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SYSTEM AND METHOD FOR PREDICTIVE
RISK ASSESSMENT AND INTERVENTION

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application 1s a continuation-in-part of U.S.
patent application Ser. No. 17/942,393 titled “SYSTEM
AND METHOD FOR PREDICTIVE RISK ASSESSMENT
AND INTERVENTION,” filed with the United States Patent
& Trademark Oflice on Sep. 12, 2022, which application 1s
a continuation of U.S. patent application Ser. No. 16/668,
860 titled “SYSTEM AND METHOD FOR PREDICTIVE
RISK ASSESSMENT AND INTERVENTION,” filed with
the United States Patent & Trademark Oflice on Oct. 30,
2019, which application 1s based upon and claims the benefit
of U.S. Provisional Application No. 62/752,530 titled *“Per-
ceived Risk Hierarchy Methodology,” filed with the United
States Patent & Trademark Office on Oct. 30, 2018, the
specifications of which are incorporated herein by reference
in their entireties.

GOVERNMENT RIGHTS STATEMENT

[0002] This invention was made with Government support
under contract number SP020188-01 awarded by the United
States Substance Abuse and Mental Health Services Admin-
istration (SAMHSA). The Government may have certain
rights in the mvention.

FIELD OF THE INVENTION

[0003] This invention 1s directed to computer-imple-
mented systems and methods for processing complex sta-
tistical relationships between nisk factors in real-time
through an integrated database architecture and machine
learning 1mplementation. More particularly, the mmvention
relates to technical improvements 1n computer functionality
for maintaining dynamic correlations between community
and personal risk factors, automatically generating statisti-
cally validated risk assessments, and recalibrating predictive
models based on intervention outcomes through specialized
data processing components and machine learning algo-
rithms. The 1nvention provides specific technological
improvements to computer-based risk assessment systems
through automated statistical validation methods, real-time
geographic pattern analysis, and machine learning-driven
intervention planning that maintains reliability metrics
across multiple data components while processing continu-
ous updates to risk factor relationships.

BACKGROUND OF THE INVENTION

[0004] A number of populations throughout the United
States, and 1n fact throughout the world, face various dan-
gers that are brought about by their own behaviors and
activities. The likelithood of their participation in those
danger-prone behaviors and activities has been found to
relate at least partially to their perception of various risks
that they face 1n their daily lives. Further, those perceptions
of the risks that they face in their lives are shaped by their
own cultural and social environments and interactions.

[0005] For example, 1t has been found that when
approaching emerging adults with respect to HIV-risk
behaviors and perceptions, even with the best of incentives,
emerging adults 1n certain urban populations were not test-
ing for HIV and did not perceive communicable disease as
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a concern, and did not consider themselves at risk of
contracting a communicable disease. It has been found that
an 1ndividual’s perception of these and other risks shapes
that individuals’ activities, and 1n fact perceptions about
certain risks may tend to induce high-risk behaviors 1n
certain individuals. For instance, 1t has been found that
youth and emerging adults’ perception of health risk or
severity 1s attenuated by what they perceive as more 1mmi-
nent and immediate risks, such as matters of personal satety,
danger, and perceived survival expectations. As a result, the
individual’s perceived risk hierarchy can influence the indi-
vidual’s likelihood of engaging in negative behaviors, such
as: (1) indifference to sexually transmitted infections (ST1),
HIV and HCV prevention screening that have been made
significantly more convenient and accessible compared to
traditional testing and screening modalities; (2) a low per-
ception of STI, HIV and HCV risk despite engagement 1n
high-risk behaviors, and (3) knowingly engaging in these
behaviors despite knowledge of perils and potential detri-
mental outcomes. Additionally, 1t has been found that the
individual’s survival expectations are linked to a range of
authentic concerns (e.g., internalized symptoms such as
depression, anxiety, fear, and hopelessness) and externaliz-
ing behaviors, such as aggression. The inventors herein have
found that certain populations live each day on high alert for
percerved threats and are 1n a constant state of mobilizing for
fight, thght, or suspense as they anticipate the next assault,
such that 1t becomes less likely for them to concentrate,
learn, recall, do well 1n school, consider employment, per-
ceive a future orientation, and delay immediate gratification.
As a result, they are more likely to absorb and trivialize
health and other risks that are otherwise real and can have
deleterious 1mpact. However, intervention by health and
other professionals may likewise modily the individual’s
perceptions regarding risk, and 1n turn modity their behavior
to move away from high-risk behaviors. Nonetheless, given
the difliculty 1n reaching large numbers of at-risk popula-
tions, there 1s only limited success 1n achieving behavior
modification 1n this way.

[0006] As an individual’s percerved risk hierarchy may
impact the likelihood that they will engage in certain dan-
gerous behaviors, and as itervention tools do exist (such as
counseling, education, etc.) that can help to adjust the
individual’s perceptions of the risks they face in daily life,
it would be advantageous to provide systems and methods
by which data may be collected from larger portions of
at-risk populations to evaluate their perceived risk hierarchy,
and by which intervention tools may be automatically sug-
gested for use by mtervention service providers (e.g., coun-
selors, medical professionals, etc.) and their successes
tracked 1n order to reduce the likelihood that such individu-
als will engage 1n the negative activities.

[0007] Unifortunately, prior attempts to assess and mitigate
behavioral risks have been limited by an 1nability to process
complex relationships between multiple risk factors 1n real-
time, a lack of sophisticated data storage systems capable of
tracking geographic and demographic patterns, and absence
ol automated statistical validation methods for risk assess-
ments, and manual intervention planning without quantita-
tive eflectiveness metrics. Traditional risk assessment sys-
tems rely on static databases and basic statistical analysis,
making them inadequate for processing the dynamic rela-
tionships between perceived risks and actual behavioral
outcomes. These systems cannot eflectively maintain real-
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time correlations between community and personal risk
factors or automatically adjust risk assessments based on
intervention outcomes. Likewise, these systems cannot gen-
crate statistically validated intervention recommendations or
track geographic distribution patterns of risk indicators.
[0008] Furthermore, existing systems lack the machine
learning capabilities necessary to process complex factor
analysis results across multiple risk domains, calculate and
continuously update path coetlicients between variables,
generate dynamic risk prediction quotients, or automatically
recalibrate based on intervention eflectiveness. The techni-
cal challenges of risk assessment are compounded by the
need to maintain statistical reliability across multiple data
components and process real-time updates while preserving
data relationships, 1n addition to the needs to generate
automated 1nterventions based on validated correlations and
track intervention outcomes across geographic and demo-
graphic segments.

[0009] These technical limitations have prevented eflec-
tive large-scale risk assessment and intervention, particu-
larly in urban environments where multiple risk factors
interact in complex ways. Thus, there remains a need in the
art for systems and methods capable of addressing these
technical challenges through an integrated database archi-
tecture and sophisticated machine learning 1implementation
that enables automated, real-time risk assessment and inter-
vention planning.

SUMMARY OF THE INVENTION

[0010] Disclosed herein 1s a system and method for pre-
dictive risk assessment and 1ntervention that avoids one or
more disadvantages of the prior art. A system 1s described
herein having a computer-implemented predictive risk
assessment unit that receives survey data from a remotely
connected survey device. The survey data comprises infor-
mation about the social and cultural environment of one or
more members of a risk population to create a digital
perceived risk hierarchy inventory for each surveyed popu-
lation member, which may include data such as the mem-
ber’s perceptions of their social and environmental factors
(e.g., police contact, community violence, experience with
substance abuse, exposure to sexually transmitted diseases,
ctc.), the member’s demographic data (e.g., age, gender,
education level, etc.), and publicly available data associated
with the member’s geographic environment (e.g., local
homelessness, drug treatment, arrests, etc.). The digital
perceived risk hierarchy 1s transmitted from the remote
survey device to the predictive risk assessment unit, where
a risk determination engine analyzes each such perceived
risk hierarchy iventory to generate a risk portfolio for each
surveyed member of the population. The risk portiolio may
include a rnisk predictive quotient profile for each such
member that assigns a numeric value indicating a likelihood
of that member engaging in certain negative activities or
exhibiting negative behaviors, or in a composite of multiple
negative activities or behaviors, a recommendation of inter-
ventions that are determined to reduce the likelihood of such
member engaging in those negative activities and/or exhib-
iting those negative behaviors, and preferably a record of
success and/or failure of various interventions in reducing
that risk. At least a portion of the risk portiolio (including at
least the recommendation of interventions) 1s then transmit-
ted from the predictive risk assessment unit to one or more
intervention partners who administer the interventions to the
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surveyed members, record the success or failure of such
intervention in preventing the identified dangerous behavior,
and transmit an intervention eflectiveness report to the
predictive risk assessment unit. The predictive risk assess-
ment unit may then modily and recalibrate the survey
instrument (and particularly weights assigned to various
clements of the digital perceived risk hierarchy inventory)
and the associated recommended intervention products and
tools using various analytical methods to maximize the
successes of mterventions, particularly as evidenced 1n fur-
ther mtervention effectiveness reports received form inter-
vention partners.

[0011] The system implements an integrated database
architecture centered around a real-time geospatial database
that coordinates multiple specialized data components. This
database architecture maintains survey templates, individual
risk portiolios, and risk factor relationships while preserving,
geographic and demographic associations. The system
employs advanced statistical modeling techniques to process
risk assessment data, including correlation coeflicients that
measure relationships between risk variables, reliability
metrics that validate assessment consistency, and dynamic
intervention thresholds that trigger automated recommenda-
tions. The database continuously updates these statistical
measurements based on new survey responses and nterven-
tion outcomes, enabling real-time analysis of risk patterns
across diflerent geographic locations and demographic seg-
ments. This integrated approach allows the system to auto-
matically adjust risk assessments and intervention recom-
mendations while maintaining statistical reliability and data
consistency across all components.

[0012] Systems and methods configured in accordance
with certain aspects of the invention provide a snapshot of
the cultural and social environment of the member of the risk
population and provide an insight into the future possibility
of that population member engaging in at-risk behaviors or
activities. Thus, such systems and methods may provide
strong 1ndications of where intervention planning can be
employed to mitigate such behaviors. Likewise, the results
of actual interventions may suggest whether refinement of
the survey or the analytic methods performed by the pre-
dictive risk assessment unit 1s necessary or warranted.
[0013] Stll other aspects, features and advantages of the
invention are readily apparent from the following detailed
description, simply by illustrating a number of particular
embodiments and implementations, including the best mode
contemplated for carrying out the invention. The mvention
1s also capable of other and different embodiments, and 1ts
several details can be modified in various obvious respects,
all without departing from the spirit and scope of the
invention. Accordingly, the drawings and description are to
be regarded as illustrative 1in nature, and not as restrictive.

BRIEF DESCRIPTION OF THE DRAWINGS

[0014] The numerous advantages of the present invention
may be better understood by those skilled in the art by
reference to the accompanying drawings in which:

[0015] FIG. 1 1s a schematic view of a system for predic-
tive risk assessment and intervention in accordance with
certain aspects of an embodiment of the 1nvention.

[0016] FIG. 2 shows a Confirmatory Factor Analysis dem-
onstrating how five risk subscales (Community Disrepair,
Community Violence, Community Crime, Housing Instabil-
ity, and Violence Experience) form two main latent risk
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factor variables—Community Risk Factors and Personal
Risk Factors. The statistical relationships between these
variables are shown by beta coeflicients (3), with values
ranging from 0.58 to 0.86, indicating strong correlations.
The two main risk factors have a correlation (r) of 0.63
between them.

[0017] FIG. 3 shows a Path Analysis showing how Per-
sonal Risk Projection (the outcome

[0018] wvanable) 1s influenced by Community Risk Fac-
tors, Social Adjustment, Police Peril Assessment, and Per-
sonal Risk Factors. The analysis shows multiple pathways of
influence, with beta coetlicients indicating the strength and
direction of relationships. For example, Personal Risk Fac-
tors have a strong positive influence (=0.34) on Personal
Risk Projection.

[0019] FIG. 4 shows a Mediation Analysis examining how
Police Peril Assessment mediates the relationship between
Social Adjustment and Personal Risk Projection. It shows
both direct effects (¢c=-0.34) and indirect effects through
Police Peril Assessment, demonstrating how the relationship
changes when accounting for this mediating variable.

[0020] FIG. 5 1s a representation of a risk predictive
quotient matrix for use with the system of FIG. 1.

[0021] FIG. 6 1s a schematic flowchart of a method for
predictive risk assessment and intervention in accordance
with further aspects of an embodiment of the imvention.

[0022] FIG. 7 1s a schematic view of a computing device
for use with the system of FIG. 1.

DETAILED DESCRIPTION

[0023] The mnvention summarized above may be better
understood by referring to the following description, claims,
and accompanying drawings. This description of an embodi-
ment, set out below to enable one to practice an implemen-
tation of the imvention, 1s not intended to limit the pretferred
embodiment, but to serve as a particular example thereof.
Those skilled 1n the art should appreciate that they may
readily use the conception and specific embodiments dis-
closed as a basis for modifying or designing other methods
and systems for carrying out the same purposes of the
present invention. Those skilled 1n the art should also realize
that such equivalent assemblies do not depart from the spirit
and scope of the mvention in 1ts broadest form.

[0024] Descriptions of well-known functions and struc-
tures are omitted to enhance clarity and conciseness. The
terminology used herein 1s for the purpose of describing
particular embodiments only and 1s not intended to be
limiting of the present disclosure. As used herein, the
singular forms “a”, “an” and “the” are intended to include
the plural forms as well, unless the context clearly indicates
otherwise. Furthermore, the use of the terms a, an, etc. does
not denote a limitation of quantity, but rather denotes the

presence ol at least one of the referenced items.

[0025] The use of the terms “first”, “second”, and the like
does not imply any particular order, but they are included to
identily individual elements. Moreover, the use of the terms
first, second, etc. does not denote any order of importance,
but rather the terms first, second, etc. are used to distinguish
one element from another. It will be further understood that
the terms “comprises” and/or “comprising”’, or “includes”™
and/or “including” when used in this specification, specily
the presence of stated features, regions, integers, steps,
operations, elements, and/or components, but do not pre-
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clude the presence or addition of one or more other features,
regions, 1ntegers, steps, operations, elements, components,
and/or groups thereof.

[0026] Although some features may be described with
respect to individual exemplary embodiments, aspects need
not be limited thereto such that features from one or more
exemplary embodiments may be combinable with other
features from one or more exemplary embodiments.

[0027] To the knowledge of the inventors herein, the
combination of perception, risk, and hierarchy have not
previously been addressed 1n a manner that may be used to
automatically connect factors addressing a risk population
member’s environment (e.g., an urban environment), the
resultant risks that they face based on the cultural and social
environment characteristics of that environment, and the
interventions that may best mitigate those risks. The systems
and methods employed herein are based upon a finding that
emerging adults prioritize risk within their own framework
for survival and success. The prionity risk should be
acknowledged, addressed, and satisfied so that the emerging
adults can proceed to practice prevention, observe proper
practices and behaviors, focus on positive short-and long-
term goals, 1increase academic performance and attain edu-
cational goals, as well as maintain a positive orientation
going forward. As disclosed in greater detail below, the
percerved risk hierarchy mventory of a surveyed emerging
adult member of the risk population 1s analyzed at a pre-
dictive risk assessment unit to develop a behavior risk
profile and assessment and based upon such behavior risk
profile and assessment, automatically assign recommended
intervention products that are determined to reduce the
member’s risk of engaging 1n harmful behavior. Such rec-
ommended intervention products (and preferably other ele-
ments of the risk population member’s behavior risk profile
and assessment) are transmitted to at least one intervention
partner (e.g., educational institutions, community centers,
hospitals, counselors, physician’s oflices, etc.) to allow that
partner to use and track the success of intervention mea-
sures, and transmit back to the predictive risk assessment
unit an mtervention effectiveness report which may be used
to further refine the automated analytical tools used to
cvaluate the member’s risk of engaging 1n harmiul behavior.

[0028] FIG. 1 shows an exemplary schematic representa-
tion of a system for predictive risk assessment and inter-
vention (shown generally at 100) including a predictive risk
assessment unit 110, one or more computer implemented
remote survey devices 150 in remote data communication
with predictive risk assessment unit 110, and one or more
intervention partner computers 180 in data communication
with predictive risk assessment unmit 110. Predictive risk
assessment umt 110 1s preferably a hosted system that may,
by way of non-limiting example, be hosted in a cloud
processing environment accessible via a wide area data
network such as the Internet.

[0029] Survey device 150 1s preferably a remote comput-
ing device, such as a tablet, a laptop computer, a smartphone,
or similarly configured readily portable computing device,
configured for remote communication with predictive risk
assessment umt 110. Survey device 150 1s used to record
responses Irom one or more members of risk population 152
at least relating to each such surveyed member’s perceived
risk hierarchy, and preferably also relating to certain demo-
graphic data relating to such surveyed member. Predictive
risk assessment unit 110 preferably hosts a user interface 112
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for survey data collection, which preferably receives a login
request from survey device 150 and authenticates the user
(e.g., through password entry or other such authentication
methods as may be chosen by those skilled in the art) to
predictive risk assessment unit 110. Predictive risk assess-
ment unit 110 may receive a request from survey device 150
for a survey from survey database 114 and may transmit a
digital survey to survey device 150 for administering to the
member of risk population 152. Preferably, the digital sur-
vey includes survey questions that solicit the population
member’s perception of various cultural and social factors in
their day-to-day environment, 1n addition to certain demo-
graphic data relating to that risk population member. The
digital survey may thus collect experiential perception pro-
file data, including (by way of non-limiting example) data
indicative of the risk population member’s perception of and
exposure to police contact and negative community experi-
ences (e.g., HIV/AIDS and other sexually transmitted dis-
cases, mental health impairment, substance abuse, commu-
nity violence, etc.). The digital survey may additionally
collect individual demographic profile data, including (by
way of non-limiting example) data indicative of the risk
population member’s employment status (e.g., unemployed,
employed part-time, employed full-time), education level
(e.g., high school, college, post-graduate education), zip
code (or smaller geographic designation), voter registration
status, age, gender, sexual orientation, and church atten-
dance. Of course, other experiential perception profile data
and demographic profile data may be included in the digital
survey as may be preferable for a given risk population,

which may be readily determined by persons skilled 1n the
art.

[0030] The data collected by the digital survey may form
a percerved risk hierarchy inventory 154 that may be trans-
mitted from survey device 150 to predictive risk assessment
unit 110 through user interface 112, and risk assessment unit
110 may generate and store 1n data memory an individual
risk portiolio 116 for the surveyed risk population member
152 that includes the member’s perceived risk hierarchy
inventory 154 (1.e., their experiential perception profile data
and demographic profile data), as discussed 1n detail below.
In exemplary configurations, predictive risk assessment unit
110 may supplement the member’s individual risk portiolio
116 with existing public data that may be geospatial 1n
nature (e.g., publicly available commumty demographic
data), which may be helpful to further determine interrela-
tionships among various cultural and social factors that may
allect a risk population member’s likelihood of engaging 1n
dangerous or high-risk behaviors.

[0031] Using statistical analytical methods, a risk deter-
mination engine 118 may analyze the surveyed member’s
experiential perception profile data and demographic profile
data collected 1n their individual risk profile 116 and may
generate a risk predictive quotient matrix 156 for a variety
of risk segments for that risk population member 152. By
way of non-limiting example, the risk segments may include
sexual health factors (e.g., HIV and other sexually transmit-
ted diseases and teen pregnancy), mental health factors (e.g.,
substance abuse, suicide and depression), and violence and
ijury factors (e.g., gun violence, domestic violence and
chuld abuse). Once generated, the risk predictive quotient for
that risk population member 152 may then be added to and
stored with the member’s individual risk portfolio 116.
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[0032] The risk determination engine implements multiple
advanced statistical modeling techniques to analyze risk
factors and generate predictive assessments, which tech-
niques enable concrete, real-world risk assessment and inter-
vention outcomes. The system employs a two-stage statis-
tical validation process to ensure accuracy and reliability of
risk predictions. This two-stage process directly enables
intervention partners to i1dentify at-risk individuals before
negative behaviors manifest, quantily specific risk levels
across multiple dimensions, target interventions to highest-
risk population segments, and track intervention eflective-
ness through measurable outcomes.

[0033] In a first stage (Factor Analysis and Model Vali-
dation) and with reference to FIG. 2, the system performs
confirmatory factor analysis to i1dentify and validate two
primary latent risk variables-Community Risk Factors and
Personal Risk Factors. This analysis quantifies the statistical
relationships between five key risk subscales: Community
Disrepair ( coethcient=0.77); Community Violence (3
coellicient=0.81); Community Crime (=0.86); Housing
Instability (3 coellicient=0.58); and Violence Experience (3
coellicient =0.84). The strong beta coellicients demonstrate
statistical validity of the underlying risk assessment model.
The two primary risk factors maintain a correlation coetl-
cient of 0.63, enabling the system to accurately predict
relationships between community and personal risk ele-
ments.

[0034] Correlation coellicients represent statistical mea-
surements of relationships between risk vanables, calculated
through confirmatory factor analysis to quantify the strength
and direction of associations between community risk fac-
tors, personal risk factors, and intervention outcomes. These
coellicients range 1n value from -1 to 1, with values closer
to +1 indicating stronger relationships.

[0035] The confirmatory factor analysis of Community
and Personal Risk Factors allows intervention partners to
pinpoint specific environmental risk factors requiring imme-
diate intervention, determine whether community-level or
individual-level interventions will be most eflective, and
allocate intervention resources based on statistically-vali-
dated risk priorities.

[0036] In a second stage (Path Analysis and Risk Projec-
tion) and with reference to FIG. 3, the predictive risk
assessment engine employs path analysis modeling to deter-
mine how multiple rnisk factors influence Personal Risk
Projection outcomes. The path analysis quantifies: Direct
cellects of Community Risk Factors (3=0.28); Mediating
elfects of Social Adjustment (=-0.11); Impact of Police
Peril Assessment (3=0.31); and Influence of Personal Risk
Factors (3=0.34). This path analysis modeling enables the
system to generate individualized risk portiolios with spe-
cific intervention recommendations and to automatically
adjust intervention strategies based on measured success
rates. Moreover, the path analysis modeling can provide
carly warning indicators when risk factors reach critical
thresholds and can track risk reduction progress through
quantifiable metrics.

[0037] As shown in Table 1 below, the system maintains
internal reliability through reliability coeflicients (i.e., Cron-
bach’s alpha coetlicients) calculated for each risk assess-
ment subscale. The following Table 1 presents reliability
coellicients for the Perceived Risk Hierarchy Theory
(PRHT) Inventory Subscales. The reliability coeflicients
ensure 1ntervention partners can consistently identity high-
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risk individuals across different populations, compare risk
levels between different geographic areas, measure the
ellectiveness of diflerent intervention approaches, and make
evidence-based decisions about resource allocation. Reli-
ability metrics, implemented through Cronbach’s alpha
coellicients, measure the internal consistency and statistical
reliability of risk assessment subscales. These metrics vali-
date the consistency of survey responses and risk assess-
ments across multiple data points, with values above 0.7
generally indicating strong reliability for risk prediction
pPUrposes.

[0038] Table 1 shows strong reliability across most sub-
scales, with coeflicients ranging from 0.67 to 0.94. The
overall PRHT Composite has a very strong reliability coet-

ficient of 0.94.

TABLE 1

Reliability Coeflicients for the Perceived Risk Hierarchy
Theory (PRHT) Inventory Subscales and Composite (N = 275)

Subscale Number of Items Alpha Coeflicient
Police Peril (PE) 10 82
Community Disrepair (CR) 6 92
Community Violence (CV) 4 81
Community Crime (CC) 6 93
Housing Instability (HI) 6 85
Violence Experience (VE) 6 67
Projected Risk (PR) 12 94
PRHT Composite 50 94

[0039] The nisk determination engine carries out real-time
statistical processing by continuously updating a correlation
matrix tracking relationships between all measured vari-
ables. Table 2 provides a correlation matrix showing rela-
tionships between all PRHT Inventory subscales and Social
Adjustment Index values.

TABL

(Ll
o
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[0040] Notable correlations include strong relationships
between Community Disrepair, Community Violence,
and Community Crime (coeflicients ranging from 0.62
to 0.69), and significant negative correlations between
Social Adjustment and various risk measures. Such
strong correlations between community risk factors
(coethicients ranging from 0.62 to 0.69) enable the
system to automatically adjust risk assessments as new
data 1s recerved.

[0041] Table 3 below compares PRHT Inventory subscale
scores between church attendees and non-attendees. The
analysis shows significant differences 1n several subscales,
with non-church attendees generally showing higher risk

scores. For example, non-attendees scored significantly
higher on Police Peril (70.54 vs 62.26) and Projected Risk
(51.32 vs 38.94).

TABLE 3

Summary of Hotellings Multiple t-Test on PRHT

Inventory Subscales Scores by Church
Attendance (N = 264) (reflects all non-missing cases)

Church Attendance

Yes No
(n = 99) (n=165)

Subscale X O X O F-ratio
Police Peril 62.26 11.48 70.54 14.78 18.62%%
Community Disrepair 67.87 24.86 74.89  25.03 3.67%
Community Violence 53.37 25.87 52.12 22.48 0.25
Community Crime 58.53 29.20 61.17 23.99 0.49
Housing Instability 26.24 14.77 31.04 17.47 4.74%
Violence Experience 16.28 7.26 19.30 7.58 R.26%*

Matrix of Bivariate Correlation Coeflicients for PRHT Inventory Subscales
Scores and Social Adjustment Index Values (N = 275) (the index

was derived from six demographic items added to the PRHT Inventory)

Variable
Variable A B © DO (E) (F) (G) (H)
(A) Police Peril
(B) Community Disrepair .32%*
(C) Community Violence  .24%%*  62%%
(D) Community Crime 21FF 63%F* HOFE
(E) Housing Instability .09 14%  19%F Q0**
(F) Violence Experience 16 20%F 30%® 2RFE 4R
(G) Projected Risk A46FE  41FF 40%FF 43%F 2Q%x - 47ER
(H) PRHT Composite A2FE - ppEE S JQEE S RPEE . 447FF 4O 49*=
(I) Social Adjustment -.11 -17 =10 =11 -.17  =22%% _34%% _ Q%%

*p < .05

w3k < 01
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TABLE 3-continued

Summary of Hotellings Multiple t-Test on PRHT
Inventory Subscales Scores by Church

Attendance (N = 264) (reflects all non-missing cases)

Church Attendance

Yes No
(n = 99) (n=1635)
Subscale X 8] X 'S F-ratio
Projected Risk 38.94  21.97 5132 21.52 17.92%%
PRHT Composite'? 46.39 12.56 51.32 13.8% D R]#*

p < .05 FFp < .01

"Results based on Independent t-Test method

[0042] Table 4 below presents similar comparisons based
on voter registration status. The analysis reveals some
significant differences between registered and non-regis-
tered voters, particularly in Police Peril, Housing Instability,
and Projected Risk subscales.

Jun. 26, 2025

TABLE 5

Summary of Multivariate Analysis of Variance

on PRHT Inventory Subscales Scores using
Voter Registration as the Independent Variable (N = 261)7

Biology Course Section

Unemployed Part-Time Full-Time

Subscale™ (n = 33) (n =101) (n=107)  F-ratio

Police Peril 73.19 70.60 62.61 11.99%*
(14.61) (13.4%) (12.61)

Community Disrepair 77.78 75.33 66.85 431%
(24.57) (24.89) (24.89)

Community Violence 61.48 51.85 47.82 5.93%%
(22.51) (22.39) (23.89)

Community Crime 70.33 60.96 54.27 6.68**
(23.28) (23.59) (28.14)

Housing Instability 36.33 27.95 27.47 5.87
(20.64) (16.79) (13.50)

Violence Experience 21.89 17.26 17.26 8.37**%

(8.29) (7.42) (6.58)

Projected Risk 60.24 49.66 38.36 18.74%%
(21.04) (22.08) (20.20)

PRHT Composite ' 57.15 50.46 44.70 16.47*%
(12.97) (13.03) (12.21)

p < .05; FFp < .01

Parenthesized value reflects group standard deviation.

f"Result based on Univariate Analysis of Variance method.

TABLE 4

Summary of Hotellings Multiple t-Test on PRHT

Inventory Subscales Scores by Voter
Registration (N = 264) (reflects all non-missing cases)

Registered Voter

(n = 99) (n = 165)
Subscale X O X O F-ratio
Police Peril 65.22 13.21 69.98 14.51 6.20%
Community Disrepair 70.09 24.63 74.13 25.19 1.20
Community Violence 54.37 25.32 51.47 21.79 0.93
Community Crime 61.06 26.68 59.07 25.14 0.49
Housing Instability 31.23 19.61 27.09 13.21 4.27%
Violence Experience 17.97 7.97 18.53 7.26 0.84
Projected Risk 44.19 22.58 50.28 22.29 4.37%
PRHT Composite’? 4915 1277 4989  14.17 042

Hotellings T-Squared F-ratio = 4.14%%

Fp < .05; FFp < .01
f"Results based on Independent t-Test method

[0043] The system further employs multivariate analysis
of vartance (MANOVA) to analyze how demographic fac-
tors 1mpact risk scores across multiple dimensions. For
example, Table 5 below shows a Multivariate Analysis of
Variance comparing PRHT Inventory subscale scores across
employment status (Unemployed, Part-Time, and Full-
Time). The results demonstrate significant differences across
employment categories, with unemployed individuals gen-
crally showing higher risk scores across multiple subscales.
For example, employment status analysis reveals statisti-
cally sigmificant diflerences in risk profiles, with Projected
Risk scores decreasing from 60.24 (unemployed) to 49.66
(part-time) and to 38.36 (full-time employed), with the
Overall PRHT Composite of 57.15 (unemployed), 50.46
(part-time), 44.70 (full-time).

[0044] The system’s multivariate analysis capabilities
thus provide tangible intervention outcomes. For
example, these capabilities enable targeted intervention
programs based on employment status, with docu-
mented risk reductions (e.g., Projected Risk scores
decreasing from 60.24 to 38.36 for individuals gaining
full-time employment), customized intervention strat-
egies accounting for demographic factors such as
church attendance and voter registration, and measur-
able rnisk reduction simultaneously across multiple
domains.

[0045] Intervention threshold calculations represent
dynamic numerical boundaries that trigger specific interven-
tion recommendations. These thresholds are automatically
adjusted based on: (1) statistical significance of measured
intervention outcomes; (11) correlation strength between risk
factors; (111) geographic distribution patterns of risk 1ndica-
tors; and (1v) demographic segmentation analysis results.

[0046] Further, path coeflicients quantity the direct and
indirect eflects between risk variables in the system’s sta-
tistical models, measuring how changes 1 one risk factor
influence others through both direct relationships and medi-
ating variables. These coellicients are continuously updated
based on new intervention outcomes and survey responses.

[0047] The nisk determination engine 118 maintains the
foregoing technical measurements 1n a real-time geospatial
database through specialized data structures that preserve
statistical relationships while enabling dynamic updates
based on new data mputs and intervention results.

[0048] All statistical analyses are performed by the system
in real-time as new survey data and intervention outcomes
are recerved. The system thus continuously: (1) processes
incoming survey data through the validated factor analysis
model; (11) calculates updated path coetlicients and media-
tion eflects; (1) maintains correlation matrices for all risk
variables; (1v) performs multivariate analyses to segment
populations; (v) recalibrates risk assessment weights based
on intervention outcomes; and (vi1) generates statistically-

.
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validated risk scores and recommendations. The statistical
methodologies are preferably implemented through machine
learning algorithms that automatically update weights and
risk calculations based on statistical significance thresholds
(p<0.05 or p<0.01) and model fit indices to maintain pre-
dictive accuracy.

[0049] In an exemplary configuration, those machine
learning algorithms process the statistical data and generate
risk assessments. In this regard, those algorithms may use,
for example, a neural network architecture configured to
process confirmatory factor analysis results by analyzing
relationships between community risk factors and personal
risk factors, calculate and continuously update path coetli-
cients that quantily direct and indirect eflects between
variables, and generate risk prediction quotients based on
weilghted statistical analysis of multiple risk segments. Such
a neural network may maintain separate processing layers
for geographic risk distribution analysis, demographic seg-
ment classification, intervention outcome prediction, and
risk factor correlation calculation. Further, those algorithms
may employ decision tree algorithms to classily risk levels
based on multiple mput variables, determine optimal inter-
vention thresholds, and generate branching intervention
recommendations based on risk profiles. Still further, such
algorithms may use random forest methods to validate risk
predictions across multiple decision paths, identify key risk
factors driving negative outcomes, and reduce overfitting 1n
risk assessment models. The system preferably maintains
model accuracy through continuous retraining on new sur-
vey data, dynamic adjustment of neural network weights
based on intervention outcomes, and regular recalibration of
decision boundaries using validated statistical relationships.
Those machine learming algorithms may store and update
their parameters within the real-time geospatial database,
maintaining links between neural network weight matrices,
decision tree split points, random forest configurations, and
statistical reliability metrics. Overall, such multi-algorithm
approach may enable the system described herein to process
complex relationships between risk factors and generate
statistically validated risk assessments. Further, this
approach may provide evidence-based intervention recoms-
mendations and may continuously improve prediction accu-
racy through automated learning.

[0050] This real-time statistical processing provides prac-
tical risk mitigation, allowing intervention partners to con-
tinuously monitor risk levels across populations and 1dentify
emerging risk patterns before they become critical. Like-
wise, such real-time statistical processing allows those inter-
vention partners to adjust intervention strategies based on
measured outcomes, and to document intervention success
through quantifiable metrics. The statistical methodologies
directly support intervention success by identifying specific
factors requiring immediate attention, recommending evi-
dence-based intervention products, tracking intervention
cllectiveness through numeric indicators, automatically
adjusting recommendations based on documented out-
comes, and providing measurable proof of risk reduction.

[0051] As shown in FIG. 5, the predictive quotient matrix
156 for the risk population member 152 may include mul-
tiple risk segments 157 for which user perception data were
collected 1n perceived risk hierarchy inventory 154, and an
associated, calculated, numerical risk prediction quotient
158 for each risk segment 157. Varying weights may be
applied by risk determination engine 118 to the risk seg-
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ments 157 1n the risk population member’s predictive quo-
tient matrix 156 based on discovered interrelationships
between perceived risks and actual risks experienced by
individuals that are similarly situated to the surveyed mem-
ber 152 (e.g., of similar race, neighborhood, age, or other
demographic characteristics). The weighted values of the
risk population member’s risk predictive quotient matrix
156 may then be run through a combination or menu of
statistical tests and/or methods as described above applied
by risk determination engine 118 to single out the greatest
areas ol risk and those interrelationships that would benefit
from 1intervention, such as through application of interven-
tion products and tools 119. The risk population member’s
risk portiolio may thus provide a ranking and prioritizing of
risk outcomes based on a set of values, beliefs/attitudes and
knowledge, and the mput data recerved from perceived risk
hierarchy inventory 154 may be used to calculate the level
of risk of participation in certain high-risk behaviors. More
particularly, the risk determination engine 118 may analyze
the risk population member’s risk portiolio 116 to generate
a value indicative of the rnisk that such risk population
member 152 will engage in the identified risk-associated
behavior or activity. A composite quotient based on all
high-risk behaviors may also be used to identify a risk
population member. Further, where such value for a given
risk-associated behavior exceeds a predetermined value that
may be selected and adjusted by a system administrator for
varying risk populations, predictive risk assessment unit 110
may assign one or more intervention products 119 to the
member’s risk portiolio 116, which intervention product has
been determined to reduce the risk of the member engaging
in such risk-associated behavior.

[0052] Preferably, a database of risk factors and associa-
tions 120 1s provided that defines interrelationships among
the various risk factors that are analyzed by risk determi-
nation engine 118, which interrelationships are preferably
expressed 1n an index that can be displayed 1n tabular form
or graphically, as in (by way of non-limiting example) a
Geographical Information System (GIS). Such database of
risk factors and associations 120 may be updated through
ongoing direct contact with risk population members 152.
More particularly, through direct contact with residents of
multiple neighborhoods, inter-relationships between varia-
tions of percerved risks versus profile data may be used to
define and continuously update thresholds that can be dis-
played 1n a tabular fashion, in a heat map, or 1n such other

visual presentation as may be preferred by those skilled in
the art.

[0053] Preferably, a real-time geospatial database serves
as the system’s primary data store, integrating the multiple
specialized data components described above of survey
template repository 114 (which maintains survey structures
and questions), individual risk portfolio storage 116 (which
maintains risk assessment data linked to geographic and
demographic factors), and risk factor relationship definitions
and mdexing 120 (which tracks statistical correlations and
associations). Such integrated database structure enables
real-time processing of risk assessment data while maintain-
ing distinct functional components for different types of data
management and analysis. Generally, the real-time geospa-
tial database 1s a dynamically updated database system that
stores and processes multiple types of location-based risk
assessment data, including digital perceived risk data from
survey devices, real-time public data contaiming risk factors
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associated with geographic locations, and statistical interre-
lationships between risk variables. The database maintains
correlation matrices tracking relationships between risk seg-
ments and enables generation of visual heat maps displaying,
geographical risk distributions. It continuously updates with
new survey responses, mtervention outcomes, and recali-
brated risk predictions, while storing publicly accessible
data about social and cultural environmental factors associ-
ated with specific locations. The database integrates with the
system’s machine learning capabilities to maintain statistical
reliability coetlicients, population segmentation data, and
intervention ellectiveness metrics across diflerent geo-
graphic areas. This geospatial database structure enables
real-time analysis of risk patterns and intervention outcomes
across different demographic segments and geographic loca-
tions.

[0054] With continuing reference to FIG. 1, predictive
assessment unit 110 also provides an intervention engine
122 preferably capable of (1) determining an intervention
product or tool 119 that has been determined to mitigate the
risk of a risk population member 152 engaging 1n a harmiul
behavior and assigning such intervention product or tool 119
to the risk population member’s individual risk portiolio
116, and (1) modifying the determination of what 1nterven-
tion product or tool 119 may mitigate a given risk based
upon a measured eflectiveness of an applied intervention
product or tool 119 by an intervention partner 180. More
particularly, intervention engine 122 analyzes a risk popu-
lation member’s 1individual risk portfolio 116 to automati-
cally assign an intervention from intervention products/tools
119, such as (by way of non-limiting example) one or more
interventions 119 that have been determined as helptul to
mimmize risk and prevent future disabling social phenom-
ena and/or other negative incident. The risk population
member’s risk predictive quotient matrix 156 (FIG. 5) 1s
used by the risk determination engine 118 to determine the
level of associated risk based on the risk prediction quotient
158 (e.g., high-risk critical, high-risk non-critical, moderate-
risk, low-risk, etc.), and uses that level of associated risk to
select and assign intervention products/tools 119 1n an effort
to reduce that risk. Optionally, data collected from multiple
neighborhoods and the interrelationships between various
perceived risks versus risk population member risk portiolio
(which as mentioned above may be used to generate a heat
map or table) may also be used to select and assign inter-
vention products/tools 119 to similarly-situated risk popu-
lation members 152, which may be particularly helpiul
where individual members 152 have not been surveyed
and/or had an mdividual risk portfolio 116 established by
predictive risk assessment unit 110.

[0055] With further reference to FIG. 1, intervention part-
ner computers 180 are also preferably 1n remote data com-
munication with predictive risk assessment unit 110. Inter-
vention partner computers 180 engage with predictive risk
assessment unit 110 through an intervention partner user
interface 124, and aiter authentication (such as by password
protected login or such other authentication method as may
be selected by those skilled in the art) may select an
individual risk portiolio 116 for a member of risk population
152 that the associated intervention partner 1s serving (e.g.,
¢.g., educational institutions, community centers, hospitals,
counselors, physician’s oflices, etc.). Intervention partner
computers 180 may receive one or more intervention prod-
ucts 119 that are assigned to the individual risk portiolio 116
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of their respective risk population member 152, such that an
intervention partner user ol intervention partner computer
180 may oversee the administration of such intervention
product/tool 119. Based upon that intervention partner user’s
observations of risk population member 152 after adminis-
tration of the associated intervention product/tool 119, the
intervention partner user may transmit from intervention
partner computer 180 data reporting the success of admin-
istration of the respective imtervention product/tool 119 (e.g.,
a numeric score 1ndicating a designated level of success,
which may vary from behavior to behavior) in mitigating the
particular dangerous or harmful behavior or activity, and the
success score for the applied mtervention product/tool 119
may be assigned to the respective risk population member’s
individual risk portiolio 116.

[0056] Based upon the results of the intervention product/
tool 119 applied to the respective risk population member
152 (as evidenced by the numeric score assigned to such
intervention product/tool 119), and as part of a feedback
process, intervention engine 122 may make further adjust-
ments 1n weightings applied to the risk segments 157 1n the
risk population member’s predictive quotient matrix 156.
Questions 1n the survey applied by survey device 150 may
be added or subtracted to change particular weights assigned
to various elements of the digital perceived risk hierarchy
inventory 154, and different statistical methods or algo-
rithms may be applied to the analysis by intervention engine
122 as detailed above. Moreover, as part ol an ongoing data
collection effort, predictive risk assessment unit 110 may
carry out further iterations to reflect the new line of ques-
tions that will be posed to the risk population. Still turther,
as part of the feedback process, the results of the adjustments
in weighting made by intervention engine 122 may be
compared to actual results of a given intervention product/
tool 119 to validate the risk index/probability assessment.

[0057] The statistical relationships and coethicients 1llus-
trated 1n FIGS. 2 to 4 may be dynamically updated through
the system’s automated feedback process. Specifically, the
confirmatory factor analysis relationships shown 1n FIG. 2,
including the beta coellicients between Community Risk
Factors and their correlation, may be continuously recalcu-
lated as new survey data and intervention outcomes are
processed. Similarly, the path analysis model shown 1n FIG.
3 maintains dynamic path coetlicients that may be automati-
cally adjusted based on intervention effectiveness data. The
direct eflects of Community Risk Factors, mediating efiects
of Social Adjustment, impact of Police Peril Assessment,
and influence of Personal Risk Factors may all be subject to
automatic recalibration when the system i1dentifies statisti-
cally sigmificant changes 1n risk relationships. Further, the
mediation analysis 1llustrated 1 FIG. 4, showing relation-
ships between Social Adjustment and Personal Risk Projec-
tion through Police Peril Assessment, may likewise be
updated through the system’s machine learning algorithms.
Both direct eflects and indirect effects may be recalculated
as the system processes new data about these relationships.

[0058] These dynamic updates may be maintained while
preserving statistical validity through continuous reliability
calculations and correlation analysis. The system may auto-
matically trigger recalibration when statistical relationships
change beyond predetermined thresholds, ensuring that the
models shown 1n FIGS. 2-4 accurately reflect current risk
patterns and intervention effectiveness.
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[0059] Next, FIG. 6 1s a schematic view of a computer-
implemented process for predictive risk assessment and
intervention 1 accordance with further aspects of an
embodiment. At step 310, an authenticated user of survey
device 150 causes survey device 150 to request a survey 114
from predictive risk assessment unit 110, which survey 114
1s then transmitted to survey device 150 for administration
to a risk population member 152. Next at step 312, the risk
population member’s responses to survey 114 are recorded
in a perceived risk hierarchy iventory 154 which 1s trans-
mitted from survey device 150 to predictive risk assessment
unit 110. At step 314, risk determination engine 118 analyzes
the perceived risk hierarchy mventory 154 and establishes
an individual risk portiolio 116 for the respective risk
population member 152, which includes a risk predictive
quotient matrix assigning a numeric risk prediction quotient
158 to each of one or more risk segments 157. At step 316,
intervention engine 122 assigns one or more intervention
products/tools 119 to the individual risk portiolio 116 for
that risk population member, which intervention products/
tools 119 are calculated as being able to mitigate the risk of
that risk population member 152 engaging in a dangerous
behavior or activity. At step 318, an intervention partner
computer 180 queries predictive risk assessment unit 110 to
obtain the mdividual risk portiolio 116 for the risk popula-
tion member 152 that they are servicing and thereafter may
administer the intervention products/tools 119 associated
with that member’s individual risk portfolio 116. Next, at
step 320, the intervention partner computer 180 transmits to
predictive risk assessment umt 110 an assessment of the
success of application of the intervention product/tool 119 1n
mitigating the risk of the risk population member engaging
in a particularly dangerous or harmiul activity. At step 322,
intervention engine 122 evaluates the assessment received
from intervention partner computer 180 and preferably
adjusts and/or recalibrates the weights assigned to differing
risk segments in the risk population member’s risk predic-
t1ve quotient matrix, and/or modifies the questions presented
by survey device 150 and statistical methods applied by risk
determination engine 118 to further refine the risk popula-
tion member’s individual risk portiolio 116.

[0060] Those skilled 1n the art will recognize that each of
predictive risk assessment umt 110, survey device 150, and
intervention partners 180 may each take the form of com-
puter system 400 as reflected 1n FIG. 7, though variations
thereol may readily be implemented by persons skilled in
the art as may be desirable for any particular installation. In
cach such case, one or more computer systems 400 may
carry out the foregoing methods as computer code.

[0061] Computer system 400 includes a communications
bus 402, or other communications infrastructure, which
communicates data to other elements of computer system
400. For example, communications bus 402 may commu-
nicate data (e.g., text, graphics, video, other data) between
bus 402 and an I/O interface 404, which may include a
display, a data entry device such as a keyboard, touch screen,
mouse, or the like, and any other peripheral devices capable
of entering and/or viewing data as may be apparent to those
skilled 1n the art. Further, computer system 400 includes a
processor 406, which may comprise a special purpose or a
general purpose digital signal processor. Still further, com-
puter system 400 includes a primary memory 408, which
may 1nclude by way of non-limiting example random access
memory (“RAM”), read-only memory (“ROM”), one or
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more mass storage devices, or any combination of tangible,
non-transitory memory. Still further, computer system 400
includes a secondary memory 410, which may comprise a
hard disk, a removable data storage unit, or any combination
of tangible, non-transitory memory. Finally, computer sys-
tem 400 may include a communications intertace 412, such
as a modem, a network interface (e.g., an Ethernet card or
cable), a communications port, a PCMCIA slot and card, a
wired or wireless communications system (such as Wi-Fi,
Bluetooth, Infrared, and the like), local area networks, wide
area networks, intranets, and the like.

[0062] FEach of primary memory 408, secondary memory
410, communications intertace 412, and combinations of the
foregoing may function as a computer usable storage
medium or computer readable storage medium to store
and/or access computer soitware including computer
instructions. For example, computer programs or other
instructions may be loaded into the computer system 400
such as through a removable data storage device (e.g., a

floppy disk, ZIP disks, magnetic tape, portable flash drive,
optical disk such as a CD, DVD, or Blu-ray disk, Micro

Electro Mechanical Systems (“MEMS”), and the like).
Thus, computer soiftware including computer instructions
may be transierred from, e.g., a removable storage or hard
disc to secondary memory 410, or through data communi-
cation bus 402 to primary memory 408.

[0063] Communication interface 412 allows soltware,
instructions and data to be transierred between the computer
system 400 and external devices or external networks.
Software, instructions, and/or data transferred by the com-
munication interface 412 are typically in the form of signals
that may be electronic, electromagnetic, optical or other
signals capable of being sent and received by communica-
tion interface 412. Signals may be sent and received using
a cable or wire, fiber optics, telephone line, cellular tele-
phone connection, radio frequency (“RF”’) communication,
wireless communication, or other communication channels
as will occur to those of ordinary skill in the art.

[0064] Computer programs, when executed, allow proces-
sor 406 of computer system 400 to implement the methods
discussed herein for predictive risk assessment and inter-
vention according to computer software including instruc-
tions.

[0065] Computer system 400 may perform any one of, or
any combination of, the steps of any of the methods
described herein. It 1s also contemplated that the methods
according to the present invention may be performed auto-
matically or may be accomplished by some form of manual
intervention.

[0066] The computer system 400 of FIG. 7 1s provided
only for purposes of illustration, such that the invention 1s
not limited to this specific embodiment. Persons having
ordinary skill in the art are capable of programming and
implementing the instant invention using any computer
system.

[0067] Further, computer system 400 may, in certain
implementations, comprise a handheld device and may
include any small-sized computing device, including by way
of non-limiting example a cellular telephone, a smartphone
or other smart handheld computing device, a personal digital
assistant, a laptop or notebook computer, a tablet computer,
a hand held console, an MP3 player, or other similarly
configured small-size, portable computing device as may
occur to those skilled 1n the art.
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[0068] As explained above, the system of FIG. 1 may, 1n
an exemplary configuration, be implemented 1n a cloud
computing environment for carrying out the methods
described herein. That cloud computing environment uses
the resources from various networks as a collective virtual
computer, where the services and applications can run
independently from a particular computer or server configu-
ration making hardware less important. The cloud computer
environment 1includes at least one survey device 150 oper-
ating as a client computer. The client computer may be any
device that may be used to access a distributed computing
environment to perform the methods disclosed herein, and
may include (by way of non-limiting example) a desktop
computer, a portable computer, a mobile phone, a personal
digital assistant, a tablet computer, or any similarly config-
ured computing device. That client computer preferably
includes memory such as RAM, ROM, one or more mass
storage devices, or any combination of the foregoing. The
memory functions as a computer readable storage medium
to store and/or access computer software and/or 1nstructions.

[0069] That client computer also preferably includes a
communications interface, such as a modem, a network
interface (e.g., an Ethernet card), a communications port, a
PCMCIA slot and card, wired or wireless systems, and the
like. The communications interface allows communication
through transierred signals between the client computer and
external devices including networks such as the Internet and
a cloud data center. Communication may be implemented
using wireless or wired capability, including (by way of
non-limiting example) cable, fiber optics, telephone line,
cellular telephone, radio waves or other communications
channels as may occur to those skilled 1n the art.

[0070] Such client computer establishes communication
with the one more servers via, for example, the Internet, to
in turn establish communication with one or more cloud data
centers that implement predictive risk assessment and 1nter-
vention system 100. A cloud data center may include one or
more networks that are managed through a cloud manage-
ment system. Each such network includes resource servers
that permit access to a collection of computing resources and
components of predictive risk assessment and intervention
system 100, which computing resources and components
can be mvoked to mstantiate a virtual computer, process, or
other resource for a limited or defined duration. For
example, one group of resource servers can host and serve
an operating system or components thereof to deliver and
instantiate a virtual computer. Another group of resource
servers can accept requests to host computing cycles or
processor time, to supply a defined level of processing
power for a virtual computer. Another group of resource
servers can host and serve applications to load on an
instantiation of a virtual computer, such as an email client,
a browser application, a messaging application, or other
applications or software.

[0071] The cloud management system may comprise a
dedicated or centralized server and/or other software, hard-
ware, and network tools to communicate with one or more
networks, such as the Internet or other public or private
network, and their associated sets of resource servers. The
cloud management system may be configured to query and
identily the computing resources and components managed
by the set of resource servers needed and available for use
in the cloud data center. More particularly, the cloud man-
agement system may be configured to 1dentity the hardware
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resources and components such as type and amount of
processing power, type and amount ol memory, type and
amount of storage, type and amount of network bandwidth
and the like, of the set of resource servers needed and
available for use 1n the cloud data center. The cloud man-
agement system can also be configured to identify the
software resources and components, such as type of oper-
ating system, application programs, etc., of the set of
resource servers needed and available for use 1n the cloud
data center.

[0072] In accordance with still further aspects of an
embodiment of the invention, a computer program product
may be provided to provide soitware to the cloud computing
environment. Computer products store soltware on any
computer useable medium, known now or in the future.
Such software, when executed, may implement the methods
according to certain embodiments of the invention. By way
of non-limiting example, such computer usable mediums
may 1include primary storage devices (e.g., any type of
random access memory), secondary storage devices (e.g.,
hard drives, floppy disks, CD ROMS, ZIP disks, tapes,
magnetic storage devices, optical storage devices, MEMS,
nanotech storage devices, etc.), and communication medi-
ums (e.g., wired and wireless communications networks,
local area networks, wide area networks, intranets, etc.).
Those skilled in the art will recognize that the embodiments
described herein may be implemented using software, hard-
ware, firmware, or combinations thereof.

[0073] The cloud computing environment described above
1s provided only for purposes of illustration and does not
limit the invention to this specific embodiment. It will be
appreciated that those skilled in the art are readily able to
program and implement the invention using any computer
system or network architecture.

[0074] Having now fully set forth the preferred embodi-
ments and certain modifications of the concept underlying
the present invention, various other embodiments as well as
certain variations and modifications of the embodiments
herein shown and described will obviously occur to those
skilled 1n the art upon becoming familiar with said under-
lying concept. It should be understood, therefore, that the
invention may be practiced otherwise than as specifically set
forth herein.

What 1s claimed 1s:

1. A computer-implemented method for predictive risk
assessment and 1ntervention, comprising:

providing a predictive risk assessment unit having a
processor executing a machine learning algorithm and
a memory storing a real-time geospatial database;

recerving, at said predictive risk assessment unit, digital
survey data from a remote survey device comprising
risk perception data and demographic data associated
with a human risk population member;

performing, by said processor, confirmatory factor analy-
s1s on said digital survey data to identily community

risk factors and personal risk factors;

executing, by said processor, path analysis modeling to:
1cients between said risk

e

calculate direct effect coe
factors;

e

determine mediating effects between social adjustment
tactors and risk projections; and

[

generate risk assessment scores based on said eflect
coeflicients;
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maintaiming, 1n said real-time geospatial database, a cor-
relation matrix tracking statistical relationships
between risk variables;

automatically generating, by said processor, an individual

risk portfolio for said human risk population member

comprising:

risk prediction quotients for multiple risk segments;

weighted statistical analysis of said risk prediction
quotients; and

recommended intervention products based on said
weilghted statistical analysis;

transmitting said individual risk portfolio to an interven-

tion partner computer;

receiving intervention outcome data comprising numeric

indicators of intervention success;

automatically recalibrating said machine learning algo-

rithm by:
updating path coetlicients based on said intervention
outcome data;
adjusting risk assessment score calculations; and
moditying mntervention product recommendations; and
generating a modified individual risk portiolio based on
said recalibrated machine learning algorithm.

2. The method of claim 1, wherein said processor main-
tains statistical reliability through calculation of Cronbach’s
alpha coeflicients for risk assessment subscales comprising:

behavioral risk indicators;

environmental risk factors:

social interaction metrics;

geographic risk elements;

residential stability measures;

personal safety indicators; and

risk projection factors.

3. The method of claim 1, wherein said processor per-
forms multivariate analysis of variance to:

segment populations based on socioeconomic indicators;

identily statistically significant differences in behavioral

patterns;

customize intervention recommendations based on demo-

graphic characteristics; and

generate risk mitigation strategies across multiple behav-

ioral domains.

4. The method of claim 1, further comprising:

generating visual heat maps displaying geographical risk

distributions; and

updating said heat maps in real-time based on newly

received survey data and intervention outcomes.

5. The method of claim 1, wherein said processor executes
real-time model updates by:

maintaining statistical relationships between community

and personal risk factors;

updating nisk prediction quotients based on newly

recelved data; and

adjusting intervention thresholds based on validated out-

comes.

6. The method of claim 3, wherein said machine learning
algorithm processes new data by:

integrating real-time survey responses with existing risk

factor correlations;

validating factor analysis results through statistical reli-

ability calculations; and

updating population segmentation based on multivariate

analysis ol demographic data.
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7. The method of claim 6, wherein said machine learning
algorithm 1mplements automated feedback processing by:
analyzing intervention success indicators across demo-
graphic segments;

adjusting risk assessment calculations based on validated
outcomes; and

moditying intervention recommendations based on suc-
cess patterns.

8. The method of claam 7, wherein recalibrating said

machine learning algorithm comprises:

updating correlation coethlicients based on intervention
outcome data;

adjusting risk segment weights based on intervention
success rates; and

moditying path analysis coe
relationships.

9. The method of claim 8, wherein said processor main-

tains model accuracy by:

continuously validating statistical relationships through
reliability calculations;

automatically adjusting risk assessments when correla-
tions change beyond thresholds; and

recalibrating intervention recommendations based on
updated risk profiles.

10. A computer system for predictive risk assessment and

intervention, comprising:

a predictive risk assessment umt comprising:

a processor executing a machine learning algorithm;
and
a memory storing a real-time geospatial database;

a remote, portable survey device 1 data communication
with said predictive risk assessment unit, configured to:
display digital survey interfaces;
collect risk perception data and demographic data from

a human risk population member; and
transmit collected data to said predictive risk assess-
ment unit; and

an itervention partner computer in data communication
with said predictive risk assessment unit;

wherein said processor 1s configured to:
perform confirmatory factor analysis on received sur-

vey data to identily community risk factors and
personal risk factors;
execute path analysis modeling to:

calculate direct eflect coetlicients between said risk
factors:

determine mediating eflects between social adjust-
ment factors and risk projections; and

generate risk assessment scores based on said effect
coeflicients:

maintain, 1n said real-time geospatial database, a cor-
relation matrix tracking statistical relationships
between risk variables;

automatically generate an 1individual risk portiolio
comprising:
risk prediction quotients for multiple risk segments;
weilghted statistical analysis of said risk prediction

quotients; and

recommended intervention products based on said
welghted statistical analysis;
transmit said individual risk portiolio to said interven-
tion partner computer;
receive 1tervention outcome data comprising numeric
indicators of intervention success:

.

1cients to reflect new risk
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automatically recalibrate said machine learning algo-
rithm by:
updating path coeflicients based on said intervention
outcome data;
adjusting risk assessment score calculations; and
modifying intervention product recommendations;
and
generate a modified individual risk portiolio based on
said recalibrated machine learning algorithm.

11. The system of claim 10, wherein said processor
maintains statistical reliability by:

executing Cronbach’s alpha coellicient calculations for

risk assessment subscales by:

analyzing response pattern consistency across multiple
survey nputs;

calculating internal consistency metrics for each risk
indicator category;

validating statistical sigmificance of reliability mea-
Sures;

storing calculated coeflicients 1n said real-time geospa-
tial database; and

performing continuous reliability validation through:

comparing new survey responses against existing reli-
ability metrics;

identifying statistically significant deviations 1n
response patterns;

adjusting coeflicient calculations based on validated
changes; and

updating stored reliability measures in real-time.

12. The system of claam 10, wherein said processor
performs multivariate analysis by:

executing statistical computations to:

calculate variance matrices across demographic seg-
ments;

determine statistical significance of behavioral differ-
ences;

identily correlation patterns between risk indicators;
and

generate weighted risk factor relationships; and

implementing automated population segmentation

through:

real-time processing of demographic 1dentifier data;

statistical clustering of response patterns;

dynamic updating of segment definitions; and

continuous validation of segment boundaries.

13. The system of claam 12, wherein said processor
executes real-time model updates by:

maintaiming risk factor relationship definitions and statis-

tical correlations 1n a risk factor indexing component of
said real-time geospatial database;

updating individual risk portiolios stored in said real-time

geospatial database based on newly recerved survey
response data;

integrating real-time public data with stored risk assess-

ments to adjust intervention thresholds; and

linking updated risk assessments to geographic locations

and demographic segments.

14. The system of claam 13, wherein said processor
executes said machine learning algorithm to process new
data by:

retrieving survey templates from a survey repository

component of said real-time geospatial database;
validating new survey responses against existing risk
factor correlations;
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updating population segmentation data through integrated
analysis of demographic factors and geographic distri-
butions; and
storing processed results 1n corresponding individual risk
portfolio components while maintaining geographic
and demographic relationships.
15. The system of claim 14, wheremn said processor
implements automated feedback processing by:
storing intervention outcome data in said real-time geo-
spatial database with maintained links to:
corresponding individual risk portiolios;
geographic location i1dentifiers; and
demographic segment classifications;
analyzing intervention effectiveness through:
calculating success metrics across linked demographic
segments;
evaluating geographic distribution patterns of out-
comes; and
identifying statistically significant outcome variations;
automatically updating risk assessments by:
modifying individual risk portiolio components based
on validated outcomes;
adjusting risk factor correlations 1n the indexing com-
ponent; and
recalibrating intervention recommendations based on
success patterns.
16. The system of claim 15, wheremn said processor
recalibrates said machine learning algorithm by:
analyzing intervention outcome data stored in said real-
time geospatial database to:
update correlation coeflicients between risk factors;
modily demographic segment definitions; and
adjust geographic risk distribution patterns;
integrating recalibrated values across database compo-
nents to:
update risk factor relationship definitions;
modily intervention threshold calculations; and
adjust population segmentation parameters; and
storing updated algorithm parameters in said real-time
geospatial database with maintained links to:
source intervention outcomes;
aflected geographic regions; and
impacted demographic segments.
17. The system of claim 16, wheremn said processor
maintains model accuracy by:
continuously validating data relationships across inte-
grated database components through:
statistical reliability calculations on stored risk assess-
ments,
correlation analysis between geographic risk patterns;
and
intervention eflectiveness comparisons across seg-
ments;
automatically triggering model updates when:
reliability metrics exceed predetermined thresholds;
geographic risk patterns show significant shifts; and
intervention outcomes indicate effectiveness changes;
maintaining data consistency by:
synchronizing updates across database components;
preserving relationship links between data elements;
and

validating data itegrity after modifications.
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