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ABSTRACT

Objective: The proliferation of m-health interventions has led to a growing research area of app analysis. We
derived RACE (Review, Assess, Classify, and Evaluate) framework through the integration of existing methodol-
ogies for the purpose of analyzing m-health apps, and applied it to study opioid apps.

Materials and Methods: The 3-step RACE framework integrates established methods and evidence-based
criteria used in a successive manner to identify and analyze m-health apps: the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses, inter-rater reliability analysis, and Nickerson-Varshney-Muntermann
taxonomy.

Results: Using RACE, 153 opioid apps were identified, assessed, and classified leading to dimensions of Target
Audience, Key Function, Operation, Security & Privacy, and Impact, with Cohen’s kappa < 1.0 suggesting
subjectivity in app narrative assessments. The most common functions were education (24%), prescription
(16%), reminder-monitoring-support (13%), and treatment & recovery (37%). A majority are passive apps (56%).
The target audience are patients (49%), healthcare professionals (39%), and others (12%). Security & Privacy is
evident in 84% apps.

Discussion: Applying the 3-step RACE framework revealed patterns and gaps in opioid apps leading to
systematization of knowledge. Lessons learned can be applied to the study of m-health apps for other health
conditions.

Conclusion: With over 350000 existing and emerging m-health apps, RACE shows promise as a robust and
replicable framework for analyzing m-health apps for specific health conditions. Future research can utilize the
RACE framework toward understanding the dimensions and characteristics of existing m-health apps to inform
best practices for collaborative, connected and continued care.
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Lay Summary
What is already known?

What did we find?

* M-health apps are increasingly utilized to address overall health and well-being.
* M-health apps are currently studied using a wide range of methodologies.
* There is a need for a framework to guide systematic investigation of m-health apps.

» Three-step RACE framework is designed for systematic investigation of m-health apps.
» By applying RACE to opioid apps, we derived numerous insights for practice and research.
» Lessons learned from this implementation can be applied to the study of m-health apps for other health conditions.

OBJECTIVE

In the last decade, the development and use of mobile health (m-
health) applications (apps) for health interventions has exponentially
proliferated.’ M-health apps are developed for multiple audiences to
deliver evidence-based interventions for behavioral modification and
wellbeing. As a result, systematic studies that analyze m-health apps
designed for specific health conditions have led to a rapidly evolving
area of research.*” Most of the studies have used Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) for struc-
tured review but lack use of a structured method for assessment and
classification. This reduces the ability to systematically analyze m-
health apps and compare findings from different studies or replicate
findings. Thus, our objective is to develop an integrated stepwise ap-
proach that can systematically be used in the investigation of m-health
apps for specific conditions. To address this objective, we develop and
propose the Review, Assess, Classify, and Evaluate (RACE) as a struc-
tured framework to study m-health apps.

After designing RACE by integrating existing methodologies
(Grundy et al® and Nouri et al®), we describe the application of
RACE for m-health apps. The first step of RACE utilizes PRISMA
to conduct a systematic review of literature and multiple app plat-
forms to identify existing m-health apps for the specific condition of
interest. The second step utilizes inter-rater reliability (IRR) and
Nickerson-Varshney-Muntermann (NVM) taxonomy as an iterative
process to assess and classify apps for specific dimensions and char-
acteristics. The third step utilizes the developed taxonomy from step
2 and evidence-based criteria to evaluate the apps for patterns and
functionality gaps that may guide future research and improve de-
sign of existing m-health apps. Using the step-wise RACE frame-
work to gather and analyze m-health apps for specific conditions
can lead to systematization of information®’ that reveals patterns
and gaps for improving current and developing future m-health
apps.

To demonstrate the process and potential of RACE, we apply
the proposed framework by identifying and evaluating existing opi-
oid apps. Opioid use disorder (OUD) is a global public health crisis
affecting hundreds of millions of people and costing trillions of dol-
lars.!®'2 In recent years, emerging technology has led to the devel-
opment and deployment of numerous apps that can provide a wide
range of interventions to address and prevent opioid use. Given that
there are a large number of opioid apps currently available, there is
an opportunity to apply the RACE framework to identify opioid in-
tervention gaps, using a 3-level prevention (primary, secondary, and
tertiary) approach.'>* To apply RACE with opioid apps, (a) review
existing literature and apps from multiple platforms,'*'® (b) build a
structured taxonomy,® (c) develop evidence-based guidelines for

possible extensions and design of new m-health apps to generate
insights for future opioid research. In using this process for opioid
apps, we demonstrate how the RACE framework can be applied for
the systematic investigation of other m-health apps.

BACKGROUND AND SIGNIFICANCE

Methodological background

We identified 3 notable and prevailing approaches for assessing m-
health apps and their attributes.>®'” The first approach, RE-AIM
framework,'® has been extensively used in postimplementation anal-
ysis of health interventions including m-health apps.'” RE-AIM uses
Public Health Impact Score as the indicator of Reach (proportion of
the target population that participated in the intervention), Efficacy
(success rate if implemented as in guidelines, defined as positive out-
comes minus negative outcomes), Adoption (proportion of settings,
practices, and plans that will adopt this intervention), Implementa-
tion (extent to which the intervention is implemented as intended in
the real world), and Maintenance (extent to which a program is sus-
tained over time). For our current study on the exploration of m-
health apps, and not on postuse assessment, RE-AIM is beyond the
scope of our analytic approach. The second approach, by Nouri et
al,® includes multiple studies to identify 7 classes of m-health app
attributes. These are Design, Information/Content, Usability, Func-
tionality, Ethical Issues, Security and Privacy, and User-perceived
Value. The third approach, by Grundy et al,® highlights the use of a
systematic literature review and app searches with content analysis
to identify key attributes of m-health apps. The important steps of
the Grundy et al® and Nouri et al® methods are shown in Figure 1.
Our scope to “systematically review m-health apps, assess and clas-
sify to find themes and patterns, and evaluate implemented apps us-
ing evidence-based criteria to generate guidelines for future app
design” is considerably wider (Figure 1). We use evidence-based cri-
teria including Purposeful Design, Functionality & Usability, Ethical
Considerations, Reach & Impact, and Public Health & Clinical
Guidelines. This can map to target audience, domain expert evalua-
tion, key function, operation, security & privacy, cultural compe-
tence, and impact. We also construct a more robust framework by
integration of existing methodologies, primarily Grundy et al® and
Nouri et al.® Unlike other app assessments primarily relying on
PRISMA, the novelty of RACE framework includes the use of NVM
taxonomy® method and IRR using Cohen’s kappa.>**!

The proposed RACE framework has 3 main steps (Figure 1).
For review (step 1), we use a systematic review technique PRISMA,
designed to provide clarity, inclusion, comprehensiveness, and repli-
cability.'>"'® For assessment and classification (step 2), we use NVM
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Figure 1. Development of RACE (Review, Assess, Classify, and Evaluate) framework based on existing methods.

taxonomy® method to identify meta-characteristic followed by the
dimensions and characteristics, perform IRR using Cohen’s kappa,
and finalize the taxonomy using NVM method. For evaluation (step
3), we use content analysis to categorize each m-health app to spe-
cific characteristics of the taxonomy using evidence-based criteria
(Figure 1). RACE includes several novel categories under evaluation
and allows addition of both deductively and inductively derived cat-
egories in classification as well as in evaluation.

As we will apply the RACE framework to assess and evaluate
opioid apps, we now present a brief background of the opioid epi-
demic and current interventions.

Opioid background

OUD is a major public health crisis due to extremely high healthcare
costs and serious harm to patients.?? In the United States alone, at
least 2 million patients are suffering from OUD, leading to $100B/
year in healthcare costs'® and almost 93000 deaths in 2020.%
Patients may have certain vulnerability based on their medical his-
tory,”* with some needing expensive inpatient treatment (detoxifica-

)?%2% while those untreated have a high chance of opioid

10

tion
overdose and long-term suffering from addiction.

Figure 2 depicts a 6-state OUD model that a patient may prog-
ress through, albeit not always linearly. These states include (1)
Pain, emotional and/or physical®’; (2) Consumption via prescrip-
tions or illicit opioidszg; (3) Dependence, reliance on opioids”; (4)

Addiction, a chronic physiological need**; (5) Recovery, abstinence
and a new way of living®%; and (6) Remission, maintaining recov-
ery.>! The progression is not linear due to possible relapse and set-
backs along the way. Also a patient may experience an Overdose
event from any state, requiring emergency and expensive treat-
ment.

Possible interventions administered by a healthcare professional
(HP) include medical, clinical, nursing, counseling, and/or psychi-
atric care. Figure 2 provides intervention examples to prevent and
treat opioid use at different states. In particular, Recovery requires
multifaceted solutions, such as outpatient therapy, maintenance
opioids, frequent drug urine tests, and considerable support from
friends and family. These challenges and variant patient conditions
and backgrounds must be included in the design, development,
testing, and adoption of interventions, along with randomized con-
trol trials (RCTs) for showing the effectiveness of any new inter-
vention.

MATERIALS AND MIETHODS

In this section, we delineate the general process of applying the
RACE framework for the analysis of m-health apps for a particular
condition. To better explain the process, we show how to apply the
3 steps of RACE for the analysis of opioid apps, which can also be
applied in the same way for other m-health apps.
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Figure 2. Opioid use disorder states and examples of healthcare interventions.

Step 1: Systematic review of apps using PRISMA

To evaluate the m-health apps for a specific health condition, the
first step is to identify the set of corresponding apps. The PRISMA
approach has been designed for reporting in which authors can sum-
marize the healthcare interventions accurately and reliably.'**'® This
includes Identification, Screening, Eligibility, and Inclusion. We
identified opioid apps in existing literature and on the Google Play
and Apple Stores, which are likely to contain most of the apps with
a small number available on only 1 platform. Our search terms in-
cluded “opioid” AND “app OR apps” on Google Play, Apple Store,
and in the abstract search of Web of Science, PubMed, IEEE Xplore,
ACM Digital Library, and AIS eLibrary. This resulted in the identifi-
cation of 432 opioid apps (Supplementary Table A1).

Step 2: Assessment and classification
After the apps are selected, the next step is to assess and classify the
apps. NVM method® is well-established and widely used for taxon-
omy development in multiple disciplines.>*” As shown in Figure 3,
it is an iterative process that starts with the identification of the
meta-characteristics of m-health apps to define the scope of taxon-
omy. For example, for opioid apps analysis we identified “m-health
apps for opioids” as the meta-characteristic. Then, subjective and
objective ending conditions (Figure 3) are identified to stop the iter-
ative process after the classification is completed. Each iteration
results in adding one dimension with mutually exclusive characteris-
tics to the taxonomy.

As shown in Figure 3, there are 2 complementary approaches to
develop the taxonomy. Objects or apps can be studied using
Empirical-to-Conceptual approach (steps 4e, Se, and 6e of Figure 3)

Recovery

Addiction

==

In-patient Detoxification

®

to derive characteristics and then merge these to create a dimension.
Under Conceptual-to-Empirical approach (steps 4¢, 5c, and 6c¢ of
Figure 3), an initial dimension can be identified and/or selected
from one of the evidence-based criteria of the RACE framework
(Figure 1). Through multiple iterations, Empirical-to-Conceptual
(inductively) or Conceptual-to-Empirical approach (deductively) is
used to develop the taxonomy until the ending conditions are met.

After identifying the dimensions and characteristics of the taxon-
omy, at least 2 researchers will independently review and code the
app information from various platforms, such as Google Play and
Apple Store. A researcher not involved in the coding process will
compile and stratify the data by platform to conduct the IRR. Strati-
fication allows for more granular assessment since different plat-
forms request different types of information from developers prior
to pushing out the apps. A preferred statistical tool, such as SPSS,
will be used to obtain the Cohen’s kappa (1.0=100% agree-
ment).>*?" Cohen’s kappa of 100% is required to finalize the taxon-
omy with mutually exclusive characteristics.® Any Cohen’s kappa <
1.0 must be resolved by reaching consensus among all raters, data
analyst, and domain experts.

Step 3: Evaluate apps

After completing step 2 (taxonomy development), m-health apps are
evaluated based on the evidence-based criteria from RACE frame-
work (Figure 1). The first phase of the evaluation step is to use the
taxonomy data (Table 2) to identify patterns related to Purposeful
Design, Functionality and Usability, Ethical Considerations, and
Reach and Impact. Further analysis of the patterns will show how
the apps align with the Public Health & Clinical Guidelines. This
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Figure 3. NVM (Nickerson-Varshney-Muntermann) method® for taxonomy of m-health apps.

evaluation will reveal patterns and identify any potential gaps to im-
prove existing apps and provide considerations for new designs.

RESULTS

In this section, we demonstrate how to apply the 3 steps of the
RACE framework to analyze opioid apps. The process revealed pat-
terns of evidence-based criteria (Figure 1) among the apps, along
with new insights into guidelines for adapting existing apps and con-
sideration for new designs.

Step 1: Review

Of the 432 identified opioid apps, we found 245 apps on Google
Play, 33 on Apple Store, and 154 articles in the published literature
that appeared to indicate opioid apps (Figure 4). We closely exam-
ined the app description and using team consensus excluded 128
apps, as opioid was not the focus but an ancillary component. Some
of these apps included substance use (eg, tobacco and alcohol), pain,
and other health conditions. We also reviewed 154 articles and ex-
cluded 103 opioid articles that did not present an opioid app. Fur-
ther, 48 apps from literature not focusing on opioid apps or
overlapping with Google Play or Apple Store were excluded. Finally,
we included 153 opioid apps for our qualitative analysis and devel-
oping a structured taxonomy.

Step 2: Assessment and classification

We identified the meta-characteristic of our taxonomy as “m-health
apps for opioids”. After reviewing and analyzing 153 opioid apps,
we observed that by using the Empirical-to-Conceptual approach of

taxonomy development, these apps focus on 3 different group of
users: “Patients,” “Healthcare Professionals,” or “Others.” These
can be considered as 3 characteristics of the opioid apps and can be
naturally grouped into the “Target Audience” dimension. At the end
of the first iteration (iteration 1), the taxonomy can be expressed as
Target Audience {Patients, Healthcare Professionals, Others}.

We used a Conceptual-to-Empirical approach® for iteration 2
since we have identified certain terminologies and contexts in the
first iteration to further classify the apps. After considering the Tar-
get Audience dimension, we focused on the functionality of opioid
apps using 3-level prevention (primary, secondary, or tertiary) that
informs Public Health interventions.'*'* Primary prevention inter-
ventions, such as education and prescription management, aim to
avoid a health condition from occurring. Secondary prevention
interventions, such as screening and monitoring, are aimed at early
identification to stop the disease process before it clinically mani-
fests. Tertiary prevention focuses on preventing complications of an
already established disease state, thereby making it more synony-
mous with treatment. After further analysis of 153 m-health apps,
we observe that the new characteristics represent the key functions
of m-health apps. These functionalities represent evidence-based
interventions to promote behavior change for patients, healthcare
professionals, and other audience. Moreover, we did not find any
functionality directly referring to behavioral change in opioid apps.
We decided to group these characteristics in the “Key Function” di-
mension. We found some of the apps have overlapping functionali-
ties and few do not align with any of the categories. Iteration 2 adds
Key Function {Education, Prescription, Reminder-Monitoring-
Support, Treatment & Recovery, Overlapping, None of the Catego-
ries} to the taxonomy. Evidence-based criteria from the RACE
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Table 1. Opioid apps dimensions and characteristics using the NVM method

Iteration 1 Iteration 2

Iteration 3 Iteration 4 Iteration 5

App name Target Audience Key Function

Operation Security & Privacy Impact

Pat HP (@] EDU PRES RMS

TX OL NOC Pas Int Imp Exp N/A

L M H NA

Abbreviations: EDU: education; Exp: explicit; H: high; HP: healthcare professionals; Imp: implicit; Int: interactive; L: low; M: medium; N/A: not

available; NOC: none of the categories; NVM: Nickerson-Varshney-Muntermann; O: other; OL: overlapping; Pas: passive; Pat: patients; PRES: prescription;

RMS: reminder-monitoring-support; TX: Treatment & Recovery.

Table 2. Cohen'’s kappa rater agreement on characteristics for opioid apps

Dimension Number of Cohen’s kappa Group consensus
variable valid cases (Individual rater) for taxonomy

Google Play Apps Target Audience 140 0.89 100%
Key Function 141 0.82 100%
Operation 137 0.91 100%
Security & Privacy 138 0.73 100%
Impact 141 1.00 N/A

Apple Store Apps Target Audience 12 0.68 100%
Key Function 12 0.80 100%
Operation 12 0.40 100%
Security & Privacy 12 0.70 100%
Impact 12 Insufficient data

Cohen’s kappa: 0.01-0.20 as none to slight; 0.21-0.40 as fair; 0.41- 0.60 as moderate; 0.61-0.80 as substantial; 0.81-1.00 as almost perfect agreement.

framework enabled the derivation of characteristics for Key Func-
tion dimension.

After identifying the characteristics of Target Audience and Key
Function dimensions, we further evaluated 153 opioid apps using
the Empirical-to-Conceptual approach® for iteration 3. In the con-
text of existing dimensions, passive and interactive characteristics
can indicate whether the app is used as 1-way or 2-way interaction
tool. We observed that these characteristics can be grouped into the
“Operation” dimension. After iteration 3, the revised taxonomy
now includes Operation {Passive, Interactive} along with the exist-
ing dimensions of Target Audience and Key Function, as shown in
Table 1.

For iteration 4, we used Empirical-to-Conceptual approach® to
further analyze the opioid apps. Based on the observed patterns, we
identified 3 new characteristics as implicit, explicit, or no indication
of m-health app privacy. We observe from the analysis of 153 apps
that these characteristics can be grouped into the dimension Security
& Privacy {Implicit, Explicit, Not Available} as shown in Table 1.
The revised taxonomy now includes 4 dimensions identified in itera-
tions 1 to 4. Since one new dimension is added in the fourth itera-
tion, the taxonomy development will be repeated.

In iteration 5, we continued with the Empirical-to-Conceptual
approach® to further assess the opioid apps. We observed that to un-
derstand the awareness and potential use of the apps, the number of
downloads can be conceptualized into Low, Medium, and High
characteristics. During the evaluation of 153 apps, we observed
some apps do not include the number of downloads and this can be
characterized as Not Available. This led to the grouping of the 4
characteristics into the “Impact” dimension as follows: Impact
{Low, Medium, High, Not Available}.

After iteration 5, we did not identify any new app characteristics
using Empirical-to-Conceptual approach or new dimensions using
Conceptual-to-Empirical approach. This leads us to an ending con-

dition for the taxonomy development resulting in 5 dimensions and
18 characteristics (Table
characteristics are Target Audience {Patients, Healthcare Professio-
nals, Other}, Key Function {Education, Prescription, Reminder-
Monitoring-Support, Treatment & Recovery, Overlapping, None of
the Categories}, Operation {Passive, Interactive}, Security & Pri-
vacy {Implicit, Explicit, Not Available}, and Impact {Low, Me-
dium, High, Not Available}.

These 5 dimensions align with the majority of the evaluation cri-
teria in step 3 of the RACE framework (Figure 1). NVM method
supports extendable taxonomies. Therefore, additional dimensions
and characteristics can be identified and added to the taxonomy as
new opioid apps become available.

1). The dimensions and corresponding

After identifying the characteristics of the taxonomy (Table 1),
2 researchers independently reviewed and coded the characteristics
from 153 apps found on Google Play and Apple Store. The third re-
searcher not involved in the coding process compiled and stratified
the data by platform to conduct the IRR using SPSS (v25). All IRR
kappa values for subjective characteristics from both Google Play
and Apple Store apps fell below 1.0 (Table 2). For Google apps,
coding of each characteristic resulted in Cohen’s kappa values of
0.89 (Target Audience), 0.82 (Key Function), 0.91 (Operation), and
0.73 (Security & Privacy). Cohen’s kappa for Apple Store apps were
0.68 (Target Audience), 0.80 (Key Function), 0.40 (Operation), and
0.70 (Security & Privacy). We also conducted IRR on assessments
of impact, in-app purchases, and user rating based on concrete stan-
dard information provided by Google Play and acquired kappa of
1.0, suggesting that these types of information are far more objective
resulting in greater agreement. For Apple Store apps, there was in-
sufficient data for raters to code and analyze. Acquiring less than
100% agreement on most characteristics across both platforms
speaks to having less concrete information in terms of what an app
was developed to do; it is the reason why our methodology integra-
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Figure 4. PRISMA (Preferred Reporting ltems for Systematic Reviews and Meta-Analyses) method for identification of opioid apps.

tes the 100% consensus agreement criteria for assessment prior to
development of the taxonomy.

The Objective Ending Condition® is met, as the taxonomy has 5
mutually exclusive dimensions and each dimension has mutually
and collectively exhaustive characteristics. The Subjective Ending
Condition is met, as these 5 dimensions lead to a meaningful and
cognitively appealing taxonomy for opioid apps and the resulting
taxonomy is robust, comprehensive, extendible, and explanatory.®
The developed taxonomy of opioid apps (Table 3) gives us the con-
cise, rigorous, and comprehensive classification system extendible to
all opioid apps.

Step 3: Evaluate apps

As shown in Figure 1, we provide our findings by applying the
evidence-based criteria of RACE framework including (a) Purpose-
ful Design, (b) Functionality & Usability, (c) Ethical Considerations,
(d) Reach & Impact, and (e) Public Health & Clinical Guidelines.

Purposeful Design (Target Audience)

Most opioid apps are for patients (75/153), followed by healthcare
professionals (60/153) and the remaining for others (bystanders/
emergency personnel) intervening in emergencies (18/153). Most
apps are designed for one type of user (patients or healthcare profes-
sionals). Only a handful of apps are intended for multiple user roles,
leading to a disconnected, rather than a collaborative care approach.
A few apps were classified to include supporting members for the
patient (family/friends).

Functionality & Usability (Key Function)

The key functions are education (37/153), prescription (24/153),
reminder-monitoring-support (20/153), treatment & recovery (57/
153), overlapping (13/153), and none of the categories (2/153).
Most educational or information apps are handy reference guides

targeted for healthcare professionals (HPs). Some prescription apps
provide HPs with drug conversion tools. We observed that 13/153
opioid apps provide multiple functions and the remaining focusing
on one function.

Functionality & Usability (Operation)

There is a reasonable balance between passive (85/153) and interac-
tive apps (68/153). Passive apps provide static content based on
users’ queries. Interactive apps include daily interaction, journal
keeping, or reminders for patients and monitoring support by
healthcare professionals. In terms of interactivity, we found that
most apps are not context-aware and do not change their operation
based on patients’ context. By incorporating context-aware opera-
tion, the app could detect triggers that lead to seeking and using
opioids. This would be accomplished by determining correlations
between triggers with user location activity patterns, and/or proxim-
ity to interpersonal interactions and subsequently generating critical
responses and alerts.

Ethical Considerations (Security & Privacy)

Very few opioid apps (19/153) explicitly address security and pri-
vacy. Most provide some security and include a privacy policy (110/
153), but do not explicitly include it in their description. Further,
24/153 apps do not include any information on security and privacy.
There are multiple apps that connect patients with healthcare pro-
viders. These apps would be required to follow HIPAA regulations
for protection of patient health information collected. However,
there are numerous apps that are interactive, in which the patient is
tracking their medications, recording a daily journal, or connecting
with support groups. While these data do not fall under HIPAA
compliance, it is imperative that there be security and privacy provi-
sions to protect sensitive data of the app users. Privacy provisions
are important in establishing trust for adherence when using the
apps to achieve the intended health benefit.
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Figure 5. Visualizing key observations of opioid apps.

Reach & Impact (Impact)
Most downloads (10K-1000K) were for pill reminder and medication
tracking apps. The opioid specific apps have very few downloads
(500-100K). It is likely that some patients do not see much value and/
or there are usability challenges with many apps being proof-of-
concept only with limited functions. We found support for these obser-
vations from both structured data (ratings, downloads, and update fre-
quency) and nonstructured data (patients’ feedback and comments).
Figure 5 visualizes the above observations in terms of target au-
dience (patients vs healthcare professionals), operation (passive vs
interactive), key functions (education, prescription, reminder-
monitoring-support, treatment & recovery, overlapping, and none
of the categories), and security & privacy. The size of a circle repre-
sents the number of apps in that subcategory. The ratio in each
quadrant (security & privacy) shows the number of apps supporting
security & privacy to the apps in that quadrant.

Public Health & Clinical Guidelines (Expert Evaluation, Cultural
Competence, and Prevention & Treatment)

From the evaluation step of our RACE framework, we identify pat-
terns and critical gaps that lead to proposed guidelines for evidence-
based opioid app interventions. Additionally, based on the assess-
ment and evaluation, several key apps include the CDC guidelines
app, FDA-certified reSET-O app, SAMHSA app, and Anthem’s en-
dorsed app MATx. Interestingly, 3 apps are from federal agencies
with a focus on prevention and treatment of OUD. Except for
reSET-0, other apps do not have FDA certification or will not qual-
ify as Digital Therapeutics.*®*® Although some apps may have been
evaluated in RCTs or received FDA certification, but we did not
find such information in their description.

. Prescription
Overlapping

O Reminder Monitoring & Support
O None of the Categories

We observed that the existing apps were not evaluated by
experts, operationalized for cultural competence, nor supporting
continuity of care. To address these limitations, current and future
apps should involve domain expertise from multiple disciplines. Cul-
tural competence (cultural awareness) and continuity of care (per-
sonalization and suitability) should be supported by involving users
and experts (focus groups) from diverse cultures and backgrounds.

We propose following guidelines based on multidisciplinary
evidence-based criteria for collaborative care to leverage the patient-
provider relationship and modification of patient’s behavior.

1. Personalized & Proactive Interventions: To support patients and
healthcare professionals, the interventions should be dynamic and
context-aware.*>*! The interventions should support prevention,
treatment, and recovery”**° by incorporating: (a) patient risk assess-
ments by healthcare professionals, (b) opioid resources and informa-
tion, (c) cognitive behavior therapy, and (d) context-aware alerts.

2. Secure & Safe Interventions: Opioid apps must support privacy,
security, and safety** for patients and/or families for adopting
and continuing the use of an intervention.

3. Testing & Evaluation: After app design, several phases of test-
ing and evaluation are needed.*®** The evaluation should in-
clude usability testing with real patients and domain experts,
and an RCT to show clinical efficacy.

4. Certified & Regulated Interventions: Opioid interventions must
address FDA certification or exemption requirements for digital
health software.**

5. Collaborative & Connected Care: Opioid interventions should
utilize platforms that can connect the key persons involved in
treatment and recovery.*’
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Scope of RACE

| Using RACE in Opioids |

l Lessons for Other Health Conditions L

Use PRISMA for systematic

literature review & identification of
m-health apps on multiple
platforms

Identified 432 apps using search terms
“opioid” AND “app OR apps™ and
used PRISMA to include 153 opioid apps

* Select key and alternative search terms
* Include multidisciplinary literature
¢ Clearly define inclusion/exclusion criteria

Identify meta-characteristic for the
Taxonomy (NVM)

Identified “M-health Apps for Opioids™ as
meta-characteristic for taxonomy (NVM)

* Inclusion/exclusion criteria are important
in identifying meta-characteristics

Derive dimensions and
characteristics from the identified
m-health apps using NVM

Used Empirical-to-Conceptual and
Conceptual-to-Empirical iterations

(NVM) to derive dimensions and
characteristics

Code app characteristics, conduct
Interrater Reliability (IRR), & reach
100% taxonomy consensus

Coded characteristics for 153 opioid apps
& reached a 100% taxonomy consensus

for Cohen’s Kappa < 1.0

* Multiple iterations required until no further
dimension or characteristics are identified
(Ending conditions met)

* Utilize a public health & clinical approach
to clearly define characteristics for raters

* Include options for unclear or overlapping
delineations in terms of characteristics

Finalize the m-health app
taxonomy using NVM

Developed an expandable taxonomy with
5 dimensions and 18 characteristics

* Find trends for systematization of
knowledge of apps for health condition

[ Target Audience ]

| Key Function Operation

| Security & Privacy |

-

Evaluated

Target audience: Pat, HP, O

Key Function: EDU, PRES, RMS,
TX, OL, NOC

Operation: Pas, Int

Security & Privacy: Imp, Exp, N/A
Impact: L, M, H, N/A

* With evolving & emerging m-health apps,
longitudinal analysis to strengthen the
taxonomy

* Multidisciplinary approach needed for
robust evaluation

Prevention &
Treatment *

handoff

T Longitudinal Not Evaluated
pa b contan *  Longitudinal: (Future Work)
Evidence-based gaps identified
Expert Cultural *  Primary: Patient’s education or risk
Evaluation Competence assessment by physicians

*  Secondary: Screening tools to assess
potential dependence
Tertiary: Continuity of care and warm

* Continuous evaluation and improvements
to close the evidence-based gaps related to
primary, secondary, and tertiary interventions

Figure 6. Application of RACE (Review, Assess, Classify, and Evaluate) to opioid apps and insights for validation.

DISCUSSION

The RACE framework is introduced for m-health app analysis. The
viability of RACE framework highlights the importance of (a) iden-
tifying app characteristics and ensuring inter-rater agreement since
there is subjectivity introduced in coding certain characteristics, and
(b) the NVM taxonomy is essential for identifying gaps in m-health
apps related to addressing health conditions. We observed that sys-
tematic literature review, assessment and classification, evaluation
and guidelines for future m-health apps can lead to systematization
of the fragmented knowledge and scope for future research (see Fig-
ure 6).

We present our findings from applying RACE to opioid apps and
insights learned for the validation of RACE when assessing other m-
health apps. As shown in Figure 6 (Using RACE in Opioids), our as-
sessment of opioid apps identified a strong emphasis on physician
education, but less so for patients. We also found no evidence of opi-
oid apps that might be able to address the secondary prevention
through screening tools. Finally, for tertiary prevention or treat-
ment, there is a significant gap in the much-needed continuity of

care posttreatment. Generally, for m-health apps, we highlight in
Figure 6 (Lessons for Other Health Conditions) the importance of
utilizing evidence-based public health and clinical approaches when
defining app characteristics. Furthermore, given that app descrip-
tions are not always clearly outlined it is critical to include options
of overlapping and unclear categories. Additionally, we highlight
the importance of longitudinal assessment given that technology
advancements lead to new and evolving m-health apps.

An important finding of the IRR analysis indicates that rater
agreement differed for the app dimension of Key Function,
highlighting the importance of variations in app descriptions across
platforms. Another finding is that domain experts from multidisci-
plinary perspectives can provide insights from their respective fields
when evaluating m-health apps. For example, a public health per-
spective was used to define the characteristics of the key function
based on primary, secondary, and tertiary interventions. Similarly,
evaluating cultural competence of m-health apps will require a do-
main expert for the targeted audience. Certainly, more work is
needed in operationalizing the cultural competence (cultural aware-
ness) and continuity of care (personalization and suitability) by in-
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Table 4. Use of RACE framework and other methods

Goal Suggested methods/framework

Comments

To design or develop new m-health apps

To evaluate the quality of existing m-health
apps works

To study m-health apps utilized as health inter- Use RE-AIM
ventions

To classify and or analyze the current m-health

apps

Select methods from RACE and then the guide-
lines for future apps
Use Grundy et al, Nouri et al or RACE frame-

Use steps 1 and 2 of RACE

One of the strengths of RACE framework

Either is suitable with variations (cultural com-
petence in RACE)

RE-AIM is designed specifically for this pur-
pose

These steps are sufficient

Abbreviations: RACE: Review, Assess, Classify, and Evaluate.

volving users and experts (focus groups) from diverse cultures and
backgrounds. This also highlights the need for guidelines to improve
current and future m-health apps. We position the RACE frame-
work with respect to other established methods to study m-health
apps in Table 4.

Through our analysis of opioid apps, we identified a number of
insights applicable to m-health apps in general. With low IRR, there
is a major need to improve the app description to improve interpre-
tation (for both researchers and practitioners). There is a need for
new functions, cultural competence, longitudinal studies/postuse
evaluation, and continuity of care. We identify the need for an inte-
grated model with multiple stages, interventions, theories, and out-
comes (Figure 1 being the first step toward such model).

In addition to these generalized insights, we also discovered
some findings that are specific to opioid apps. Opioid apps must ad-
dress prescription, over the counter (available in some countries),
and illicit opioids. In some cases, there is an overlap among use and
once addiction develops, the treatment, recovery, and remission for
opioids (irrespective of their sources) will be similar. There is a need
for holistic intervention for prescription, over the counter, and illicit
opioids. However, prescription and monitoring functions, designed
for physician prescribed opioids, will not be applicable for illicit or
over-the-counter opioids. There are numerous legal, law enforce-
ment and societal challenges with illicit opioid use that should be
addressed. A major problem faced in the opioid epidemic is that rel-
atively few patients receive the necessary treatment and support for
recovery, resulting in a continuous cycle of dependence and a high
mortality rate.*®*” Therefore, the field needs novel and evidence-
based interventions to overcome barriers in obtaining treat-

mentt6-48-51

and to supplement existing healthcare interventions.
M-health apps for opioid interventions are showing promise to lift
the burdens of cost, time, convenience and reduce stigma, often cited
as the reasons why patients do not to seek care.*®*8-52

The RACE framework can be applied to other health conditions
such as, but not limited to, type 2 diabetes, hypertension, and anxi-
ety disorder. For example, applying RACE to type 2 diabetes
apps may result in similar dimensions, such as Key Function, but
widely different characteristics. The Key Function dimension of
type 2 diabetes apps possibly includes {Education, Medications,
Diet, Exercise, Glucose Monitoring, and Reminders} characteris-
tics. These characteristics can lead to behavioral modification and
wellbeing.

While RACE appears to be a promising methodology, there are
several limitations that should be noted. First, we limited our opioid
app review to the descriptions provided on the 2 app platforms
(Google Play and Apple Store), rather than downloading each app
for review. This was due to various restrictions with some apps re-

quiring fee or subscription, prescription, or permission of a clinic.
Downloading some apps and not others would reduce our ability to
provide a fair and consistent review. Second, many apps did not
have an informational website, resulting in our need to rely on less
detailed descriptions provided on the app store platforms. Third, as
part of our inclusion criteria, we decided to only consider apps that
were either in English or were translatable to English on the app
store platform. There may be many other apps that were not
reviewed as result of this exclusion. However, we did not have the
ability to review those that are not in English. Finally, we conducted
a cross-sectional review. Future research can benefit from a longitu-
dinal analysis.

CONCLUSION

With over 350 000 existing and emerging m-health apps,®® there is a
need for systematic and replicable research for the analysis of m-
health apps to understand their contributions for specific conditions.
This study introduces the RACE framework for m-health app analy-
sis and show its application to examine opioid apps. We observed
that systematic literature review, assessing the apps, classification,
evaluation, and guidelines for future m-health apps can lead to sys-
tematization of the fragmented knowledge and identification of fu-
ture research. The RACE framework led to the identification and
analysis of 153 opioid apps and dimensions of Target Audience, Key
Function, Operation, Security & Privacy, and Impact. Cohen’s
kappa differed across app platforms for Key Function, indicating the
importance to examine app platforms separately because they may
vary in how apps are presented and described. By applying the
RACE framework to opioid apps, we demonstrate its systematic and
interdisciplinary approach to analyze m-health apps.

Using the RACE framework, assessment of opioid apps led to
the identification of several gaps that can be addressed through
evidence-based interventions. First, the apps lacked collective en-
gagement of patients, healthcare professionals, family members, and
other decision-makers. Second, app assessment using the RACE
framework identified a need for decision support systems for health-
care professionals, and reminders and monitoring for patients and
family members. Most importantly, the RACE framework led to the
development of a structured taxonomy and visual analysis. This
analysis demonstrates that opioid apps must be dynamic, interac-
tive, predictive, personalized, and context-aware.*® These character-
istics can lead to an all-encompassing platform with multiple
evidence-based interventions. Future studies can utilize the RACE
framework toward understanding the dimensions and characteristics
of m-health apps for other conditions to inform best practices for
collaborative, connected and continued care.
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