SciencePG

Science Publishing Group

2024; \ol. 10, No. 1, pp. 1-14

American Journal of Neural Networks and Applications @
https://doi.org/10.11648/j.ajnna.20241001.11

Methodology Article

Closing the Gap on Addiction Recovery Engagement with
an Al-infused Convolutional Neural Network Technology
Application—A Design Vision

Benjamin Jacob' ©, Heather McDonald' @, Joe Bohn*"

!Center for Global Health and Interdisciplinary Research, College of Public Health, University of South Florida, Tampa,
United States of America

2Policy, Practice and Leadership, College of Public Health, University of South Florida, Tampa, United States of America

Abstract

Currently, real-time detection networks elaborate the technical details of the Faster Regional Convolution Neural Network
(R-CNN) recognition pipeline. Within existing R-CNN literature, the evolution exhibited by R-CNN is most profound in terms of
computational efficiency integrating each training stage to reduce test time and improvement in mean average precision (mAP),
which can be infused into an artificially intelligent (Al), machine learning (ML), real-time, interactive, recovery capital application
(app). This article introduces a Region Proposal Network (RPN) that shares full-image convolutional features with a real-time
detection Al-ML infused network in an interactive, continuously self-learning wrist-wearable real-time recovery capital app for
enabling cost-free region proposals (e.g., instantaneous body physiological responses, mapped connections to emergency services,
sponsor, counselor, peer support, links to local and specific recovery capital assets, etc.). A fully merged RPN and Faster R-CNN
deep convolutional unified network in the app can simultaneously train to aggregate and predict object bounds and objectness scores
for implementing recovery capital real-time solutions (e.g., baseball card scoring dashboards, token-based incentive programs, etc.)
A continuous training scheme alternates between fine-tuning RPN tasks (e.g., logging and updating personal client information,
gamification orientation) and fine-tuning the detection (e.g., real-time biometric monitoring client’s behavior for self-awareness of
when to connect with an addiction specialist or family member, quick response (QR) code registration for a 12-step program,
advanced security encryption, etc.) in the interactive app. The very deep VGG-16 model detection system has a frame rate of 5fps
within a graphic processing unit (GPU) while accomplishing sophisticated object detection accuracy on PASCAL Visual Object
Classification Challenge (PASCAL VOC) and Microsoft Common Objects in Context (MS COCO) datasets. This is achieved with
only 300 proposals per real-time retrieved data capture point, information bit or image. The app has real-time, infused cartographic
and statistical tracking tools to generate Python Codes, which can enable a gamified addiction recovery-oriented digital conscience.
Faster R-CNN and RPN can be the foundations of an interactive real-time recovery capital app that can be adaptable to multiple
recovery pathways based on participant recovery plans and actions. This paper discusses some of the critical attributes and features
to include in the design of a future app to support and close current gaps in needed recovery capital to help those who are dealing
with many different forms of addiction recovery.
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1. Introduction

The addiction recovery community is grounded in a foun-
dation of support systems that include organizations, families,
peers, and social supports. These can be linked to social
networks that span personal, spiritual, athletic, occupational,
and economic-based relationships [1, 2]. At the core of this
foundation of support systems is a fabric of social capital,
consisting of the bonding agents that help form relationships
and trust and link individuals needing recovery support in a
common battle to overcome addiction [3]. In this addic-
tion-centered context, the most pertinent form of social capital
is recovery capital, which has been defined as “all the internal
and external resources that a person can access in support of
their recovery process” [4]. In fact, as Best and colleagues
noted, recovery capital can be considered across three do-
mains: “personal capital (qualities such as self-esteem and
resilience), social capital (based on the networks and supports
that the individual can draw on), and community capital (re-
ferring to the resources from the local community that can be
accessed such as reasonable housing, training, and employ-
ment opportunities),” [5]. One element of community capital
is the 12-step mutual aid programs that exist in sober living
centers, faith-based organizations, and recovery community
organizations (RCOs) across the nation and the globe. For the
purpose of this prospective study, 12-step mutual aid pro-
grams represent a key element of trust building within a given
community’s (in-person or virtual) recovery capital system
[6]. Many of these programs, both throughout Florida and
locally, are open to the public yet maintain the anonymity of
their participants.

1.1. Problem Definition

Recognizing the importance of each of these domains in a
person’s recovery journey, what is it that undermines the
growth and strengthening of recovery capital for any indi-
vidual? Relapses are a common complication that may occur
in one’s recovery journey when triggered by specific events
and occurrences [7]. Though a stronger network of support
(albeit in-person or technology-enabled) that helps address
biopsychosocial mechanisms can positively impact behavior
changes, when unanticipated events or situations occur, they
can trigger relapses that diminish recovery capital across its
three domains and lead to poor health outcomes [8, 9]. One
element that may disrupt this process is that of incentivization.
People are incentivized by different things (health, finances,
relationships, spiritual support etc.), and identifying and cre-
ating incentivization mechanisms has been proven to be a
strong component of long-term recovery [10]. Therefore,
recovery capital can be strengthened through incentives and a
continuous learning tool that becomes a form of “digital
conscience”, or virtual mentor, to aid and help motivate par-
ticipants stay on track in their recovery journeys.

1.2. Technical Innovation

In the interactive recovery capital app, we will employ the
innovative algorithm introduced by Ren et al., which introduces
Regional Proposal Networks (RPNs) [11]. By computing pro-
posals within a deep net and sharing convolutional layers with
object detection networks at test-time, computation is virtually
absent of cost [11]. The proposed implementation within an
interactive recovery capital app is novel would be nature. Based
on Jacob et al., the convolutional feature information maps used
by region-based detectors can be employed for generating
robust region proposals in an interactive, web-configurable,
real-time, artificial intelligence (Al)-machine learning (ML)
dashboard app [12]. On top of these convolutional features, the
construction of the recovery capital app using an RPN by
adding additional convolutional layers that simultaneously
regress region bounds and objectness scores at each location on
a county-level, 1 kilometer (km) x 1km stratified grid is pro-
posed [11]. Hence, the proposed RPN in the interactive, re-
al-time app would be a fully convolutional network that will be
trained end-to-end specifically for the task of optimizing re-
al-time information detection proposals for data capture points,
including humanistic, recovery capital-relevant values a client
may possess. The RPNs will be designed to efficiently predict
region proposals with a wide range of scales and aspect ratios.

The proposed technical innovation will be rooted in the
creation of an Al-infused interactive application (app) that
invokes the use of many real-time, advanced machine learn-
ing and geolocation cartographic and statistical tracking tools
to generate a gamified addiction recovery-oriented digital
conscience to support any end user with a need to strengthen
their recovery capital.

1.3. Algorithms

Recent advances in Al-ML classifiers, such as signature
maximum likelihood classifiers and stochastic/deterministic
interpolators, allow for infusion into a recovery capi-
tal-oriented web-configurable, and customizable app for
providing real-time information such as the geographic loca-
tions of hospitals, detox facilities, treatment centers, crisis
centers, and sober living facilities relative to the location of
the user in real time. These classifiers can archive and analyze
information that promotes the resolution of alcohol and drug
problems such as overdose. This functionality may be sup-
plemented by personal data gathered in real-time, such as
physiological response data, previously logged messages, and
other clinical and nonclinical information. These technolog-
ical advances can aid in meshing these and other information
data capture points in a web-configurable and interactive app
available on both wearable and mobile devices, which can
help recovery capital programs by allowing a client to receive
customizable treatment (i.e., a habitat modification technique
such as digitized token dispensing for attending a 12-step
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meeting or achieving addiction recovery milestones) from a
self-learning app that continuously monitors, trains, and
learns from a person’s personal activity. Recovery capital can
be strengthened with incentives to aid in motivating partici-
pants in their recovery journeys [10].

Advances in the field, such as Faster R-CNN (Regional
Convolution Neural Network), can upgrade standard R-CNN
in a real-time recovery capital app [13]. Faster R-CNNs take
advantage of a graphic processing unit (GPU), while the re-
gion proposal methods are usable in standard Al and
ML-infused apps [12]. Non-graphical uses of GPUs in a
Faster R-CNN-enabled, web-based mobile app would include
the training of neural networks and real-time data mining for
multiple recovery capital-related incentives. Examples of data
uses include:

1. Keeping people invested in their personal recovery based

on any unit of time,

2. Providing an evidence-based measurement of behavioral
and clinical health in real time to a recovery specialist,
and

3. Demonstrating quality assurance and oversight for the
“product” that jails, hospitals, detox and treatment cen-
ters, and sober living homes are “producing” when they
treat a person with a substance use disorder (SUD) or
other addiction disorder.

A convolutional neural network (CNN) is a deep learning
network architecture that directly utilizes input data to learn
[14]. Many state-of-the-art techniques in real-time data pro-
cessing rely on the notion of CNNs, for which a brief over-
view is provided here [15]. CNNs consist of two components-
data extraction part and classification. During information
data extraction, the network performs a series of convolutions
and pooling to retrieve the critical data feature attributes for
aiding in classification [16]. The convolution layers can ex-
tract app data feature attributes such as capture point sentinel
site geographic locations (e.g., detox treatment center, 12-step
meeting center, county emergency hospital) by performing
convolution operations with the use of filters to generate a
feature model from the input data (i.e., standard outcome
indicator metrics that measure ongoing growth and commu-
nity integration). Each convolution layer in the proposed
interactive recovery capital app would have three dimensions:
width, height, and depth. Typically, the data would contain n
filters, where the filter size would be (a, b, c). a and b would
be the width and height of the filter, and ¢ would represent the
number of channels to process the app-retrieved data [16].

Best and Hennesey surmised that there are four areas con-
cerining the implementation of the concept of recovery capital
which must be expanded upon in future addiction recovery
literature: Elaboration on the conceptual interactions between
recovery capital domains, empirical testing of the conceptual
rigor, methods of application in a clinical addiction recovery
setting, and the dissemination of recovery capital information
to policymakers, practitioners, and lived experience groups
[4]. Through the inclusion of the above algorithmic advances

the CNN within the real-time, interactive, web-configurable
recovery capital app would possess the capability to optimally
aid in in accomplishing each of these objectives.

1.4. CNN Integration in the Architecture

The state-of-the-art techniques in real-time data processing
rely on the concept of convolutional neural networks (CNNs)
[15]. Herein, an overview of the application of CNNs in an
interactive, web-configurable mobile app focused on recovery
capital is provided, as discussed in this article. As mentioned,
there are two components to such an application de-
sign—feature extraction and classification. During the app’s
real-time data meshing and feature extraction, the network
would perform a series of convolutions and pooling to assess
recovery capital on an ongoing basis (for example, regres-
sively quantifying real-time retrieved, capture point, infor-
mation data feature attributes, such as georeferenced behav-
ioral empirical data, collected from every aspect of the token
collection process).

The convolution layers would extract feature attributes
from empirical recovery capital sample datasets by perform-
ing convolution operations utilizing filters on the input data
(e.g., nonfungible tokens (NFTs) created by a person in re-
covery) to generate prognosticative, visible, and diverse local
recovery role models and other pertinent data (e.g. prognos-
ticative, cartographically delineated, georeferenceable, in-
ternal and external resource variables for determining where
to initiate and sustain a substance use disorder recovery pro-
gram at the county level, etc.). Typically, the signature data
would contain n filters, where the filter size is (a, b, c), where
a and b are the width and height of the filter, and c represents
the number of channels employed to process the data [16].
Each filter would be independently convolved on the input
data, which would subsequently be followed by pooling to
generate a real-time, recovery capital-oriented, personal vul-
nerability model for determining treatment protocol features
(potential assertive linkage to recovery mutual aid groups,
ongoing recovery check-ups to identify if there is an alterna-
tive option to inpatient or residential treatment, etc.). The
pooling layer would aid in reducing the size of the input data
and recovery capital-oriented data capture point feature at-
tributes. After the filter size is chosen, the stride size would be
chosen. Stride size is the size of the step by which the filter
moves across a selected data feature attribute [11]. The con-
volution process in the recovery capital smartphone interac-
tive app would be worked by computing a dot product be-
tween the filter and the local region of the data input on which
the filter would be implemented. Since deep convolutional
neural networks contain several convolution layers, each layer
employed in the interactive app would have different filter
sizes [16]. As such, varying recovery capital data information
capture points would be integrated together in the app, which
would act as the final output of the convolution layer.
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2. Design Project Aims

One potential research aim for the interactive research
capital app design project would be to enable scaling up the
signature recovery capital app development (e.g., from a
county-level capture point sentinel site to the state and coun-
try level). Among the Al components in this technique in the
baseline proposal would be the successful training of the
Faster R-CNN by employing trained, real-time retrieved re-
covery capital client information to detect and locate sources
of intervention.

Another aim in a technical design effort for such an app
would be to address the diffusion of real-time, retrieved re-
covery capital information about potential georeferenceable
hot spots (for example, urban parks where opiate usage and
sales transaction occurs) based on field-verified, county-level
location data in a designated county geographical area with
massive data dissemination on platforms such as X (formerly
known as Twitter), Instagram, YouTube, Reddit, and Gab. A
design and testing team could analyze engagement and in-
terest in the real-time monitoring of scalable, signa-
ture-retrieved, recovery capital input data and provide a dif-
ferential assessment of the evolution of discourse regarding a
county-wide scale for each platform and its users. One key
objective could be to promote client, sponsor, recovery spe-
cialist, and other collaborator relationships on ChatGPT’s
space by using the app, for example, to determine possible
consequences of health-related threats (such as re-
lapse-induced overdoses). In addition, the impact that this tool
may have on real-time recovery capital research and policy
development by disseminating information through an app’s
preprint servers can allow for rapid media coverage and a
consequent impact on implementing control choices. Design
team efforts would fit information spreading with potential,
real-time-generated recovery capital data and information
models for each social media platform. It is hypothesized that
newly introduced features in the proposed recovery cap app
(such as live internet browsing and plugins) can facilitate a
more seamless interaction with invaluable insights for im-
plementing a real-time source, as well as the management of
any specific addiction recovery community populations and
the stakeholders who support them.

Subsequently, after the convolution layers are infused into
the app, a few dense layers would be added for algorithmic
classification of all archived recovery capital data input from
the client. The neurons here function as a non-linear function
that takes multiple inputs, and from them, renders singlular
outputs. These neurons, within the dense layers, would be
fully connected to all the neurons of the previous layers in the
app. The last dense layers in the app would consist of neurons
equal to the number of classes. A design effort would classify
and render the probability of each class present in all input,
real-time retrieved, recovery capital-stratified, capture point
data collected and archived by the app (e.g., assessment of
recovery capital 50-item scale assessing both Personal Re-

covery Capital [25] questions and Social Recovery Capital
[25] questions) [17]. While the classification of potential
county-level treatment centers and two-way communication
with a single sobriety specialist is currently available in a
web-based app, it alone may not be sufficient to help a client
recover from an addiction. It is vital that the role that recovery
capital plays in the success or failure of an individual’s re-
covery is acknowledged in the design of recovery apps such as
this one [18-22]. Such a real-time app adds another feature in
the design phase to predict potential relapse episodes. For
example, while a client views the localized data of the closest
capture point sentinel site (county hospital) bounded within a
solid box in the app, more details (e.g., post-treatment re-
covery check-ups, dates. early re-intervention candidate)
physiological information about the client can be forwarded in
real-time to clinical interventionists. This would include the
client's exact location based on an embedded GPS tracker in
the interactive app. Furthermore, the number of contact spe-
cialists, including sponsors, psychological counselors, family
members, friends, and other social support network members,
would be accessible in real-time.

3. Design and Testing Steps

In this Regional CNN approach, a design and testing team
would execute several steps in the proposed recovery capital
interactive app which have been challenging for previous
sobriety app developers. As with any Al-ML-infused,
web-based app development, there is a need for prototype
testing and field validation of the new app [23, 24].

First, prototype development may involve training the re-
covery capital-oriented, temporally dependent datasets (e.g.,
aggregated social capital empirical data consisting of rela-
tionships with family and friends which are conducive to
sobriety) using a pre-trained convolutional neural network
model for extracting the convolutional feature data from the
last layer of the trained network. This step would enable the
neural network to understand the key features within the data
that separate multiple classes within the app (e.g.,
re-evaluation of markers of the recovery journey to determine
the quality and even duration of successful sustained recovery
from addiction).

To train towards neural network feature recognition, In-
ception V2 is proposed as the base pre-trained convolutional
network for precisely extracting the recovery capital-oriented,
real-time retrieved data capture point information. Inception
V1 (or GoogLeNet) was the state-of-the-art architecture at
ImageNet Large Scale Visual Recognition Challenge
(ILSRVRC in 2014. It holds the record lowest error in the
ImageNet classification dataset. It is a complex deep learning
architecture that uses smart factorization methods to make
convolutions efficient in terms of computational complexity.
The network performs better when the input dimensions are
not changed drastically [25].
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3.1. Post Training

For post-training of the app, employing attributes from the
input recovery capital data that were the most reflective/useful
of the client's circumstances (e.g., actively supporting local
movements aimed at increasing recovery support services) is
proposed [18]. In order to localize information capture points
of interest in the app, a design team should employ the notion
of Region CNNs (R-CNNs) [11]. To do so, a few steps would
be necessary. First, predefining anchor aspect ratios, which
will eventually be scaled to the county level is proposed. The
anchors will be emplaced during training of the neural net-
work in the app. For the case of recovery capital data infused
into the app, the base anchor size would be set as [256, 256]
pixels, with scaling ratios and aspect ratios as [0.25, 0.5, 0.75,
1.0, 1.50, 2.0, 2.5] and [0.25, 0.5, 0.75, 1.0, 1.50, 2.0, 2.5]
respectively [19]. The width and height of each anchor in the
recovery capital app be set as:

width_anchor = scale[i] * sqrt(aspect_ratio[i]) *
base_anchor[0]

height_anchor = scale[i] * base_anchor[1] /
sqrt(aspect_ratio[i]),

where i is the index of the matrices of scales and aspect ratios
[16]. In total, using 300 anchors for training. In so doing,
anchors will properly be directed to the RPN is proposed [12].
Here, the task would be to train the network to identify those
boxes in the app that are indicative of empirical recovery
capital information capture points of interest, which may
include locations of local recovery community support insti-
tutions and sources of sustained recovery support and early
re-intervention [18]. To do so, a design effort would manually
ground truth each box before training as a potential recovery
capital-oriented feature attribute. The trained anchors for
creating retrievable, real-time information data capture point
(i.e., recovery schools, recovery industries, recovery minis-
tries/churches) with an “objectness™ score and selects the ones
that are most likely pertinent to client recovery (e.g., internal
qualities that characterize the traits or resources needed to
sustain  recovery including resilience, coping skills,
self-esteem, perceived and actual self-efficacy, and commu-
nicative skillsets) based on an empirical score [16].

For post-training (and validation), the RPN would be con-
nected to a convolutional layer with 512 output nodes [16].
These output nodes would be connected to two convolutional
layers in the real-time recovery capital interactive app, where
one would act as a classifier and another as a regressor. The
classifier connected to the RPN would predict the probability
of retrieved, recovery capital-oriented capture point data of
interest within the anchors, and the regressor would estimate
the tight boundary surrounding the corresponding objects
using anchors in the app [16]. The design and test effort would
fine-tune the classifier by varying learning rates. This would
employ the stochastic gradient descent (SGD) solver for

50,000 iterations with a base learning rate of 2e-5. Another
25,000 iterations would then occur by reducing the base
learning 2e -6 and the rest 25,000 with 2e-7 for faster recovery
capital input data convergence [16]. The learning rate for each
iteration is shown in Figure 1.

learning_rate

)
W

0 20k 40k 60k 80k 100k

Figure 1. The learning rate for each iteration in the proposed re-
covery capital interactive smartphone app.

During training, the loss function is an important criterion
for correctness [11]. The loss function measures the learning
ability of a neural network architecture [26]. The goal of
training the input recovery capital data is to minimize the loss
of training data [16]. In previous real-time app development,
Jacob et al. noticed that the default binary cross entropy loss
function, which is standard, had increased after 15,000 itera-
tions for training real-time, drone-retrieved signatures of the
malaria mosquito oviposition habitats [12]. To minimize the
loss, the authors applied a novel focal loss function that pe-
nalized instances of false negatives, which in this case was an
information data capture point (scaled-up capture point sen-
tinel site breeding site aquatic foci) classified as background.
In the proposed interactive recovery capital app, the number
of anchors containing real-time retrieved information and data
capture points would be minimal compared to anchors con-
taining the background class. Hence, the classifier would not
be biased towards any erroneous class in the app, which could
result in biased learning [26]. Focal loss is an improvement
over the more standard cross entropy loss. This proposed app
will perform this computation since it lowers the loss of
well-classified cases and emphasizes the misclassified ones
[11]. The design team will propose the following equation in
the app:

— pif y=+1
Q= { 1-p otherwise. (1)

Here, y would denote the ground truth of the class (+1 for a
12-step town hall meeting and -1 for background), and
p € [0,1], which would be the app-generated model estimated
probability for the class label y = +1 [16]. This would
quantitate focal loss. The designers would add an additional
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modulating factor (1 —Q) * to the above loss to provide tuna-
bility, where 4 >=0. The focal loss (FL) will be defined as
FL(Q)=-(1-Q) "log(Q) in the app database.

In this prospective intervention design, when a potential
recovery capital information data capture point location of a
culturally indigenous support institution is misclassified, and
Q is small, the modulating factor would be close to 1, and this
would not affect data loss. When Q tends to 1, the modulating
factor nears 0, and loss for correctly classified examples is
down-weighted [11]. A=2 would be the optimal focal loss
indicator in the proposed recovery capital app. After applying
focal a client would be able to see, as in Figures 2 and 3,
minimization of the loss of data information. Essentially,
when the loss in training data is similar to the loss in valida-
tion data (e.g., in this prospective research, validation data
would be used to train the app), then the process of training
and validation of the recovery capital, real-time retrieved data
capture point would be iterative [26]. The final set of param-
eters of the neural net architecture would minimize the data
loss criteria.

total_loss
taq: Loss otal_loss

o} 20k 40k Gk aok 100k

Figure 2. Total loss graph with focal loss.

fotal_loss
tag: Lessotal_loss

(=]

10k 30k S0k TOk S0k

Figure 3. Total loss graph without focal loss.

3.2. loU

Finally, a design team would define a user-understandable

metric with the capacity to reveal the quality of the neural
network post-trained and validated for implementing recovery
capital tactics. The key metric would be an Intersection Over
Union (loU). The loU metric measures the correctness of a
given bounding box [11]. It is, formally, the area of the in-
tersection of the predicted box and ground truth box divided
by the area of union of the predicted box and the ground truth
box [16]. It is illustrated below in Figure 4, where Green
denotes Ground Truth Box, and Red denotes a Predicted Box.
The loU threshold would be set as at least 0.7. In Jacob et al.,
when the loU was 1, then a perfect classification and em-
placement of the bounding box occurred [12]. Lower loU
values in a web-configurable, interactive dashboard app can
indicate poorer performance [11].

Area of Overlap

loU=

Area of Union

Figure 4. Forecasted loU metric measuring the correctness of a
given bounding box in a recovery capital app.

Computing the True Positives, False Positives, and False
Negatives for classification in the validation set would allow
for the integration of a final metric called mean Average
Precision or mAP. Denoting AP is denoted here as the Av-
erage Precision (AP) in finding the area under the preci-
sion-recall curve of each real-time retrieved, recovery capi-
tal-oriented information data capture point class [26]. The
mean Average Precision or mAP score would be calculated by
taking the mean AP over all classes and/or across all loU
thresholds. Precision and Recall are standard metrics in re-
al-time app classification [12]. The precision would be de-
fined as the ratio of True Positives to the Sum of True Posi-
tives and False Positives. The Recall would be subsequently
defined as the ratio of True Positives to the Sum of True
Positives and False Negatives. Classifier accuracy increases
with both Precision and Recall [11]. The mAP of all recovery
capital app retrieved data in the validation set would be de-
termined to 0.87. Note that in Jacob et al., if the authors set the
loU with lower thresholds, which are defined as being less
than 0.7, the mAP was higher [12].

It is emphasized here that it would be recommended to train
the real-time, recovery capital app-generated Faster R-CNN
model in using the annotated data to detect and locate sources
of solutions (real-time meshing of mental health issue data in
order to reach a stable recovery solution). A design and testing
team would train and validate the smartphone app using a
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graphic processing unit (GPU) cluster as in Jacob et al. [12].
The cluster would have four nodes of GeForce GTX TITAN
X, each with 12 GB of memory.

Each recovery capital client update would be directed into
precious models constructed in the app for classification and
localization, which would strengthen expected results using
the GPU [16]. The probabilities of detection by the neural
network (e.g., the confidence in the app-generated, real-time
model in making decisions such as whether a recovery capital
client could benefit from individual treatment or extended
group support treatment) would be close to 0.99. Not a single
false negative will exist in testing the dataset, although a small
number of false positives (<10%) would be possible. It may
be assumed that with further training, more robust image
outputs should be expected.

4. Python Application

The proposed recovery capital app’s technical development
uses Python, a general-purpose coding language. This means
it is designed to be employed in a range of applications, in-
cluding data science, software and web development, data
science, and machine learning [27, 28]. One of the key rea-
sons Python can be favored for an interactive recovery capital
app is to maintain uniformity. Such an app becomes easier to
develop and maintain when both the back end and front end
are written in the same language. The field validation testing
of such an app is also accelerated.

The advantages of Python programming infused into an
interactive recovery capital app are myriad. Python is a
high-level coding language that integrates low-level details in
order to make it beginner friendly. This function is immensely
useful when designing a project that involves the collabora-
tion of several different specialists with diverse backgrounds.
It allows addiction and recovery specialists to have significant
input in the development of recovery capital app-based
treatment regimens that are customized for their clients while
also encouraging the technological, Al/ML-based complexity
that such an integrative experience requires.

4.1. Faster R-CNN

The real time information management and detection sys-
tem within the recovery capital app will be a fully convolu-
tional network with a Fast R-CNN detector which employs
proposed regions [11]. The entire recovery app framework
will be a single, unified network for real-time information
retrieval, information management, and object detection. The
neural architecture in the RPN module will tell the Fast
R-CNN module where to search for data. The designs and
properties of the network for region proposal and develop
algorithms for training both modules with features in the app
will be introduced.

In the deep, architectural, real-time network system, an
RPN will take an image or information bit of any size as input

and will output a set of proposals, which will each be assigned
an objectness score. A design team will model this process
with a fully convolutional network in the app. Both nets
within the app will share a common set of convolutional lay-
ers in order to preserve shared computation with the Fast
R-CNN detection network.

Sliding a small network over the convolutional feature
output for the RPNs is proposed. This small network in the
app would take as input an n xn spatial window of the con-
volutional feature recovery capital data information, capture
point, signature dataset [11]. Each sliding window will be
infused to a lower-dimensional feature (256-d for ZF and
512-d for VGG, with ReLU) [29]. This feature will be fed into
two fully connected sibling layers: a box-regression layer (reg)
and a box-classification layer (cls) [11]. The design effort will
use n = 3, noting that the effective receptive field on the input
image in the app is large (1 and 228 pixels for ZF and VGG,
respectively) [11]. Note that because the proposed
mini-network will operate in a sliding-window fashion, the
fully connected layers in the app will be shared across all
spatial and information datasets, such as those for real-time
connection to emergency services, sponsors, counselors, peer
supports, and links to local and specific recovery capital assets.
This architecture will be implemented in the interactive app
framework with an nxn convolutional layer followed by two
sibling 1 =<1 convolutional layers (for reg and cls, respectively)
[11]. The information and image representations derived from
pre-trained CNNs will become the new state-of-the-art in
computer vision tasks in sobriety-related tasks such as in-
stance retrieval.

The design team will take advantage of the object proposals
learned by an RPN in the app and their associated CNN fea-
tures to build an instance search pipeline, which is composed
of a first filtering stage followed by a spatial reranking [30].
The Faster R-CNN features within the network for fine-tuning
recovery client’s data (e.g., real-time retrieved time signatures
of when digital tokens were dispensed and for what task ac-
complished, quantifying changes in levels of recovery capital
to evaluate one’s program and their own professional per-
formance) would be employed [18].

The significance of designing and pilot testing a Faster
R-CNN optimized recovery capital app lies in its ability to
create a novel web- and community-based tool with applica-
tions for teenagers and seniors alike who deal with an array of
different addictions. Amongst the proposed objectives is that
real-time, Al-ML infused, informed, gamified visual design
would be able to engage recovery community participants as
an incentive-based system to strengthen recovery capital
across a socio-ecological spectrum. Incentivizing positive
behaviors in an individual's recovery through a mobile ap-
plication that can be easily accessed throughout the day can
encourage natural serotonin and dopamine releases in the
brain each time the individual performs one of the positive
tasks established for them [4].
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4.2. Region Proposal Networks Application

For the purpose of this conceptual discussion, it is hy-
pothesized that introducing novel RPNs that share convolu-
tional layers with state-of-the-art, algorithmic object detection
networks infused into an interactive app can aid in imple-
menting recovery capital strategies (e.g., effectively collect-
ing behavioral data from every aspect of the token collection
process, geolocating treatment facilities or other recovery
resources in real time using the app’s website navigation
software, or through the GPS functionality. By real
time-sharing convolutions at test-time, the marginal cost for
computing these proposals would be small (e.g., 10ms per
retrieval of a georeferenced recovery treatment capture point,
sentinel site, geolocation) [16]. The assumption is that the
retrieved recovery capital-oriented, convolutional feature
attribute data employed by region-based detectors, such as
Fast RCNN, in a web-configurable app can generate such
proposals.

On top of these convolutional features, constructing an
RPN in an interactive mobile app would allow for adding a
convolutional layer that simultaneously regresses region
bounds and objectness scores at each georeferenceable, re-
covery-capital-oriented capture point, employing a stratifiable
grid [11]. Hence, the RPN in the app would be a fully con-
volutional network. These sentinel site recovery capi-
tal-oriented information data capture points could be trained
end-to-end specifically for the task of generating robust data,
which can provide real-time information to clients, family
members, and other support specialists. A sample of a use
pattern establishing such data capture points will be provided
as follows:

1. Create a QR code that can be scanned at meetings halls,

2. Click on the Daily Meditation/ Start your Day Practice —

Available to all Pathways hosted on the app,

3. Click on and watch till the end for any of the guided

meditations on the app,

4. Click on and watch yoga instructional videos developed

by yoga instructors in recovery,

5. Click on and watch/ listen to recovery podcasts,

6. Submission of own recovery support message on the

app’s social media platform,

7. Completion of a Recovery Capital Assessment,

8. Completion/ update of a Recovery Management Plan,

and

9. Complete daily 10th step/ daily positive and negative

assessment of the day within the app, and other perti-
nent data.

4.3. Coding

Coding in interactive apps is a revolutionary technology
that has changed the face of programming. This allows users
to write code in Python, which is one of the most popular and
readily accessible programming languages. With its simple
user interface and powerful features, Python can be infused

into an interactive, real-time recovery capital app designed to
help clients on their journey to recovery. Python coding can
enable the construction of real-time, personal capital, and
social capital-based graphical models for quantifying changes
in levels of recovery capital to evaluate personal performance.
The app introduces users to important coding concepts such as
recovery capital-related explanatory data variables, loops, and
functions for gamification orientation, participant personal
data logging, advanced security encryption, and more.

The recovery capital app will be able to transcribe client
interviews in real time. This material can then be analyzed
thematically by coding and implementing various recovery
capital tactics (e.g., baseball card scoring dashboards and
Token-based incentive programs for determining alcohol and
other drug (AOD) cessation capacity of a client at a particular
point in time) [31].

4.4. Unified Network

We will merge RPN and Faster R-CNN into a single net-
work by sharing their convolutional features in the proposed
interactive recovery capital app using the recently popularized
concept of neural networks with ‘attention' mechanisms,
where the RPN component tells the unified network where to
search [11]. For example, the neural network’s ‘attention’
could be focused on real-time connection to emergency ser-
vices, sponsors, counselors, peer support networks, links to
local and specific recovery capital assets. etc.

For the very deep VGG-16 model, the proposed app infor-
mation directory and object detection real-time retrieval system
will have a frame rate of 5fps while attaining state-of-the-art
object detection accuracy on PASCAL VOC and MS COCO
datasets with approximately 300 proposals [13].

Jacob et al. noted that faster region-based CNNs can take
advantage of GPUs in a real-time, interactive, Al-ML-infused
app state-of-the-art object detection network for mapping
geolocations of malaria mosquitoes in an agro-pastureland
peri-urban ecosystem in northern Uganda employing an un-
manned aerial vehicle (UAV) or drone dashboard app [12]. In
the proposed recovery capital interactive app, we propose
employing fast regional CNNs that take advantage of GPU.
An obvious way to accelerate proposal computation is to
reimplement it for the GPU [11].

RPN methods would be employed, which will be imple-
mented on the GPU, in the interactive app in Python for fast
and accurate runtime, information storage, management,
retrieving, and precision predictive signature modeling. This
will be a fresh implementation of the Faster R-CNN real-time
object and information data, capture point, signature detection
model in PyTorch and TensorFlow 2 with Keras. Faster
R-CNN remains a foundational work in the field and still
influences modern information and object detectors [32]. In
the proposed recovery capital app, GPU and tensorflow-GPU
will be installed in Keras and Mask R-CNN will automatically
employ a GPU.


http://www.sciencepg.com/journal/ajnna

American Journal of Neural Networks and Applications

http://www.sciencepg.com/journal/ajnna

A conceptually simple, flexible, and real-time generaliza-
ble app framework for information retrieval and object in-
stance segmentation for the implementation of recovery cap-
ital strategy is proposed. The app will be capable of statisti-
cally quantifying recovery capital levels to help determine
level of care placement decisions, or family/social recovery
capital data variables to determine significance level of co-
variates such as the readiness of close companions and family
members to engage in treatment, transformations in the cli-
ent's behavior when exposed to supportive environments for
sobriety-oriented socializing and leisure, and relational ties to
more traditional institutions [18]. The approach efficiently
detects stratified, capture point information bits (e.g., logged
and updated personal client information for identifying
whether sustained and positive recovery outcomes for those
with severe AOD problems are more closely linked with
community recovery capital than the specific attributes of an
individual particular treatment protocol [18]) and or objects
(such as tracking tools to generate a gamified addiction re-
covery-oriented digital conscience) to support any end user
with a need to strengthen their recovery capital in an image
while simultaneously generating a high-quality segmentation
mask for each instance.

The suggested approach aims to enhance the interactive
recovery capital app by extending Faster R-CNN by incor-
porating a dedicated branch for predicting segmentation
masks within each Region of Interest (Rol), in synchrony with
the existing classification and bounding box regression
branches [30].

5. Mask R-CNN

Implementing and training Mask R-CNN is straightforward
within the Faster R-CNN framework, allowing for the crea-
tion of versatile architecture designs [33]. Introducing a mask
branch into the proposed recovery capital app incurs a mini-
mal computational overhead, facilitating a quick system and
swift experimentation. The seamless integration of Mask
R-CNN as an extension of Faster R-CNN ensures optimal
results when constructing the mask branch. Notably, Faster
R-CNN was not originally designed for precise pixel-to-pixel
alignment between network inputs and outputs. This limita-
tion is particularly evident in the coarse spatial quantization
performed by the Region of Interest Pooling (RolPool), the
primary operation for attending to instances during infor-
mation feature extraction [34]. To fix the misalignment,
Kaiming et al proposes a simple, quantization-free layer Re-
gion of Interest Align (RolAlign), that faithfully preserves
exact spatial location (e.g., real-time connection for client to

emergency ambulatory services for overdose prevention) [30].

Mask R-CNN will be employed in the recovery capital app for
real-time retrieval of human physiological responses such as
blood pressure and respiration rate. The framework can easily
be extended to human physiological vital sign estimation
using deep learning-based Object Detection and Instance

Segmentation in OpenCV (Python / C++). Mask Re-
gion-based Convolutional Neural Network (Mask R-CNN)
has demonstrated its viability for integration into real-time
app technology [35]. However, the Feature Pyramid Network
(FPN) structure is limited by its insufficient channel infor-
mation, absence of valuable global information, and low-level
texture information, resulting in the mask branch's inability to
capture essential local-global information [35]. In traditional
sobriety apps, Mask R-CNN faces challenges in achieving
high-quality masks and accurate instance category classifica-
tion. To address this issue, we suggest the adoption of the
Information-enhanced Mask R-CNN, referred to as IEMask
R-CNN in the recovery capital app. Within the FPN structure
of IEMask R-CNN, the information-enhanced FPN is incor-
porated to amplify the pertinent global information in the
channels, as suggested by Bi et al. [35]. This can include
internal and external dimensions and factors, such as aspects
inherent to an individual, shaped through interactions with
others, and influenced by the broader community-based sys-
tem [18]. Of the feature information, data capture points help
resolve the issues that the high-level feature maps encounter,
and useful channel information increases the accuracy of
instance category classification [35]. The bottom-up path
enhancement with adaptive feature fusion will utilize the
precise positioning signal in the lower layer to enhance the
feature pyramid. In the mask branch of IEMask R-CNN, an
encoding-decoding mask head will strength local-global in-
formation to gain a high-quality mask [35]. We forecast that
the IEMask R-CNN in the recovery capital app will reveal
significant gains over Mask R-CNN on any Microsoft
Common Objects in Context (MS) COCO dataset. MS COCO
is an extensive imagery dataset which contains photos of
everyday objects and individuals. It was designed for the
purpose of training machine learning models in image object
detection [36].

A new dataset with the goal of advancing the
state-of-the-art in information and object recognition in an
interactive app framework by placing real time retrieved
information that tracks the time that has passed since a client
has last ingested the substance they are addicted to in addition
to object recognition (e.g., county detox center) in the context
of real-time app technology for implementing recovery capital
tactics at the county-level is presented in this paper. This will
be achieved in this proposed development Al app research
effort by gathering real time data capture information and
images of complex everyday scenes containing common
recovery capital related data and objects integrated within the
everyday environment. Objects will be labeled using
per-instance segmentations to aid in precise object localiza-
tion. A detailed statistical analysis of random recovery capital,
explanatory determinant datasets in comparison to PASCAL
and ImageNet would be conducted. Baseline performance
analysis for bounding box and segmentation detection results
in the recovery capital app will be supplied using a Deform-
able Parts Model (DPM).
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Real time information and object detection systems can
supply replicability, allow for ground truth annotation recall,
and affect DPM, R—-CNN, and Fast R—-CNN detection perfor-
mance in an interactive recovery capital app [37]. Smaller
bounding boxes on high-resolution layers with a smaller stride,
and vice-versa, can be determined using a conv/deconv struc-
ture in the app. DPMs can fully leverage the low-level local
details and high-level regional semantics in an information bit
and image. Instead of using video frames in this proposed re-
search a reverse content distribution network (rCDN) will be
employed for archiving and real time retrieving recovery capi-
tal related video streams emerging from multiple content
sources (Internet, Spotify X and other social media platforms),
leading to highly dynamic video data sharing. Doing so would
also help scale-up recovery capital initiatives from small-scale
retrospective implementation largely focused on recov-
ery-oriented mutual aid groups, to a respected and replicable
county-level program involving multiple methodologies and
organizations [4] and increasingly powerful research designs
and procedures for the dissemination of recovery capital. The
wrist band app would enable real-time meshing of retrieved
recovery capital information.

Real-time video and data modeling a keypoint’s location
(e.g., as a one-hot mask) and adopting Mask R-CNN to pre-
dict K masks in the recovery capital app for one for each of K
keypoint types (e.g., face left shoulder) is proposed. This task
will helps demonstrate the flexibility of Mask R-CNN in the
recovery capital app for acquiring and sending a client's re-
al-time bodily physiological responses to a specialist (e.g.,
paramedic, counsellor, friend). The minimal domain
knowledge for human pose will be exploited by the proposed
app real time system. Domain knowledge (e.g., models gen-
erated from real time biometric monitoring client’s behavior
for determining self-awareness of when to connect with any
of these contacts) will complement this approach is expected.

Incorporating slight adjustments into the recovery capital
app’s segmentation system when customizing it for keypoints
is suggested. For each of the K keypoints of an event, the
training target in the recovery capital app will be a one-hot m
xm binary mask where only a single pixel for example, will
be labeled as foreground [30]. Throughout the training pro-
cess, minimizing the cross-entropy loss for every observable
ground-truth keypoint, utilizing an m2 way SoftMax output is
an aim. This would encourage single points (i.e. direction so
the nearest detox center for a client from any county location)
to be optimally detected in real time [4]. As in instance seg-
mentation occurs in the recovery app, the K keypoints will be
still treated independently.

Adopting the ResNet-FPN variant, and a keypoint head
architecture in the app is proposed. The keypoint head will
consist of a stack of eight 3>3 512-d conv layers, followed by
a deconv layer and 2xbilinear upscaling, producing an output
resolution of 56>56 [30]. Jacob et al. [12] found that, in
alignment with He et al., [30] a relatively high-resolution
output is essential for ensuring accuracy and precision in
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keypoint-level localization. Models will be trained on all
COCO trainval35k real-time retrieved app recovery capital
data and information capture point bits/images that contain
annotated keypoints. These bits and images could include, for
example, client responses to the 50-item Assessment of Re-
covery Capital (ARC) or its shorter, sister version, Brief As-
sessment of Recovery Capital (BARC-10) both of which are
supported by extensive use in clinical recovery settings across
a wide range of populations [4].

6. Expected Outcomes

6.1. Ablations Results

The client’s keypoint AP (APKkp) in the recovery capital
app and experiment with a ResNet-50-FPN backbone will be
evaluated. Additional backbones will be considered using
62.7 APkp which is 0.9 points higher than any past COCO
keypoint detection winner that employed a multi-stage pro-
cessing pipeline. The app method is considerably simpler and
faster than other sobriety apps developed in the literature or
currently available on the commercial market as it would have
a unified model that can simultaneously predict boxes, seg-
ments, and keypoints. The real-time system will be running at
5 fps. Adding a segment branch (e.g., updating recovery cap-
ital client personal data log-in categories), will improve the
APKp to 63.1 ontest-dev. More ablations of multi-task learn-
ing on minival will be trained parsimoniously in the interac-
tive recovery capital app.

Adding the mask branch to both box-only (i.e., Faster
R-CNN) and keypoint-only versions will consistently im-
prove tasks in the interactive app. Training and learning mul-
tiple tasks will jointly enable a unified system to efficiently
predict all outputs in real-time y (e.g., metrics that measure
ongoing growth and community integration for residential
rehabilitation services, recovery residences and community
recovery services, and biometric monitoring client’s behavior
for self-awareness of when to connect with a contacts Re-
covery Community Organizations, (RCO) [38].

6.2. RolAlign

Investigating the effect of RolAlign has on keypoint de-
tection is proposed. Though this ResNet-50-FPN backbone
finer strides (e.g., four pixels on the finest level), RolAlign in
the app may show significant improvement over RolPool (e.g.
increase APkp by four points). This is because real-time
keypoint detections are more sensitive to localization accu-
racy. This will indicate that alignment may be essential for
pixel-level localization in the app, including masks and key-
points. Given He et al.’s [30] noting of the effectiveness of
Mask R-CNN for extracting object bounding boxes, masks,
and keypoints, a robust instance-level tasks in the recovery
capital app is expected. The ROIAlign process will involve
the following steps in the recovery capital app:
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1. Input Feature Map: The process begins with an input
feature map, which is typically obtained from the
backbone network. This feature map will contain
high-level semantic information about the entire image
or other data information capture point (e.g., police
station, detox center, etc.). As such, a specialist would
know where a client is using a GPS tracker in the app in
case an emergency response is required.

2. Region Proposals: The RPN will generate region pro-
posals (candidate bounding boxes) that might contain
objects of interest within an image (e.g., an emergency
room at a local county hospital).

3. Division into Grids: Each region proposal will be di-
vided into a fixed number of equal-sized spatial bins or
grids. These grids will be used to extract recovery cap-
ital-related features from the input feature map corre-
sponding to the region of interest (e.g., a 12-step
meeting location). The extracted data will be used to
regularly monitor strengths and emerging capabilities at
geolocations associated with improvements in
well-being and quality of life.

4. Bilinear Interpolation: Unlike ROI pooling, which quan-
tizes the spatial coordinates of the grids to the nearest
integer, ROIAlign uses bilinear interpolation to calculate
the pooling contributions for each grid [12]. This inter-
polation ensures a more precise alignment of the features
within the ROI. Such an analysis can quantify temporal
relationships between alleviation of pathology symptoms
and the accrual of recovery capital.

5. Output Features: The features obtained from the input
feature map, aligned with each grid in the output feature
map in the app, will be used as the representative fea-
tures for each region proposal. These aligned features
will capture fine-grained spatial information, which is
crucial for accurately segmenting recovery capital client
data. For determining other recovery capital strategies
(e.q., positive peer support networks, volunteering and
community engagement, gamification, etc.).

6.3. Interpolation

By utilizing interpolation in the pooling process, ROIAlign
within the application will enhance the precision of feature
extraction for individual region proposals, addressing and
reducing misalignment issues significantly such as problems
with physical recovery capital, which is defined by White and
Cloud [18] to include “...financial assets, health insurance,
safe and recovery-conducive shelter, clothing, food, and ac-
cess to transportation.” The alignment’s precision will enable
Mask R-CNN to generate more accurate segmentation masks.
As a result, ROIAlign will contribute to the strong perfor-
mance of Mask R-CNN in instance segmentation tasks, which
can also lead to improving social and community-level re-
covery capital through new friendship networks and active
utilization of community resources, such as leisure-based
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centers, community support groups, etc. [4].

6.4. Advanced Training

End-to-end training on the real-time retrieved recovery
capital data that is input into the app will be performed. All
previous results generated in the app will be used for
stage-wise training, such as training RPN as the first stage and
Mask R-CNN as the second, as in Ren et al. [11]. End-to-end
(‘e2¢”) training that will jointly train RPN and Mask R-CNN
in the app will be evaluated. Partial gradients in the RolAlign
layer, disregarding the gradient w.r.t. Rol coordinates will be
computed [30]. The expected outcome, based on He et al. [30]
should show that e2e training improves mask AP by 0.6 and
box AP by 1.2 in the app.

For conducting the ImageNet-5k pre-training, a design
team will experiment with various real-time, interactive, re-
covery capital app models pre-trained on a 5k-class subset of
ImageNet instead of the industry standard, which is a 1k-class
subset. A five-fold increase in pre-training recovery capital
data as compared with other sobriety app construction
methodologies contributed to the literature or in the com-
mercial market is prognosticated. As a reference, Sun et al.
used ~250x more data information bits and images (300M)
and reported a 2-3 box AP improvement on their baselines
[11]. In the proposed app construction, only keypoint anno-
tations but no mask annotations will be used. For brevity,
ResNet by ‘R’ and ResNeXt by ‘X’ are denoted in the app.

6.5. Train-Time Augmentation

Train-time augmentation will include scale training time
for further improving results (e.g., determination of sustaina-
bility of recovery and early intervention programs, like em-
ployee assistance programs, and drug courts, advanced secu-
rity encryption, etc.). Here, the following approach on the
methodology introduced by He et al will be modeled [30].
During training, a scale will be randomly sampled from [640,
800] pixels and increase the number of iterations to 260k
(with a proposed learning rate reduced to between 200k and
240k iterations) [30]. Train-time augmentation is expected to
enhance mask Average Precision (AP) by 0.5 and box AP by
0.8 in the app. By upgrading the 101-layer Residual Networks
with Aggregated Transformations (ResNeXt) to its 152-layer
counterpart, an increase of 0.5 mask AP and 0.6 box AP
should be observed [30]. This will produce deeper models in
the app, which should improve results using COCO.

Using the proposed non-local (NL) model [39], He et al.
[30] achieved 40.3 mask AP and 45.0 box AP. This result is
without test-time augmentation, and the method currently
runs at 3fps on an Nvidia Tesla P100 GPU at test time [30].
The proposed app neural architecture will combine the model
results evaluated using scales of [400, 1200] pixels with a step
of 100 and on their horizontal flips. This should render a
single-model result of 41.8 mask AP and 47.3 box AP [30].
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The real-time app construction method waives nearly all
computational burdens of traditional Selective Search at
test-time; the effective running time for the proposals is pro-
jected to be 10 milliseconds [11]. Using the computationally
expensive, very deep models generated in the app, the detec-
tion method is anticipated to achieve a frame rate of 5 frames

per second (fps) on a GPU, encompassing all processing steps.

This positions it as a practical real-time detection system,
excelling in both speed and accuracy [11].

7. Conclusion

Addiction recovery is a national public health crisis, and the
continual occurrence of overdoses significantly impacts the
health outcomes of recovering addicts across the United
States [40]. There is a tremendous need for more advanced
and engaging web-based applications to support the addiction
recovery community. The design idea provided herein could
be applied to other fields but is described as an example for
this community. A combined application of public health
perspectives and computer engineering and sciences can help
visualize and harness the innovative power of advanced
web-based application development needed to solve many
grand societal challenges. Applying such expertise to the
nationwide addiction crisis can provide evolving opportuni-
ties to potentially save lives and improve the quality of life for
those struggling with addiction recovery and in need of new
tools to strengthen long-term engagement.

The rapid adoption of recovery capital by the addiction
recovery community reflects a shift in focus from under-
standing the processes underlying addiction to quantifying
and qualifying them in order to directly address addictive
substances [18]. Convolutional feature maps and real time
retrieved information data capture points related to recovery
capital can be employed by region-based detectors, like Fast
R-CNN, for generating region proposals in an interactive app
framework. In so doing, the app can help enable the imple-
mentation of recovery capital tactics (e.g., baseball card
scoring dashboards, token-based incentive programs at the
individual client level, which can be shared with multiple
specialists, emergency service providers, sponsors, counse-
lors, peer support, links to local and specific recovery capital
assets, etc.). It is expected that the recovery capital app will
have a contagious quality since it will transform addiction
treatment into a more recovery-focused, human-centered and
holistic system of care. As this real-time, mobile, interactive
app permeates the field of addiction treatment, it is expected
that this technology will help solve societal challenges like
sustaining addiction recovery.

Abbreviations

Al: Artificial Intelligence
App: Recovery Capital Application

12

APkp: Keypoint AP

ARC: Assessment of Recovery Capital

BARC-10: Brief Assessment of Recovery Capital

CNN: Convolutional Neural Networks

DPM: Deformable Parts Model
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