pandemic periods_ Werth the hlghest relative Changes to understand which contribute
did not nd that the exact expressions of needs varied drastically the most to the overall need.
within our dataset that would indicate any temporal bias. We also  gleyated Needs and Contributing Subcategories. Fig. 2
investigated whether our need expressions were dominated by & jjjystrates daily relative changes of needs on a log scale, where
few categories. Clicks to YouTube or Facebook dominated, but still ,arq indicates no change. Overall, we see that all need categories
only represented 1% of our dataset. We categorized visits to these yere at elevated rates during March through May relative to the
sites based on their primary functions (i.e., Facebook for social ggrjier months. A few of the local in ection points correspond to
networking and YouTube for media consumption). We found that s national events, such as the declaration of national emergency
our re_sults_, were robust, whether or not we included these high- gn Mar 13 or the rst stimulus checks being deposited on Apr 11.
tra ¢ sites in our dataset. Physiologicaineeds start to increase rst around February
(Fig. 2A), dominated byealth condition related queriés=1"46



Figure 2: Daily relative changes in needs for each human need
category throughout the pandemic. Relevant events are annotated
vertically at the time of occurrence. Changes in con rmed cases in
the US from "Bing COVID-19 Tracker' (http://www.bing.com/covid)
are displayed below. See Sect. 5 for discussion on A-H.

on Feb 29) and subsequently Hpilet paper purchasand
health measurement equipment purchi@asel”14, 076 on Mar 6
respectively; Fig. 2B). Arouniar 16 Physiologicaheeds peak
at over 3.8 times the baseling}®: Fig. 2C). Following national
emergency declaration (Mar 13) and mandated lock downs ( rst
on Mar 21), we see a sharp increasedngnitiveneeds (Fig. 2D),
dominated byeducational site visitand online education queries
( =1"97,1"420n Mar 23).Self Actualizatiomeeds peak around Apr
11 (Fig. 2E), dominated gooking site visitand cooking related
querieq =173 1"15), andonline social activities queriaadsocial
technology usetominateLove and Belongingeeds (=1.77, 1.72 on
Apr 11). A sharp spike oBafetyneeds can be seen shortly after the
rst stimulus checks were depositedgtimulus related querigstate
unemployment site visit€OVID-19 protection purchakeminate
Safetyneeds( =8.17, 5.49, 5.12 on Apr 18; Fig. 2Rhile other
needs start to trend downwards or stabilize throughout much
of May-July,Physiologicaheeds increase for a second time with
additional interests in health conditions, followed [Safetyneeds
with queries related to economic stimulus and loans (Fig. 2G), which
aligns with the rise of COVID-19 cases in the US around Jun 6.

Shifting of Needs. Based on the severe health impacts of the
COVID-19 pandemic, we expected to see and conrmed that
Physiologicaheeds dominate throughout our dataset, as COVID-19
is still a major US public health issue at the time of writing. At a
glance, we see two instances of the surgelhysiologicaheeds
followed by a subsequent increase $afetyneeds. A$hysiological
concerns rise, public health responses (e.g., business closures o
restrictions) could potentially induce instabilities iBafetyneeds,

and this observation needs to be further investigated. We see basic
needs expressed before other needs consistent with the hypothesis
by Maslow B6 and observations by other$[. We also expected to
see a decrease in the expression of growth ne&df(Actualization
and Cognitivg as people's attention shifts toward basic needs.
However, bothCognitiveand Self Actualizatiomeeds increased
overall, with the increase irCognitiveneeds being more temporary

r

Need Need Subcategory mean max 2 max-]1

Phys  Toilet paper purchase 6.10.08 7.00 12691.1%
Safe Stimulus related queries 5.6803 8.17 28601.9%
Safe Unemploy. related queries 4.802 5.72 5156.4%
Safe State unemploy. site visits 4.8104 6.26 7585.1%
Safe COVID-19 prot. purchase 4.®03 5.57 4634.0%
Phys  Health meas. equip. purchase 3.8®4 4.56 2257.2%
Phys  Health cond. related queries  3.1201 3.54 1065.6%
Phys  Food assist. related queries 26D3 3.12 771.8%
Phys  Grocery related queries 2.0501 2.54 480.8%
Phys  Food delivery queries 1.84.02 2.26 379.7%
L&B  Online social activity queries 1.70.09 2.98 688.4%
Phys  Food delivery site visits 1.0.01 226 379.3%

Table 2: Top 12 need subcategories with the largest increasein mean
relative change in need within the initial 4 weeks of the pandemic
with 95% con dence intervals, maximum relative change in the
dataset, and maximum percent change.

Need Need Subcategory mean min 2 min -]

SA Wedding related purchase  -1.4803 -1.76 -70.4%
SA Wedding site visits -1.29.02 -156 -66.2%
Cog Edu. degree related queries -0.8706 -1.09 -53.1%
Safe Housing related queries -0.05 -1.09 -53.2%
Safe  Jobsearchrelated queries  -0®B3 -0.91 -46.7%
Safe Job search site visits -0.6102 -0.95 -48.1%
Phys  Apparel purchase -0.60.01 -0.84 -44.1%
SA Outdoor related queries -0.50.01 -1.07 -52.3%
SA Life goal related queries -0.50.09 -1.23 -57.2%
Safe Domestic violence queries  -0.8404 -0.97 -49.0%
Safe Rental related queries -0.8B06 -0.82 -43.5%
L&B Divorce related queries -0.49.03 -0.93 -47.3%

Table 3: Top 12 need subcategories with the largest decreasén mean
relative change in need within the initial 4 weeks of the pandemic
with 95% con dence intervals, minimum relative change in the
dataset, and minimum percent change.

and Self Actualizatiorbeing more sustained. Despite health and
economic concerns, interests in recreational activities or hobbies
(e.g., cooking, gaming) contribute to this steady 23%7¢1)
increase inSelf Actualizatiomeeds. Further research into the
temporary nature ofCognitiveneeds and the long-term impact
of such sustained interest iBelf Actualizations necessary.

We see that the peak iRPhysiologicaheeds occurs around four
weeks before the peak iBafetyneeds (Fig. 2C, F), while the second set
of peaks are a few days apart (Fig. 2H). This could be an indication of
phenomena like resilience or endurance from economics and disaster
management that requires further examination [21, 35].

6 SIGNIFICANT CHANGES IN HUMAN NEEDS

Next, we examine individual need subcategories that present the
largest increase or decrease in search expressions, possibly due to
the pandemic impact. To explore these two ends of the spectrum,
we compute the mean relative changes in needs during the initial
four weeks of the pandemic period (Mar 16 to Apr 12) compared
to the pre-pandemic baseline, as described in Sec. 4.4. We then
examined the top 12 need subcategories with the largest increase
or decrease in the relative change.

Heightened Physiological and Safety Needs.Table 2 shows that
11 need subcategories with the most increase fall urféleysiological
and Safetyneeds as seen from the temporal trends in Sec. 5, and one
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