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Editorial on the Research Topic 
Creating Evidence from Real World Patient Digital Data

Over the last 5 years there has been a tremendous rise in interest in personalized medicine and patient-centred healthcare. This has resulted in an expanding focus on the value of single-case research methods (also known as N-of-1 or Single-Case Designs (SCDs)). SCDs use repeated measures, frequent data collection and patient-reported outcome measures to draw conclusions about an individual.
We use “SCD” as a broad term that includes all SCD sub-designs, encompassing Single-Case Experimental Designs (SCEDs), N-of-1 randomised controlled trials (N-of-1 trials) and Single-Case Observational Designs (SCODs)—all with specific features (see Box 1).
BOX 1. Description of some SCD sub-designsWHAT ARE SINGLE-CASE DESIGNS?
Single-Case Designs (SCDs) gather and interpret repeated measures data from a single participant over time.
WHAT ARE SINGLE-CASE EXPERIMENTAL DESIGNS?
Single-Case Experimental Designs (SCEDs) are experimental designs that test the effect of an intervention on one participant, using repeated measurements, sequential (±randomised) introduction of an intervention and method-specific data analysis, including visual and statistical techniques. Simultaneous or sequential replications are possible with more individuals.
WHAT ARE N-OF-1 TRIALS?
N-of-1 randomised controlled trials (RCTs) provide an opportunity to evaluate individual-person response to interventions, by randomly allocating different time periods within an individual to repeated intervention and control conditions and then comparing responses across these periods.
WHAT ARE SCODS?
Single-Case Observational Designs (SCODs) involve the repeated measurement of an outcome (e.g., pain) in a person over time, but with no intervention implemented, in order to draw conclusions about naturally occurring patterns and predictors of outcomes over time.
SCDs can complement RCTs in a wide range of clinical research and practice contexts (Gabler et al., 2011; Smith, 2012; Punja et al., 2016; McDonald et al., 2017; Shaffer et al., 2018; Hekler et al., 2019). Since 2015, the number of SCD articles published yearly has rapidly increased. High profile articles have recently been featured in Nature (Schork, 2015) and JAMA (Stunneneberg et al., 2018). Guidelines have been published to improve SCD conduct and reporting quality, including CENT (N-of-1 trials) (Vohra et al., 2016), CENT for TCM (N-of-1 trials for traditional Chinese medicine) (Li et al., 2019), SCRIBE (SCDs in behavioral sciences) (Tate et al., 2017), and SPENT (N-of-1 protocol design) (Porcino et al., 2019).
N-of-1 randomised controlled trials (RCTs) provide an opportunity to evaluate individual-person response to interventions, by randomly allocating different time periods within an individual to repeated intervention and control conditions and then comparing responses across these periods.
N-of-1 observational studies involve the repeated measurement of an outcome (e.g., pain) in a person over time, but with no intervention implemented, in order to draw conclusions about naturally occurring patterns and predictors of outcomes over time.
Both N-of-1 RCTs and observational studies can have a ‘self-study’ design, where an individual conducts the study on themselves, to answer research questions they have generated themselves.
N-of-1 RCTs and observational studies provide individualized findings that can be aggregated to produce results equivalent to those found in traditional group-based RCTs and population-level epidemiological studies, respectively, but may require fewer people for the same statistical power.
Because of their patient-centricity, individualized results, and amenability for use by doctors to tailor therapies to individuals, SCDs are ideally placed to complement, strengthen, and generate advances in precision medicine, patient-centred healthcare, personalized health and digital health (Schork, 2015; Hekler et al., 2020).
Digital health is an exploding field, with over 1,000 relevant studies registered on clinicaltrials.gov in November 2020. Digital health includes digital therapeutics (i.e., actual interventions implemented on a digital device), patient-reported outcomes (e.g., survey responses administered via phone or web app), mobile health tools, such as wearable devices (e.g., worn sensors, implants) that can be used to monitor various aspects of an individual’s health in SCDs, along with telehealth, electronic health record systems, and data analytics tools. Digital health data can potentially be monitored continuously during the SCD, and used to help tailor a treatment to the needs and preferences of each patient. Collecting data digitally can be very convenient for participants, especially if they do not have to actively record data. SCDs can be of longer duration than group-based RCTs, so they are well suited to data collection using digital health devices and related technologies.
SCDs can be ‘self-study’ designs, wherein an individual conducts the study on themselves, to answer research questions important to them. In addition, both use techniques such as meta-analysis to aggregate individual-level findings. This can produce results equivalent to those found in traditional group-based RCTs and population-level epidemiological studies, but may require fewer people to obtain the same statistical power as a larger, group-based study. It is common for a series of SCDs to be conducted, and the results to be pooled to address issues of, e.g., generalisability and population response rate.
To acknowledge the emerging field of digital N-of-1 and SCD research, a team of experts recently completed editing a Frontiers Research Topic entitled ‘Creating Evidence from Real World Patient Digital Data’. This Frontiers Research Topic covered digital health applications, delivery, and analysis of SCDs (including self-studies) in any health discipline. It focused on mobile health (mHealth), smart phone applications (apps), wearable devices, sensors and implants, real-time tracking, data analytics, patient experience of digital health and mobile health, patients as collaborators in personalized medicine, and self-tracking efforts in the “citizen science” community.
The articles covered a selection of original research, methodology pieces, opinion pieces, and study protocols, discussing important themes including the significance of technology, emergence of the “self-scientist”, and the value of using diverse N-of-1 and SCD designs. The 13 articles written by 60 authors have already generated over 37,000 views to January 2021, reflecting the strong interest in these methods globally. The topic has had viewers from all over the world, particularly from the United States, United Kingdom, Germany, France, and China.
SIGNIFICANCE OF TECHNOLOGY
A key feature of several articles was use of N-of-1 studies enabled by mobile app technology. For example, Bobe et al. discussed the potential for clinicians and patients to collaboratively use an app-based platform for N-of-1 trials, and reported results of a survey exploring perceptions about implementing an app-based N-of-1 trial platform to support data-driven decisions around insomnia treatment. Kravitz et al. reported on feasibility, acceptability, and influence of mHealth-supported N-of-1 trials for enhanced cognitive and emotional well-being in US volunteers. Bauer et al. described a feasibility study protocol for testing individual-level effects of tamsulosin using the PERSONAL app to track daily urinary symptoms and medication side effects. And Golden et al. detailed a protocol for self-directed, mobile-app-based N-of-1 studies to test the effects of caffeine and l-theanine on cognitive performance.
The use of emerging technology in SCDs is not limited to mobile apps. Chrisinger outlined the opportunities to use GPS technology to create geolocated N-of-1 datasets that could be used to explore relationships between individuals, their environment, and their health, or what has been termed “the quantified self-in-place”. Chrisinger argues that individual-level information in real-world environmental contexts might lead to a better understanding of how treatments and interventions work, for whom, and under which conditions. A number of logistical, methodological, and ethical challenges were identified.
EMERGENCE OF THE “SELF-SCIENTIST”
Many articles discussed the concept of the “self-scientist” or “personal science”, which has been enabled by availability of diverse and accessible digital tools to collect personal real-world data. Wolf and de Groot outlined a 5-stage conceptual framework to guide research and education into practice of “personal science”, which they define as using empirical methods to address personal health questions. Important similarities and differences between personal science, citizen science, and single subject (N-of-1/SCD) research were also discussed.
Schwartz et al. discussed the concept of the “digital twin”, where individuals have access to self-generated biobehavioural information derived from data collected from various sensors and devices that may reflect their biological and environmental circumstances, and be used to make predictions about their health. Advances in technology have led to more accurate capture of various biometric, behavioral, emotional, cognitive, and psychological aspects of daily life. Data-driven feedback from their “digital twin” information may inspire users to conduct self-experiments to evaluate their own treatment responses.
Nebeker et al. described the patient perspective of using self-study and peer-to-peer support in conjunction with traditional clinical support guided by external evidence generated from group-based studies. They argue that access to digital health technologies, wearable sensors, affordable lab screenings, etc. may contribute to a paradigm shift wherein “sick” care may become authentic “health” care.
THE VALUE OF DIVERSE N-OF-1 DESIGNS
The articles provided in this Research Topic also covered different SCD types. McMillan and Dixon used a series of digital SCODs to characterize self-regulatory processes, motivation to conserve resources, and activity levels in people with chronic pain. They found that motivational and self-regulatory processes during goal pursuit goal may play a key role in an intervention’ success. Similarly, Altman et al. used a series of digital SCODs to characterize processes and mechanisms of change over a course of psychotherapy.
Hendrickson et al. presented findings from statistical simulation studies they conducted to optimize aggregated N-of-1 trial designs for predictive biomarker validation. They described a set of simulation studies comparing the power of four different trial designs to detect relationship between a predictive biomarker (measured at baseline) and subjects' specific responses to the pharmacotherapeutic agent prazosin for Post Traumatic Stress Disorder.
Finally, Munson et al. argued that elicitation of individualized goals and customization of tracking to support those goals are a critical part of conducting N-of-1 studies. Their conclusions serve as an important reminder about the flexibility of these methods and their ability to tailor to preferences and needs of individuals through patient-centred N-of-1 designs.
The great variety of articles illustrates the versatility of this design and the opportunity to use digital methods to collect real world health data. We look forward to seeing the impact of this research on digital health and personalized medicine worldwide.
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Background: The growing consumer digital tools market has made using individual health data to inform lifestyle changes more accessible than ever. The n-of-1 trial–a single participant, multiple crossover, comparative effectiveness trial–offers methodological tools that link interventions directly with personalized outcomes to determine the best treatment for an individual. We have developed a complete digital platform to support self-directed n-of-1 trials, comprised of virtual study on-boarding, visual informed consent, device integrations, in-app assessments, and automated data analysis.

Objective: To evaluate the n-of-1 platform, a pilot study was launched to investigate the effects of commonly consumed substances on cognition. The purpose of the study is to allow an individual to measure the effect of 2 treatments (caffeine alone vs. caffeine + L-theanine) on 3 measures of cognitive performance: creative thinking, processing speed, and visual attention. Upon completion of the study, individuals receive personalized results that compare the impact of the two treatments on each of the cognitive performance measures.

Methods: After the onboarding process, participants are randomized to a study length (5, 15, or 27 days), starting treatment (caffeine or caffeine + L-theanine), and app notification frequency (light, moderate). Each trial begins with a baseline period, during which participants abstain from either treatment, followed by 2 randomized counterbalanced treatment sequences (either ABBA or BAAB). Throughout the trial, daily tests assess participant cognitive performance. These tests are digital versions of the Remote Associates Test, Stroop Test, and Trail Making Test, and are implemented directly in the n-of-1 mobile application (“N1”). Assessments are completed at a fixed time, defined by the individual during study setup. Treatments are taken daily within a fixed time window prior to the user-defined assessment time. Cognitive assessment results are analyzed using a linear model with factors for treatment and block, and each treatment is compared to baseline.

Results: We launched our N1 app on the Apple App Store in mid-October 2019 and recruited over 40 participants within the first month.

Conclusion: This platform provides individuals the opportunity to investigate their response to treatments through n-of-1 methods, empowering them to make data-driven, personalized lifestyle choices.

Trial Registration: www.ClinicalTrials.gov, identifier: NCT04056650.

Keywords: n-of-1 trials, cognition, digital health, caffeine, nootropics, cognitive, mobile app, mhealth


INTRODUCTION

Technological and medical innovation have brought about a rapid digitalization of research. Digital research has conceptually grown to incorporate a broad set of medical and scientific themes–genomics, AI, wearable technology, mobile apps, longitudinal data capture, among others. With this digitalization of medical research, we see increased interest in digital biomarkers, as well as the growing practice and value of longitudinal data capture, electronic patient reported outcomes, and effective validation strategies for digital health tools (Mathews et al., 2019; Wang et al., 2019).

The growing availability of digital research tools creates a unique opportunity to further develop health research. Individuals are now presented with increased opportunities to participate remotely in research, including going through informed consent processes and interacting with study teams via digital platforms. Significant components of research, such as informed consent and study team communications, are being digitized to enhance user experience, comprehension, and accessibility1 (U.S. Department of Health Human Services, 2016). Using these methods, some digital studies are able to enroll large numbers of participants in a short time. We see this at play in the app-based mPower study, which enrolled more than 10,000 participants in the first year (Bot et al., 2016), and the Apple Heart Study, in which Stanford researchers enrolled over 400,000 individuals in 1 year for a remote, single-arm study using the Apple Watch to identify cardiac arrhythmias (Turakhia et al., 2019). Apple also recently launched Apple Research, an app designed to better streamline the enrollment and management of mobile health studies2. These trends open up the digital research space to the concept of the n-of-1 trial.

An n-of-1 trial monitors the effects of different treatments or interventions on a single participant, where n = 1. It is typically structured as a single-patient, multiple-crossover comparative effectiveness trial. Each participant tests 1 or more interventions multiple times over the course of the trial, and subsequently compares the outcomes of those interventions (Duan et al., 2014; Shamseer et al., 2015). N-of-1 trials have been used in healthcare when a clinician wants to test different medications, dosages, or treatments on a patient to determine individual response, and thus craft a personalized and effective route to health. The n-of-1 trial is particularly useful where limited evidence exists for a particular treatment or outcome, or where there is variability across individuals in treatment response (Duan et al., 2014). The success of this clinical implementation is dependent on the study design (what is being compared), and the willingness and collaboration of the patient, and the capacity of the clinician to design and implement an n-of-1 trial. With more than 2000 of these trials published to date, examples of previous implementations include an app-based study of the treatment of chronic musculoskeletal pain (Kravitz et al., 2018; Odineal et al., 2019), as well as stimulant effectiveness among people with attention deficit/hyperactivity disorder (Nikles et al., 2006).

We have created a mobile app and study platform that together aims to allow individuals to design, conduct, and analyze methodologically sound, statistically robust n-of-1 trials. We are testing our app and platform by applying the n-of-1 concept to a health outcome (cognitive performance) and to interventions (caffeine vs. caffeine + L-theanine) that are fast-acting, controllable, and easily measurable. Each individual will participate in his/her own study, with treatments applied in sequence to assess whether L-theanine, in addition to caffeine, has a cognitive effect beyond that of caffeine alone for that person. This design choice allows us to use adapted versions of validated cognitive instruments readily available in Apple ResearchKit, and individuals may engage in interventions that are already part of their daily lives (e.g., drinking coffee or tea)3. These methods and tools are designed to empower individuals to make more rational, data-driven choices about their own health and wellness. This implementation will also allow us to assess the effectiveness of the n-of-1 trial within the current digital research landscape.



METHODS


Study Design

We designed and developed a smartphone app and software platform that provides individuals the opportunity to remotely engage in personalized n-of-1 investigations. The platform facilitates enrollment, longitudinal data capture, digital biomarker measurement, administration of validated instruments, study task notifications and reminders, statistical analysis, and access to data and results. The platform is designed in a modular way to allow for new studies to be deployed easily, adapting components like e-consent, onboarding, and results reporting (Bobe et al., 2020). To evaluate the n-of-1 platform, we aimed to design a study that is relevant to broad audiences, incorporates ubiquitous and safe treatments, and utilizes validated assessment instruments in a digital format. A cognition study that evaluates the effects of two commonly consumed substances, caffeine and L-theanine, meet these criteria and serves as our first study deployed on the platform.


Treatments

We will measure the effects of two different treatments on daily cognitive function:

• Treatment A: caffeine (50–400 mg, based on choice of beverage/supplement)

• Treatment B: caffeine (50–400 mg, based on choice of beverage/supplement) + L-theanine (~250 mg, based on choice of beverage/supplement)

These treatments were chosen due to their ubiquity, common daily use, efficacy, and safety. Participants may choose two beverages (e.g., coffee and tea) or they may also use an over-the-counter supplement (e.g., caffeine pills or L-theanine pills). Caffeine is one of the world's most commonly consumed drugs, and is often used to improve alertness and response time (Smith, 2002). L-theanine is an amino acid derived from tea leaves that is believed to have calming physical effects when consumed (Haskell et al., 2008). It is found most commonly in green tea and other teas, or in supplement form. The FDA has given L-theanine Generally Recognized as Safe (“GRAS”) status4. Studies suggest that L-theanine may improve cognitive performance, and it is claimed that the combination of L-theanine with caffeine allows the consumer to feel the positive cognitive effects of caffeine while counteracting the “jitters,” and reducing “mind wandering” (Bryan, 2008). The dosages vary between beverage and supplement choices, and so we provide a reference range to participants based on commonly consumed caffeinated drinks, available supplement dosages, and FDA compound review recommendations4 (Keenan et al., 2011).



Treatment Blocks

We employ a randomized counterbalanced treatment design for each study length (ABBA or BAAB) (Duan et al., 2014). Participants are randomized into 1 of 3 study lengths −5, 15, and 27 days. Three different study lengths (short, medium, and long) are used in order to assess the effect of trial length on adherence and attrition. The treatment periods are either 1 day, 3 days, or 5 days, depending on study length.

Our 5-day study includes 1 day of baseline, 2 days of treatment A (caffeine) and 2 days of treatment B (caffeine + L-theanine), with treatment periods lasting 1 day. With “N” as baseline, a participant may be randomized into a 5-day study of either of the following patterns:

N + (A) + (B) + (B) + (A)

N + (B) + (A) + (A) + (B)

Our 15-day study includes 3 days of baseline, 6 days of treatment A, and 6 days of treatment B, with treatment periods lasting 3 days. As such, a participant may be randomized into a 15-day study of either of the following patterns:

NNN + (AAA) + (BBB) + (BBB) + (AAA)

NNN + (BBB) + (AAA) + (AAA) + (BBB)

Our 27-day study includes 7 days of baseline, 10 days of treatment A, and 10 days of treatment B, with treatment periods lasting 5 days. Participants may be randomized into one of the following 27-day studies:

NNNNNNN + (AAAAA) + (BBBBB) + (BBBBB) + (AAAAA)

NNNNNNN + (BBBBB) + (AAAAA) + (AAAAA) + (BBBBB)

Participants must complete 1/3 of treatments and assessments during each treatment period to avoid study failure. The 5-day study is too short for a participant to miss any days of treatment/assessment and still have sufficient data to calculate a result. Individuals in the 15-day study can miss up to 2 days per treatment period before study failure, and those in the 27-day study can miss up to 3 days per treatment period.



Primary Outcome Measures

To assess cognitive function, we use three validated instruments adapted from and implemented using Apple's ResearchKit:


Remote Associates Test (RAT)

A measure of creative thinking (Figure 1). The RAT measures an individual's “creative” cognition by presenting them with a word problem consisting of 3 stimulus words and asking them to propose a fourth solution word that ties them together. For example, an individual may be prompted with the following: “sleeping, bean, trash.” They would then try to come up with a linking fourth term, which in this case is “bag.” It has been shown that problem solvers' success on items from the original RAT reliably correlates with their success on classic insight problems (Mednick, 1968; Dallob and Dominowski, 1993; Schooler and Melcher, 1995; Bowden and Jung-Beeman, 2003).


[image: Figure 1]
FIGURE 1. Sample of Remote Associates Test.


This test was implemented as a variation of the original RAT, developed as a custom digital ActiveTask within Apple's ResearchKit framework.

Six metrics are collected in our implementation of the RAT: words presented, word difficulty level, participant response/answer, average response time (in seconds), and score percentage (correct answers out of a possible 10)5. While multiple metrics are collected in our implementation of the RAT, only score percentage is analyzed and relayed back as an end result to the participant.

Further details regarding our custom implementation of the RAT can be found in Appendix A.



Stroop Test

A measure of selective attention and processing speed (Figure 2). The Stroop Test is a measurement of executive function/reaction time. It assesses the ability of the user to distinguish between a printed word that names a color and the color of the actual text (Jensen and Rohwer, 1966). We use an abridged version of the test available from Apple ResearchKit as a predefined ActiveTask. In our abridged mobile version, a single task is presented and we record a metric that captures both accuracy and reaction speed, known as the rate corrected score6 (Woltz and Was, 2006). Additional details about the original and Apple-implemented versions of the Stroop Test may be found in Appendix A.


[image: Figure 2]
FIGURE 2. Samples of Stroop Test.




Trail Making Test (TMT)

A measure of visual attention and task-switching (Figure 3). The TMT is a standard component of many neuropsychological batteries and is one of the most commonly used tests because of its high sensitivity to the presence of cognitive impairment (Reitan, 1958; Spreen and Benton, 1965; Lezak et al., 1995; Kortte et al., 2002).


[image: Figure 3]
FIGURE 3. Sample of Trail Making Test.


This test is implemented as a predefined ActiveTask through Apple's ResearchKit. As part of this predefined task, 13 dots are presented by default rather than 25 as in the original test. In this implementation, a line is drawn automatically as participants tap the next labeled dot in ascending order (i.e., when a participant taps “1” and subsequently taps “A,” a line is drawn between the two dots.) For this implementation, only Part B of the test is presented to reduce the time commitment required for the participant. Part B is the more difficult of the two parts of the original test and there is evidence that Part B performance is indicative of executive function, where the difficulty of the task may reflect the cognitive flexibility of shifting the course of an ongoing activity (Lamberty et al., 1994; Arbuthnott and Frank, 2000; Kortte et al., 2002).

Two metrics are collected in our implementation of the TMT: number of errors (increased by tapping the incorrect dot), and total time to complete the test (in seconds). Further details regarding our implementation of the TMT can be found in Appendix A.




Inclusion and Exclusion Criteria

Eligibility of potential participants is determined through a digital eligibility screener. Individuals may join the study if they are over 18 years old, have an iPhone, and live in the United States.

Individuals may not join the study if they are pregnant or breastfeeding, or if they have a contraindication to caffeine. These exclusion criteria are based on the potential negative health effects of caffeine7. Before joining the study, we advise individuals to consult a medical professional if they are unsure of how caffeine may affect them. Due to the ongoing and individual nature of the study, users may enroll at a later date if they are currently ineligible (e.g., due to pregnancy status or age).

We developed our inclusion and exclusion criteria in an attempt to exclude as few potential participants as possible, with primary consideration for health and safety. While certain assessments may pose challenges to certain populations (e.g., RAT to non-native English speakers, and Stroop Test to colorblind individuals), we have decided not to exclude these populations because they may still receive study results based on significant outcomes from one of the cognitive tests. Each test outcome is analyzed separately, so a treatment outcome is possible where focus is given to only one test in the cognitive assessment. Additionally, since a person serves as their own control in an n-of-1 trial, other possibly disadvantageous factors, such as mild cognitive impairment, should not matter in achieving a significant result.



Informed Consent

After a user downloads the app, they register for an account and go through a study onboarding process. The onboarding includes a study-specific eligibility screener, a brief introduction to n-of-1 studies, and a digital informed consent process.

Our informed consent process is modeled on Sage Bionetworks' multimedia eConsent framework (Doerr et al., 2016). It includes a short, self-guided digital consent module that clearly presents screens outlining the following parts of the consent form: study procedures, data privacy and security, data sharing, benefits, risks, withdrawal process, and consent review (Figure 4).


[image: Figure 4]
FIGURE 4. Sample screens from the digital consent module.




Procedures

After the consent module, the participant is presented with a PDF version of the full consent document. Participants type their name and provide an electronic signature after reviewing the full consent form. Their signature and timestamp are digitally placed on the consent and the signed version is subsequently available to the user for viewing within the study app at any time. Currently, informed consent is available in English only. The participant is provided the option of contacting the research staff during regular business hours if they have questions about the consent form or the study.

After a digital eligibility screening, onboarding to the n-of-1 concept, and informed consent via the study app, participants engage in a study that is randomized by study length (5, 15, or 27 days), treatment sequence (starting with treatment A or B), and app notification frequency (light or moderate). Participants log their choice of beverages or supplements for the study and choose a daily fixed time at which to measure their cognitive performance via the app. Participants are reminded to choose a treatment that they will be able to repeat in the same dose for the duration of the study. They are instructed to consume their treatment 1 h prior to the cognitive assessment. Participants are given a 2-h window in which to complete the cognitive assessment (Figure 5). This window is based on the quick wash-in/wash-out period of caffeine, and the time it takes for individuals to consume a beverage (coffee, tea) if chosen as a treatment (Institute of Medicine, 2001). Participants receive daily reminders via notifications in the app to take their treatments and complete the cognitive assessment. The daily cognitive assessment takes ~5 min total to complete.


[image: Figure 5]
FIGURE 5. Screenshot of assessment setup and treatment/assessment windows.


The trial begins with a baseline period, where participants take the daily cognitive assessment but do not take either treatment. Participants then alternate between treatment A and treatment B for the duration of the study, according to the instructions in the app. We employ a randomized counterbalanced design for each participant's study (either ABBA or BAAB) (Duan et al., 2014). Participants may log any daily occurrences related to the study, such as missed treatments, changed beverages, or interruptions that may have impacted their performance on the cognitive assessments. Numerous additional data categories and variables are collected during the study (see Appendix B). To mitigate the risk of influencing the study outcomes, the scores of daily cognitive assessments are not returned at the time of completion. Instead, individual study results are processed and provided to the participant at the conclusion of the study.

To improve the likelihood that individuals are able to obtain “actionable results,” we also invite participants to enroll in a longer study after completing their initial study. While this feature is aimed at users initially enrolled in the 5-day study because they are the most likely group to obtain a statistically inconclusive result, it will be made available to all users who have completed a study. If the participant wants to continue, they will be able to choose their subsequent study length from the 3 available study lengths (5, 15, and 27 days). Currently, data from multiple studies will not be grouped and will be analyzed as independent studies. We anticipate adding a “grouped analysis” feature in the future.



Recruitment

Our N1 app is available for download in the Apple App Store. To ensure a diverse sample, the app and cognition study will be promoted using Mount Sinai Health System recruitment channels, related conferences (e.g., Quantified Self conference), and through promotional messaging on online message boards and social media (e.g., Reddit, Twitter, Facebook).

Recruitment is largely targeted to individuals who have shown interest in and/or previous experience using L-theanine and similar compounds through posting on specific L-theanine-related web pages and social media groups. However, people may join our study without prior experience or knowledge of L-theanine, as recruitment will also include more general websites. Our recruitment strategy is broad, with no population-based restrictions.


Safety Monitoring

Considering this is an online, remote, and individualized study, monitoring participants for safety and risk must differ from conventional studies where participants and researchers interact face-to-face. Thus, we provide participants with an electronic method in which they can email and report any questions, concerns, or abnormal events they believe to be related to the study, at any time. We also provide participants with a specific avenue within our app to send health-related questions, as opposed to general questions. This allows us to filter and expedite safety and risk-related concerns. If a health concern is submitted via email, a healthcare professional on the research team will contact the participant as soon as possible for additional information and will subsequently inform Mount Sinai of the event.




Analysis
 
Individual Study Performance

For individual cognition study results, we will use the outcomes of each cognitive test: (a) RAT, (b) Stroop Test, and (c) Trail Making Test. Each test outcome will be analyzed separately. Because both caffeine and L-theanine are short-acting, we do not anticipate carryover effects between treatment periods. For each test in the cognitive assessment, results are analyzed using a linear model with factors for treatment and block, and each treatment is compared to baseline. At present, we are not comparing the treatments to each other.

For each study duration, we will measure the proportion of completed n-of-1 trials that yield statistically meaningful results, for the comparisons (a) caffeine vs. baseline, (b) caffeine + L-theanine vs. baseline. A study is considered complete if a participant reaches the end of a trial without a study failure or voluntary withdrawal. A study failure occurs when there is insufficient data generated during baseline or any treatment period due to missed treatments (self-reported) or incomplete assessments. Participants must complete 1/3 of treatments and assessments during each treatment period to avoid study failure and involuntary withdrawal. A study will be considered to have yielded a statistically-meaningful result if the coefficient on the treatment effect is significantly different from zero at the 80% confidence level in at least one of the three models; that is, if taking caffeine (relative to baseline, with or without L-theanine) produces an effect on cognitive performance measured by at least one of the three cognitive tests. The current confidence level was chosen arbitrarily, with a plan to develop a feature in the future that allows individuals to set their own preferred level of statistical significance.

Analysis of individual cognition studies may change in the future, as we will retain the raw data for each trial. For instance, we may choose to add a comparison of treatments to each other.

Of note, since the study is looking at individual outcomes, the consistency of caffeine and L-theanine dosage across individuals is not an outcome-related concern. Furthermore, the precise quantity of each treatment is not critical to the study design. Individual participant consistency in caffeine and L-theanine intake is the most important treatment factor related to the study outcome.

The code for calculating an individual numerical result will be made publicly available.




Platform Performance

As previously described, we will also evaluate the performance of the platform across several additional outcome measures: (a) proportion of studies completed, (b) proportion of studies yielding a statistically significant result, and (c) adherence, defined as the proportion of total actions (treatments + assessments) completed by a participant during a study8 (Bobe et al., 2020). We will use a multiple logistic regression model to assess whether the randomized elements of the study (length, notifications) affect study completion, adjusting for any variance in age and sex. Study adherence will be assessed using a Bayesian survival-style model with semi-competing risks over the course of the study (Bobe et al., 2020).




Sharing of Individual Data and Results

Individuals will receive their personalized study results at the end of their study, on the app. They will be presented with graphical, numerical, and textual representations of the results, comparing both treatments to baseline measurements (Figure 6). Upon completion of the study, participants will also have the option to download their raw data.


[image: Figure 6]
FIGURE 6. Sample of summary results screen.


There is a precedent for research participants to dynamically set and adjust their data sharing preferences. Providing the option for global sharing allows participants to contribute to open science and creates increased inferential reproducibility (Plesser, 2018). Such dynamic preference-setting is a feature of the mPower Mobile Parkinson Disease Study, led by researchers at Sage Bionetworks (Bot et al., 2016). While pooled analysis of study data related to treatment response does not make sense for this study due to the variability of treatments and doses across individuals, other elements of the study may prove useful for researchers. Adherence data, treatment choices, and baseline cognitive assessment scores may be utilized by researchers for additional investigation. Data sharing language in our consent form is similar to that in existing approved protocols, in order to follow this precedent.

Participants may choose to share their cognitive assessment scores with friends and others by exporting the data from the app or by saving results images displayed in the app to their phone. Additionally, participants may choose to share their study data with external researchers. This goes into effect once a participant opts in to global sharing in the app settings. Name, contact information, and other directly identifiable information will never be included in externally shared study data.

Aggregated study results will be shared with app users via email once published.




RESULTS


Progress to Date

As of June 2019, we completed a “soft” beta test of our cognition study with 13 diverse participants recruited slowly over a few months. This helped us assess usability of the platform and study. Testers continuously shared feedback with the study team during their participation, in person and through online messaging. This process allowed us to fix some general platform issues and address frequent study-related questions, which we subsequently clarified within the app through consent adjustments and the addition of a study-specific FAQ page. We used the issue-tracking feature on GitHub to record all noted problems and necessary fixes over time. We have iterated and improved the N1 app with more than 75 builds over the past 2 years.

In mid-October 2019, we publicly launched our platform and study on the Apple App Store, with ~40 enrolled participants within the first month. Individual study results will be provided on an ongoing basis, and initial platform performance results will be expected upon completion of ~100 studies (Bobe et al., 2020). While we do not have a recruitment goal for the study specifically due to the individual nature of the results, we do aim to recruit 640 participants in order to evaluate platform performance and the relationships between study completion, study duration and notification level (Bobe et al., 2020).



Ethics Approval

Ethics approval has been requested and granted by the Program for the Protection of Human Subjects at Icahn School of Medicine at Mount Sinai in New York City (IRB-18-00343; IRB-18-00789). This study is conducted in accordance with HIPAA regulations.




DISCUSSION


Relevance

To our knowledge, this is one of the first attempts to take app-based n-of-1 investigations outside of the clinic and into the participant's hands with ongoing enrollment on a publicly available app. Bringing n-of-1 studies outside of the clinical realm allows individuals to engage in regulated experiments about everyday health conditions and outcomes of interest on their own terms in a manner that aims to also ensure methodological rigor and safety. It remains a challenge for individuals or small groups to marshal the resources necessary to study themselves through rigorous n-of-1 investigations. Conversely, experimental rigor sometimes introduces complexities or burdens (e.g., daily actions, lengthy trials, etc.) that may be uninviting to a study's target population. With consideration for these challenges, n-of-1 experiments show promise and require further exploration. We hope that the development of this tool, and the introduction of more studies on the platform, will provide individuals with increased agency over their health and allow them to make conscious health-positive decisions that align with their lifestyle.

Our platform is designed in a modular fashion that allows new studies to be deployed by adapting existing components (e.g., e-consent, onboarding, notifications, reporting) (Bobe et al., 2020). This allows for easy implementation of future studies, which may open the door to clinician-driven protocols and collaborative research across institutes. Success of the platform in wellness-related treatments may further set the stage for its implementation in clinical medicine as an alternative approach to “therapy by trial” for some treatments (Kravitz et al., 2009).



Strengths and Limitations

One of the strengths of this study is that it introduces a novel model of robust self-investigation that can be built upon in future research and practice. Additionally, we are using versions of validated cognitive assessments (modified for digital use instead of on paper), which allows us to be more confident in our potentially actionable results.

Our choice of study and treatments was informed by what would be implemented most smoothly and successfully as a pilot study on the platform. It was also influenced by availability of assessments and ease of access to treatments. The ubiquity of coffee, tea, and over-the-counter supplements makes the study accessible to many individuals. However, this cognition study introduces a potential limitation due to our choice of L-theanine as part of a treatment. While commonly available in tea, L-theanine is most widely known within a population of individuals interested in “nootropics,” substances believed to enhance cognition. These individuals, due to their existing interest in utilizing cognition-enhancing supplements, may also be inclined toward self-experimentation. We risk losing a generalizable and diverse participant population through treatment choice. We aim to mitigate this by also recruiting through broad-audience websites and social media. While this potential lack of diversity will not affect individual study results, it may impact the generalizability of our platform performance results if the primary users are not representative of the general population.

While longer study durations are desirable for generating statistically meaningful results, they may also be more likely to suffer from drop-out (Eysenbach, 2005), especially for a study that intrudes upon the caffeine ritual that some may find difficult to abstain from. The 15-day study is a good balance between these tradeoffs, which is why we allocate 60% of participants into this study duration, as described elsewhere (Bobe et al., 2020). We acknowledge that a 5-day study may not provide statistically meaningful results, which is why we unlock all study durations for participants after completion of their first study.

Another important note is that our individual analyses that are reported back to participants currently only include comparison of the two treatments to baseline (e.g., caffeine vs. baseline). While we are collecting data that will allow us to analyze comparative treatment responses (caffeine vs. caffeine + L-theanine) and plan to report them in our results paper, these individual results are not currently available on our app for participants to see. We plan to add this feature to our results visualization in the future, but it is still a work-in-progress.

Additionally, qualitative research with users to assess comprehension and preferences may benefit future iterations on the visualizations and reporting of results. Future user research, along with the additions of new app functionalities (e.g., choosing among numerous treatments to compare against each other) will strengthen this program moving forward.



Implications

In this study protocol, we described the methods for developing and launching a digital, remote n-of-1 study. To our knowledge, this study is the first of its kind. It employs a statistical model that accounts for many variables, bias, and learning effects. The results of the study are expected to be relevant to individual participants who want to make positive lifestyle changes, as well as clinicians and researchers interested in exploring n-of-1 methodology. N1 platform and study implementation can be enhanced by learning about what draws people toward self-investigation and behavior change, as well as what causes digital study drop-out. We anticipate that these insights will become clearer as our cognition study progresses, and we will use participant feedback along with these insights about adherence to inform the next iteration of study on this platform (Bobe et al., 2020).
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FOOTNOTES

1Home | Usability.gov. Available online at: https://www.usability.gov/ (cited November 15, 2019).

2Apple Launches Three Innovative Studies Today in the New Research App - Apple. Available online at: https://www.apple.com/newsroom/2019/11/apple-launches-three-innovative-studies-today-in-the-new-research-app/ (accessed November 15, 2019).

3ResearchKit. Available online at: http://researchkit.org/ (accessed November 15, 2019).

4Food and Drug Administration. GRAS Notice 000338: L-Theanine. Available online at: http://wayback.archive-it.org/7993/20171031043741/https://www.fda.gov/downloads/Food/IngredientsPackagingLabeling/GRAS/NoticeInventory/UCM269524.pdf (accessed October 3, 2019).

5Collection of RAT items | What word relates to all three? | Remote Associates Test of Creativity. Available online at: https://www.remote-associates-test.com/ (accessed October 3, 2019).

6Lessons Learned Implementing ResearchKit for a Study at Mount Sinai. Available online at: http://hd2i.org/blog/2019/07/24/researchkit-for-research.html (accessed October 31, 2019).

7Caffeine. Available online at: https://medlineplus.gov/caffeine.html (accessed October 3, 2019).

8Assessing the Effectiveness of an N-of-1 Platform Using Study of Cognitive Enhancers. Available online at: https://clinicaltrials.gov/ct2/show/NCT04056650?term=NCT04056650&rank=1 (accessed October 22, 2019).
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Background and Objective(s): While psychotherapy treatments are largely effective, the processes and mechanisms underlying such positive changes remain somewhat unknown. Focusing on a single participant from a treatment outcome study that used a modular-based cognitive behavior therapy protocol, this article aims to answer this question by identifying changes in specific symptomatology over the course of the treatment. Using quantitative data derived from digital health methodology, we analyzed whether a given therapeutic intervention was related to downstream effects in predicted symptom domains, to assess the accuracy of our interventions.

Methods: This case study employed an observational N-of-1 study design. The participant (n = 1) was a female in the age range of 25–35 years. Using digital health data from ambulatory assessment surveys completed prior to and during therapy, separate linear regression analyses were conducted to assess if hypothesized treatment targets reduced after a given module, or intervention.

Results: Support was found for some of the hypothesized quantitative changes (e.g., decreases in avoidance after exposures module), yet not for others (e.g., decreases in rumination following the mindfulness module).

Conclusion: We present data and results from our analyses to offer an example of a novel design that may allow for a greater understanding of the nature of symptom changes with increased granularity throughout the course of a psychological treatment from the use of digital health tools.

Keywords: case study, digital assessments, mechanisms, cognitive behavioral therapy, ambulatory assessment


INTRODUCTION

The field of clinical psychology has undergone many changes in the past decade. After the introduction of the Research Domain Criteria (RDoC; Insel et al., 2010) in 2010, researchers seeking external funding have been incentivized to move away from investigating psychopathological constructs at a disorder-level, in order to explore a dimensional system that encompasses multiple levels units and of analysis, from genes at the most basic, granular level to behavior at the most macroscopic. While the development of the RDoC was not intended to replace the Diagnostic and Statistical Manual of Mental Disorders (DSM-V) and serve as a diagnostic guide, its introduction nonetheless serves as a reminder that our current diagnostic system, and treatment development efforts, may be structurally flawed by the sheer heterogeneity underlying diagnostic labels as they currently stand. Taking the diagnosis of Posttraumatic Stress Disorder (PTSD) as an example, current DSM-5 criteria allow 636,120 combinations of presenting symptoms to exist in order to meet criteria for the diagnosis, meaning that it is possible for 636,120 individuals to meet criteria for PTSD, with no repeats in the exact constellation of symptoms from person to person (Galatzer-Levy and Bryant, 2013). Treatments for such conditions have been historically developed by researchers based on diagnostic categories and group-level (i.e., nomothetic) information. These often fail to produce significant change in a large subset of individuals, and outcomes for the treatment of many mental health conditions are lower than desired.

Over the past 30 years there has been a long history of researchers seeking to understand underlying mechanisms of psychotherapy success, and over time numerous models of change have emerged, including but not limited to psychotherapy integration (Stricker and Gold, 1996), the common factors approach (CF; Frank and Frank, 1991; Wampold, 2007), theoretical integration (Stricker and Gold, 1996), phase models (Howard et al., 1993), and the transtheoretical states of change model (Prochaska and DiClemente, 1983). From the psychotherapy integration approach, which aims to look beyond single approaches and instead hopes to integrate multiple perspectives, to the common factors approach, which proposes that different approaches in psychotherapy share common factors that account for the majority of the effectiveness of a psychological treatment, each model has developed their own ways of assessing and understanding change in psychotherapy. While these models indicate the efforts of researchers to understand why treatments may work, the majority of work in treatment development still focuses on groups, rather than individuals.

Conversely, clinicians typically focus on single patients, often using case conceptualization methods such as the case formulation approach to cognitive-behavior therapy (Persons, 2012). These often involve series of linked interventions typically following comprehensive assessments of the patient, and allow clinicians to choose techniques based on the best match to the presenting needs and problems of the patient.

To bridge the gap between research and practice, it is imperative for researchers to gather information that will be immediately useful to clinicians. Such information may come from idiographic treatment models, wherein researchers investigate change in individual patients, rather than diagnostic groups, to explore mechanisms of change over the course of a given treatment. Recently, and following along the footsteps of other medical domains such as oncology, there has been a push toward an idiographic, personalized approach to psychotherapy research, focusing on the precise symptomatology of an individual patient instead of broad diagnostic categories for generating treatment decisions. One such approach, outlined by Fisher (2015), calls for an idiographic, dynamic methodology whereby clinicians conduct person-specific dynamic assessments that yield information about syndrome structures and states to provide actionable information for personalized interventions. This work requires intensive, repeated digital assessment measures for individual patients, with the hope that this intensive measurement will yield prescriptive information for improved results. In a recent open trial of personalized modular CBT using the Unified Protocol (UP; Barlow et al., 2011), Fisher et al. (2019) demonstrated a Hedge’s g of 2.33 over an average of 10 sessions, outperforming an historical average effect size for from a recent-meta-analysis (Johnsen and Friborg, 2015). The UP is typically delivered over 16 sessions, and has not been shown to demonstrate equivalent effects in trials to date (c.f. Farchione et al., 2012). While additional work is required to substantiate such an intensive approach to personalization, this trial illustrates that treatment based off of idiosyncratic structures of psychopathology may be an important part of improving overall treatment efficacy in the mental health domain. This information then can be immediately useful to practicing clinicians hoping to understand how best to approach singular cases.

The following case study aims to use the same person-specific ambulatory assessment data to investigate changes occurring in an individual over the course of a treatment, focusing on a single participant from the Fisher et al.’s (2019) open trial—participant 007 (P007). The idiographic approach outlined by Fisher et al. (2019) involves intensive, repeated digital assessment measures, captured four-times-daily for approximately 30 days. This provides sufficient data to facilitate person-specific factor analyses and dynamic factor modeling. In the open trial, pre-therapy analyses were used to determine predominance among latent symptom clusters in order to generate targeted therapies (using existing modules of the UP) person by person. Participants were also given the chance to extend these surveys and continue to complete them throughout the course of therapy, as did P007. The current article aims to use P007’s data to identify changes in specific symptomatology over the course of treatment in order to identify if a given therapeutic intervention, or module (e.g., mindfulness) was related to downstream effects in predicted symptom domains (e.g., reduced restlessness). It should be acknowledged that some researchers have proposed that efficacy of psychotherapy is not due to specific interventions or techniques, but rather from factors of psychotherapy common to all treatments, referred to as common factors (Luborsky et al., 1975; Wampold, 2001, 2007). Yet, the current research aims to define specific effects that can be attributed to certain interventions, rather than common factors. This novel design may allow for a greater understanding of the nature of symptom changes with increased granularity throughout the course of treatment, and may serve as a model for clinicians and researchers to incorporate such work in their own research and practice.

As noted above, in the treatment trial from which P007’s data was draw, delivery of the UP was personalized based on data gathered prior to therapy, which was then subjected to an analysis for the identification of latent symptom dimensions and dynamic factor modeling to determine the dynamics and module delivery order (see Fernandez et al., 2017; Fisher et al., 2019). Each individual patient received a specific delivery order of the modules based on their presenting symptoms and relationships among symptom dimensions. The module order for P007 is outlined in Table 1. For the present study, hypotheses were developed based on specific modules in order to investigate symptom changes throughout therapy, with expected changes to appear after a given module was delivered. Each hypothesis is outlined in Table 2 and briefly reviewed below.


TABLE 1. Sessions and module orders for P007.
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TABLE 2. Module-specific hypothesized relationships in digital assessment survey data over the course of therapy.

[image: Table 2]Prior to delivery of the first module, the participant underwent a 30-day pre-therapy assessment. Although this data collection was intended to reflect stationary processes, engagement with treatment providers can have distress-reducing effects for dysphoric individuals. Therefore, stationarity, the assumption that the mean, variance, and auto-correlation remain relatively stable over time, may be violated because of a process known as remoralization (Howard et al., 1993). Howard’s remoralization theory (1993), proposes that psychotherapy entails sequential changes and the first change is an enhancement in the patient’s sense of subjective well-being, which typically occurs before the process of formal psychotherapy beings (Howard et al., 1993). In this study, remoralization may have occurred during engagement with the phone surveys prior to the start of treatment delivery. While no formal hypotheses were made during this initial pre-therapy period, data from it is included in this study.

Therapy began with an emotional awareness and tracking module, and no significant changes were expected after this module, as the intervention was primarily targeting overall emotional awareness across both positive and negative affect domains. Because this relates to processes already in place from the pre-therapy assessment, we believed that – to the degree that self-monitoring may elicit symptomatic change – these changes would have already occurred.

Hypothesis 1:The second module delivered was a mindfulness module, and it was hypothesized that after the delivery of this module the participant would report reductions in feelings of restlessness and dwelling on the past on their survey responses. Extant work across a variety of domains has illustrated the success of a mindfulness-based approach in reducing physiological restlessness, including using a mindfulness-based stress reduction (MBSR) paradigm to reduce symptoms of restless leg syndrome (Bablas et al., 2016) and using a MBSR approach to reduce levels of pre-sleep arousal (Cincotta et al., 2010). Extant work in the literature has similarly demonstrated a negative correlation between mindfulness and rumination (Jain et al., 2007; Svendsen et al., 2017), hence we expected reductions in the survey item “dwelled on the past” following delivery of this module.

Hypothesis 2:The third module was an in vivo exposure intervention, aimed at facilitating habituation and inhibition of fear-conditioning. We hypothesized that the participant would report reductions in avoidance-related items (avoiding people, avoiding activities, procrastinating, and seeking reassurance) after delivery of this module, based on an abundance of previous work illustrating the effect of exposures on reducing avoidance (e.g., Foa and Kozak, 1986).

Hypothesis 3:The fourth module was a cognitive appraisal and reappraisals module, and it was hypothesized that after delivery the participant would report reductions in worry, and depression, and increases in positivity and contentedness, as reappraisals have previously been shown to reduced symptoms of stress and stress-related symptoms (Moore et al., 2008).

Hypothesis 4:Lastly, the fifth and final module was an emotion driven behaviors and emotional avoidance module. It was hypothesized that after this module, the participant would report further reductions in feelings of worry and depression, as a large body of work has indicated reductions in anxiety and depressive symptoms following emotional exposures (Foa and Kozak, 1986; Hayes et al., 2005).

This quantitative, survey-based approach allows for an in-depth investigation and quantification of therapeutic changes across the course of a modularized individualized therapy in a single participant. We propose that this novel design will lend greater insight into individual symptom perturbations throughout the course of therapy.



MATERIALS AND METHODS


Setting and Participant

Data was obtained as part of an ongoing research study at the University of California, Berkeley. The participant, a female in the age range of 25–35 years old, was initially recruited to participate in a multi-phase personalized treatment study, for which she completed an initial diagnostic assessment, 14 weeks of individualized therapy treatment, and phone surveys from after the diagnostic assessment through the conclusion of therapy. Inclusion criteria included the following: principal diagnosis of either GAD or MDD; no concurrent psychosocial treatment; the participant had not previously received CBT; no medical conditions were identified as contributors to anxiety problems (e.g., hypoglycemia, thyroid problems); and mania and/or psychosis were absent. All procedures of the study were conducted under the approval of the University of California, Berkeley Institutional Review Board. Additional demographic information can be found in Table 3.


TABLE 3. Demographic information for participant 007.
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Procedure

The participant was initially recruited via paper and electronic advertisements placed in the community. After obtaining verbal consent, she completed a brief telephone screening, and based on this preliminary information, the participant was invited for an in-person structured clinical interview. They presented to the University of California, Berkeley’s Department of Psychology building for clinical assessment, during which the anxiety and related disorders interview schedule for DSM-5 (Brown and Barlow, 2014), Hamilton Anxiety Rating Scale (Hamilton, 1959), and Hamilton Rating Scale for Depression (Hamilton, 1960) were administered by an advanced graduate student in clinical psychology. Results were reviewed with a supervising psychologist before the participant was invited to enroll in the study. After consent paperwork was reviewed, the participant took part in a two-phase study: Phase 1 required the completion of daily surveys to assess mood and anxiety disorder symptoms, and Phase 2 involved a 14-week cognitive-behavioral therapy treatment based on The Unified Protocol for Transdiagnostic Treatment of Emotional Disorders (Barlow et al., 2011; details described in Fisher, 2015). During Phase 2, the participant was instructed to continue the daily surveys in order to track progress in treatment. In both phases of the study, the individual received four text messages per day, each one containing a hyperlink to a web-based survey, resulting in four surveys per day. P007 completed surveys for a total of 42 days during Phase 1 (pre-therapy) and 140 days during Phase 2 (during therapy), with 158 and 437 total viable, non-missing observations for Phase 1 and Phase 2, respectively. The participant completed 96% of their surveys throughout Phase 1, and 78% throughout Phase 2, with an overall compliance rate of 82%.



Measures


•Anxiety and Related Disorders Interview Schedule for DSM-5 (ADIS-5; Brown and Barlow, 2014). The ADIS-5 is a semi-structured clinical interview designed to diagnose current anxiety, mood, and related disorders according to new DSM-5 criteria. This updated version of the ADIS-5 builds upon previous versions, which all exhibited well-established reliability. The ADIS-5 demonstrates good-to-excellent interrater reliability for DSM-5 disorders (kappa ranging from 0.67 to 0.86, with the exception of dysthymia, kappa = 0.31) (DiNardo et al., 1994).

•Hamilton Anxiety Rating Scale (HAM-A; Hamilton, 1959). The HAM-A is a 14-item clinician administered scale that assesses severity of anxious symptoms. This scale provides a severity rating of each overarching symptom cluster on a scale from 0 (not present) to 4 (very severe). Research has shown that retest reliability for the HAM-A was good (intraclass correlation coefficient 0.86) and interrater reliability ranged from an intraclass correlation coefficient of 0.74–0.96 (Bruss et al., 1994). Construct validity has also been demonstrated in clinical samples (Beck and Steer, 1991).

•Hamilton Depression Rating Scale (HAM-D; Hamilton, 1960). The HAM-D is a 13-item clinician administered scale developed to assess the severity of depressive symptoms. This scale provides severity ratings of each overarching symptom cluster on a scale from 0 (not present) to 4 (very severe/incapacitating). Internal consistency of the HAM-D ranges from adequate to good (0.73–0.81; Steer et al., 1987; Moras et al., 1992). HAM-D have also been shown to correlate significantly with self-report measures of depression in clinical samples (Steer et al., 1983).

•Digital Assessment Daily Survey Items. In addition to the extant DSM-5 GAD and MDD symptom criterion, daily surveys included four behavioral symptoms: (a) avoiding activities with possible negative outcomes, (b) preparing for possible negative outcomes, (c) procrastinating about taking action or decision making, and (d) seeking reassurance, as recent data have illustrated these behavioral symptoms to be significant features of GAD and MDD phenomenology (Beesdo-Baum and Knappe, 2012). The participant rated their experience of each symptom domain over the preceding 4 h (the surveys were randomized to roughly a 4-h interval schedule) on a 0–100 visual analog slider, with anchors of not at all and as much as possible anchored at the 0 and 100 positions, respectively. Survey items are presented in Table 4.




TABLE 4. Daily digital assessment survey items.

[image: Table 4]


Statistical Approach to Quantitative Survey Items

Data for each specific module-based hypothesis was subset for individual hypotheses. For analyses done on each specified module, data from that module and throughout the rest of therapy was used in order to assess the degree to which each specific module, or intervention, was associated with changes in the specific hypothesized downstream variables. For example, the Exposures module was the 4th module for this participant, so data was subset from the date that module started through the last day of therapy for the exposure module-based hypotheses, and data prior to delivery of that module was excluded. To then assess changes in the participant’s survey responses over the course of therapy, ordinary least squares (OLS) linear regression was employed to test response trajectories of each item. That is, separate linear regressions were applied to test the relationship between Time (coded in days) and changes in the dependent variable in question (e.g., worry, rumination, procrastination). The decision to use OLS regressions for trends over time instead of a multilevel approach was chosen due to much prior work in our lab indicating that one can handle intraindividual temporal dependence equally well with trend or AR components.



RESULTS

For OLS regression analyses, rows of data with missing surveys were excluded as a function of listwise deletion. In order to explore the presence of remoralization as predicted by Howard’s theory, we tested the degree to which the client experienced reductions in negative-affect items and increases in positive-affect items. Thus, the data was subset into the portion of time prior to the start of therapy, and then separate linear regression analyses were employed to predict specific negative affect items as a function of time. Results are presented in Table 5. Models for negative affect items of “dwelled on the past,” “felt worthless or guilty,” “felt worried,” “felt irritable,” “experienced a loss of interest or pleasure,” “felt threatened, judged, or intimidated,” “felt down or depressed,” and “felt angry” were all significant at the p < 0.05 level, indicating significant decreases in these negative affect items during the pre-therapy period.


TABLE 5. Separate linear regression models for the trajectories of negative affect items as a function of time during the pre-therapy period.

[image: Table 5]Positive affect items were tested in the same manner, with separate simple linear regressions to test trajectories over time during the pre-therapy period. All positive affect items emerged as significant; during the pre-therapy period, feeling positive significantly increased over time [β = 0.30, F(1,156) = 176.4, p < 0.01, R2 = 0.53], feeling energetic significantly increased over time [β = 0.30, F(1,156) = 184, p < 0.01, R2 = 0.54], feeling enthusiastic significantly increased over time [β = 0.32, F(1,156) = 173.9, p < 0.01, R2 = 0.52], feeling content significantly increased over time [β = 0.33, F(1,156) = 154.6, p < 0.01, R2 = 0.49], and feeling accepted or supported significantly increased over time [β = 0.17, F(1,156) = 29.69, p < 0.01, R2 = 0.15].

In order to test our first hypothesis, that participant would report reductions in restlessness and rumination following the mindfulness interventions, the data was subset to the time period after the module was delivered, and separate linear regression analyses were employed to test the trajectory of feelings of restlessness and dwelling on the past over time. Results were significant for restlessness, yet in the opposite direction then hypothesized; after delivery of the module, the participant reported significantly increased feelings of restlessness [β = −0.08, F(1,167) = 8.43, p < 0.01, R2 = 0.04].

In order to test the hypothesis that P007 would report reductions in avoidance-related items (difficulty concentrating, avoiding people, avoiding activities, procrastinating, and seeking reassurance) following the exposure module, data was again subset for after the module was delivered, and separate linear regression analyses were employed to test the trajectory of each avoidance-related item over time. Significant reductions were observed for difficulty concentrating [β = −0.16, F(1,122) = 7.82, p = 0.01, R2 = 0.05], avoiding people [β = −0.39, F(1,122) = 34.93, p ≤ 0.01, R2 = 0.22], and procrastinating [β = −0.25, F(1,122) = 19.18, p ≤ 0.01, R2 = 0.13]. Seeking reassurance significantly increased over time following the exposures module [β = 0.18, F(1,122) = 7.88, p = 0.01, R2 = 0.05], which we hypothesize may be due to the participant conceptualizing reassurance seeking as a pro-social quality rather than a safety behavior (more in discussion).

In order to test the hypothesis that the participant would report reductions in worry and depression and increases in positivity and contentedness following the reappraisal module, the data was again subset for after the module was delivered, and separate linear regression analyses were employed to test the trajectory of worry, depression, positivity, and contentedness over time. No significant findings emerged from these models. However, it should be emphasized that this may be due to the embedded nature of these constructs in all modules and symptomatic experiences. Thus, as a secondary analysis, we examined the entire therapy section of the time series to assess the degree of change in depression, worry, positivity, and contentedness across the complete treatment period. Results indicate significant reductions in depression [β = −0.04, F(1,434) = 28.88, p ≤ 0.00, R2 = 0.06] and worry [β = −0.07, F(1,434) = 95.23, p ≤ 0.00, R2 = 0.18], and a significant increase in contentedness [β = 0.02, F(1,434) = 4.69, p = 0.03, R2 = 0.01] over the complete treatment period.

In order to test the final hypothesis, that the participant would report further reductions in feelings of worry and depression, the data was again subset for after the final module was delivered, and separate linear regression analyses were employed to test the trajectory of worry and depression over time. Feelings of worry significantly decreased over time following delivery of this module [β = −2.05, F(1,17) = 5.71, p = 0.03, R2 = 0.21]. No significant findings emerged for feelings of depression.

In addition to the module-specific hypotheses, we also employed separate linear regressions for each survey item as a function of time over the entire therapy period to the data. Results are depicted in Table 6. Significant reductions were observed for the following items: dwelling on the past, loss of interest or pleasure, procrastinated, and feeling worthless or guilty, hopeless, worried, irritable, threatened or judged, down or depressed, restless, fatigued, and energetic. Significant increases were observed for the following items: sought reassurance, feeling content, and feeling accepted or supported.


TABLE 6. Separate linear regression models for the trajectories of all survey items as a function of time during the entire therapy period.
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DISCUSSION

The current study uses an observational N-of-1 case study design on intensive repeated digital measures data to investigate the nature of change throughout the course of a modularized therapy. Analysis of the intensive repeated measures data revealed improvements in the pre-therapy period, providing additional evidence for Howard’s remoralization theory (1993). This theory states that the first of three sequential changes throughout the course of psychotherapy is an improvement of the patient’s sense of well-being (remoralization), and typically occurs quickly in response to setting up an appointment, getting advice, and other occurrences that tend to happen prior to and at the onset of psychotherapy, including the work done within the first three sessions. Previous work in a variety of treatment settings has found support of this theory, including early gains in optimism very early in a depression treatment study (Schwartz, 1997), and early increases of subjective well-being, followed by reduction of symptom distress, in a study applying the phase model to short-term psychodynamic psychotherapy (Hilsenroth et al., 2001). In the present study, during the first 30-day monitoring period, the participant exhibited significant decreases in negative affect and accompanying significant increases in positive affect. This suggests that the survey paradigm employed in the present study—which might be considered a form of self-monitoring—may serve as a first-step intervention, capable of improving well-being. Extant work has also found support for self-monitoring as a first step in behavior change (Spates and Kanfer, 1977). This understanding that improvement in symptoms can result solely from self-monitoring is important to the first therapy sessions with a patient, and may provide evidence that ecological momentary assessment techniques used prior to therapy may have an intrinsic therapeutic effect in and of themselves.

Pertaining to the module hypotheses, support was found for some, but not all, of our initial hypotheses. After the mindfulness module, it was predicted that restlessness would decrease, yet findings supported change in the opposite direction than hypothesized; after delivery of the module, the participant reported significantly increased feelings of restlessness. However, we should note that this increase accounted for only 4% of the variance in restlessness, leaving 96% unexplained. Thus, this increase may be secondary to other, predominant phenomena. Nevertheless, one explanation for this finding is that we did not assess whether or not the participant continued to use the mindfulness exercises following this module, and perhaps they did not incorporate the mindfulness work into any more of their treatment. A second explanation may be that restlessness can occur as one tries to quiet the mind in the beginning stages of meditation; a study investigating the effects of an MBSR on nurse stress and burnout similarly found that, while the program was overall effective at reducing stress, when the participants were asked about the challenges of the program the most common response was restlessness, which was mentioned by 52% of the nurses, with comments such as, “my mind is everywhere,” “my body feels restless,” and “it’s so hard to concentrate!” (Cohen-Katz et al., 2004). Perhaps instituting a more frequent mindfulness practice following this module could mitigate these issues in future work.

Our hypotheses following the exposure module were supported. Significant reductions were observed in difficulty concentrating, avoiding activities, and procrastinating following delivery of the module, illustrating actual changes in the hypothesized downstream targets of the intervention. Of note, endorsement of reassurance seeking significantly increased over time following the exposures module, however, we hypothesize that this may be due to the participant conceptualizing reassurance seeking as a pro-social quality rather than a safety behavior. Support was not found for our hypothesis following delivery of the cognitive appraisal and reappraisals module, which we believe may be due to the fact that the predicted targets of worry, depression, positivity, and contentedness were too broad, and that future work should include more specific questions aimed at assessing the success of this intervention (e.g., questions aimed at assessing catastrophizing, overconfidence, and flexible thinking). As noted in the results, an exploratory analysis that examined changes in these constructs over the complete treatment period revealed significant change—in the expected direction—for each, demonstrating that these variables were affected by the treatment generally. Lastly, our hypothesis that worry would decrease after the emotion driven behaviors and emotional avoidance module was supported, illustrating that targeting avoidance in this one individual subsequently improved their worry over the course of this treatment.

In addition to the individual hypothesized changes and subsequent findings, the overall treatment prescription for this individual participant was successful at reducing her symptoms of major depressive disorder and generalized anxiety disorder. The participant began therapy with HAM-A and HAM-D scores of 17 and 11, respectively, indicating that the participant was in the mild severity range of both depressive and anxious symptomatology. One week after the participant completed therapy, her scores for the HAM-A and HAM-D were 4 and 3, respectively, indicating that she fell in the normal ranges for both assessments. Furthermore, separate linear regressions for each survey items as a function of time were conducted over the entire therapy period. The results (Table 6) show significant reductions for the majority of negative affect items, and significant increases for many positive affect items. The participant therefore, upon self-report of the surveys, felt a reduction in negative affect and increase in positive affect throughout therapy.


Limitations

Limitations of the present study include the use of a single participant, as well as utilizing a method of assessing change per specific module. The changes may have been due to overall changes across the entire therapy period and not due to the specific intervention taking place. Our method of subsetting the data attempted to minimize this from occurring. Other time series designs, including multiple baseline and interrupted time series, may be useful for addressing these questions in the future; since we were performing secondary analyses to a primary study that did not employ these types of designs, we were not able to utilize one here.



Future Directions

Idiographic approaches to treatment research are growing in popularity. In order to develop more efficient and targeted interventions, researchers and clinicians alike have called for idiographic hypothesis testing to investigate mechanisms of change within individuals over the course of a treatment period. This approach is not new to clinicians, as evidenced by existing conceptualization methods that integrate different modalities to meet the needs of the presenting problems of the individual client, including case formulation driven approaches for cognitive behavior therapy (Persons, 2012), and psychotherapy integration approaches (Stricker and Gold, 1996). Many recent research groups have demonstrated the utility of such approaches, primarily investigating quantitative changes to investigate whether alterations on certain treatment parameters or symptoms predict subsequent changes over time (Brown et al., 2019). This work provides yet another important avenue by which to investigate treatment changes idiographically, serving as a model for a quantitative approach.

It is important to note that while conducted on a single individual, this work was analyzed ideographically, and thus findings are not meant to generalize to other individuals, but rather are meant to illustrate how idiographic work such as this can be utilized perhaps for prediction models (i.e., used to improve prediction of response in the future for that specific N-of-1 unit). Previous inferences made from psychological and medical research (e.g., treatment development, personality research) are typically drawn from statistical tests conducted on aggregated, group-level data, with the implicit assumption that group-level inferences, or findings, will generalize to the individuals who comprise those groups. Often overlooked in this assumption is the problem of ergodicity. Broadly speaking, ergodicity refers to a process by which individual variation can be inferred from group-level data. Historically, the field of psychology has assumed that most processes are ergodic in nature. But this assumption is not always upheld, and recent work by Fisher et al. (2018) found that in self-reported emotion data (and other types of data) the processes were not ergodic. In fact, they found that the variance at the individual level of analysis was up to four times larger than at the group level. Assuming ergodicity for non-ergodic processes leads to misinterpretations of findings that stall the pace of progress in the field. Idiographic work such as this can help to mitigate this gap and provide a groundwork for personalized prediction models.

Furthermore, as noted in the introduction, some researchers believe that therapeutic elements of therapy are due to common factors across all techniques, not specific interventions themselves. Our approach, and supporting evidence, however illustrates the ability to discern specific effects attributed to certain interventions.

The methods employed and findings indicated here also have the potential to aid psychotherapists in routine care by helping them assess whether their interventions are working. By employing routine progress monitoring, whether through daily phone surveys or other methods such as one-time daily diaries, psychotherapists can visualize reductions in symptoms over time and assess whether they are targeting the symptoms they hope, and thus conclude that their prescribed treatment course is effective, or if they need to change course. Methods to collect intensive repeated measures prior to therapy delivery have already been employed in naturalistic settings such as a University health center (e.g., the UC Berkeley Psychology Clinic). These therapists could continue to collect similar data and employ the methods outlined here in order to assess the efficacy and accuracy of their interventions.



CONCLUSION

In conclusion, future work should continue to utilize digital health tools to administer quantitative surveys, such as this, as well as other methodologies (e.g., multiple baselines and interrupted time series designs) in order to better understand the nature of change in psychotherapeutic treatment.
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INTRODUCTION

The human microbiome has been a topic of interest for both research and clinical applications in recent decades. However, the considerable gut microbial variation observed across human populations poses a challenge in terms of targeted interventions. Diet (1), exercise (2), age (3), ancestry (4), and geographic latitude (5) all influence the composition of the gut microbiome. The individualized nature of microbiome compositions makes responses to modulatory interventions, including probiotics, prebiotics, and fecal microbiota transplantation, subject-specific (6).



MICROBIOME VARIABILITY AND HOST CHARACTERISTICS


Host Characteristics Influence Individual Variation in Gut Microbiota Composition

Host features govern the types of niches available for occupation such that only microbes adapted to host ecological conditions can successfully colonize. For this reason, autochthonous strains are more likely to possess the traits necessary to successfully persist in gut ecosystems, accounting for the failure of most allochthonous probiotic strains to colonize. Genes that encode for traits such as mucosal adherence and acid resistance can confer greater ecological fitness in a host environment (6). Habitat filters are influenced by various factors, including a host's genetics, metabolism, diet, and environment, and select for microbes with common traits, leading to phylogenetic underdispersion. Out of the hundreds of phyla encountered in terrestrial and aquatic ecosystems, the human gut is dominated by only five, illustrating the impact of selection through habitat filters (7). Certain gene polymorphisms can differentially impact intestinal microbiota composition through provision of adhesion sites and growth substrates such as secreted glycans (6).

The FUT2 gene encodes for fucosyltransferase, which is responsible for the synthesis of the H antigen that serves as the precursor to the ABH histo-blood group antigens in mucus and other bodily secretions. Individuals that are homozygous for any non-functional FUT2 allele are known as non-secretors and will not present ABH antigens on epithelial cell surfaces whereas individuals carrying at least one functional FUT2 allele will express ABH antigens on intestinal mucosal surfaces (8). Secretor status determines the expression of fucosylated glycan epitopes in the human intestine, and the FUT2 non-secretor phenotype has been linked to alterations in the gut microbiome in the form of reduced bifidobacterial diversity, richness, and abundance (9). However, large-scale studies have not been able to replicate these reports (10, 11). Collecting and analyzing additional metadata on diet and lifestyle habits may help resolve some of the discrepancies observed between different studies. A murine study, for example, showed that FUT2 secretor status-associated changes in intestinal microbiota composition are diet-dependent (12). Citizen science initiatives, such as the American Gut Project, can help evaluate the effects of interactions among host genetics, diet, and environment on microbiome composition on larger scales. Analyzing patient sequencing data along with self-reported metadata may also help elucidate possible associations between the non-secretor phenotype and increased risk of certain diseases, including Crohn's disease, type 1 diabetes, vaginal candidiasis, and urinary tract infections (13).



Efficacy of Microbiome Modulatory Interventions Depend on Baseline Host Characteristics

An individual's baseline microbiota composition determines the types of dietary fibers that may be fermented to produce short-chain fatty acids (SCFAs) such as butyrate. The microbiomes of some individuals may be capable of fermenting pectin to produce SCFAs while the microbiomes of others may require inulin to achieve the same effect (14). The inherent heterogeneity among the gut microbiota of healthy humans differentially affects functional degradation of fibers and the SCFAs produced in response (15). Dietary fiber may also improve glucose homeostasis in a subset of patients through colonic production of SCFAs; acetate and butyrate have been shown to stimulate production of glucagon-like peptide-1 (GLP-1) and peptide YY (PYY), which in turn stimulate insulin secretion. A study examining dietary fiber interventions in type 2 diabetes patients found that the microbiomes of positive responders possessed more genes for plant fiber utilization while the microbiomes of negative responders were more enriched in genes for utilization of animal carbohydrates derived from mucin (16). Data on a patient's microbiome composition may therefore be able to inform personalized dietary intervention strategies targeted toward increased SCFA production in order to ameliorate disease phenotypes.

Before targeting colonic SCFA production, it may be judicious to first evaluate a patient's immune system activity in order to prevent potential adverse effects. A study conducted by a research group from the Massachusetts Institute of Technology used microphysiological systems to demonstrate that SCFAs can either ameliorate or exacerbate ulcerative colitis disease severity depending on the activation state of CD4 T cells. In the setting of T cell-mediated acute inflammation, SCFAs led to further gut barrier disruption and hepatobiliary damage (17). Observations from a randomized controlled trial (RCT) on the use of fecal microbiota transplantation (FMT) in ulcerative colitis patients further elucidate the interface between immune system activation and host response to the resident gut microbiota, as individuals on immunosuppressive therapy were more likely to benefit from FMT compared to patients who were not on immunosuppressive therapy (46 vs. 15%) (18). Thus, immune-modulating strategies may theoretically help facilitate successful strain engraftment.



Individualized Microbiome Features Govern Strain Engraftment Efficacy

Exogenous species are more likely to successfully engraft through FMT when related species are already present (19). In light of this knowledge, reducing recipient microbial load with antibiotics may hinder successful engraftment of the donor microbiota (20). A study evaluating the effects of Rifaximin pre-treatment compared to FMT alone for the treatment of ulcerative colitis reported no significant difference between groups in terms of disease activity (21). Changes to gut microbiota composition caused by colonic lavage or laxative use may also have unintended effects on FMT efficacy (22). While Li et al. reported that new strains transfer more easily than new species, Stecher et al. similarly described a “like will to like” principle, suggesting that successful colonization of both pathogenic and commensal strains is dictated by prior establishment of related species (23). A research group from the University of Milan observed a significant increase in Proteobacteria abundance and a significant decrease in Firmicutes abundance at the phylum level immediately after colon cleansing (24). Considering the implication of high Proteobacteria abundance in various human diseases (25) and its possible utility as a marker for dysbiosis (26), bowel preparation procedures prior to fecal transplantation may negatively impact FMT efficacy by preferentially facilitating the engraftment of potential pathobionts, but this possibility would warrant further research.

While conspecific strains exhibit greater colonization success than new species (19), ecology theory conversely predicts that competition among phylogenetically related strains will be greater as a result of trait similarity and niche overlap. Consequently, the presence of certain strains at baseline may prevent the colonization of other strains within the same species due to competitive exclusion, or phylogenetic limiting. A study examining strain engraftment in the human gut found that B. longum subsp. longum AH1206 was more likely to successfully engraft in hosts who did not already harbor native B. longum strains, suggesting niche availability as a limiting factor for persistence. However, while baseline B. longum abundance generally inversely correlated with AH1206 persistence, this pattern did not hold true for all subjects. Since traits that define niches are not always phylogenetically conserved within species, researchers also evaluated metagenomic data in order to assess differences in functional microbiome composition between persisters and non-persisters. Specifically, AH1206 was able to engraft in a subset of subjects whose microbiome lacked certain carbohydrate utilization genes characteristic of B. longum strains (27). In regards to niche availability, functional gene distinctions may be more predictive of exclusion effects than phylogenetic considerations under certain environmental conditions, as horizontal gene transfer can facilitate the emergence of functionally similar bacteria in phylogenetically distinct taxa (28). The factors that determine whether habitat filtering or competitive exclusion takes precedence will likely include contextual and taxonomic considerations (6).



Considerations of Host-Microbe Coevolution May Enhance Efficacy of FMT

Whereas sharing a joint evolutionary history is a characteristic of autochthony (6), colonization of strains that did not evolve with a given host may result in hologenomic disequilibrium and cause negative health effects in the form of certain increased disease risks. For example, the presence of a specific strain of Helicobacter pylori in a host that did not coevolve with that microorganism was associated with an increased risk of gastric cancer (29). Additionally, the equilibrium of hunter-gatherer microbiota may be disrupted after exposure to a Western diet and switch to a state of dysbiosis. Thus, classifications of “commensal” and “pathogenic” may be relative and dependent on evolutionary history among other considerations, underlying the importance of stratifying stool donors by ethnogeographic and social factors (30). Furthermore, most metagenomic studies sample both study and control groups from the same population, which is exposed to similar environmental conditions common to urban lifestyles in developed countries, suggesting that many “healthy” subjects may simply be in a prodromal period. For these reasons, FMT donor screening on the basis of pathogen testing alone may be insufficient to prevent potential adverse outcomes in recipients, and more rigorous screening may include clinical laboratory data as well as metagenomic analyses.



Clinical Outcomes in Response to FMT May Be Donor-Dependent

Microbial communities that exhibit greater phylogenetic diversity and evenness are considered more resilient to invasion. As a result, fecal microbiota transplantation results in a higher degree of engraftment in patients exhibiting severe microbiome perturbation, such as that encountered in the setting of active C. difficile infection, compared to patients with metabolic syndrome (19). High levels of genetic diversity in an incoming community increase the chance of successful invasions, as some organisms will likely possess the adaptations necessary to thrive. In particular, high microbial richness has been shown to be one of the most important factors in determining FMT outcome (31). While most literature on FMT has focused on bacteria as the therapeutically active agent, recent research suggests that phages may play a more significant role in disease resolution than previously realized. Donor-derived phages may target indigenous species of the host microbiome, expanding niche availability for incoming microbes. Zuo et al. reported that treatment response to FMT was associated with bacteriophage transfer involving Caudovirales taxa (32).

Based on the condition being treated, donors with certain microbiota profiles may be more effective than others. For example, fecal microbiota enriched with Bifidobacterium has been shown to be a positive predictor for the efficacy of FMT in IBS patients. Donor material rich in Bifidobacterium may stimulate the growth and expansion of undetectable strains in recipient microbiota to match the level of diversity observed in donor microbiota (33). In this manner, the efficacy of FMT likely depends upon stimulation of recipient microbiota by donor material rather than literal “transplantation” of donor microbiota. Similarly, an RCT examining the effects of FMT in patients with ulcerative colitis found that remission among responders was associated with increases in bacterial abundances of Clostridium clusters IV and XIVa (34). Another RCT involving UC patients found that FMT treatment success in response to one particular donor, donor B, was 39% vs. 10% for other donors, providing further evidence that clinical outcomes may be donor-dependent. The two most commonly used donors in the study, donor A and donor B, displayed significant differences in taxonomic composition, including enrichment in the family Lachnospiraceae and the genus Ruminococcus in donor B and enrichment in the order Clostridiales and the genera Escherichia and Streptococcus in donor A (18). The donor-dependent nature of FMT efficacy may help explain the disparity in clinical results observed among different studies conducted on a specific condition.




CONCLUSION

Given the considerable amount of variation observed in human populations, bridging the gap between microbiome research and clinical applications may allow for more targeted, personalized recommendations based on diet, ancestry, geography, and physiology as well as microbial phylogenetic, metagenomic, and metabolic considerations.
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N-of-1 tools offer the potential to support people in monitoring health and identifying individualized health management strategies. We argue that elicitation of individualized goals and customization of tracking to support those goals are a critical yet under-studied and under-supported aspect of self-tracking. We review examples of self-tracking from across a range of chronic conditions and self-tracking designs (e.g., self-monitoring, correlation analyses, self-experimentation). Together, these examples show how failure to elicit goals can lead to ineffective tracking routines, breakdowns in collaboration (e.g., between patients and providers, among families), increased burdens, and even designs that encourage behaviors counter to a person's goals. We discuss potential techniques for eliciting and refining goals, scaffolding an appropriate tracking routine based on those goals, and presenting results in ways that advance individual goals while preserving individual agency. We then describe open challenges, including how to reconcile competing goals and support evolution of goals over time.
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INTRODUCTION

N-of-1 designs have received attention for their potential to facilitate understanding and management of health conditions that require individualized insights and approaches (1, 2). N-of-1 studies come in a variety of designs [e.g., Heyvaert and Onghena (3) and Daskalova et al., (4)], including self-monitoring, in which people track data related to their condition to examine progress toward goals or changes over time [e.g., Mishra et al., (5), Ayobi et al., (6), and Consolvo et al., (7)]; correlational analyses, in which people investigate what factors may affect their symptoms [e.g., behavioral, environmental, medical; (8)]; and self-experiments, in which people determine causality between factors and symptoms [e.g., Karkar et al., (9) and Riggare et al., (10)]. Each of these designs can support a range of goals. Self-monitoring can support tracking and tuning behaviors and understanding whether a condition is worsening (providing cues to take action) or improving (providing motivation to continue one's current management plan). Correlational analyses can support diagnosis and formation of hypotheses among possible contextual and behavioral factors and resulting outcomes. Self-experiments can provide additional rigor in testing relationships between individualized contributors and symptoms and in evaluating whether a management plan is effective.

Many people, individually or with support and encouragement from their healthcare providers, begin n-of-1 studies but struggle to achieve their goals (11–13). Drawing on research on using technology to collect, integrate, and reflect on data about oneself [self-tracking or personal informatics; (14)], we first examine how designers of n-of-1 tools often take a “data-first” perspective that does not place sufficient emphasis on understanding and supporting personalized goals. We then illustrate how this perspective leads to misalignments between people's goals and the tools they use, or among people collaborating to understand and manage a health condition, as well as emergent design techniques for addressing these challenges. Finally, we discuss unaddressed challenges for researchers and designers of tools that support n-of-1 studies.



ARTICLE CONTEXT: OUR RESEARCH IN N-OF-1 STUDIES AND TOOLS

In this viewpoint article, we examine and reflect on findings from our n-of-1 research. Across this research, we have surveyed 1,396 people with chronic conditions, and conducted interviews, participatory design sessions, or focus groups with 108 people with chronic conditions and 32 health providers (9, 15–21). We also draw on three field deployments of novel prototype systems with 48 people (22, 23). Although most these studies were grounded in specific conditions (irritable bowel syndrome, migraine, juvenile idiopathic arthritis) or health behaviors (sleep, healthy eating), we anticipate the implications of this research apply broadly to n-of-1 studies. All studies were approved by the Human Subjects Division at the University of Washington.


Hypothesis Formation and Hypothesis Testing in Irritable Bowel Syndrome Management

Irritable bowel syndrome (IBS) is characterized by episodic gastrointestinal symptoms that are often caused by individualized dietary factors [i.e., different nutrients can be “triggers” for different individuals; (24)]. Providers often advise their patients record their foods and symptoms in a journal to attempt to identify these triggers, but both patients and providers struggle to interpret the data (16). We explored how the design of n-of-1 tools can better address these challenges. We then examined how interactive, exploratory visualizations can help people and their health providers better interpret their data and collaborate with each other (17). We further developed Foodprint, a photo-based food journaling system that reduces burden and explicitly elicits the patient's goals to better support personalized, actionable, collaborative review (23). Finally, we examined how self-experimentation could help people determine causality between a symptom and trigger (22). We designed, developed, and evaluated a system to support such self-experimentation, and investigated how Bayesian analyses could better answer the questions people want to answer via self-experiments (20). Together, these studies provide insights around how n-of-1 tools can help people form and test hypotheses about their personal IBS triggers.



Supporting Distinct Personalized Goals in Migraine Management

Migraine is characterized by unpredictable, intermittent, and poorly understood symptoms. Similar to IBS, providers often recommend their patients with migraine self-track to better understand and manage their migraines, but both again struggle to find value in the resulting data (18). We investigated how to better support individualized migraine management. We first investigated challenges and pitfalls people currently face, characterizing distinct types of migraine tracking goals people would like to pursue. We then developed and investigated goal-directed self-tracking, a new method that scaffolds the process of deciding what, when, and how to track toward a specific goal, and analyzes and visualizes the resulting data to support that goal (20).




SOURCES AND CONSEQUENCES OF GOAL MISALIGNMENTS

Both the tools used for n-of-1 studies and the people involved in planning, interpreting, and acting on those studies can be sources of goal misalignments. We draw on our results, as well as related research, to illustrate these misalignments.


Tools as Source of Goal Misalignment

People conducting n-of-1 studies for insights into their health often adopt tools that are misaligned with their personal goals. These misalignments generally fall into three categories: (1) designs that operationalize a broad goal in ways that are inconsistent with an individual's operationalization of that goal; (2) assumptions that a tracking goal implies other long-term goals; (3) data-first views that fail to scaffold use of that data to support individualized goals.

Designers often make assumptions about how people pursuing their own n-of-1 studies operationalize their goals in their daily lives. For example, many applications designed to support healthy eating promote calorie-counting goals (15). People pursue healthy eating goals, and adopt tools in support of those goals, for much more varied reasons (e.g., improving their energy levels, adopting a diet that they believe has health benefits, trying to reduce certain foods, managing an eating disorder) (15, 25). Tools that operationalize every goal as calorie counting both fail to support people's true goals and can lead to negative feelings and counterproductive behaviors (15).

Similarly, designers often assume that people track to pursue certain long-term goals. For example, most commercial menstrual tracking apps embed an assumption that people track to become or avoid becoming pregnant (26). This assumption can lead to features that are irrelevant or hurtful (e.g., an annoyance for people who are not having sex that could result in conception, a painful reminder for people who cannot conceive). We have been happy to see a trend toward making such features optional and disabled by default (e.g., in Apple's new cycle tracking application), but more work is needed to apply such design principles consistently across self-tracking tools.

An approach of creating general-purpose tools that allow people to collect a large range of data in various ways and to run analyses on that data may seem promising; a flexible tool could support a range of goals (27). However, this approach also leads to problems. Some self-tracking applications do enable collection and integration of large amounts of data, with the idea that supporting flexibility is the same as supporting individualized goals. However, flexibility is not the same as support. Added flexibility for configuration requires a system to also support understanding how to configure for one's goals. This problem is particularly salient in n-of-1 tools, where people may not know what goals are achievable or reasonable (20) or how to translate their goals into tracking plans (28).

Even when people bring their own well-defined, achievable goals to n-of-1 tools, they face burdens when tracking and analyzing resulting data. They may reach incorrect conclusions or abandon a tool after considerable effort but without reaching their goals (11, 29). Tracking tools designed with a data-first view may also prioritize collection of as much data as possible, even when lower-burden tracking would also support a person's goals.



People as a Source of Goal Misalignment

Whether people conducting n-of-1 studies initiate those studies themselves or under the advice of a health provider, they frequently turn to others for support (e.g., family, peers, health experts). However, collaborators sometimes assume certain goals for both for why the person is tracking (e.g., management goals regarding what they want to address in their health and tracking goals regarding the information can help them achieve those management goals) and how they should track. Such assumptions can introduce misalignment in configuring, interpreting, and acting on self-tracking data (19).


Misaligned Management Goals

A person's goals for managing their health sometimes differs from their health provider's (16). For example, when reviewing food and symptom diaries, providers often try to identify potential contributors to a patient's digestive symptoms and suggest they eliminate those potential contributors. However, due to personal preferences and priorities, patients may instead choose to continue eating certain foods, tolerating resulting symptoms and planning for how those symptoms will affect their lives. Other patients may initially restrict their diet as suggested to control their symptoms, then collect food and symptom data toward a goal of re-diversifying their diet, which a provider may not expect if not explicitly told (17). Patients also sometimes use food and symptom diaries to elicit emotional support, such as seeking recognition of their effort in managing symptoms or showing the data as evidence of how symptoms affect their life. Although providers may primarily expect to use data for diagnosis and the design of treatment plans, acknowledging these other potential patient goals is also important throughout the collaboration.

People with migraine and health providers also encounter tensions when their management goals do not align (18). For example, prescription medications can prevent symptoms for some people with migraine. As many providers assume their patient's primary management goal is symptom prevention, a common first step in migraine treatment is to prescribe medications. However, some people with migraine have management goals of preventing symptoms without medications. One patient described this misalignment: “[My doctor's] approach was much more like, ‘Let me figure out what drugs I can give you to have you stop having these headaches', rather than figuring out why I'm having them. I'm much more like, 'I want to know why this is happening'.”



Misaligned Tracking Goals

Even when management goals do align, misalignment in tracking goals can still be detrimental in collaborations (e.g., within a family, between patients and providers). When providers encourage patients to track what they eat and relevant health indicators, they sometimes review the tracked data with the patient once and then expect the patient to continue independently reviewing data. However, provider disengagement with data can dissuade people from continuing tracking or suggest that self-tracking is no longer useful. We found similar misalignments in migraine, where some providers assumed patients would be able to analyze their data to identify trends.

Providers can also be removed from the lived experience of self-tracking, leading them to recommend burdensome tracking routines (16, 20). For example, providers might assume patients want the most validated answers possible and recommend rigorous but high-burden tracking (e.g., paper diaries detailing every consumed food). Patients may instead sacrifice some rigor to find a tracking regime that fits better in their life (e.g., a photo-based food diary that loses some detail but retains a reasonable record with less effort). In migraine, providers do not always recognize the burden of daily tracking, so they might recommend it given potential value of having more data [e.g., “obviously I like my patients to track every day,” (20)]. However, people might prefer to reduce their tracking burden by building in breaks or tracking only when they experience symptoms.

Misalignments in management and tracking goals also interact to create further problems. For example, many people with migraine track with a goal of predicting the likelihood of symptoms so they can prepare for or attempt to prevent those symptoms. They often focus on tracking contributors to ensure they will notice contributor accumulation, which can result in symptoms. However, providers generally focus on overall symptom frequency, rather than the consequences of symptoms on a particular day. They therefore often want patients to focus on tracking treatments and symptoms. A patient's desired tracking routine may therefore differ from their provider recommendations.





BETTER SUPPORT FOR GOALS IN N-OF-1 TOOLS AND PROCESSES

Emerging design patterns can support explicit goal alignment and pursuit. These patterns include supporting patients and providers in aligning goals, configuring tracking routines to support goals, and analyzing and presenting resulting data to provide actionable insights that advance goals.


Eliciting and Aligning Patient and Provider Goals

Systems and health experts can prompt patients to articulate their goals, which can help people plan their tracking and subsequent actions.

In our research to support n-of-1 studies in migraine, we designed an interface to elicit a person's tracking goals (Figure 1). We first asked people to define their migraine tracking goal in their own words. Participants sometimes struggled to express their goals, but presenting explicit examples helped them reconcile their management and tracking goals. After expressing their goal, our design prompted people to categorize that goal as one of three distinct migraine tracking goal categories we had previously characterized (18). All participants reported being able to select a goal category that articulated why they wanted to track migraine-related data. The explicit categories also helped participants hypothesize about goals they might want to pursue in the future and helped differentiate those goals from their current goals. For example, one participant wanted to focus on learning about her migraines, but thought that, once she understood more, she would want to transition to a monitoring or predicting goal. Another ultimately wanted to learn about her migraines but decided to first focus on a lower-burden monitoring goal before committing to a goal that might require longer or more frequent tracking routines. Explicit goal categories therefore helped participants to navigate the critical path between their management and tracking goals and to reason about what goals would be most feasible and helpful to them at present and in the future.


[image: Figure 1]
FIGURE 1. Our goal-directed self-tracking prototype for migraine elicited people's tracking and management goals.


Designs can also support communication about goals between patients and providers. In our food tracking research, we designed a pre-visit note to support explicit patient-provider communication about goals (23). The note elicited patient goals for the visit, their own summary of their data, and their questions for health providers. Providers could view this note at the start of a visit with that patient. Both patients and providers paid more attention to the patient's goals and questions during visits with the note. Having these explicit goals also helped providers tailor their advice to patient priorities. For example, one provider saw that a patient valued eating certain foods that could contribute to symptoms. Rather than urging that patient to eliminate those foods, they instead talked about alternative ways to prepare them that might mitigate symptoms. Another patient-provider pair also chose to focus on stress management instead of food elimination, because the patient had a goal of maintaining dietary diversity. Having awareness of a patient's goal allowed providers to better develop individualized management plans.



Scaffolding the Right N-of-1 Study Design Based on a Person's Goals

After a person's goals are understood, designs can scaffold n-of-1 studies that support those goals with the least burden by either matching people with the right tool among many or by changing how a tool is configured.

To support healthy eating and IBS management, Foodprint supported configurations specific to different goals (23) (Figure 2, left). For example, when individuals expressed a healthy eating goal of “eating more balanced meals,” we configured their app to support annotating food groups (fruits, vegetables, grains, protein, dairy, oils). Individuals who wanted to understand relationships between food and mood or stress could instead report stress level and mood. Finally, for people tracking to understand potential IBS symptom contributors, we configured Foodprint to record common contributors and symptoms. During onboarding, researchers elicited patient goals to configure the tool, but we envision the design of onboarding processes that elicit goals and configure an appropriate n-of-1 tracking tool.


[image: Figure 2]
FIGURE 2. By eliciting people's tracking goals, we could configure the Foodprint food diary application to better support those goals. People who wanted to test the relationship between a specific potential contributor and symptoms, however, benefited more from using our self-experimentation application, TummyTrials (rightmost).


In our work on goal-directed self-tracking for migraine, we designed and evaluated low-fidelity prototypes for such an interface (20). Transforming goals into tracking regimes helped people avoid common tracking pitfalls. The system could prompt people to track all of the data they would need to support their goal, avoiding a breakdown in which people do not track all the data needed to meet their goals. It also could guide them away from tracking too much data, avoiding a breakdown in which people track too much, become fatigued, and abandon tracking. For example, when a person selects a goal of identifying contributors to their migraines, the system walks them through selecting symptoms and contributors they want to investigate. When a person selects a goal of monitoring their migraines, which typically does not require tracking contributors, the system encourages a focus on symptoms.

Given the variety of possible management and tracking goals, no single tool can realistically support every goal a person might have. Tool selection, and communication of a tool's limits, is therefore as important as tool configuration. Consider a person working to understand what factors contribute to their gastrointestinal symptoms. They might use Foodprint for preliminary analyses that suggest caffeine or lactose may be a trigger. However, that person might only consume caffeine when stressed, and might only consume caffeine in lattes. Each of these factors (i.e., caffeine, lactose, and stress) is a potential contributor, but Foodprint's correlational approach cannot untangle their confounds. Doing so requires a rigorous self-experiment, which is challenging for people to design and conduct due to the need for expertise in health, experimental design, and appropriate tracking burden (11). A system designed to scaffold such self-experiments (Figure 2, right) can design an appropriate experiment and explicitly support a corresponding tracking routine and analyses of results (9, 22). Guiding people to the right tool for their goal is therefore necessary: a person with a specific hypothesis would likely prefer a self-experimentation app, whereas a person who wants to learn about potential contributors would likely prefer a tool that supports correlation-based analyses of a broader range of factors.

Each n-of-1 design has a range of possible analysis approaches. In our correlational analysis of food photos, we explored both visual analysis of photos grouped by symptom severity and quantitative analysis graphing correlations between nutrients and symptoms (17, 23). Both approaches had advantages. Photos facilitated conversation and better supported action planning; the quantitative analysis supported understanding more complex nutrient-symptom interactions. Our work in self-experimentation revealed other tradeoffs. Our initial analysis presented a graph and a summary of a statistical analysis, including a p-value (22). This familiar (although flawed) statistical detail contributed to a sense of validity and trust for participants. We have since shown that Bayesian analyses can better support the questions people ask from n-of-1 studies and the decisions they want to make using those answers (18). Across all study designs and analyses, grounding results in examples from a person's data (e.g., particular foods, days when symptoms were severe) facilitated understanding and helped them determine next steps.




FUTURE CHALLENGES

Our research shows that eliciting goals and configuring systems to support them is often less straightforward than it sounds. Participants often approach tracking with underspecified [e.g., “I don't know [what my goal is]. I just want to know how to get rid of them faster,” (20)] or unachievable goals. Techniques outlined above can help, but goal elicitation and specification remain challenging (28, 30).

Even when people can articulate and fulfill tracking goals, knowing the answer to a question can be far from acting on it. Research should develop techniques for providing actionable guidance tailored to a person's goals and their context, such by using explicit goal elicitation alongside context-aware computing [e.g., Rabbi et al., (31) and Lee et al., (32)]. Similar to our scaffolding for migraine tracking (20), others have proposed interactive instructional materials, such as for effective planning (32). Designers might also develop techniques for helping people anticipate possible answers to a range of possible questions, so they could decide whether they would want to act on any of those answers before they begin tracking. This information would allow people to exclude n-of-1 studies designed to provide answers on which they would not want to act or that would provide insufficient evidence for them to act.

Fully supporting goal-directed self-tracking also requires supporting goal evolution, both between and within goals. People often change their goals as their understanding, experiences, and needs change (19, 33–35). For example, a person with migraine may initially want to learn about their migraines (e.g., understand what causes their symptoms), then switch to monitoring. Tools should support explicitly making such changes.

We have thus far designed and evaluated n-of-1 systems that focus on one person's goals and what their health providers believe those goals are or should be. However, many health behaviors are influenced by others, especially the people with whom one cohabitates, such as family members (36, 37). In such situations, we might instead think of the unit of analysis as a family. Within that family, people might have shared goals, compatible goals, or conflicting goals (21). Such uses will likely require new n-of-1 designs and approaches.



CONCLUSION

New technologies for collecting, integrating, and analyzing data promise to make n-of-1 studies more feasible than ever before. This trend offers important opportunities for understanding and managing personal health. However, we caution against assumptions, and especially implicit assumptions, about why and how people use tracking tools. Such assumptions often lead to frustrating goal misalignments and n-of-1 studies that provide the wrong answers or no answers. Instead we urge researchers and designers to start with people's goals, then provide scaffolding to support selection and configuration of tools to meet those goals.
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Background: Access to digital health technologies is contributing to a paradigm shift where sickcare may become authentic healthcare. Individuals can now access personal health data through wearable sensors, affordable lab screenings, genetic and genomic sequencing, and real-time health tracking apps. Personal health data access creates opportunities to study health indicators 24/7 and in real time. This is especially useful for patients with hard-to-diagnose or treat diseases, which led to a self-formed patient group called Project Apollo. Project Apollo is composed of highly motivated patients with common experiences of undiagnosed conditions, a lack of clear treatment options, and shared frustrations with navigating the U.S. healthcare system. These experiences have led the Apollo cohort to supplement their health knowledge through self-study research.

Objective: To qualify the experience and expectations of patients affiliated with Project Apollo.

Methods: A qualitative approach involved record review and semi-structured interviews. One-hour semi-structured interviews were conducted to solicit motivations, expectations, and potential barriers and facilitators to self-study followed by a brief survey on digital tool use. Interviews were digitally recorded, transcribed, and analyzed to identify themes and patterns.

Results: Participants included six females and three males ranging in age from 30 to 70+ years. Responses were organized under five key themes including: frustration with healthcare system; community support; self-study/N-of-1 research; access to experts; moving from sick to healthcare. Facilitators include motivation, albeit stemming from frustration, a safe community where patients derive support, and access to experts for guidance. Increasing awareness of clinicians about the potential value of partnering with patients who are advancing health knowledge through self-study is critical.

Conclusions: N-of-1 self-study research, coupled with community support and digital health tools, appears to be one plausible pathway to shifting the paradigm from sickcare toward patient-partnered healthcare.

Keywords: citizen science, N-of-1, digital health, self-tracking, participant-led research, peer-to-peer support, Research Ethics


INTRODUCTION

The structure and operations of healthcare in the United States (US) is grounded in prioritizing acute care over individual health promotion and disease prevention as well as public health (1). This sickcare system was classically created to enable people to receive expert, evidence-based advice and support to help diagnose and treat diseases (1). A dominant paradigm in the United States and the United Kingdom (UK), among other countries, is to provide evidence-based medicine to ensure high quality support (2). (2) defined evidence-based medicine as:

“… the conscientious, explicit, and judicious use of current best evidence in making decisions about the care of individual patients. The practice of evidence-based medicine means integrating individual clinical expertise with the best available external clinical evidence from systematic research.”

As this definition implies, decisions on diagnosing and treating diseases involves balancing the information and wisdom between what is learned from prior scientific studies and the clinical training, experience, and expertise of clinicians. Increasingly, there is movement toward more patient-centered care and support (3). This includes recognizing and honoring the knowledge, preferences, and abilities of patients as an essential part of care and prioritizing the prevention of disease, or what is called healthcare (1).

This shift toward patient-centered care and challenges to assumptions on what is evidence-based are being further influenced by digital technologies. In particular, access to digital health technologies enables individuals to gather personal health data through wearable sensors, affordable lab screenings, genetic and genomic sequencing, and real-time health tracking apps. Personal health data access creates opportunities to study health indicators 24/7, in context and in real time. These new technologies are affording new forms of information and evidence to be incorporated into the provision of care. This is especially useful for patients with hard-to-diagnose or treat diseases, for whom classic external evidence from prior clinical trials or the training and expertise of clinicians providing the support do not have sufficient information to provide an accurate diagnosis and offer actionable care. These new technologies are resulting in a growing number of informed and empowered patients (4–6). Greater access to personal health data has enabled patients to document their individual health trends and status, which contributes to their health-related decisions and interactions with their healthcare providers (4). Indeed, obtaining personal health data can provide evidentiary support in the medical diagnosing and treatment of diseases (7).

From this context, the Project Apollo cohort emerged and was organized as a non-profit entity. The Precision Healthcare Ecosystem is a nonprofit corporation registered in California with the vision that “The Doctor of the Future is One's Self.” Its inaugural program, Project Apollo, utilizes a multi-disciplinary, collaborative, and integrative care model, the “Study of Me,” to educate, enable, and empower participants to lead a personalized health journey, guided by their own quantified, evidence-based data. Project Apollo is a patient-initiated effort with a goal helping people learn to “self-study” to better understand factors that influence their health. Project Apollo provides people with access to education and experts who can facilitate increased knowledge of how to conduct self-tracking and self-experiments. The genesis of Project Apollo began with Dr. Michael Kurisu, an osteopathic physician who actively integrates digital health data and information in pursuit of more holistic care. His idea was to form a community of patients to foster active self-tracking to learn about and be better health advocates for themselves and others. This community was inspired by one of Dr. Kurisu's more prominent patients, Dr. Larry Smarr, a well-known “Quantified Self” individual who is modeling what a patient may be in the future (8). As the community has evolved, it has also incorporated other roles, including researchers who can provide support on issues such as the ethical conduct of research or conducting rigorous N-of-1 self-study and other clinicians who can provide holistic care and support in alignment with the desires and self-study results of patients (e.g., QiGong).

The purpose of this paper is to report ethnographic research on the genesis of the Project Apollo Cohort. In particular, the Project Apollo Cohort represents a concrete, real-world, patient-initiated effort that aligns with more general aspirations of patient-centered care. The results of this qualitative inquiry shed light on the motivations, benefits, and challenges experienced by this cohort, which could be instructive for understanding efforts in participant-led research.



METHODS

Between February and May 2019, we conducted an ethnography of Project Apollo and its parent organization the Precision Healthcare Ecosystem, a 501c3 umbrella organization formed by the patients to advance the goals of Project Apollo. Qualitative data were collected through a 1-h semi-structured interview and a short survey with Apollo members to capture individual motivations, challenges, and goals. These data were augmented with meeting minutes and documents describing the formation and evolution of Project Apollo. Participants gave their informed consent prior to being interviewed and the study was verified as exempt from the Common Rule by the UC San Diego Institutional Review Board. Throughout the data collection period, the research team attended multiple Project Apollo meetings and participated in conference calls with the group.


Data Collection and Management

An inductive ethnographic approach was used to review documents that included recorded presentations, meeting minutes and organizational mission/vision statements. Semi-structured interviews were conducted with eight Project Apollo patients and the group's founding clinician. The interview questions were developed to better understand motivations and expectations as well as potential barriers and facilitators to self-study. Interviews included open-ended questions, for example:

“What role do you feel Project Apollo will play in your healthcare journey?”

“Describe for me, in your own words, N-of-1 (self-study) research.”

“What guiding principles should be upheld in participant-led research?” and,

“What steps will you take to ensure the validity of your research results?”. Interviews were approximately 60 min in duration and were digitally recorded, professionally transcribed, and inductively analyzed to identify themes and patterns as they emerged. All transcriptions were de-identified to protect confidentiality and stored in a password-protected file accessible to the research team members involved with data collection and analysis. The transcribed interviews, participant-observation field notes, and Project Apollo records were uploaded into a qualitative data analysis software program (9).

From July to August 2019, we asked interview participants to respond to a four-question survey and we received responses from six (n = 6) individuals. The survey was designed to contextualize the process of self-study research Project Apollo members are conducting. The survey included open-ended questions so as to not limit participant responses, including:

“What data are you collecting (e.g., sleep, pain, function, etc.)?”

“How do you collect your data (e.g., Oura ring, daily blood pressure device, self-assessment, etc.)?” “How do you record your data (e.g., spreadsheet like Excel, journal, app, etc.)?” and,

“Any additional information about your use of digital tools to support your self-study project?”.

The survey responses supported the analysis of how Project Apollo members choose to conduct self-study research and preferred methods of tracking and storing their research data.



Analysis

All transcripts were de-identified and each participant was assigned an identification number. Interview data, including analytic memos and meeting and field notes, were imported into Dedoose and inductively analyzed. Data analysis involved an iterative process of reviewing all transcripts and supporting data by two of us (BW and CN) and then applying inductive coding to extrapolate the predominant themes (10). Initial codes were developed independently after reviewing two transcripts and then discussed to identify final codes. All transcripts were then coded by BW and further organized by major themes. To further contextualize the data, a brief anonymous survey was sent to participants to gauge experience and usage of digital technologies and mobile health apps. The results of the survey responses were analyzed and reported as descriptive statistics.




RESULTS


Participant Demographics

A total of nine (N = 9) individuals participated in an interview, with six responding to a follow-up survey. Participants were all adults over 18 years old and consisted of six females and three males. The estimated age range was 25–75 years of age with all reporting having complete college with the majority having a graduate degree. Participants included eight (N = 8) patients and one (N = 1) clinician associated with Project Apollo.



Major Themes

Responses were organized under the five key themes identified during data analysis: healthcare system frustration; community support; self-study/N-of-1; need for access to experts; moving from sickcare toward a healthcare system.

What has led patients to Project Apollo is their shared frustration with the healthcare system. They receive community support that, along with advances in technology and access to health and research experts, fosters their motivation to study their health conditions through observational self-tracking and N-of-1 studies. A common theme of community support is in empowering their decisions to go forward with self-studies to supplement their healthcare decision-making. In addition to the peer-to-peer community support, they expressed the need for access to health experts and researchers in the process of their self-study research. Ultimately, their shared hope is that through the self-study research combined with advances in technologies, they will facilitate the transformation of the broken sickcare system to a patient-centered, precision health ecosystem. Each theme is presented below and augmented with quotes from participant interviews.


Healthcare System Frustration

This theme is characterized by experiences with hard-to-diagnose diseases, which is a key attraction of this Project Apollo Cohort and why Project Apollo was formed. One of the most common points of contention among Apollo patients was their shared frustrations with the U.S. healthcare system.

Frustrations with the current healthcare system included how difficult it is to navigate, receiving unsatisfactory diagnoses, undiagnosed health issues, piecemeal care, high costs (“these financial burdens, they're not fair to patients” P05), and being brushed aside. A common frustration expressed was the difficult path many faced in obtaining diagnoses of their various health conditions, illustrated by this participant:

“It's painful. It's frustrating. That journey was so difficult for me, and I am a very strong person, but those were dark, dark times…because I was in pain, things were happening to my body, and no one could tell me what was wrong, or how to fix it” (P01).

“So, it's been a long journey, and it doesn't look like it's getting…like there appear to be no solutions. It's incredibly frustrating.

You know, people look at me and think I'm fine,” (P17).

Relatedly, several participants felt they were not listened to and their symptoms glossed over by health providers. For instance,

“It's sort of been a frustration for me for a lot of years to be kind of not in sync with my providers, where I actually have – this sounds ridiculous – to tell them which tests I need them to run. They'll question that and say, ‘Well, how can you justify this, blah, blah?' I read a lot. I read studies and I read methodology and it's frustrating for me to run up against” (P02), and

“If you don't know and the scientists don't know, or the scientists say, ‘Well, it's all in your head,' which is one of the things that enraged so many of us” (P04).

Regarding feeling brushed aside by health providers, another participant (P05) simply stated,

“I didn't want to be doubted as a person or a patient.”

P01 continued to describe how the common thread of frustrating healthcare inspired the formation of Project Apollo,

“But basically, the founding cohort of Project Apollo came together because we have managed to navigate the healthcare system to begin to get the kind of care we needed, and we unanimously felt that it shouldn't be this hard.”

“P02: At least speaking for myself, and I know with some of the others, we find it difficult that the various specialists that we're seeing don't seem to be communicating together and/or don't seem to be, how can I say, not yet quite comfortable with the concept of collaborative care, where [it's] the patient them self who really has the most in depth understanding of how their body works.”

Another participant analogized the broken healthcare system to that of a storybook character:

“I was thinking about medicine as Humpty Dumpty, in that the current healthcare system has broken the patient into “parts care” via specialists, and that only through an integrated patient-centered whole person approach can we put Humpty Dumpty back together again to help patients heal and become whole again. All the king's horses and men cannot do it…we must involve the patient.” (P05).



Community Support

This theme of Community Support is perhaps the strongest predictor of how successful Apollo may be in the future. Resonating across all Apollo participants is the close community support system they have created. For patients who have experienced serious hardships in their healthcare journey, Project Apollo was often described by patients as place of solace and support.

While many participants expressed dissatisfaction with the healthcare they received, Project Apollo was explained to be a group that provides a place of support and guidance where patients can express their health desires and seek answers to the questions they possess.

“I just don't know what the answers are for me, and I need some community to help me figure that out” P17.

Explaining what draws the group together, one participant expressed that Project Apollo is:

“a community that brings a lot of support to one another in navigating this often-broken healthcare system, as well as deep diving into our own health and I guess promoting wellness,” (P06).

The community support and group dynamic were also discussed as providing a healthy impact on participants' wellness journey, as illustrated by P15,

“Just being a part of this group has really helped me on my health journey,” and

P07, “we had this kind of group meditation and a check-in and the patients got to know each-other and I started noticing that aspects of their health got better just from that intervention.”

A strong social support system has been demonstrated to improve health outcomes (11) as well as provide meaning in life. Participant P05 spoke of how a community bond is a crucial aspect of overall health:

“I think the community is really important. And I think just empowering. I mean we all want to live a rich, fulfilled life and it doesn't have to be with a perfect body and perfect mind but a rich, fulfilled life. So, I think that's been a huge part.”

Another participant declared that the key to a successful self-study lies in the community aspect,

“There's a lot of things I want to study and how would I like to study them? Well, no way better than a community of caring people who have their own self-study, with all these amazing researchers we have accessible through this project” (P01).

In a stark difference to other participants who highly regard the community Project Apollo brings together. One participant (P04) expressed this as being the weakest aspect of Project Apollo and needs to be strengthened.

“That community aspect is where we're weakest. Where there's a tight group of the original founding cohort, and then there's…if this is going to grow, the community has to be attended to. I'd say if anything, that's probably the place that needs the most work, in my mind” (P04).



Self-Study/N-of-1

The process of learning to self-track and carry out self-experiments plays a vital role in supplementing Apollo patients' healthcare experience. Several Apollo patients felt that without the tools currently available to assist them in conducting self-study research, they would not have been able to get this far in their health journey. In fact, our brief survey revealed that nearly all participants were using digital tools to facilitate their self-tracking process and progress. Of the nine participants who completed an interview, six individuals responded to our 4-item web-based survey. Respondents acknowledged tracking a diverse array of data, including symptoms, biomarkers, and/or physical attributes, using digital technologies including wearable sensors, mobile health apps, and real-time tracking. For example, several (five of the six respondents) had purchased an Oura ring1 to track information on sleep quality and activity levels. All had begun to use applications and digital health technologies to assist in tracking different health variables to inform actionable health choices (Figure 1).
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FIGURE 1. Shows health domains that Apollo participants were tracking at the time of this study.


A core element of the Project Apollo Cohort is the opportunity to create and implement N-of-1, self-studies. Many attributed self-tracking and self-study to their ability to take control of their health journey in a substantive way.

“The folks at Project Apollo, I think many or most are very actively involved in their own healthcare. They've been doing a lot of their own tracking and a lot of their own finding providers that are most helpful” (P02).

Similarly, participant P05 stated,

“I think giving any individual the tools to gather data in a meaningful manner that can help them make – well, the side benefit is it will help them make decisions about their own health.”

Self-tracking and N-of-1 research has flourished and continues to expand due to the ubiquity of wearable sensors, real-time tracking technologies, and affordable lab screenings. For example, P01 stated:

“I want the data, I don't just want to wear the watch and see the app, I want the data. Cause I want to link that data to my day, and to the stress, to the food, and to the exercise, to see what's going on and to see if I can learn something about why my blood pressure has been up for the last couple of years.”

Participant P15 explained how technology can help track data for self-studies,

“I'm trying to start in the basics and I really like the Oura Ring because it just does it for me. Like even when I'm thinking about, I would like to maybe do a study on radiation-induced fatigue because it just knocked me on my butt and I'm just really curious about it…Is there a way that technology can do it for me, you know?”

Along with advances in health-based technologies, participant-led research is growing because of a sickcare system, which historically has disregarded patient input. Armed with shared frustrations of the healthcare they received and access to tools for self-study research, patients are empowered to act on their health conditions. Describing the conjunction of these factors, P07 stated:

“It has morphed into this idea that this group can become much more empowered rather than the medical system doing something to them, that then they have the power to act on it. I have all this data about myself, what do I do with it? And so, part of it is well what do you want to do with it? Let's create studies, let's create personalized plans for each individual.”

Participant P01 expressed that if they were to get the health outcomes they want, they would have to take matters into their own hands,

“So, until I got it that the only person that was going to drive my care was me and I'm not taking no for an answer, and if somebody is scratching their head, I'll find somebody that will dig deeper with me.”



Need for Access to Experts

For some in the Project Apollo Cohort, this is their first exposure to learning and applying the scientific method. Many were unfamiliar with the process of forming a hypothesis and research question and the steps of designing a study that could provide meaningful data. Moreover, the process of collecting data and skills necessary to analyze data and draw conclusions from that process is not trivial. As such, many emphasized the need to be walked through the scientific method by research experts to develop the foundational knowledge needed to do self-tracking and/or self-experimentation safely and ethically.

Apollo participants also felt it was vital when in the process of learning and doing participant-led research to receive feedback from experts including researchers and clinicians. For example, as P01 stated:

“Oh, God. I want to be handheld and walked through it every inch of the way…there's a lot of things in the digital universe that people do better than me. And I just, I know the limitations of my experience and my capabilities. And I can do things, but I just need step-by-step instructions.”

Project Apollo has added several researchers and clinical experts to support the self-study pursuits of its members, which participants agreed is key for successful N-of-1 research. Areas participants expressed as important for access to experts included the protocol design (“It requires…input from other valuable support people, researchers, about what you could potentially encounter” P06), data collection (“What are some good objective measures and what are some ways to track them?” P01), and data analysis (“I could look at some patterns, but I immediately need that feedback.” P05) in their N-of-1 research studies.

To provide consistent foundational instruction about the scientific methods and responsible research practices, educational modules were adapted from the Building Research Integrity and Capacity (BRIC) curriculum developed by Dr. Camille Nebeker and made available to the Project Apollo Cohort (12). The adapted BRIC educational modules were made available online for the Cohort members to review in advance of planned face-to-face training sessions, which were designed to apply the concepts introduced via BRIC. Two face-to-face training sessions were convened to discuss the modules and begin the process of developing a research question, identifying measurement strategies, and creating a data collection and recording plan. Specific to the BRIC modules and group discussions, P04 exclaimed,

“Boy we need the training. I know that's where, after reading the threads in Slack, I know that's the push now, the BRIC [training modules], the realization that we've got to have training.”

Understanding of the scientific method takes time and applying the method to self-study takes practice and trial-and-error. Moreover, access to experts throughout the process was deemed critical.

“I'm not a statistician. I think it would be great to have people we could talk to with different expertise like that who could address, especially interaction between different factors. That, I'm not at all comfortable that I know how to do that” (P02).

And, “at some point that question might be, ‘how do I begin to answer this question?' and the answer to that might be, ‘seek the insight of someone skilled in x, y, or z” (P03).

The importance of access to researchers and clinicians includes how and when to share self-study results that may indicate the need to obtain medical attention. Participant P15 stated,

“But it's not like it's giving me information that's going to lead me to self-diagnosing and self-treating. Because I think that can be very dangerous, even with me as a nurse, like as Master's in Nursing, I don't feel comfortable doing anything without a doctor telling me to do it, especially with the cancer.”



Moving From Sickcare Toward a Healthcare System

The transformational shift from sickcare to healthcare involves integrative and personalized medicine supported by the patient's role in self-tracking and self-study. Both clinicians and patients must be actively involved to realize this paradigm shift.

A vision and mission of Project Apollo and its parent organization, the Precision Healthcare Ecosystem2, is to create “a world of people empowered to realize optimal health” where the “doctor of the future is one's self” and subsequently, “transform healthcare through data-driven, patient-centered collaborative communities.” The motivation to revolutionize the healthcare system such that it is tailored to the health experience of individuals through precision medicine and patient-led self-study. As stated by P07

“patient-led research can start driving us into a greater understanding by getting closer and closer to the unique lived and mysterious experience of each individual life.”

To realize this ambitious goal, medical education will need to change. As stated by P02,

“The medical education system hasn't yet changed sufficiently. I think it's changing with the existing model shifting to an individualized care model; but patients aren't in the middle of that equation; patients aren't even in the conversation. We're in a really exciting time given the technological advances, and although clinicians are experiencing a lot of burnout due to the current healthcare system - patients are experiencing patient burnout. Project Apollo provides a really great opportunity to move things forward and do what we all came here to do, which is promote health and live our best lives.”

From a clinician's perspective, the idea of individualized care may seem intuitive, as noted by P07

“It's not like I'm going use the same hands-on technique for every single person because their anatomy, their physiology, their life, everything is different. So, it has to be adapted. N-of-1 is the study of just one individual, and there's a lot of research right now being done on N-of-1 precision medicine and a lot of that is in the pharmaceutical grade, especially with designer drugs for cancer.”

Clearly, our current sickcare system is not designed to support this level of individualized care and, as such, it will continue to take a toll on both patients and clinicians as the process of transformation takes place.

The impetus of Project Apollo was to explore whether patients who were already collecting data independently could be a collective force in shifting the health ecosystem. The idea of self-tracking and self-study maybe essential to transforming healthcare; however, while the concept may seem simple, in reality it is quite challenging. Independently, the patients who became the Project Apollo Cohort were navigating the complicated waters of the current sickcare system and had developed expertise that collectively could help others avoid the frustrations they had experienced. Some of this expertise was in knowing what questions to ask and of whom, but it was also synthesizing the corpus of medical information amassed from various tests across a multitude of clinicians. Self-tracking, while it may not have been systematic or even labeled as such, was inherent to the Apollo Cohort members. As P02 recalled,

“this whole idea is a foundational part of our goal to generalize to large communities and perhaps people who know nothing about this or weren't aware of or have never maybe done a deep dive, reflective, introspective analysis of their own health and what could be better and things like that.”

The process of learning a more systematic approach to self-tracking involved learning new methods of collecting and making sense of personal health data, including new vocabulary. In P04's case, the phrase “precision medicine” was not familiar, and there was an excitement about taking control as expressed in this quote:

“Project Apollo, for us, represented an intriguing intellectually interesting endeavor…and a chance to break out of the limitations, get away from these predictions, get away from the statistics, and get into a level of medicine that's really about you, and not confined to a rushed 20-minute appointment.”





DISCUSSION

Digital health technologies and mobile health applications are integral to the success of Project Apollo self-studies and empowering patients in their health making decisions. In addition, peer-to-peer support and the creation and sense of being part of a community are also essential aspects of this work.


Implications for Patient-Centered Care

These results point to the possibility of patients not merely being “empowered” by professionals, but also taking leadership roles within their own care and, alongside professionals, advancing peer-to-peer support to one another. This has important implications both for understanding the role of patients in the health sciences and also on the future of care, particularly the active integration of peer-to-peer support.

With regard to the role of patients within health sciences, the Project Apollo Cohort could be viewed as a form of citizen science. Citizen science is an umbrella term with origins in the disciplines of ecology, ornithology, and astronomy that have involved the public in conservation and crowdsourcing (13). More recently, citizen science has moved into the health sector (14). As in other fields, within the realm of health, citizen science encompasses a very broad array of activities (15, 16). On one end of the spectrum, citizen scientists are involved in providing support to research efforts via volunteering their time and interest toward a well-specified and prescribed task established by researchers (17). For example, researchers have developed Fold-It3, a “game” that enables people to work through the “puzzle” of finding different ways that amino acids/proteins can fold over on themselves to create different types of protein structures; it is a topic that is vital for understanding issues such as antibodies and care (18). On the opposite extreme are citizen-/patient-led efforts whereby the priorities, work, and efforts are completely driven by and for the persons experiencing the issue. For example, the #WeAreNotWaiting4 community of patients with type I diabetes is a self-organized, highly networked, modular group of individuals with type I diabetes (or parents of children with type I diabetes) who found ways to drive advancements in their self-care (19). Some concrete examples of solutions that grew out of this community include Nightscout5, an open source tool used to gain access to a patient's continuous glucose monitor data, and the Open Artificial Pancreas System (OpenAPS)6, which, building on Nightscout, is a closed loop artificial pancreas system algorithm created via self-motivated patients and those who care for them (20). In between these two extremes are truly collaborative efforts in which power and agency is shared between traditional professionals and patient/citizen scientists. For example, the Robert Wood Johnson Foundation-funded Opening Pathways Project7 was a research effort led by Principal Investigator (PI) Dana Lewis, a patient innovator who leads the OpenAPS community, with traditional professors playing roles of Co-PIs, Hekler & Johnston. The focus of that project was on advancing new pathways for non-traditional researchers to advance the care and health of patients. Across all of these domains, it is common for a community of individuals with shared interests, passions, or needs to come together to work toward a shared future vision of health.

Based on the wide range of ways in which citizen science manifests, from citizens supporting researchers to citizens running efforts without any traditional professional support, there are also a wide range of methods and tools used to advance these efforts. For example, Fold-It involves robust use of data informatics, human-centered and game design expertise, and robust knowledge on surfacing difficult and intractable challenges in understanding proteomics to be combined into a fun, engaging, challenging “puzzle” that any person interested in solving puzzles can engage in. The OpenAPS community, on the other hand, uses a mixture of techniques such as open source software development practices (e.g., robust use of GitHub), community “tuning” strategies8 for iteratively and rigorously identifying and vetting assumptions related to any technologies developed by the OpenAPS community to ensure they are safe9, and also open science practices10 related to data sharing, data science best practices, and open data repositories, such as those supported on the Open Humans service (21).

Turning now to Project Apollo, the Apollo cohort are engaging in a wide range of hypothesis-driven “small data” approaches (22). There are a wide range of methods that fit into a small data paradigm. On one extreme, there are methods that are simple for most people to use and engage with, such as journaling and gathering of qualitative data. The value here is that most people can do it, but it may not necessarily produce as rigorous results in terms of inferring and predicting future responses of individuals. In the middle are quantitative self-tracking, more formalized hypothesis testing within an individual's time series, and non-randomized single case experimental studies used to glean insights on the impact of different decisions. These balance ease with rigor. At the more rigorous end, when very specific and concrete questions are being asked, are randomized N-of-1 cross-over designs meant to test the influence of various actions (e.g., taking a medication or not, choosing to eat a certain food or not) on targeted outcomes to use of system identification, which is a technique used by control systems engineers to identify computational models of complex, dynamic phenomena. The Apollo cohort appears to be engaging in almost all except the most extreme in terms of technical requirements (system ID) to advance understanding, as well as the quality of their own health.

The Project Apollo cohort, coupled with broader trends toward patient-centered health, points to the potential value and need for further advancing a small data paradigm to better support patient self-study. By self-study we mean the use of these small data methods by a person to help them better understand themselves toward achieving self-defined goals. Within a small data paradigm, success is defined for each person, such as reduction in symptoms, improved function, or increased self-understanding of one's own condition. By extension, this enables a clear alignment on the self-interests of patients/persons experiencing a condition, clinicians, and researchers. They also create space for different ways of knowing and understanding a person's health condition than is common from traditional evidence-based practice. Specifically, as the definition of evidence-based practice (provided at the beginning of the paper) suggests, it relies heavily on generalizable knowledge gleaned from the scientific literature and prior individuals coupled with the clinical expertise of clinicians to translate that wealth of knowledge into personalized recommendations and steps forward for each patient. This classic approach provides little structure or place for incorporating knowledge and insights from the person themselves experiencing a condition and their self-studies. A small data approach provides a structure for honoring the unique knowledge and insights self-study can bring into advancing decision-making around health issues.

As is likely obvious when looking at this spectrum of small data methods, the amount of training and prior knowledge needed to use the methods is one key tradeoff (e.g., journaling can be done by practically anyone; system ID requires deep specialized knowledge in mathematics, programming, and understanding of robust study designs to systematically test computational models). The complementary tradeoff, of course, is the capacity for these various methods to provide more rigorous insights from data for guiding thinking and decision-making related to complex phenomena (e.g., journaling has a higher risk of drawing spurious conclusions compared to N-of-1 cross-over trials or system ID studies). Based on this, a key implication from the work of the Project Apollo cohort is the need for a wide range and diversity of training materials (e.g. tailored education) and resources (e.g., health coach, professional researchers) that support the many different ways in which patients may engage in self-study, from basic journaling to rigorous predictive mathematical models designed for each person. This is not only the case for the patients themselves, but also points to the need for professionals, particularly clinicians, to learn how to understand, honor, and integrate this type of evidence into their clinical practice and support. It also may point to a new type of healthcare service, a self-study coach, who, alongside a health coach, physician, nurses, and others on the care team, could take the time to help individuals engage in appropriate self-study to facilitate self-learning and not over-generalize results, either to themselves and definitely not to others, as doing N-of-1 study does not, alone, produce transportable knowledge (22).

Moving now to the stated importance of community that emerged from the Project Apollo cohort, this work points to the possibility that “patient-centered” may, in fact, be too limiting of a concept. In particular, the Project Apollo members clearly highlight ways in which support and care can, and perhaps should, be offered that go well beyond the traditional dyadic relationship between patients and their providers, or even patients surrounded by providers. Indeed, the work points to the value patients receive when they can work and discuss their experiences with other peers. While “care” has always been identified within healthcare, in many ways the desires, interests, and active cultivation of a caring community of patients highlights that the professionalization of care may not be adequate, or even appropriate, compared to what people need. This fits with broader trends and interests in peer-to-peer support, such as the work of Susannah Fox11 in supporting peer-to-peer advice online and Rajiv Mehta advancing an “Atlas of Caregiving12,” whereby individuals learn to understand and cultivate care and caring within and across families and communities.

As with self-study though, peer-to-peer requires further reflection and training. For example, a key risk of peer-to-peer support involves a person translating personal history and beliefs on what was helpful for them into explicit recommendations of activities that others should engage in. As health sciences, writ large, demonstrates, it is no small task to determine if a recommendation is indeed an appropriate, safe, and effective recommendation for others to use. Peer-to-peer is not an appropriate venue for offering treatment recommendations and the like, as the underlying epistemology does not support that type of offering. With that said, peer-to-peer support does offer a place for care, warmth, and shared experiences to be communicated. Furthermore, peers can feasibly be excellent sounding boards for one another to help each other think through plausible pathways forward on a given condition, particularly when determining the right diagnostic, prevention, treatment, and health promotion options are unclear. In this domain, peers can share their stories and experiences and, grounded in a shared recognition of individual choice and agency, patients can then engage in balancing their understanding with what they might learn from self-study, their clinician, or the external evidence-base. It is these latter benefits of support, shared experience, and what not that the Project Apollo group is seeking from one another, not evidence-based recommendations. Based on this, future work points to the need for further understanding, reflection, and integration on how patient peers can and should interact with one another, their care team, and broader community members (e.g., health scientists and ethicists with expertise that could be valuable for patients to think through their self-study).

Overall, this work points to two ways of knowing and advancing ones' health that fall outside of the realm of the external evidence from the health sciences and clinical expertise. As such, the work of Apollo acknowledges potential limitations of the classic definition of evidence-based medicine. This work points to four plausible ways of knowing: external evidence, clinical expertise, self-study, and peer-to-peer support, as a possible foundation for a new type of evidence-based medicine, what might be thought of as evidence-based practice 2.0 (see Figure 2). Each of these ways of knowing have different strengths and limitations that, when combined, are highly complementary. For example, classical health science provides a robust “warm start” that enables people to quickly rule out different types of diagnoses and treatment options (22). Clinical expertise provides insights on patterns of responses across the many patients that clinicians see to further improve decision-making and rule out different diagnoses, treatments, and actions. Self-study provides a structure for enabling a person to identify and test assumptions around diagnosis and treatment specifically for themselves. Finally, peer-to-peer offers insights on plausible hypotheses, beliefs, and coping strategies that are not yet well-studied or understood in the scientific literature or part of clinical practice. When used together, these four references balance out the relative strengths and limitations of one another toward more robust, personalized decision-making.


[image: Figure 2]
FIGURE 2. Depicts four plausible ways of knowing presented as a Venn Diagram with external evidence, clinical expertise, self-study, and peer-to-peer support forming a foundation for a new type of evidence-based medicine.


There is a great opportunity to improve care if robust approaches to self-study (alone, in partnership between patients and clinicians, and even partnerships between patients, clinicians, and researchers) and peer-to-peer support can be defined. As alluded to, there is an opportunity to provide complementary knowledge and insights to that which is offered from traditional scientific methods and clinical expertise. There is also the opportunity for improving communication and understanding between the lived experience of persons and clinicians seeking to support them. This type of approach could also provide a foundation that enables patients to feel more capable of understanding themselves and finding solutions for their personal health needs. Finally, if these four references could be established as working synergistically together, they could enable new insights, ways of thinking about health and care, and strategies for improving health to emerge.

While the opportunities are great, there are also a myriad of challenges that this vision of care implies. At the most basic level, this type of approach, to the best of our knowledge, does not yet exist. Specifically, we are unaware of any health organization that actively and consciously balances knowledge, skills, and expertise across external scientific evidence, clinical expertise, self-study, and peer-to-peer support. This means that new skills, training, and even mindsets for all relevant stakeholders (e.g., patients, providers, researchers, and payers) are likely needed. Ideally, this training would focus on ensuring appropriate conclusions are drawn from each referent. For example, external scientific evidence produces “on average” insights, but that does not necessarily equate to an individual; in contrast, self-study produces insights that could be valuable for a person, but that does not mean those insights would be transportable to anyone else. Furthermore, traditional clinical training is focused on providing a clinician with a structure for calibrating between the scientific literature and patterns they have observed over time among their patients; this means that clinical expertise and intuitions could be inappropriate to be relied upon if either there is little research on something a person is experiencing or if a clinician has little prior personal exposure to other patients experiencing a given phenomenon. Finally, peer-to-peer provides a way for individuals to explore different ways of understanding themselves in context and develop alternative beliefs around health, but those alternative perspectives, even if appropriate for a given group of people, are not necessarily appropriate for others; thus, peer-to-peer can be thought of as a great venue for generating new hypotheses and strategies to move forward, but not as a venue for testing ideas or gaining reliable, rigorously vetted recommendations. New approaches that support this calibration are needed, along with appropriate training and guidance on this work.

Beyond basic use of the methods, this approach also introduces new challenges to traditional approaches for considering ethical practices and, by extension, appropriate oversight and regulation. Traditional regulations largely rely on the implicit assumption that the professionals generating scientific evidence and clinical expertise have the requisite information needed to guide ethical decision-making. Moreover, federal regulations for the protection of human participants in research do not align with participant-led self-study forms of citizen science (4, 23). Based on this, the activities for regulating self-study and related ethical practices largely conform to the monitoring and regulation of professionals and their practices, leaving this novel form of citizen science unregulated. That is, individuals engaging in self-study and peer-to-peer support are by definition working outside the realm of existing regulation, and it is unclear the extent to which existing principles for the ethical conduct of research pertains (4). There is a clear need for strategies that enable an individual patient/person to conduct an ethical self-review, including assessment of the potential risks and benefits, to reduce the likelihood of negative unintended consequences either to oneself or to others. Furthermore, for peer-to-peer, there is a need for structures that enable checks on beliefs and also appropriate practices on what is appropriate vs. in appropriate in terms of peer-to-peer support. For example, in peer-to-peer circumstances, it is appropriate for people to share stories and current thinking on what they are doing and how they think their actions are resulting in positive changes. It is inappropriate for peers to engage in providing advice and recommendations, particularly if current beliefs are largely grounded in one's own experience. As we develop these practices, key lessons can be learned from how open source efforts, such as Wikipedia, function in terms of governance (24) as, almost by definition, an overly top-down regulatory process will not only be insufficient, it is likely inappropriate for this type of work. Interestingly, insights from philosophy of science, particularly on thinking through ways to develop trustworthy scientific consensus in ways that do not use top-down structures of regulation, could be another starting point for inspiration on different types of ethical practices (25).




OPEN QUESTIONS AND LIMITATIONS

We conclude our discussion with five provocative questions along with limitations to our study.

1. How can clinicians support patient agency? Clinical support for agency and autonomy for patients is fundamental in the practice of medicine but has been proven to be a very challenging and difficult task (26). The healthcare system that we are all a part of does not seem to be set up to allow this to happen naturally. Paternalism, whether good or bad, is a pervasive attribute that exists within the culture of practice of medicine. It is imperative that we look at this as we try to form a new paradigm of the doctor-patient relationship.

2. What are the barriers and facilitators to clinician support? It is essential that we consider a complete and holistic view of the patient. This includes all areas and aspects of patients' lives that impact health and wellness, including social determinants such as socioeconomic status, community, family dynamics, race, and culture. This gives a broader and more rich contextual relational understanding of the patient (27). Unfortunately, a holistic perspective is not emphasized and modeled enough in medical school, nor is the importance of the patient's role within the doctor-patient relationship included in the curriculum.

3. What is needed to develop clinician education to advance precision healthcare that involves patients throughout the process? Perhaps a more important factor regarding this topic is to take a broad holistic view of the healthcare system. The current system is multifaceted in complexity, and over time it seems to have undermined the doctor-patient relationship (28). There is over-reliance on information technology, medical devices, and procedures and less time spent nurturing empathy, compassion, and connection with the patient (29). The result is a growing distance in the doctor-patient relationship and a mirrored discontent amongst both participants (30).

4. How to foster autonomy in patients when one of the most common frustrations from the clinicians themselves is their own feeling of lack of autonomy within the healthcare system. Physician burnout is at an all-time high and its consequences are disastrous (31). On many measures, the actual clinicians have worse healthcare outcomes than the patients they are treating (32). This, in turn, creates a downward spiral negatively effecting the entire system (33). As designed, the healthcare system is not sustainable. It is time for change as the system needs to be designed to care for all involved.

5. What is the vision of Apollo moving forward? The essence of Project Apollo is a co-creative and collaborative nature of building community amongst patients, providers, and researchers. The cohort also prototyped different ways of experimenting with enhancing patient autonomy and agency. This will be accomplished through educational modules, self-tracking, retrospective analysis of healthy behavior changes, and utilizing technology not as a barrier, but as a tool to augment the connection the patient has with their physician. This can create a new paradigm empowering patients and physicians to have a more enhanced doctor-patient relationship. A co-creation of a new model of the way care is delivered can be designed benefiting all those within the healthcare system.

There are limitations to this study. The Apollo Cohort consists of a small group of about a dozen patients and, while those who agreed to be interviewed (N = 9) represent a majority of the group, it is not appropriate to view these data as representative of self-study as it relates to patient-centered care. In qualitative research, a goal is to reach saturation of the data to have confidence about the phenomena under study and, while our sample was a representation of the Apollo Cohort, the themes identified may not be generalizable to others involved with self-tracking or participant-led N-of-1 studies. Another consideration is that we, the authors, have been involved in discourse with the Project Apollo Cohort from the early days of its formation and it is feasible that we have influenced the community and their conceptualization, just as they have influenced us. To mitigate the potential bias introduced, we followed best practices in qualitative research, such as including several data sources to inform our finding, involving two researchers coding the data, and engaging participants and peers in the review of our results. Given the novelty of patient/participant-led research and how it presents (e.g., DIY, lead innovators, Quantified Self), we believe the potential value in learning from the Project Apollo cohort experiences is noteworthy with respect to self-study and potential impact on the current sick/healthcare system.



CONCLUSION

Our study revealed how N-of-1 research, in the form of self-tracking and self-study plus communal support, can contribute to one's health journey and create a pathway for active collaboration in advancing precision healthcare. Facilitators to engaging patients in self-study include motivation, albeit stemming from frustration, and a safe community where support is derived from one another. Additional support in the form of access to experts who can help with important foundational knowledge necessary to conduct meaningful self-study is critical. Moreover, increasing awareness of healthcare professionals about the potential value of collaborating with patients who are advancing health knowledge through self-study will be a key factor in the success of patient-centered care and in shifting the paradigm from sickcare to collaborative healthcare.
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FOOTNOTES

1https://ouraring.com/

2https://precisionhealthcareecosystem.org/

3https://fold.it/portal/

4https://www.healthline.com/health/diabetesmine/innovation/we-are-not-waiting#1

5http://www.nightscout.info/

6https://openaps.org/

7http://openingpathways.org/

8http://openingpathways.org/communal-tuning

9http://openingpathways.org/is-it-safe

10https://opensource.guide/best-practices/

11https://susannahfox.com/

12www.atlasofcaregiving.org
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Although group-level evidence supports the use of behavioral interventions to enhance cognitive and emotional well-being, different interventions may be more acceptable or effective for different people. N-of-1 trials are single-patient crossover trials designed to estimate treatment effectiveness in a single patient. We designed a mobile health (mHealth) supported N-of-1 trial platform permitting US adult volunteers to conduct their own 30-day self-experiments testing a behavioral intervention of their choice (deep breathing/meditation, gratitude journaling, physical activity, or helpful acts) on daily measurements of stress, focus, and happiness. We assessed uptake of the study, perceived usability of the N-of-1 trial system, and influence of results (both reported and perceived) on enthusiasm for the chosen intervention (defined as perceived helpfulness of the chosen intervention and intent to continue performing the intervention in the future). Following a social media and public radio campaign, 447 adults enrolled in the study and 259 completed the post-study survey. Most were highly educated. Perceived system usability was high (mean scale score 4.35/5.0, SD 0.57). Enthusiasm for the chosen intervention was greater among those with higher pre-study expectations that the activity would be beneficial for them (p < 0.001), those who obtained more positive N-of-1 results (as directly reported to participants) (p < 0.001), and those who interpreted their N-of-1 study results more positively (p < 0.001). However, reported results did not significantly influence enthusiasm after controlling for participants' interpretations. The interaction between pre-study expectation of benefit and N-of-1 results interpretation was significant (p < 0.001), such that those with the lowest starting pre-study expectations reported greater intervention enthusiasm when provided with results they interpreted as positive. We conclude that N-of-1 behavioral trials can be appealing to a broad albeit highly educated and mostly female audience, that usability was acceptable, and that N-of-1 behavioral trials may have the greatest utility among those most skeptical of the intervention to begin with.

Keywords: N-of-1 trial, single patient trial, mobile health, digital health, behavioral health, psychological well-being


INTRODUCTION

Accumulating evidence supports the adoption of various habits and behaviors to improve cognitive and emotional well-being. For example, Americans are urged to be more physically active, reduce stress, and connect socially (1–5). One problem with the plethora of recommendations is that individuals may be confused about which behaviors to adopt first. They can turn to trusted experts, but most of the evidence upon which those experts rely is based on studies that generate average effects. Evidence derived from groups may not necessarily apply to the individual because of heterogeneity in person-level and contextual factors (e.g., age, gender, personal preferences, community resources, and fit with a person's life or workflow) (6, 7). Furthermore, the impact of any behavior is likely to yield modest benefits, potentially accumulating over time. More precise information on the likelihood of benefit at the individual level could help motivate long term behavior change.

Certainly, many people can and do assess the personal value of behavioral interventions informally through trial and error. Some, however, may be interested in a more rigorous approach. N-of-1 trials are multiple crossover trials conducted in a single individual (8). While sharing some characteristics with informal “trials of therapy,” they lend rigor to the assessment and, along with parallel group randomized controlled trials, are ranked at the top of the so-called evidence hierarchy by experts (9, 10). They have been used extensively in clinical psychology and medicine (11–17). For fast-acting, short-lived behavioral interventions expected to influence near-term outcomes, N-of-1 trials are arguably the most direct method for inferring the effect of treatment on an individual. These trials may appeal to persons who wish to gain greater certainty that the behavioral intervention under consideration actually does (or does not) have benefit for them.

Despite their theoretical appeal, N-of-1 trials have gained limited traction among clinicians and the general public (18). Part of the reason may be that when implemented according to the highest scientific standards (which may include blinding, use of complex outcome measures, strict attention to adherence, etc.), many potential participants will decide that the likely benefits (in terms of insights and motivation) are simply not worth the trouble. However, we and others have demonstrated that the reach and feasibility of N-of-1 trials may be extended through use of mobile health (mHealth) technologies; in our own recent study of patients with chronic pain, 88% of patients starting an n-of-1 trial reported that the mobile app was “extremely or very helpful.”(19) Another barrier may be the absence of scalable tools that allow non-scientists to conduct systematic evaluations of behavioral interventions on themselves (20).

We conducted this study to determine whether an mHealth supported N-of-1 trial assessing simple behavioral interventions for improving short-term cognitive and emotional well-being was feasible and perceived as beneficial. Specifically, we asked:

• Will members of the general adult population participate in an mHealth-facilitated behavioral N-of-1 trial?

• How do participants rate the usability of the mHealth N-of-1 trial system?

• To what extent are participant's attitudes toward the intervention and intentions to persist with it influenced by trial participation? Specifically,

In addressing these questions, we sought to learn more about the utility of N-of-1 trials, the ways in which such trials affect participants' subsequent attitudes and behavioral intentions, and their prospects for broader adoption by the medical and behavioral community.



METHODS


Design overview

A national convenience sample of adult volunteers was recruited to engage in a 30-day single person (N-of-1) trial comparing the effects of one of four behavioral interventions on self-reported stress, focus, and happiness. Participants selected an intervention and were assigned for 30 days to randomly sequenced five-day periods performing the chosen activity and their “usual routine.” Outcome measures were collected via secure text messaging. This report focuses on the 259 subjects who completed a post-study survey. Ethics approval was granted through the UC Davis Institutional Review Board (IRB ID 1255435-4).



Eligibility and Recruitment

We promoted the study through social media and The Brian Lehrer Show (WNYC Public Radio). Potentially interested subjects were directed to the study website (studyofme.org), where they were given the opportunity to watch videos introducing the study and asked to select an activity of interest. Available activities included: (1) deep breathing meditation; (2) gratitude journaling; (3) physical activity; and 4) performing acts of kindness for strangers. Drawing on cognitive-behavioral techniques and positive psychology, activities were selected to be simple and easy to apply repeatedly (21–24). Volunteers were eligible if they were US adults > = 18 years, owned a smartphone or had regular access to the internet, and were interested in committing to a 30-day N-of-1 trial. In addition, subjects were encouraged to try an activity that they were not already doing, and if they were considering vigorous physical activity, they were advised to “first consult your doctor, especially if you have a chronic health problem, recurring injury, or are pregnant or nursing.”



Baseline Survey

After confirmation of eligibility and provision of online informed consent, participants completed a baseline questionnaire asking for contact information (mobile phone number and valid email, both of which were deleted from the dataset prior to analysis); time zone (so that study reminders would go out at the right time of day); N-of-1 trial start date within the next 7 days; demographic information (ethnicity, race, gender, education level, and household size); and several questions concerning experience with self-tracking and interest in the chosen activity.



N-of-1 Trial Design and Conduct

All participants had the opportunity to read text and view a video providing detailed instructions on their chosen activity. Computer-generated N-of-1 trial sequences (e.g., UAUAAU, where U indicates 5 days performing usual routine and A indicates 5 days performing the chosen activity) were issued for each subject beginning on their chosen start date and continuing for 30 consecutive days. We used 5-day treatment periods as a compromise between the dictates of behavioral science (which would favor longer periods, to allow for adequate ramp-up and wash-out) (8) and statistical power (which would favor a greater number of switches between treatments). Participants received a text message through the HealthySMS system (25–27) each evening asking for ratings of stress, focus, and happiness for the day just finished and announcing tomorrow's activity.

Within 1 week of N-of-1 trial completion, HealthySMS sent participants a text message with a link to their personalized results (example provided in Figure 1).


[image: Figure 1]
FIGURE 1. Sample participant results report. Participants in the study were provided with a both a graphic and a written summary depicting their gains (or losses) on days assigned to the intervention compared with days assigned to usual routine.




Measures

Daily stress, focus, and happiness were each assessed with a single-item question sent each evening by text messaging: (1) On average, how stressed were you today? Please select a value from 0 (not at all stressed) to 10 (extremely stressed); (2) On average, how well were you able to focus? Please select a value from 0 (not able to focus at all) to 10 (extremely focused throughout the day); (3) On average, how happy were you today? Please select a value from 0 (not happy at all) to 10 (extremely happy throughout the day). Single-item measures of these constructs are typically used in studies that require daily responses by participants to reduce participant burden (28), and have demonstrated good reliability and validity when compared to longer measures (29–31).

At the end of the 30-day period, participants were sent a post-study questionnaire requesting completion of the System Usability Scale (32) (Cronbach's alpha in the sample, 0.83), and four questions assessing: (1) pre-study expectations of benefit of the chosen activity (“Before you started your personalized experiment, how confident were you that ACTIVITY would be beneficial for you?” 1 = not-at-all confident…5 = extremely confident); (2) post-study interpretation of results (“What is your best guess about what the RESULTS of your personalized experiment mean? 4 = highly beneficial, 3 = somewhat beneficial, 2 = minimally beneficial, 1 = not beneficial); (3) post-study perceptions of activity helpfulness (“Now that you have completed your personalized experiment, how helpful do you think ACTIVITY was for you? (1 = not at all helpful…5 = extremely helpful); and (4) post-study behavioral intentions (“Based on your personalized experiment, how likely are you to continue doing ACTIVITY on a regular basis over the next six months? 1 = not-at-all likely…5 = extremely likely).

We created an Activity Enthusiasm Score as the mean of perceived helpfulness of the activity (1–5 scale) and likelihood of continuing activity on a regular basis (1–5 scale), both measured after N-of-1 completion on a 1–5 scale. Cronbach's alpha for this 2-item index was 0.77, indicating acceptable to good internal consistency (33).

We summarized the actual results of each subject's N-of-1 trial in two ways. First, we directly evaluated differences in means for focus, stress, and happiness (each reported on a 0–10 scale) by taking the difference between the mean value during activity days and the mean value during the participant's usual routine, reversing the sign for stress, then summing across the three outcomes. The theoretical range of this scale was −30 to +30 and the actual range was −7.4 to 9.3. Second, we counted the number of outcomes (stress, focus, happiness) in which the mean value of the participant's responses while performing the chosen activity was better (more positive or less negative) than the mean value of the participant's response while performing their usual routine. Possible values of this count variable ranged from 0 (no outcome better, even by a small amount, during activity days) to 3 (all outcomes better during activity days). The difference variable accounts for the magnitude of benefit but does not consider precision (i.e., the metric does not take into account the within-individual variance in reported outcomes nor the number of measures reported by each participant. The count variable focuses on the number of outcome dimensions that were “improved,” while ignoring the magnitude of the improvements. We chose to evaluate these metrics rather than more sophisticated alternatives because they more closely comport with the data actually supplied to participants as shown, for example, in Figure 1). Because the results using the two metrics were not materially different, we report only the difference measure.



Statistical Analysis

Values were expressed as means with standard deviations for continuous variables and counts with proportions for categorical variables. For characteristics of the analytic sample, analysis of variance (ANOVA) was performed to test whether there were differences in the means of continuous variables across different chosen activity groups. Chi-square test was performed to test for whether there was association between categorical variables and chosen activity groups if the minimum expected cell count was greater than 1; otherwise, Fisher's exact test was performed. The same procedure was also applied when comparing those who completed the post-study survey with those who did not.

Multiple linear regression was used to assess the relationship between Activity Enthusiasm Score and expectations of benefit from the intervention, interpretation of n-of-1 results, and actual reported results as represented by the summated score along with their pairwise interactions. Goodness-of-fit was expressed by the coefficient of determination, R2. A significant relationship was determined by a p < 0.05. Stata software version 15 was used for regression modeling. R software version 3.6.1 was used to produce graphs.




RESULTS

Of 824 volunteers who accessed the online pre-study questionnaire (353 who selected deep breathing, 225 gratitude journaling, 191 physical activity, and 55 acts of kindness), 682 subjects completed the pre-study survey and were assessed for eligibility, 447 signed onto the HealthySMS platform, and 259 completed the post-study survey Figure 2. The mean proportion of daily assessments actually returned was 0.70 (SD 0.22).


[image: Figure 2]
FIGURE 2. CONSORT diagram illustrating participant flow through the study.


Among the 259, the mean age was 51 and most were from the Eastern time zone, female, white, and very highly educated; a minority lived alone or had previously tried self-experimentation (Table 1) There were no significant associations between respondents' personal characteristics and the behavior intervention activity they chose to evaluate (Table 1). There were no meaningful or statistically significant demographic differences between the 259 participants included in the analytic sample and the remaining 188 participants who enrolled in the study but did not complete any part of the post-study questionnaire, except that completers were about 4 years older (Supplemental Material Table 1).


Table 1. Characteristics of analytic sample, overall, and by chosen activity.

[image: Table 1]

Most respondents strongly or somewhat agreed with positive statements about system usability and strongly or somewhat disagreed with negative statements (Table 2). The mean scale score was 4.35 (SD 0.57) (Table 2), corresponding to a percentage-based score of 4.35/5 × 100 = 87.1, well above the average of 68 previously reported and comparable to microwave ovens, which received a rating of 87 in a consumer survey of 1,058 participants (34, 35). System Usability Scale scores were lower, on average, among participants choosing Acts of Kindness compared to those choosing Deep Breathing or Physical Activity (p = 0.008, with pairwise comparisons between Acts of Kindness and both Deep Breathing and Physical Activity significant using the Bonferroni approach (p < 0.01 in each case, data not shown in tabular form). However, there were no significant differences in System Usability Scale scores by age, gender, race, or education (see Supplemental Material Table 2 for details).


Table 2. Respondents' experiences with N-of-1 trial system usability (n = 252)*.

[image: Table 2]

On the post-study questionnaire, 32% of respondents recalled that prior to starting the N-of-1 trial they were very or extremely confident that the chosen activity would be beneficial. At the same time, 27 (10%) interpreted their reported N-of-1 results as indicating that the activity was not beneficial for them, 77 (30%) that the activity was minimally beneficial, 119 (46%) that the activity was somewhat beneficial, and 25 (10%) that the activity was highly beneficial. Participants with positive expectations for intervention benefit (i.e., those who reported being “very” or “extremely” confident that the chosen intervention would be beneficial) were more likely than their more skeptical peers to interpret their results as showing that the activity was “somewhat” or “highly” beneficial (68 vs. 53%, p = 0.036, data not shown in tabular form).

Table 3 examines the effects of pre-study expectations for benefit, the participant's interpretation of their own N-of-1 results, and actual reported results (as represented by the difference metric; see Methods) on Activity Enthusiasm Score. Model 1 shows that both expectations for intervention benefit (p < 0.001) and interpretation of own results (p < 0.001) were significantly associated with enthusiasm for the chosen activity, accounting for 33% of the variance. Substituting actual results for interpretation of results resulted in a regression (Model 2) that explained only 14% of the variance in enthusiasm. Finally, actual results were not significantly associated with enthusiasm after adjusting for pre-study confidence and results interpretation (Model 3).


Table 3. Influence of pre-study confidence, interpretation of own results, and actual (reported) results on participant's “enthusiasm” for the behavioral intervention£.

[image: Table 3]

The relationship of pre-study expectations for benefit, post-study interpretation of results, and Activity Enthusiasm Score is further illustrated in Figure 3. Essentially, if at the outset respondents were highly confident that their chosen activity was beneficial (top row), enthusiasm remained moderate to high regardless of actual study results (plenty of orange and red dots, and very few blue dots, even among participants who interpreted their own n-of-1 results as showing that the activity delivered little to no benefit). On the other hand, if initial confidence for benefit was low-to-moderate (bottom row), enthusiasm was more strongly related to the participant's interpretation of their own results (mostly blue dots in the “not beneficial” column, mostly red dots in the “highly beneficial” column). These results are replicated in tabular form in Supplemental Material Table 3.


[image: Figure 3]
FIGURE 3. Post-Study Enthusiasm Scores (mean of perceived intervention helpfulness and likelihood of persisting with the activity in future) as a function of pre-study confidence in the activity (reported retrospectively) and interpretation of own n-of-1 trial results. Each dot represents a single participant, with warmer colors indicating greater enthusiasm.




DISCUSSION

As the most direct approach to estimating individual treatment effects, N-of-1 trials have been called the holy grail of clinical investigation (36). The method's appeal may also extend to selected lay audiences, such as the quantified-self movement (37). Broader uptake of N-of-1 trials could help people with and without chronic diseases to more quickly identify treatments or lifestyle interventions that are both appealing and effective. However, logistical barriers, technical concerns, and simple lack of awareness have impeded dissemination and uptake. The main contribution of the current study is to demonstrate that N-of-1 trials of behavioral interventions can attract substantial interest from a relatively broad cross-section of US adults. However, participants were highly educated and tilted strongly female. There are several possible explanations for limited participation among men and those without a college degree, including relative indifference to the topic of “wellness;” competing demands from other responsibilities; or a persistent “digital divide” curtailing access or limiting comfort with mobile devices (38). Nevertheless, our mHealth platform supporting these trials was rated highly usable by participants. Finally, participants' a priori expectations for benefit of their chosen behavioral intervention (as measured by confidence that the activity would be beneficial) as well as their a posteriori interpretation of their N-of-1 trial results were both significant independent predictors of enthusiasm for the intervention going forward.

We recruited participants using social media (principally Facebook) plus an on-air interview with WNYC Public Radio host Brian Lehrer. Over a brief recruitment period, 824 individuals demonstrated interest by visiting the study website, but unsurprisingly, there was significant attrition at every stage thereafter. Among the 259 subjects in the analytic cohort, the modal participant was a white, middle-aged, highly educated woman. However, less than one in five had prior experience with self-experimentation, indicating both that our sample was open to novel experiences and that N-of-1 trials may have appeal beyond the established self-tracking community.

Participants generally rated the HealthySMS platform as highly accessible and easy to use without technical support, despite modest misgivings about functional integration. These findings are especially remarkable in light of the native complexity of N-of-1 trials. For example, in our study, patients needed to become comfortable with a new behavioral intervention, switch off regularly between the intervention and their usual routine, and report daily ratings of stress, focus, and happiness.

Pre-study expectations for benefit from the chosen behavioral intervention was modestly associated with post-study enthusiasm for the intervention. At the same time, participants who interpreted their N-of-1 results as highly beneficial had much greater enthusiasm than those who interpreted their results as indicating that the intervention was not beneficial. However, the effect of participants' interpretations of their own results on enthusiasm for the intervention was greater among those with the least confidence in the intervention to begin with.

One interpretation of these findings is that N-of-1 trials had greater information value for participants who were more skeptical at the outset; in Bayesian terms, those with weak or negative priors relied more on the incoming data (39). Although considerable work in cognitive psychology indicates that humans are poor Bayesians (40), our results suggest that in the context of a self-experiment in which they are personally vested, participants may form conclusions based on a weighted average of pre-trial expectations and post-trial results. A plausible implication is that investigators should explicitly account for participants' prior beliefs in the context of N-of-1 experiments and, indeed, use them in constructing posterior probabilities that are returned to patients. Another possible explanation, drawing on expectation disconfirmation theory (41), is that participants who were pleasantly surprised by a positive result (despite expecting a negative outcome) were more likely to be enthused about the activity going forward.

Although participants' actual results (as conveyed by a graphical interface supported by text, as in Figure 1) were moderately correlated with their subjective interpretations, the former did not significantly predict intervention enthusiasm after adjusting for the latter, suggesting that actual results are mediated through participants' interpretations. Furthermore, participants' interpretations may not fully and accurately incorporate actual results—even among the highly educated. More work is needed on ways to accurately convey n-of-1 results to participants, especially in real-world, non-clinical settings where clinicians and investigators are unavailable to help.

The strengths of this study include attention to several novel questions and the use of innovative methods to attract participants and to support them in conducting their own single-patient trials. However, as with all studies, the findings must be evaluated in light of certain limitations. First, there was substantial attrition between expressing initial interest and completing a minimum number of study procedures. Second, the analytic sample was demographically narrow, limiting generalizability (42). This likely reflected some combination of our outreach methods (social media and public radio, which may appeal to a more socio-economically advantaged cohort); the “digital divide;” and the intrinsic appeal of “wellness” interventions and self-monitoring to certain demographic groups (e.g., women). Third, in measuring daily outcomes with single items, we likely sacrificed reliability in the interest of minimizing respondent burden. Fourth, measuring pre-study confidence in the benefits of the intervention after participants completed their N-of-1 trial could have introduced recall or “hindsight” bias. In retrospect, it would have been preferable to measure expectations prospectively, and future studies should do this. Hindsight bias would tend to narrow the gap between participants' expectations and post-hoc enthusiasm for the intervention. Had we measured expectations prospectively, we might have seen a more consistent gap in enthusiasm between those with high and low expectations. Finally, we made no attempt to measure either behavior change or psychological outcomes beyond 4–6 weeks after the start of each participant's N-of-1 trial.

In summary, this study demonstrates that N-of-1 trials can be disseminated to a broad, if demographically slanted, subset of the general US population in the interest of enhancing psychological well-being. Subjects appear to learn from their own N-of-1 experiences, although their learnings are tempered by prior beliefs. Our finding of increased influence of trial results among those with the lowest a priori expectations of benefit suggests that mHealth-supported, behavioral N-of-1 trials may have the greatest value for those with the lowest outcomes expectations; these individuals may be exactly those with more health problems and higher need. Further research is needed to clarify who can benefit from such trials, under what circumstances, and with respect to which medium and long-term outcomes.
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Background: Lower urinary tract symptoms (LUTS) affect more than half of men over age 70 and contribute to both poor health-related quality of life and polypharmacy. Tamsulosin hydrochloride, a selective α1-blocker, is the most common medication used to treat LUTS due to presumed benign prostatic hyperplasia and is often prescribed indefinitely, although not all men benefit from long-term therapy. N-of-1 trials allow for individualized estimates of benefit and harm and could facilitate decisions regarding chronic tamsulosin therapy for LUTS, particularly among older men. Our team developed the PERSONAL (PlacEbo-controlled, Randomized, patient-Selected Outcomes, N-of-1 triALs) app to track daily urinary symptoms and medication side effects for n-of-1 trials among older men with LUTS.

Materials and Methods: We will conduct a feasibility study of 20 individual randomized n-of-1 trials using the PERSONAL app to compare tamsulosin (0.4 or 0.8 mg) vs. placebo among older men taking tamsulosin for LUTS. We will include men over age 65 with a smartphone for whom temporary discontinuation of tamsulosin is safe, (e.g., no history of acute retention). Participants will work with research staff to prospectively identify the most important urinary symptoms and medication side effects that they would like to digitally track. Men will then be randomized to 2-week treatment periods of tamsulosin or placebo followed by a 1-week wash-out with placebo, for 4 distinct treatment periods and 3 wash-out periods, totaling 11 weeks. Study medications will be blinded using over-encapsulation of tamsulosin pills and matching placebo. Our primary outcomes for this study will be recruitment and retention of eligible men, completion rates of n-of-1 trials and daily questionnaires using the PERSONAL app, and participants' perceived usefulness of their n-of-1 trial for determining whether tamsulosin is effective for them. Linear mixed effects models with individual-specific intercepts and intervention effects will also be used to estimate within-individual effects of tamsulosin.

Discussion: The goal of this innovative study is to establish feasibility and acceptability of using a mobile health app and n-of-1 trials to provide older men with individualized estimates of benefits and harms of chronic tamsulosin therapy for LUTS.

Keywords: randomized clinical trial design, personalized medicine, patient-reported outcomes, medication side effects, benign prostatic hyperplasia, deprescribing, α-antagonist


INTRODUCTION

Lower urinary tract symptoms (LUTS), such as nocturia, urinary urgency, and weak stream, affect more than half of men over age 70 (1). LUTS are associated with increased risk of polypharmacy, falls, and psychological distress, all of which contribute to poor health-related quality of life (2–4). Guidelines recommend treating LUTS due to presumed benign prostatic hyperplasia (BPH) with α1-blockers (5, 6), which inhibit smooth muscle contraction in the prostate and bladder neck and are increasingly prescribed globally (7–9). Although large randomized controlled trials have demonstrated modest efficacy of α1-blockers for improving LUTS severity scores [2.1 to 3.7 point mean difference in the International Prostate Symptom Score (10)], average effect sizes in most individual trials and meta-analyses do not reach the accepted minimally important difference (3 points) (11, 12). These trials also use mean change in LUTS severity scores as the primary outcome, which assumes that all patients use overall symptom severity rather than specific bothersome symptoms to make LUTS treatment decisions (13). Harms of α1-blockers, such as orthostatic hypotension and dizziness which lead to falls and fractures, have led to recommendations that they be used with caution in older men (14–16). Unfortunately, alternative LUTS medications, such as 5α-reductase inhibitors, anti-muscarinics, and most recently desmopressin, are also problematic for older men (14, 15, 17). In the setting of modest benefits and known harms, a more personalized and patient-centric approach is needed to ensure that only older men in whom benefits outweigh the harms continue to receive chronic tamsulosin therapy for LUTS.

N-of-1 trials, or multiple crossover trials conducted within a single individual, are a powerful yet underused tool that could be used to optimize prescriptions for symptomatic conditions such as LUTS (18). This study design is particularly well-suited to address a major barrier of deprescribing for both patients and prescribers: the fear of worsening symptoms or complications after stopping a medication that may have provided benefit initially (19, 20). N-of-1 trials carry an additional benefit to older adults given their lack of representation in most rigorous randomized controlled trials, greater heterogeneity in causes of urinary symptoms and response to treatments, and potential for harms from medication side effects and polypharmacy (e.g., adverse drug events and drug-drug interactions) (21). Whereas the trials evaluating efficacy of tamsulosin for LUTS due to BPH were conducted predominantly among relatively healthy white men <65 years old (11), the majority of men who currently receiving chronic tamsulosin therapy are over age 65, have multiple comorbidities, and match the racial diversity in the United States (9, 22). N-of-1 trials can be implemented with or without the involvement of clinicians and are able to accommodate patient-selected outcomes that may be more influential in treatment decisions than overall LUTS severity scores. By leveraging mobile health technology to implement a more personalized approach to prescribing and deprescribing, n-of-1 trials could potentially replace current recommendations to treat bothersome LUTS due to BPH with indefinite α1-blocker therapy.

The goal of this study is to establish feasibility and acceptability of using the PERSONAL (PlacEbo-controlled, Randomized, patient-Selected Outcomes, N-of-1 triALs) mobile health app to conduct placebo-controlled n-of-1 trials among older men receiving chronic tamsulosin therapy for LUTS to facilitate deprescribing decisions. This study will include a total of 20 men who will undergo individualized n-of-1 trials in order to collect and report the parameters necessary to plan an optimal and adequately powered full study of drug effectiveness.



MATERIALS AND METHODS


Study Design

Our research team is following a mixed methods approach (23) to develop and evaluate digital health interventions as advocated by the World Health Organization (24). While we plan to conduct focus groups and semi-structured interviews of study participants to further refine the PERSONAL app and study design, the following protocol focuses on the feasibility of conducting placebo-controlled n-of-1 trials among older men with LUTS using a mobile health app.


Study Setting

The proposed study will be located within the San Francisco Bay Area with recruitment occurring at multiple clinical sites within the University of California, San Francisco (UCSF) Medical Center. Participants' UCSF clinicians will not be routinely informed of their participation in this study.



Study Hypothesis

The primary study hypothesis is that it is feasible to conduct a series of individual placebo-controlled n-of-1 trials among older men receiving tamsulosin for LUTS using PERSONAL app. Specifically, we hypothesize that it is possible to recruit and retain 20 eligible men from a single healthcare system within a reasonable timeframe (e.g., 3–6 months), >70% of enrolled participants will complete n-of-1 trials, participants will complete >50% of daily questionnaires, and >50% of participants will describe the PERSONAL app as “extremely helpful” or “very helpful” for deciding whether tamsulosin is an effective medication for them to continue or discontinue. Secondary and tertiary outcomes will include standardized measures of LUTS severity, global urinary bother, satisfaction with LUTS treatment, attitude toward deprescribing, medication adherence, and health-related quality of life.



Eligibility Criteria

Study participants include a broad diversity of patients recruited from the UCSF Medical Center electronic health record (EHR) at 3 UCSF-affiliated clinical sites: Mission Bay Campus, Parnassus Heights Campus, and Zuckerberg San Francisco General Hospital. Participants must meet the following eligibility criteria (Table 1): English speaking men over age 65 with a diagnosis of LUTS or BPH based on International Statistical Classification of Disease and Related Health Problems (ICD-10 codes; N40.1 or R39198); currently prescribed daily tamsulosin therapy [(0.4 or 0.8 mg) for at least the past 12 months; owns an eligible iOS or Android smartphone or tablet; have a Lower Urinary Tract Dysfunction Research Network 10-Item Symptom Index (LURN SI-10(25)] ≤ 10 (corresponds to none/mild to moderate symptoms on a scale of 0 [no symptoms] to 38 [most severe symptoms]). Participants will be excluded if they have urinary incontinence or a condition that requires continuous tamsulosin treatment, such as history of acute urinary retention, recurrent urinary infections, obstructive kidney disease, or ureteral stent. Participants will also be excluded if they have medical conditions, such as dementia or active substance use disorder, that will interfere with their participation in the study.


Table 1. Participant inclusion and exclusion criteria.

[image: Table 1]



Recruitment

The participant flow diagram is shown in Figure 1. Patients who meet inclusion criteria based on data available in the EHR and who have previously agreed to be contacted by UCSF Research Participant Services will receive a secure EHR message informing them about the study and inviting them to contact research staff if interested in participating. Patients who have not enrolled in secure EHR messaging will receive a paper-based letter with the same information. Recruitment materials will offer eligible participants $100 for completing the study.


[image: Figure 1]
FIGURE 1. Study flow diagram. EHR electronic health record; IRB institutional review board; HIPPA Health Insurance Portability and Accountability Act.




Screening

Eligibility will be determined via telephone screening. Research staff will explain the study and ask questions to determine which inclusion and exclusion criteria are met, including whether the patient has an eligible phone device. Once a patient is deemed eligible, they will be asked to schedule a study orientation visit. They will then receive a confirmatory email with a link to complete the baseline questionnaire using Research Electronic Data Capture (RedCap), a secure online portal. They will also receive instructions to download the PERSONAL app (available for free on Google Play and Apple's App Store) on their smartphone prior to the orientation visit.



Study Orientation Visit

The orientation visit will be conducted by trained research staff who will first obtain informed consent to participate in the study and a Health Insurance Portability and Accountability Act (HIPPA) authorization form. Research staff will first describe the n-of-1 study design, daily questionnaires, and real-time data visualization and will then ensure successful installation of the PERSONAL app. Each participant will then receive a unique study ID and login credentials for the PERSONAL app. Participants and research staff will customize the app together by selecting symptoms and side effects to track and setting reminder notifications based on the preferences of the participant (e.g., morning reminder if tracking nighttime symptoms or evening reminder if tracking daytime symptoms). The participants will then select a start date for their n-of-1 trial which will be entered directly into the PERSONAL app. Participants will receive a bubble pack with 11 weeks of tamsulosin (at their previously prescribed dose) or matching placebo and will be instructed to start taking the study medications after successfully completing the run-in period. At the end of the orientation visit, research staff will assess understanding of the app features and provide verbal and written instructions for the rest of the study. Research staff contact information will be provided for reporting severe or concerning symptoms or technical app support for the duration of the study.



Patient-Selected Outcomes

Participants will be asked at baseline to identify their most bothersome urinary symptoms and perceived medication side effects. Using responses from the baseline questionnaire as a guide, research staff will guide participants to select up to 2 symptoms and up to 2 side effects to track during their n-of-1 study (see Assessments and Outcome Measures below). We will consider allowing participants to track additional symptoms and side effects if they perceive the burden of additional daily questions to be low. Once selected, these outcomes will be entered directly into the PERSONAL app to create a personalized n-of-1 trial focused on the specific outcomes of interest for each participant. If participants cannot identify a preferred symptom or side effect for tracking, this will be recorded, and the default urinary symptom will be their most frequent symptom identified on the baseline questionnaire. The default medication side effect will be dizziness/lightheadedness because it is one of the most common (15% to 17%) and serious side effects of tamsulosin among older men (26).



N-of-1 Trial Description

Participants will start with 1-week open label run-in period where they will use the PERSONAL app to track daily symptoms and side effects while not taking their tamsulosin or any study pills. Based on the pharmacokinetics and expected timeframe of symptomatic relief from tamsulosin (half-life = 14 to 15 h; steady state by the 5th day of daily dosing) (26), all n-of-1 trials will have a total duration of 11 weeks during which participants will complete 2 cycles consisting of a pair of 2-week treatment periods (taking tamsulosin or placebo) separated by 1 week of wash-out on placebo (Figure 2). The order of treatment periods within a cycle will be random (e.g., ABAB, BABA, ABBA, or BAAB) according to pre-filled bubble packs given to participants during their orientation visit. Participants will receive placebo during wash-out periods between treatment periods and cycles, but they will not be aware of the order or duration of treatment periods or cycles to prevent them from self-correlating symptoms to specific treatments.


[image: Figure 2]
FIGURE 2. Individual n-of-1 trial.


Our team, in collaboration with Overlap Health (https://www.overlaphealth.com/), has developed and tested the PERSONAL app among older men with LUTS due to presumed BPH. The PERSONAL app presents participants with a daily questionnaire to track their individually selected urinary symptoms and medication side effects (Figure 3). All participants will also be presented a global urinary symptom bother question. Depending on how many symptoms and side effects they desire to track, participants will be asked a minimum of 3 and maximum of 5 daily questions for the duration of their n-of-1 trial. At the end of each week, participants will receive additional medication adherence and treatment satisfaction questionnaires administered via the PERSONAL app as well as motivational messages summarizing their progress in the trial. Participants will be able to view a graphical representation of their responses summarized in chronological order for the prior day, week, or month. To maximize adherence to daily questionnaires, participants will be contacted via email or phone if they have completed fewer than 4 daily questionnaires in any week during their n-of-1 trial.


[image: Figure 3]
FIGURE 3. PERSONAL app screenshots. Screenshots demonstrate the PERSONAL app login page (A), selecting urinary symptoms for daily tracking (B), setting a daily questionnaire reminder (C), completing the daily questionnaire (D), the PERSONAL app home page with current and future tasks (E), and graphical representation of participant data (F).




Study Completion Visit

Upon completion of their n-of-1 trial, participants will be sent an end-of-study RedCap questionnaire via secure email along with an invitation to schedule a study completion visit with research staff. Research staff will access the participants results using the PERSONAL desktop interface and review results with them during the study completion visit. N-of-1 trial results will be displayed in a series of graphs and text output showing the mean daily urinary symptom, global urinary bother, and medication side effect scores while taking tamsulosin vs. placebo. Within-person treatment effects and confidence limits based on linear mixed effects models (see section Data Analysis below for more detail) will also be shared using patient-friendly graphs and text. We will obtain qualitative feedback on the orientation, PERSONAL app, and usefulness of the data and visualization at the end of study completion visit.




Assessments and Outcome Measures
 
Feasibility and Acceptability Outcomes

We will evaluate 4 primary outcomes that will be used to determine feasibility and acceptability of a larger future n-of-1 study:

1) Recruitment and retention of 20 eligible men within reasonable timeframe (goal 3–6 months)

2) N-of-1 trial completion rate (goal >70%)

3) Daily questionnaire completion rate (goal >50%)

4) Percentage of participants who describe the PERSONAL app as “extremely helpful” or “very helpful” for deciding whether tamsulosin is an effective medication for them to continue or discontinue (goal >50%).

To calculate the recruitment timeframe, we will log the start date of each individual n-of-1 trial. N-of-1 trials will be considered complete when participants complete the end-of-study questionnaire. Completion of daily questionnaires is tracked by the PERSONAL app along with session duration and distribution of time spent with each component of the app to further quantify user engagement. To characterize the experience of participants using the PERSONAL app, we will ask them at the end of the study to rate the helpfulness of the app from 1 (extremely helpful) to 5 (not at all helpful) across multiple domains based on prior mobile health studies (27). We will also administer an adapted System Usability Scale to characterize usability and functionality of the PERSONAL app (28).



Patient-Selected Outcomes
 
Daily urinary symptom severity

Participants will select from daily urinary symptom measures that were adapted from the LURN SI-10 (25). Specifically, we will use 7 of the 10 questions in the LURN SI-10 (including frequency, nocturia, urgency, voiding, and post-micturition symptoms) which have been previously published using 24-h recall periods and were integrated in the PERSONAL app (29). The LURN SI-10 questions excluded from this study refer to urinary incontinence, an exclusion criteria, and bladder pain, a type of LUTS that is not commonly treated with tamsulosin. Specific wording and response options for each question are listed in Supplemental Table 1. For visualization purposes, all responses will be normalized to a scale of 0 (minimal severity or bother) to 10 (maximum severity or bother) to ensure uniform graphical representation.



Daily urinary symptom bother

We adapted the American Urologic Association Symptom Index global bother question and changed the recall period from the past month to the past 24 h (30). All participants will be asked “Over the past 24 h, how bothered were you by urinary symptoms?” regardless of which urinary symptoms they are tracking. Responses include “Not at all bothered,” “Somewhat bothered,” “Very bothered,” and “Extremely bothered.”



Daily medication side effect bother

To evaluate side effects of tamsulosin, we further adapted the global bother question and will ask participants to quantify how bothered they were by specific perceived side effects. Participants will be asked “Over the past 24 h, how bothered were you by [side effect]?” for each of the medication side effects selected to track during the study orientation visit. Responses rangeD from “Not at all bothered” to “Extremely bothered.” Specific wording and response options for each question are listed in Supplemental Table 1.




Investigator-Selected Outcomes

At baseline, we will collect demographic data on age, marital status, race, ethnicity, employment, income, and educational attainment via questionnaire. We will ask participants about their smoking history, alcohol and caffeine intake, and physical activity as well as history of medical conditions, including cardiovascular disease, diabetes, prostate cancer, and prostatitis. At baseline and the end of study, participants attitudes toward deprescribing will be assessed using Revised Patients' Attitudes Toward Deprescribing (rPATD) (31) and health-related quality of life will be assessed using the NIH PROMIS 29+2 Profile (32). At baseline and each week, we will assess self-reported medication adherence and reasons for non-adherence (33) as well as overall satisfaction with current LUTS treatment regimen.




Data Analysis
 
Sample Size

Based on prior mobile health studies (27, 34–36), we expect to observe a failed primary outcome, such as inability to recruit sufficient participants or reach goal questionnaire and n-of-1 trial completion rates, at least 10% of the time. Therefore, with a sample size of 20 participants, we will have 90% power to observe at least one failed primary outcome during this feasibility study (37, 38).



Analytic Plan

Primary outcomes will be assessed as binary variables (e.g., did or did not successfully recruit goal sample size within appropriate timeframe) and the feasibility study will be considered successful if all 4 primary outcome objectives are met. We will describe the primary outcomes as well as baseline demographic and clinical characteristics using percentages, means ± standard deviations for normally distributed variables, and medians with interquartile ranges for skewed variables. The change in secondary and tertiary outcomes from baseline to end-of-study, including LUTS treatment satisfaction, attitudes toward deprescribing, and health-related quality of life, will be evaluated using paired samples t-test for continuous measures and McNemar tests for binary variables. We will use multivariable-adjusted linear mixed effects models, with random intercepts and slopes and an unstructured variance-covariance matrix, to estimate variation in daily urinary symptoms or medications side effects. We are aware that there is unlikely to be a sufficient sample size of men who tracked the same urinary symptom or medication side effect needed to calculate valid between-person estimates in this feasibility study, however, participants may have sufficient data to calculate valid within-person variability for each treatment group as well as within-person treatment effects. These estimates will be more accurate and precise in a larger future trial where data from other participants tracking the same symptoms or side effects is incorporated into the linear mixed effects models and contributes to within-person estimates.




Safety
 
Participant Confidentiality

Data entered into the PERSONAL app will be hosted on the Overlap Health secure environment and will contain no personal health information. To protect participant confidentiality, Overlap Health will only have access to participant study ID numbers. The raw data collected by the PERSONAL app will not be available to other applications. Data transfers will use HIPPA-compliant file encryption (at rest and in transit), secure file transfer (SFTP), Secure Sockets Layer (SSL) for interface data transfers, predefined authentication routes, and a role-based permission system. Questionnaires will be collected electronically via RedCap surveys managed in secure environments behind institutional firewalls. All study staff will be trained in good clinical practice, HIPPA procedures, and participant confidentiality.



Data Monitoring

A unblinded Safety Monitoring Committee will be established to review unanticipated or serious adverse events for the duration of the study and will report directly to the University of California, San Francisco Institutional Review Board.



Ethics Approval

Ethical approval was granted to our team by the University of California, San Francisco Institutional Review Board for a PERSONAL app pilot study (#19-28557). The feasibility study protocol will build off this prior work and will be submitted for approval by the University of California, San Francisco Institutional Review Board as well as registered on ClinicalTrials.gov once finalized.





DISCUSSION

The PERSONAL study leverages mobile health technology, n-of-1 trials, patient-selected outcomes, and placebo controls to provide older men with personalized information regarding the benefits and harms of continuing or discontinuing chronic tamsulosin therapy. This study protocol seeks to evaluate the feasibility and acceptability of using the PERSONAL app to conduct a series of n-of-trials. We will collect the data needed to plan a larger future n-of-1 study to provide individualized estimates of patient-selected benefits and harms of chronic tamsulosin therapy among older men with LUTS.

There is likely both undertreatment and overtreatment of LUTS with chronic tamsulosin therapy. Potential contributors to overtreatment include situations where there is minimal or no benefit of long-term treatment (e.g., overestimation of symptomatic relief due to placebo effects or regression to the mean, waning efficacy with longer-term treatment, symptoms refractory to tamsulosin) and situations where harms exceed benefit (e.g., medication side effects, polypharmacy, adverse drug events, drug-drug interactions). Harms from chronic tamsulosin therapy are often insidious; tamsulosin or polypharmacy-related side effects may be attributed to other medications and comorbidities or inappropriately tolerated as a “normal process of aging.” Conversely, men who would benefit from chronic tamsulosin therapy may prematurely discontinue due to misattributed harm (e.g., a mechanical fall in the absence of symptomatic orthostatic hypotension) or perceived lack of benefit due to overlapping conditions (e.g., improved nocturia but persistent insomnia). Since there is currently no recommended minimum or maximum duration of α1-blocker therapy for LUTS, n-of-1 trials could be used to personalize LUTS treatments by quantifying both benefits and harms of continuing or discontinuing chronic tamsulosin therapy.

Several observational and small open-label randomized clinical trials provide evidence that discontinuation of chronic tamsulosin therapy will not lead to worsening symptoms in many men. Among 33 men who initially experienced symptomatic improvement with α1-blocker monotherapy, mean symptom severity were not increased up to 6 months after unblinded discontinuation and more than two-thirds of men remained off medication (39). Another unblinded study among 75 men with symptomatic improvement after α1-blocker monotherapy demonstrated stable symptoms for up to 12 months after discontinuation with only 30% of men requesting re-initiation of treatment (40). Even among men with more severe LUTS who are treated with combined α1-blockers plus 5α-reductase inhibitor therapy, both observational and randomized studies have demonstrated no symptomatic progression in the majority of men who discontinue α1-blockers but continue 5α-reductase inhibitor monotherapy (41–44). In the largest randomized clinical trial of 230 men receiving combined therapy who were assigned to discontinue either 5α-reductase inhibitor or α1-blocker, 74% of men in both groups had no worsening of symptoms after 12 months (45). Despite preliminary evidence that α1-blockers can be safely discontinued in men with a wide range of LUTS severity without significant worsening of symptoms, the effects of chronic tamsulosin discontinuation remain unknown and rigorous placebo-controlled studies of α1-blocker discontinuation are lacking. We also know that the effects averaged over large numbers of participants in traditional placebo-controlled RCTs do not translate directly to individuals, particularly older adults (18, 21). New approaches to personalized prescribing and deprescribing, such as n-of-1 trials, are needed to determine whether an individual man is receiving more benefit than harm from chronic tamsulosin therapy.

N-of-1 trials have the potential to greatly increase the accuracy and precision with which urologic medications are prescribed for symptomatic conditions such as LUTS. Mobile health technology has lowered many of the barriers to implementing this powerful study design in research, clinical, and non-clinical settings by decreasing the burden of frequent data collection and facilitating data interpretation through instantaneous visualization, however it remains unknown if placebo-controlled n-of-1 trials using patient-selected outcomes are feasible. To address this gap, we will establish the feasibility and acceptability of placebo-controlled n-of-1 trials using the PERSONAL app and patient-selected outcomes among older men with LUTS.
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This paper introduces a conceptual framework to guide research and education into the practice of personal science, which we define as using empirical methods to pursue personal health questions. Personal science consists of five activities: questioning, designing, observing, reasoning, and discovering. These activities are conceptual abstractions derived from review of self-tracking practices in the Quantified Self community. These practices have been enabled by digital tools to collect personal real-world data. Similarities and differences between personal science, citizen science and single subject (N-of-1) research in medicine are described. Finally, barriers that constrain widespread adoption of personal science and limit the potential benefits to individual well-being and clinical and public health discovery are briefly discussed, with perspectives for overcoming these barriers.
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INTRODUCTION

The use of empirical methods for learning and discovery is a valuable human capacity. Our interest in the use of empirical methods for personal exploration was stimulated by a decade of work in the Quantified Self community. The term Quantified Self was introduced as a journalistic description of the emerging practice of using technology for self-tracking (Wolf, 2010). Prior to its first publication, however, the term was in use for several years as the name for a hobbyist group of users and makers of self-tracking tools whose participants shared an interest in “self-knowledge through numbers.” The first meeting of the Quantified Self was held in October, 2008 in Pacifica, California. Participants in the original Quantified Self group met frequently and in growing numbers during 2008 and 2009. Over time, these meetings came to focus mainly on first person accounts of self-tracking projects and experiments. This focus was encouraged by “three prime questions” addressed in each talk: What Did You Do? How Did You Do It? What Did You Learn?1 In the period between 2009 through 2019, the network of Quantified Self meetings grew to ~110 meetings in 30 countries.

The Quantified Self community has become a focus of academic research interest in the cultural effects of new technologies (see, for instance: Lee, 2013; Morozov, 2013; Swan, 2013; Choe et al., 2014; Lupton, 2016; Neff and Nafus, 2016; Ajana, 2017; Sharon, 2017; Heyen, 2020). A key set of scholarly questions addressed by sociological researchers into the Quantified Self community relates to how the self-research activities seen in the meetings and documented in its archive of presentations can be characterized (Almalki et al., 2015; Lupton, 2016; Heyen, 2020). As one of these scholars, Nils Heyen, has recently written:

From the perspective of science (and technology) studies and public understanding of science, these self-tracking research practices are an interesting empirical phenomenon that deserves further scrutiny. It seems that, far away from institutional science, some lay people or citizens, at least no professional scientists, use methods and procedures known from science such as research design, data collection or data analysis in order to produce knowledge for self-use in their daily lives. How can the relationship between science and society, or science and the public. be characterized here?

Building on earlier work, Heyen uses the term “personal science” to describe these self-research practices. Here, we introduce a conceptual framework for personal science, in order to guide research into this practice and support its acquisition as a skill. The features we describe as typical of personal science are analytical abstractions grounded in self-tracking practices common in the Quantified Self community.We hope our framework will be useful to scholars working on characterizing this kind of self-research, as well as to practitioners and tool makers who share our interest in advancing everybody's capacity to take advantage of empirical methods to address personal questions.



PERSONAL SCIENCE: DEFINITION, EXAMPLES, AND ACTIVITIES

We define personal science as the practice of using empirical methods to explore personal questions. Copious material exemplifying this practice can be reviewed in the public archive of the Quantified Self community, which currently contains records of 1,093 presentations, of which 508 have been transcribed and 385 have been published online.

For instance, in September, 2011, Lindsey Meyer suffered an ontologic emergency: the loss of all hearing in one ear. Later that year, she tracked the partial return of her hearing through treatment with oral prednisone and intratympanic injections of dexamethasone. She was able to both plot the improvement and, in advance of her physician, determine when the benefit was leveling off (Meyer, 2011).

In March 2012, Sara Riggare used a smartphone app for finger tapping to explore daily variations of the effects of her medications for Parkinson's disease. She was thereby able to glean important insights about her disease and treatment that could not easily have been discovered in any other way (Riggare, 2012).

In the spring of 2018, Thomas Blomseth Christiansen used a one-button instrument for recording the times he felt an itching in his nose. Using this data in combination with pictures from a GoPro camera, he was able to determine which plants caused his allergies (Christiansen, 2018).

These examples, among many other, have five kinds of activities in common as described in the following paragraphs and depicted in Figure 1.


[image: Figure 1]
FIGURE 1. Personal science is defined as the practice of using empirical methods to explore personal questions. This practice is characterized by five kinds of activities and begins with questioning.



Questioning

Personal science specifically addresses personal questions. We use the word personal in its ordinary language sense, pointing to questions directly relevant to the individual asking the questions, and concerning their private life, experiences, and emotions. It is the self-reflexive quality of the questions that makes personal science personal; that is, the researcher's own life is the research domain. Personal science always involves the deliberate choice of the individual about what questions to ask, what methods to use and what observations to make.



Designing

Empirical approaches vary widely in formality and complexity. Simple self-observation of a single variable across time allows self-reflection on patterns of change. More complex self-experiments with alternating conditions or interventions can reveal cause-and-effect relationships when important questions justify the effort. The design activities in personal science involve exploring, applying, and adapting empirical methods to suit the aims, needs and skills of the person involved.



Observing

Personal science uses observations made through self-tracking, which is a process of deliberately collecting and structuring observations about one's own life. Widely varying types of instrumentation can be chosen to make these observations, including medical assays, digital technology, and pen and paper. The data can represent physical, emotional, social, or environmental phenomena. Observations can be gathered actively, as when a self-tracker presses a button on a device or creates handwritten notes; or, passively, using sensors on the body or “data exhaust” from digital records associated with other devices such as mobile phones and computers. The development of personal science has been supported by digital technologies that allow the collection of detailed real-world data about individuals. However, the most important distinguishing feature does not lie in the instrumentation used for making observations, but in the control of the self-tracking process by individuals exploring their own questions.



Reasoning

The reasoning process in personal science is carried out mainly by the individual who is its main subject. Individual control of reasoning means determining what questions to ask, what methods to use, who to consult for help, and balancing risks and benefits. Approaches to reasoning with one's own data may include data exploration, analysis, and visualization, development of formal experiments, and active reflection on one's own and with the help of peers and healthcare practitioners. Records of self-observation in a project of personal science often take the form of tabular real-world data, and the reasoning process typically involves common methods of digital data analysis, such as creating time-series graphs.



Discovering

In personal science, learning occurs throughout the whole cycle. We use the word discovering to refer to specific steps of consolidation and sharing. By consolidation we mean practical actions to improve daily life and by sharing we mean public discussion and dissemination. Insights gained during this process often lead to further questions that can initiate a new cycle of exploration. Consolidation and sharing of discovery depend on having time, freedom, and power to act on what's been learned, as well as support from peers and professionals.




PERSONAL SCIENCE IN HEALTH

Motives for developing a question that lead to self-tracking projects include curiosity, the need for problem solving, the quest for improvement to health and well-being, and pleasure in tinkering and creative expression. Self-tracking projects are often inspired by an encounter with the insights others have gained through similar projects presented at Quantified Self meetings or shared on the internet. Although the skills and activities associated with empirical self-study and encompassed by the concept of personal science are widely applicable, here we focus on health for three reasons: first, health is a dominant theme in Quantified Self practices; second, many individuals attempting to address consequential personal questions using their own self-collected data depend on collaboration from health practitioners, who require clear definitions and methodological context for evidence-based practice; and, third, the greatest promise of widespread benefit from access to the tools and methods of personal science lie in the health domain.

The specific goal of a personal science project may be as simple as checking intermittent clinical measurement of key biometrics with more frequent home measurements, or as complex as assessing the effect of highly structured self-administered trials of interventions. Along with the examples described above, self-trackers in the Quantified Self community have presented projects relating to, for instance: adult-onset acne, atrial fibrillation, Crohn's disease, IBS, asthma, and headache. The value of these projects to participants are not limited to cases where medical treatment is the main concern. Self-trackers have presented personal explorations on effects of diet on sleep; progress toward sports and fitness goals; patterns in mood and stress; along with many other distinct topics.

Self-trackers presenting at Quantified Self meetings often report that their projects have been useful even when their initial question was not resolved. Ancillary benefits include deeper learning about a health topic; generation of new ideas for improving their own care; productive engagement with clinicians; and providing a sense of agency while dealing with the stress of disease and treatment. The sense of agency is noted by self-trackers across a wide range of expertise. Even individuals who are clinicians themselves, or otherwise highly trained as researchers, have described the discouraging passivity induced by the experience of illness. Reasoning about one's own conditioning counteracts that passivity. As Dr. Larry Smarr, who suffers from Crohn's disease, put it in a QS community “Show&Tell” talk in 2011: “When you get a sense of knowledge, and, if not control then at least a sense that you can understand what's happening to you—then there's hope.”



PERSONAL SCIENCE AND N-OF-1 TRIALS IN MEDICINE

In the health domain, interest in addressing highly individual questions has a long history. The personal science framework reaches back to the tradition of single subject research design in applied fields of psychology, education, and human behavior, where it has benefited from extensive methodical research and practical guidance for practitioners (Kratochwill and Levin, 2010; Kazdin, 2011). However, the personal science framework and single subject research design are not the same.

Single subject research design is a scientific method in which an individual person serves as the research subject. Where single subject research takes the form of a rigorously conducted N-of-1 trial, it has high evidential value in medicine (Vohra et al., 2016). The limitations of N-of-1 trials in medicine are well-understood (Mirza et al., 2017). The urgency of acute illness offers limited time for rigorous trials, while more slowly progressing or chronic conditions require lengthy commitment to individually-focused discovery that clinical practice does not normally support (Kravitz and Duan, 2014). The aim of clinical studies of N-of-trials in medicine is to deliver results that simultaneously provide personal benefit, are clinically practical, and create generalizable knowledge that can be broadly applicable. Proponents of N-of-1 trials in medicine have the burden of showing that they improve patient outcomes in comparison to standard treatment (Kravitz et al., 2018; Mirza and Guyatt, 2018; McDonald et al., 2019).

The aims of personal science are different. As the extensive examples in the Quantified Self archive demonstrate, personal science typically involves reasoning about problems medicine often does not address: highly individual, often long term personal challenges, and questions such as finding the triggers of intermittent conditions in everyday life, understanding the effects of changes in diet and daily activities on physical and mental health, or using regular measurements to guide day-to-day decision making about sports, travel, work, and management of chronic disease. Individuals spend time and effort figuring out for themselves what they should measure that can give them insight into their question, choosing measurements that are personally relevant rather than clinically defined. For these reasons, personal science should not be understood to be identical to N-of-1 trials in medicine. Although self-trackers benefit from clinical knowledge and use it, where relevant, to guide their projects, personal science is a distinct form of empirical reasoning focused on health questions arising in daily life.



CITIZEN SCIENCE AND PERSONAL SCIENCE

In 1991, Martin and Brouwer (1993) introduced the term personal science to describe an approach to characterizing scientific practice for young students, an approach that emphasized that “science is not simply rational and objective but that the inquiring person is an integral part of the enquiry.” Personal science as a concept was derived from work of noted physical chemist and philosopher of science Michael Polanyi, whose work emphasized the tacit and subjective dimensions of mainstream scientific practice (Polanyi, 1958). Although in its origin the term personal science has wide scope, it has more recently been used to refer to the kinds of self-research described here (Roberts, 2014; de Groot et al., 2017; Heyen, 2017). In a well-informed and sensitive analysis that draws extensively on research conducted in the Quantified Self community, the sociologist Nils Heyen proposed “personal science” as the specific term labeling the practice of exploring one's own personal questions using empirical methods (Heyen, 2020). The distinctness of personal science relates both to the methods of its practice and to the domain of its application. Personal science shares the same overarching empirical framework as science generally. However, the research is motivated by personal questions salient in everyday life, it's methods are typically simple, and the discoveries are applicable directly by the person doing the research.

The practice of using empirical observations to address personal questions has clear similarities to citizen science. In the mid-1990s, Alan Irwin proposed the term “citizen science” to describe active collaboration between scientists and the public to understand complex ecological challenges and develop new approaches (Irwin, 1995). In published scientific literature, most projects described as citizen science involve volunteer contributions of observations and classification of data in ornithology, astronomy, meteorology and microbiology (Kullenberg and Kasperowski, 2016). However, in recent years, the term citizen science has come to encompass a wide range of diverse approaches to involving non-professionals in research. In its most general definition, citizen science describes research in which non-professionals play an active role in funding, data collection/generation, analysis, interpretation, application, dissemination, or evaluation (Mueller et al., 2011; Prainsack, 2014).

In the practice of personal science non-professionals occupy most, if not all, of the significant roles in research. However, this approach is distinct from citizen science in significant ways. Personal science is self-directed: that is, the subject of the research is also the primary investigator. This feature is not present in the majority of citizen science projects (NAS - National Academies of Sciences, 2018). The selection of topics and questions in personal science are determined by the researcher's personal motive alone; in citizen science the questions are typically determined by the research agenda of a scientific discipline. Where personal science addresses a health question, it typically aims at a specific personal question, where citizen science aims at creating generalizable knowledge. Despite these key differences, personal science and citizen science are aligned around a common commitment to democratic participation in science (Vayena and Tasioulas, 2015).



PROSPECTS

We envision a world of personal scientists, in which everybody has access to the support that they need to address their own questions about health and well-being using the tools and methods of science. Broadening participation in personal science is needed to catalyze new discoveries at both the individual and collective level. Widespread participation in personal science primarily benefits the individuals who make personal discoveries, but it can also make important contributions to the next generation of clinical and public health studies, which depend on data gathered in daily life which, when aggregated, may allow for population-based effect estimates. Engagement in personal science strengthens the empirical foundation for discovery generally.

Three developments in digital technology have been important in encouraging the spread of personal science: access to science on the web; online community and peer support; and, digital tools for sensing and tracking. However, to make personal science widely accessible, significant barriers must be overcome. First, methods for personal science are underdeveloped. Today, practical approaches to formulating good questions, setting up a self-tracking project, and visualizing and learning from one's own personal data tend to be handcrafted by individuals as they work on their projects. Translating common features of these handcrafted methods into designs that can be easily shared and adapted for personal use by many people will lower the barrier to participation. Second, personal science depends on self-tracking tools. However, today's commercial digital self-tracking tools are not appropriate for many types of personal questions. Digital data is often not accessible to users, who face important privacy and security threats, while instrumentation for many kinds of personal questions is expensive, inflexible, or lacking altogether. Third, all learning requires social support. Support for personal science is especially needed from those health professionals most directly concerned with individual care, including nurses, physical therapists, and specialists in rehabilitation and elder care. Broad recognition of the value of personal science is needed so that individuals can find encouragement, inspiration, and education both in the healthcare system and in other domains where consequential questions arise. Finally, people doing self-research require time to make discoveries and power to act on them. In this respect, support for personal science inevitably touches on broader social issues of democratization and social change. We hope our framework is helpful in furthering this change.
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Causal mechanisms connecting place and health have long vexed public health researchers and epidemiologists. While some relationships occur along readily measurable pathways, many linkages are less clear. This is especially true of non-communicable or “lifestyle” diseases, which often exist in a conceptual “black box”—wherein multiple, possibly interacting and interconnected, mechanisms complicate population-level generalizations about exactly how places affect health (Macintyre et al., 2002). Without observations over a variety of potential pathways, time periods, and individual-level characteristics and behaviors, researchers are limited to relatively high-level observations of associations between the characteristics of people and the places where they live, work, and play.

When paired with geocoordinates, data from self-tracking technologies can offer new opportunities for researchers and participants to explore these causal pathways. This paper describes how geolocated N-of-1 datasets could contribute to inquiries about place and health, and improve upon common limitations of place-based research. It also identifies several significant logistical, methodological, and ethical issues that could present barriers to these kinds of projects. Overall, the paper offers a vision for situating the quantified self in place, where researchers could support and amplify the creativity of self-tracking communities, and build testable hypotheses from rich, multidimensional datasets. With appropriate attention to the inherent challenges and limitations, researchers and self-trackers can meaningfully expand our knowledge of place effects on human health.


TECHNOLOGICAL OPPORTUNITIES IN SELF-TRACKING

A new era of place-based study has been ushered in by the development of relatively low-cost, portable geographic positioning system (GPS) technologies (Pendyala and Bhat, 2012). Researchers can now more precisely describe daily exposures within activity spaces, rather rely on static, administrative, and often residentially-focused representations of place, which suffer from a variety of validity issues (Cummins et al., 2007; Juarez et al., 2014). “Modifiable unit” problems can arise out of the relative arbitrariness of certain cut-offs and levels of aggregation (e.g., time points or “spatial boundaries”) (Dark and Bram, 2007; Cheng and Adepeju, 2014). For instance, estimates of an individual's exposure to tobacco retailers could vary substantially if outlets are summarized as counts within streets, blocks, or counties. Kwan famously extended these challenges by describing the uncertain geographic context problem (UGCoP), which highlighted the potentially significant influence of spatial boundary definitions on constructs of exposure and behavior (Kwan, 2012a). High-resolution GPS data can alleviate some of these concerns (Kwan, 2012b), and the development of wearable, environmental sensing technologies, such as portable air pollution monitors (Koehler and Peters, 2015; Seto et al.), has also enabled new kinds of individual-level datasets to be generated. Thus, individual-level, geolocated datasets could allow researchers to improve upon common limitations of GIS approaches, including issues with spatiotemporal joining of layers and datasets.


Opportunities for Place-Based N-OF-1

The proliferation of GPS and GIS technologies present particular opportunities to those interested in single-subject or N-of-1 investigations (De Groot et al., 2017). As identified by a recent systematic review of GPS measures in built environment-physical activity studies by Yi and colleagues, individual-level, geolocated datasets might also help address selection bias in place-based research by helping account for potentially influential individual characteristics, and enabling improved experimental or quasi-experimental research designs (Yi et al., 2019). Analytical frameworks, such as those proposed by Jankowska, Schipperijn, and Kerr for physical activity research (Jankowska et al., 2015), also provide guidance for integrating participant-level GPS and behavior data with existing GIS layers, and conceptualizing the different temporal, spatial, and behavioral exposures.

By placing N-of-1 investigations in environmental contexts, researchers might better understand how treatments and interventions work, for whom, and under which conditions. In patient-provider settings, the place-health nexus often presents a challenge to prescribing appropriate behavioral solutions to health problems, even in situations supported by self-tracking. For example, a physician might recommend that a patient increase their daily minutes of physical activity and use a smartphone app to track their progress. Absent contextual information, these activity data say little about how and where the provider's suggestions were put into practice. If the patient achieves the prescribed targets, important insights could be gained from learning exactly how they did it, and where. Did the patient pursue physical activity in their neighborhood? At a gym or at work? Using community parks or sidewalks? Contextual, and especially environmental information, present new dimensions of considering health behavior change, and, with appropriate supports for data collection and interpretation, could offer providers clues about the generalizability of their recommendations.

Place-based N-of-1 datasets might also help patients and providers retest significant observations to understand if and how findings depend on contextual factors. Many smartphone owners have already collected baseline datasets that, if paired with location data, could be used prospectively or retrospectively to investigate changes and relationships between environment, behavior, and health. These might include actively recorded information (e.g., meal records logged in a diet app), as well as those collected passively, such as daily step counts. For instance, a patient might observe a correlation between their daily step counts and the average walkability of the environments where they spent time. However, if they base their observation on data from warm summer months, and fail to adjust for average outside temperature, they could wrongly conclude that the place effect is not generalizable to colder times or environments. The outside temperature is likely to moderate the place effect of walkable street networks, but not wholly determine it. With observations across multiple spatial and temporal settings, place-based N-of-1 datasets open new avenues for considering the relative influence of different contextual factors.



Everyday “Natural Experiments”

Together, researchers and long-term self-tracking participants could also conceptualize possible areas for inquiry in advance of changes to the built environment or policy, or in retrospective studies that leverage geolocated tracking data across numerous dimensions (Fox and Duggan, 2013). These investigations could include “natural experiments” that emulate the methodological rigor of randomized controlled trials (RCTs), while also providing feedback to stakeholders about the effectiveness of a program or policy (Sampson, 2010). Natural experiments can pose challenges for researchers, including how to conceptualize and adequately measure treatment (e.g., the dose, duration, or intensity of the intervention), and develop rigorous baseline datasets with appropriate counterfactuals. These issues can sometimes prove to be prohibitive, especially in terms of time and resources required to prospectively collect baseline data, or in cases where the intervention could not have been anticipated (e.g., disruptions to a transport network, or shelter-in-place orders related to COVID-19).

Natural experiment designs can also face logistical or ethical challenges when applied in community settings (Sampson, 2010). For example, while random assignment to a treatment or control group is a cornerstone of RCTs that helps guard against selection bias, such assignments can be impossible or impractical. Quasi-experimental evaluation of how a new neighborhood park influences residents' physical activity demands that a reasonable control group be identified (i.e., a neighborhood that could have received the treatment, but did not). However, the determination of where and when a new park is built is, in reality, far from random, and subject to influence from unobserved or unmeasured political and community factors. As Sampson observes in his critique of the “experimental turn” in evaluation research, “the hard truth is that we have little choice but to adapt in creative ways to the limitations that confront all social science inquiry” (Sampson, 2010). The place-based N-of-1 dataset offers one such creative adaptation to the random assignment problem by making available potential counterfactuals from within-subject baseline data. This could strengthen both the validity of the treatment or exposure variable, as well as our confidence in the comparability of the control units.



Quantified Self-in-Place

The opportunities for place-based N-of-1 studies are complemented by a broadening public use of wearable and self-tracking technologies, including a growing “quantified self” movement of individuals who use self-measurement to improve or optimize aspects of their lives, like health, happiness, or productivity (Fox and Duggan, 2013; Lupton, 2016; De Moya and Pallud, 2020). These avid self-trackers might be willing to volunteer long-term “baseline” data and may also be tracking across multiple devices or applications. Additionally, those in the quantified self-community could be interested in developing and testing new self-tracking technologies in collaboration with researchers. Thus, by working with quantified self-participants, researchers not only gain access to unique and potentially geolocated datasets, but also draw upon the community's ingenuity and curiosity to develop new tools or hypotheses.

Thinking of place-based N-of-1 research in a community-engaged or participatory research frameworks also has epistemological and ontological benefits. Citizen science approaches, which might include the quantified self-movement, can help integrate participants' environmental perceptions into otherwise “objective” data collection methodologies (Pykett et al., 2020). While more controlled research settings use standardized ecological momentary assessments (EMA), citizen science approaches may instead follow more participant-driven protocols, though they might still employ standardized tools (e.g., photo-taking, neighborhood audits). This allows researchers to further engage participants in formulating hypotheses and interpreting outcomes, which could be especially relevant in exploratory settings without clear expectations of cause-and-effect relationships.

These engagement-focused approaches respond to calls for self-tracking researchers to leverage both quantitative and qualitative methods (Gilmore, 2016), such as the “citizen social science” described by Pykett and colleagues, whereby individual-level data are measured via wearables and also elicited through surveys and interviews (Pykett et al., 2020). Communities of self-trackers might also share insights to help one another optimize a behavioral intervention, or collectively assess the impact of an environmental change. Examples of quantified self-communities organizing for mutual support, learning, and advocacy are also evocative of the empowerment and engagement potential identified by De Groot et al. (2017), King et al. (2019), and De Moya and Pallud (2020). Thus, a complete vision for “quantified self-in-place” projects should include possible hypotheses of place-health relationships, and also make room for participants to suggest new directions, tools, or variables.




CHALLENGES

These opportunities are not without logistical, methodological, and ethical challenges. While some of these may be addressed with future technological improvements, it is important to recognize both the current limits to our capabilities and methods, as well as the potential risks that the imagined high-resolution, individual-level datasets might introduce.


Logistical Issues

Collecting and interpreting place-based N-of-1 datasets is no small task. Geospatial researchers have increased the internal validity of exposure measures with high-frequency GPS tracking, though conceptual (e.g., how do we operationalize exposure to a neighborhood park?) and logistical (e.g., how often should location be recorded to capture exposure?) questions remain. Furthermore, broad heterogeneity rooted in device-specific particularities and individual motivations for participation are likely to complicate or preclude between-participant comparisons from crowdsourced data. Crowdsourcing also requires that participants know how to collect and extract high-resolution, geolocated data from mobile applications or wearable devices. Even among tech-savvy quantified self-communities, self-trackers are sometimes limited in their ability to extract and analyze data from tracking devices.

When GPS, GIS, and biometric data are collected with the express purpose of integration, analysts can anticipate some of these challenges by setting data formatting standards, conducting sensitivity analyses, or making adjustments to statistical models. Examples of web-based dashboards that integrate specific kinds of geodata, such as Patrick and Kerr's Personal Activity Location Measurement System (PALMS), may provide inspiration for future open-source platforms that could guide users through the various steps and stages of collecting, curating, and interpreting their own multidimensional datasets (Kerr et al., 2011). Additionally, advanced computing technologies like machine learning could provide future opportunities for automating data cleaning and harmonization, as well as uncovering relationships between spatial, temporal, and biometric variables.



Representation and Inclusion

Social determinants of health exert strong influences on both health behaviors and outcomes, but these constructs may not be well-represented in place-based N-of-1 datasets (Gabriels and Moerenhout, 2018). The degree to which these variables are integrated from self-tracking sources depends both on whether they are valued and collected by researchers or data collection/integration platforms, and whether participant populations are distributed across these socioeconomic gradients. As others have noted, disadvantaged populations face barriers in accessing tracking technologies and responding to insights gleaned from self-tracking data (Lupton, 2016; Gabriels and Moerenhout, 2018; Lupton). Well-documented mistrust of academic, medical, and research communities among many marginalized and exploited groups, stemming from decades of real and perceived harms perpetrated against them, could also limit the applicability and acceptability of place-based N-of-1 projects in certain settings (George et al., 2013; Bonevski et al., 2014). Furthermore, participation through geolocated personal data could elevate concerns about the independence of researchers from other potentially mistrusted and surveillance-interested parties, such as financial institutions, police, immigration officials, or case workers. Clear delineation of data protection, processing, and sharing protocols are necessary to make N-of-1 studies accessible to all communities, including legally-informed procedures regarding data requests from outside parties.

Without addressing these concerns about inclusion, place-based N-of-1 studies may thus be limited to a subset of “worried well,” relatively healthy and high-income individuals with time and resources to devote to self-study (Gabriels and Moerenhout, 2018; Lupton). While researchers might still leverage learnings from pilot testing among this specific community for broader applications, more inclusive thinking is needed to avoid replicating inequality in N-of-1 research. Novel participatory approaches which aim to reduce power imbalances between researchers and participants potentially enable new collaborations that would not be possible in conventional patient research paradigms (English et al., 2018; King et al., 2019).



Construct Validity

Researchers may seek to operationalize relatively ambiguous constructs in place-based N-of-1 studies. In some domains, validated measurement standards provide a strong start, so that, for instance, a daily step count is derived from an assemblage of high-resolution accelerometer data. Environment may complicate this relationship; as in the step count example, local terrain or topography could be markedly different than the validated standard (Huang et al., 2016). Other constructs are the result of more complex physiological measurements (e.g., accelerometer data to gauge movement and intensity), and still others aim to represent psychological or social constructs (e.g., excitement, fear, stress) (Pykett et al., 2020). While these measures may have a biological basis derived from laboratory settings, important questions emerge about the validity of these measures when used in the field, especially measures that indicate response to external stimuli (Chrisinger and King, 2018; Pykett et al., 2020). These questions become even more complex when comparisons between individual datasets are desired, but data have been collected with different kinds of applications or devices, and/or individuals' motivations for contributing their data are unclear.

Additionally, researchers must be aware of the contested nature of place terminologies themselves, including UGCoP and other challenges (Kwan, 2012a). Still, recent projects recognizing the “personal and subjective” nature of spatial perception (e.g., two neighbors may define their neighborhood quite differently) provide examples for how these uncertainties might be conceptualized and addressed (Pykett et al., 2020; Meier and Glinka). Furthermore, the moderating influences of environmental perceptions are also important to consider and could be measured with complementary methods, such as EMA (Yi et al., 2019). Ultimately, N-of-1 researchers should be cognizant of the uncertainties that surround the different constructs invoked by their analyses, and how interpretation of these constructs might vary between places and people.



Participant Privacy

Finally, as it becomes easier to volunteer and merge discrete streams of personal information into geolocated datasets, we must bear in mind the risks to participant privacy. For example, the “digital fingerprints” corporations assemble for individual consumers using multiple sources of online activity data illuminates just one of the risks posed by the “exploited” self-tracking described by Lupton (2016), and emerging “surveillance capitalism” identified by Zuboff (2015). Potential ethical concerns about the intrusiveness of continuous GPS monitoring are possibly ameliorated in a quantified self-paradigm, where researchers and participants often agree to collect far more data than might otherwise be deemed necessary.

De Moya and Pallud describe possible benefits to self-tracking as “self-surveillance,” observing how empowerment can come through visibility and accountability in data-sharing communities, and the ability to integrate data across multiple platforms and types (De Moya and Pallud, 2020). Still, the “consented self-surveillance” they describe relies on transparency of data integration and sharing, providing users opportunities to (dis)allow personal data from different sources to be integrated across platforms (De Moya and Pallud, 2020). Quantified self-participants might be more willing to accept more radical transparency in terms of data-sharing, though the exact privacy risks of geolocated datasets may not be entirely clear until they are created. Given the size and scale of place-based N-of-1 datasets, it may be difficult to ask participants to fully review and understand their contributions before volunteering them.




CONCLUSION

As new technologies expand our conceptualization of human and environmental variables, and the instruments used to measure them become more accessible to the general public in terms of cost, size, and skills required, the datasets available to health and built environment researchers will become increasingly large and multi-dimensional. For each the hundreds of potentially observable data points available to researchers, still greater numbers of linkages could be made to existing or simultaneously collected environmental data, enabling innovative observational and mechanistic studies that describe and predict the effects of place on human health. These place-based N-of-1 datasets also create new opportunities for engagement and collaboration outside of traditional researcher-participant paradigms, and may draw inspiration from flourishing quantified self and citizen science communities. While encouraging patients and citizen scientists to collect, analyze, and share their own data, researchers can also help educate participants about the challenges and opportunities inherent in place-based research. By developing a higher-resolution understanding of how place and health are connected for different individuals, the contours of etiological black boxes will become more legible, including the contextual and conditional dynamics that so often exist within them.
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Background and Significance: Parallel-group randomized controlled trials (PG-RCTs) are the gold standard for detecting differences in mean improvement across treatment conditions. However, PG-RCTs provide limited information about individuals, making them poorly optimized for quantifying the relationship of a biomarker measured at baseline with treatment response. In N-of-1 trials, an individual subject moves between treatment conditions to determine their specific response to each treatment. Aggregated N-of-1 trials analyze a cohort of such participants, and can be designed to optimize both statistical power and clinical or logistical constraints, such as allowing all participants to begin with an open-label stabilization phase to facilitate the enrollment of more acutely symptomatic participants. Here, we describe a set of statistical simulation studies comparing the power of four different trial designs to detect a relationship between a predictive biomarker measured at baseline and subjects' specific response to the PTSD pharmacotherapeutic agent prazosin.

Methods: Data was simulated from 4 trial designs: (1) open-label; (2) open-label + blinded discontinuation; (3) traditional crossover; and (4) open label + blinded discontinuation + brief crossover (the N-of-1 design). Designs were matched in length and assessments. The primary outcome, analyzed with a linear mixed effects model, was whether a statistically significant association between biomarker value and response to prazosin was detected with 5% Type I error. Simulations were repeated 1,000 times to determine power and bias, with varied parameters.

Results: Trial designs 2 & 4 had substantially higher power with fewer subjects than open label design. Trial design 4 also had higher power than trial design 2. Trial design 4 had slightly lower power than the traditional crossover design, although power declined much more rapidly as carryover was introduced.

Conclusions: These results suggest that an aggregated N-of-1 trial design beginning with an open label titration phase may provide superior power over open label or open label and blinded discontinuation designs, and similar power to a traditional crossover design, in detecting an association between a predictive biomarker and the clinical response to the PTSD pharmacotherapeutic prazosin. This is achieved while allowing all participants to spend the first 8 weeks of the trial on open-label active treatment.

Keywords: N-of-1 trials, crossover trials, posttraumatic stress disorder (PTSD), prazosin, biomarkers, personalized medicine


INTRODUCTION

Parallel-group randomized controlled trials (PG-RCTs) are the gold standard for detecting differences in mean improvement across treatment conditions (1). However, PG-RCTs provide limited information about the response of individuals to treatment, as they provide no information about the potential response to active treatment for those in the placebo group, and for those who do receive active treatment and experience clinical improvement, it is not possible to distinguish whether this improvement is treatment-specific, or whether the individual would have responded similarly to placebo. This makes PG-RCTs poorly optimized for quantifying the relationship of a biomarker measured at baseline to a treatment-specific response, or identifying subgroups of treatment-specific response (2).

These limitations also affect the utility of trial participation for participants, who receive limited information about whether they have a treatment-specific response (1, 3). Additionally, this trial design requires that many participants spend the full duration of the study on placebo, which may limit the enrollment of patients with particularly acute symptoms. The risk of under enrolling acutely symptomatic patients in a PG-RCT may be particularly high in contexts where the treatment in question or treatments very similar to it are already in active clinical use (4), as is often the case in clinical trials designed to address questions in the realm of personalized medicine.

In N-of-1 trials, an individual subject experiences several treatment conditions, such as active treatment and placebo, in order to assess the individual's specific response to each treatment (1). In aggregated N-of-1 trials, a cohort of individuals moves through this same type of trial design, and their outcomes are analyzed to answer questions about e.g., patterns of treatment response (5). Aggregated N-of-1 trials can be designed to optimize both statistical power and clinical or logistical constraints, such as allowing all participants to begin with an open-label stabilization phase to facilitate the enrollment of more acutely symptomatic participants. They can also mix elements that facilitate standardized assessment of change across all participants with evaluative elements that are individualized to address symptoms that are specific or important to individual participants (1, 6). These features suggest that aggregated N-of-1 clinical trial designs may have significant advantages over PG-RCTs in addressing hypotheses related to personalized medicine (2, 7).

Despite these potential advantages, N-of-1 trials have been slow to gain traction in the biomedical research community. One reason may be that N-of-1 trials have statistical complexities that are different from those encountered in PG-RCTs, and their design and utilization has been limited by the availability of statistical methods to validate and interpret the results (1). Not only do standard methods of power calculations not apply to an aggregated N-of-1 clinical trial, but the breadth of trial designs that are possible using an aggregated N-of-1 approach mean that the questions a researcher would like to ask when computing power calculations may differ from those asked when designing PG-RCTs. For example, the power of an aggregated N-of-1 clinical trial generally increases with increasing repetitions of each treatment condition (5). This effect is limited, however, by the fact that the shorter the period of time an individual is on a given treatment before the effect of that treatment is measured and the treatment condition changed, the larger any carry-over effects from the previous treatment blocks are likely to be (5). The relative cost- vs. benefit of longer but fewer total blocks of treatment, vs. shorter but a larger number of blocks of treatment, then, will depend on the researcher's estimate of carry-over in their particular experimental context (8)–and it is important that methods for power calculations for aggregated N-of-1 trial designs take this type of a factor into account.

Another area in which the assessment of power in an aggregated N-of-1 trial may be more complex is in the area of drop-outs. In traditional power calculation methods, it is often hopefully assumed that dropouts will be unbiased with respect to the effects being measured (9); when the risk of biased drop outs is addressed, this is usually done during analysis by using last-measure-carried-forward, multiple-imputation, or similar strategies (10). In a clinical trial design where participants will at some point move from active treatment to placebo, or from one treatment condition to another treatment condition, it becomes harder to ignore the likelihood that those who have the strongest response to one particular treatment condition may be the most likely to drop out when the move from that treatment condition to one that is less effective for them (11). At the same time, the increased flexibility of the trial design means that it is may be possible to explicitly structure a clinical trial to both minimize dropouts and maximize the ability to obtain the most critical information from each participant prior to periods where the likelihood of dropout increases, if these factors can be quantified and compared across potential clinical trial designs.

Finally, while the option to include both open-label and blinded treatment blocks into an aggregated N-of-1 trial design has the potential to significantly increase the representation of acutely symptomatic patients in a clinical trial, it also makes assessing the impact of a participant's expectation of benefit on their outcome more complex than in a purely double-blinded RCT (5). For example, if a participant begins on open-label treatment, it is expected that their change in outcome measurements during this period of time would constitute the combined effect of both treatment-specific effects and non-treatment-specific effects, which includes the impact of just knowing that they are receiving active treatment. The question arises, then, as to what is expected to happen when they transition from this period of open-label treatment to a treatment block when they are on blinded but active treatment. How does the impact of knowing they may be on treatment compare to the impact of knowing they are on treatment?

The increased relevance of factors such as biased dropouts and expectancy related effects to statistical power means that wider adoption of aggregated N-of-1 clinical trial designs will require the development of statistical methods that allow clinical trialists to compare the statistical power of different potential trial designs in answering their particular research questions, and given their best estimates of the extent to which effects such as carry-over or biased dropout rates will impact their study population. As many of these factors do have non-trivial relevance even to PG-RCTs, however (12, 13), it is also possible that the development and such methods may eventually improve our understanding and interpretation of more traditional clinical trial designs, as well.

Although the simplest form of an N-of-1 trial, the crossover trial, is one of the earliest forms of clinical trial and has been studied extensively (14–17), most work addressing the statistical properties of more complex N-of-1 clinical trial designs has been done in the past decade (5, 8). In 2014, Chen and Chen compared both simple (paired t-test) and more complex (mixed effects models) approaches for conducting tests of treatment efficacy using aggregated N-of-1 trial results, and found that in their examples, mixed effects models were inferior in the absence of carryover effects but superior when these were included (18). This work was critiqued by Araujo et al. who point out that the models evaluated by Chen and Chen do not include a treatment by patient interaction (19), an interaction that has been advocated for in the meta-analysis literature; the relevance of Chen and Chen's approach may also be limited by the assumption of compound symmetry and auto-regressive covariance structure. More recently, Percha et al. implemented a stochastic time-series model to simulate individual N-of-1 studies, and characterized the impact of the number of treatment blocks, the ordering of treatments within blocks, the duration of each treatment, and the sampling frequency on both the statistical power to detect a difference in efficacy and in the accuracy of the estimated effect size (20). However, little work thus far has explicitly attempted to model the impact of expectancy and biased dropout on statistical power in aggregated N-of-1 clinical trial design, or to incorporate the possibility of non-traditional combinations of treatment conditions, such as trials that include both open label and blinded conditions, or blinded discontinuation blocks.

Finally, although it is expected to be an important application of this type of trial design (2, 7), there is extremely little that has been published addressing methods for the validation of predictive biomarkers in aggregated N-of-1 trials. A publication by Grenet et al. earlier this year provides a statistical framework for comparing the power of crossover vs. parallel-group clinical trials to detect a relationship between a binary predictive biomarker and treatment effect (21). However, we are not aware of any published methods for analyzing more complex aggregated N-of-1 clinical trials to test for the relationship between a putative predictive biomarker and treatment response, nor for calculating a trial's power to test this type of a hypothesis.

Here, we provide an initial set of tools designed to address a number of the above statistical challenges in the design and analysis of aggregated N-of-1 trials. Specifically, we describe a set of statistical simulation studies that were used to compare the expected statistical power of different potential clinical trial designs, the aim of which was to detect a relationship between a biomarker measured at entry into the study and the efficacy of a specific treatment. Importantly, then, the power that is being calculated in this set of examples does not address whether the treatment is effective as compared with placebo, but rather whether the biomarker measured at baseline is able to predict which individuals will respond to the treatment and which will not.

This sample application is based on work conducted by the authors to plan a randomized clinical trial to test the relationship between standing systolic blood pressure measured at baseline to the decrease in PTSD symptoms produced by the α1 adrenoceptor antagonist prazosin. A relationship between this simple, clinically-accessible biomarker and treatment response that is large enough to be potentially relevant to treatment selection has been found in a post hoc analysis of a PG-RCT of prazosin for PTSD conducted in a primarily young, male population (22), but the relationship has not yet been validated in a prospective trial, or in a trial with a less homogeneous population. Further, the potential to conduct further PG-RCTs of prazosin for PTSD is believed to be limited by already wide utilization of prazosin for PTSD, such that the acutely symptomatic patients thought to be most responsive to PTSD are unlikely to be referred to trials where they may be placed on placebo, rather than simply treated (4).

The use of this real example of computing power calculations for what is now an ongoing aggregated N-of-1 clinical trial allows us to demonstrate how estimates of population means and variances were extracted from extant data sets when possible, while variables that could not be estimated based on existing data were allowed to vary so that the dependence of the power calculations on these estimates could be assessed. However, it is hoped that the methods described will be of general utility. To this end, the functions used to generate and run these simulations are also provided in a publicly available github repository.



METHODS


Approach

Conceptually, the work can be broken down into three broad steps, which are detailed in Figure 1: the statistical simulation of a single clinical trial, including a simulated data set and the estimated effect size and p-value that result from the analysis of that trial (Figure 1A); the repetition of the individual clinical trial simulation 1,000 times, producing an estimate of statistical power and the distribution of bias in the effect size estimate (Figure 1B); and a repetition of this entire process while systematically varying the parameter space and the clinical trial design, in order to quantify the relative power and bias distributions for the different clinical trial designs, and the sensitivity of these results to variable parameters such as carryover effects of dropout patterns (Figure 1C). All work was done using R (23) and RStudio (24). The R functions and vignettes documenting the steps used to generate these results are available as a package at https://github.com/rchendrickson/pmsimstats.
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FIGURE 1. Schematic overview of approach to simulating and analyzing clinical trials data. (A) A multi-step process was used to simulate and analyze the results of a single simulated clinical trial. Parameters used to generate the simulated data were derived in part from existing data sets, but also involved the selection of some parameters that could not be estimated directly from existing data. The generation of data was done using a model that presumed there were three basic factors that linearly combine to describe the trajectory of participants' symptoms over time (the direct, biologic response to drug (BR), the expectancy-related response to drug (ER), and the time-varying component unrelated to drug (TR). These results were then analyzed using a linear mixed effects model, as is proposed for the analysis of the actual clinical trial results. This analysis is structured to test the hypothesis that the biomarker measured at baseline will be significantly associated with the degree of clinical response a given participant has to the intervention. The analysis produces a p-value describing the statistical significance of the results if they were being analyzed as a single extant clinical trial, and an estimate of effect size. (B) This simulation process is repeated 1,000 times using the same clinical trial design and parameter selection, allowing an estimate of the power of this trial design to detect the proposed relationship, and the distribution of bias in the effect size estimated. (C) This entire process can then be repeated with (a) different clinical trial designs, and (b) different parameter selection, in order to determine how statistical power and bias in effect size estimation vary as a function of trial design, response parameters, and model assumptions.




Selection of Clinical Trial Designs for Comparison

Potential clinical trial designs were selected to allow the comparison of statistical power and bias across the four most plausible trial designs for testing the relationship of a baseline biomarker to treatment response: (1) a single-group open label trial, (2) a single-group open label trial followed by a blinded discontinuation block, (3) a traditional crossover trial, and (4) the proposed N-of-1 trial design, consisting of a single-group open label trial followed by first a blinded discontinuation block and then two crossover blocks (Figure 2). In each design, the titration period for prazosin is expected to be 2.5 weeks each time it is initiated. In blinded discontinuation blocks, the transition from blinded but active treatment to placebo can occur at only two points, either after 1 week or after 2 weeks in the block. However, this aspect of the design is not revealed to participants, who are told only that during this block they may be on either active drug or placebo, and that this may change during the course of the block.
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FIGURE 2. Four potential clinical trial designs that were compared on their ability to detect a relationship between a biomarker measured at baseline and response to treatment with the pharmacotherapeutic agent prazosin. Trial designs were matched in duration and the number of evaluation points. (A) Open-label trial design: All participants receive open-label prazosin throughout the trial. (B) Open-label followed by blinded discontinuation design: All participants receive active drug for 16 weeks, then enter a 4 week blinded discontinuation block. During the blinded discontinuation block, all participants receive active drug during the first week and placebo during the last 2 weeks, such that only the participant is blinded to treatment condition during these weeks; the treatment condition during the second week is randomly assigned and a double blind is maintained during this week. (C) Traditional crossover trial design: Participants are randomized to 10 weeks on active drug followed by 10 weeks on placebo, or the reverse. (D) Proposed N-of-1 trial design: all participants begin with an 8 week open label period, then enter a 4 week blinded discontinuation period, then complete 8 weeks of crossover. There are two independent randomization points—whether the participant is on active drug (A) or placebo (P) during the second week of the blinded discontinuation block, and whether the participant's crossover blocks are active drug then placebo or the reverse. A = Active drug (prazosin); P = placebo. X indications the timing of assessment points for clinical outcome measure.


The inclusion of an open-label period at the beginning of designs 2 and 4 was selected to address concerns that highly symptomatic individuals would be less likely to be referred to or enroll in a clinical trial where they may be initially assigned to a placebo group. The inclusion of a blinded discontinuation period in two of the trial designs was designed to allow a higher intensity of data capture, including of personalized assessment measures, during the period of discontinuation after the open-label portion. A traditional PG-RCT was not included among the tested designs because, in the specific example being explored, existing data had already demonstrated that there was a negligible chance that the biomarker predicted response to placebo (22), which meant that minimal information would be obtained from the ~50% of participants randomized to placebo.

By the most general definition of an aggregated N-of-1 clinical trial, all but the open label and PG-RCT designs can be considered to be a form of N-of-1 trial, because each participant spends time on both treatment conditions (active drug and control). However, it is primarily the fourth trial design that takes advantage of the opportunity for multiple periods of treatment in each treatment condition.



Statistical Simulation of Data

The expected trajectory of clinical symptoms over time was modeled as the linear sum of 3 factors (Figure 1A), each of which describes one aspect of how symptoms change over time from their baseline values: (1) a direct, biologic response to a pharmacologic agent (the biologic response, or BR); (2) an expectancy-related response to taking a medication that is either known to be or know to possibly be an active treatment (the expectancy-related response, or ER); and (3) a component that is a function of time since study entry, but which is not related to the actual or expected presence of active treatment (the time-dependent response, or TR). The time-dependent response is presumed to include both regression-to-the-mean effects and the impact of the structure, attention and regular interaction with staff involved in study participation.

A function describing the expected mean and variance of each factor as a function of time and study design was fit using a three-parameter gompertz function, allowing a non-linear monotonic trajectory over time with a maximum asymptote. The three parameters characterize: the maximum response, the displacement, and the rate. Initial estimates for these variables were based on fits to existing data from a parallel group randomized controlled trial of prazosin for PTSD in active duty service members (25), utilizing the following assumptions: the trajectory of the BR factor was taken to be the difference between the trajectory of the prazosin group and the placebo group; the trajectory of the placebo group was taken to represent the sum of the TR and ER factors; in the absence of any data to separate the trajectory of the placebo group into the TR and ER components, the maximum response, rate and variance of the TR and ER factors were assumed to be equal [tabula rasa (TaRa) parameter set]. In further sensitivity analyses, however, these values were varied to assess the impact of these parameters on simulated clinical trial performance. The means and variances of the baseline symptom intensity [as measured by the clinician administered PTSD scale for DSM-IV, or CAPS-IV (26)] and baseline biomarker values (systolic blood pressure 2 min after standing) were based directly on the baseline measurements from the existing data.

The ER factor was presumed to be scaled directly by participant expectancy regarding whether they were taking an active medication or not. For open label trial components, the expectancy was set to 1, while for blinded portions where the participant had been informed there was an equal chance they were taking active drug vs. placebo the expectancy was set to 0.5. The BR factor was set to zero at times when participants had never been on active drug; however, a carryover effect was built in such that when a participant moved from active drug to being off active drug, the value of the BR at the last timepoint on active drug was exponentially decayed, with the half-life of this decay being maintained as a model parameter.

Using the above factor parameterizations to provide the expected mean and variance for each factor at each time point, simulated data with the specified covariance structure, coerced to be positive definite, was generated using the function mvrnorm from the R package MASS (27). This simulated data consisted of baseline symptom intensity, baseline biomarker value, and the value of each of the three factors at each timepoint within the trial for a variable number (N) of participants (Figure 3). The mvrnorm function takes as input a vector specifying the means of each variable, as well as a covariance matrix. The covariance matrix was assembled based on a set of modifiable parameters defining the correlation between the baseline biomarker and the BR components, the autocorrelation over time (relating the value of a factor for one participant at one timepoint to the value of that factor for that participant at subsequent timepoints), the correlation at a single time point between the 3 factors, and the variance of each component. Once the factor values at each time point were generated, the sums of the three factors BR, ER and TR were subtracted from the baseline values for each simulated participant to produce a full set of results for the simulated clinical trial, consisting of the baseline biomarker measurement and symptom intensity measurement at each timepoint.
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FIGURE 3. Simulated clinical trials data plotted as change in baseline symptom score as a function of time, broken down by clinical trial design (A–H) and randomization path (numbered facets within each trial design). (A) through (D) show results with carryover set to 0; (E) through (H) show results with carryover set to 0.1 weeks. Individual simulated factors (BR = biologic response to drug, ER = expectancy-related response to drug, and TR = time-varying component unrelated to drug) are shown along with their summed effect. Plotted data represents the averaged output of 500 replicates for each clinical trial design, divided across the number of randomization paths, and was generated using the tabula rasa response parameters. OL = open label, OL+BDC = open label followed by blinded discontinuation, CO = cross over, N-of-1 = proposed N-of-1 trial design. Black bar represents times active drug was scheduled to be present.


In some simulations, a censoring filter was applied following the production of the stimulated trajectories, in order to assess the effects of participant dropout. The probability of a simulated participant dropping out per unit time was calculated as the sum of a flat hazard function (β0,) and a probability scaled by the square of the change in symptoms since baseline (shifted by 100 so that all values are positive; β1). Thus, depending on the parameters β0 and β1, this function produces a probability of dropping out that is higher for participants experiencing worsening or high continued levels of symptoms and lower for participants who are experiencing benefit.



Analysis of Simulated Data

Each simulated trial data set was analyzed using a MMRM (mixed effect model with repeated measures) to assess the significance of the biomarker-vs.-drug exposure interaction. Consistent with the recommendations of Barr et al. (28), models were initially run with maximal random effects structure justified by the design, which was then limited based on empirical success with model fits. An unstructured variance/covariance matrix was assumed.

For trial designs that include timepoints both on and off active drug excluding baseline, fixed effects in the model were time, drug-exposure, baseline biomarker and an interaction term between drug-exposure and baseline biomarker. Individual subject was included with a random intercept. The inclusion of expectancy as a fixed effect was found to increase the frequency of collinearity leading to poor model fits while changing the results minimally, and thus was not included in any of the results presented. Thus, the model implemented for these designs was: Si,t = βi,0 + β1 · bm + β2 · Db + β3 · t + β4 · bm · Db. A non-zero coefficient for the interaction term, β4, serves as indication of a significant effect of baseline biomarker on drug response.

For trial designs where, excluding baseline, each participant only experiences a single treatment condition, the above model was poorly fit, and produced a significantly inflated type I error rate (data not shown). Instead, consistent with the post hoc analysis of a parallel group RCT's results that served as the preliminary data for this work (22), trial designs of this type (primarily OL) were analyzed with a model that included time, baseline biomarker and an interaction term between time and baseline biomarker: Si,t = βi,0 + β1 · bm + β2 · t + β3 · bm · t, with a non-zero interaction term (this time represented by β3) again signifying a significant effect of biomarker on treatment response.

In each case, the model was fit using the lmer function from the R package lme4 (29). For each simulated trial analysis, the p-value for the biomarker-vs.-drug interaction was evaluated for significance at the alpha = 0.05 level by examining the p-value corresponding to the interaction terms described above as calculated by lmer. The rate of significant interactions provided an estimate of the power of each design to detect the simulated interaction signal for each combination of parameters. The distribution bias in the estimate of the association between the biomarker and the response to active drug was quantified for each trial design and censoring pattern as the differences between the β from each replicate and the β when the analysis was run across all replicates with that parameter set but with no censoring.




RESULTS

The statistical power to detect a relationship between the baseline biomarker and the response to prazosin treatment was significantly different among the four clinical trial designs. When simulations were run using tabula rasa parameter set, assuming equal magnitude and variance for the TR and ER factors, and without a carryover effect, the proposed N-of-1 trial design demonstrated superior power to detect a true relationship between the baseline biomarker and response to drug compared to the open label and open label + blinded discontinuation designs (Figure 4A). The N-of-1 design had lower power than the traditional crossover design. Increased censoring lowered power across all trial designs, but, consistent with the increased vulnerability of the open-label plus blinded discontinuation design to participant loss prior to the blinded component, this design's power dropped more rapidly.
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FIGURE 4. Heat map showing statistical power as a function of (A) clinical trial design, the number of subjects, the correlation coefficient relating the biomarker to the biologic response to drug, and the censoring parameters describing dropout patterns, or (B) clinical trial design, the number of subjects, the timecourse of the carryover effect of the intervention (t1/2 in weeks), and the censoring parameters describing dropout patterns, for each of the clinical trial designs described in figure 1. In (A) the carryover effect is set to zero; in (B) the correlation between baseline biomarker and the biologic response to drug is set to 0.6. OL = open label, OL+BDC = open label followed by blinded discontinuation, CO = cross over, N-of-1 = proposed N-of-1 trial design.



Impact of Carryover on Statistical Power

When a non-zero carryover term was added to describe the persistence of improvement related to the biologic effect of the drug even after the active drug is discontinued, described as an exponential decay with t1/2 measured in weeks, the presence of even a short (0.1 weeks) carryover component resulted in a precipitous decline in power in both the N-of-1 and, to a lesser but still very significant degree, the open label + blinded discontinuation design (Figure 4B). A decrease in power in the cross over design was also seen, but this was significantly less severe.



Impact of Response Trajectory Parameters on Statistical Power

The impact of changes in the parameters used to define the trajectories of the three response factors (BR, TR, and ER) were explored by systematically varying either the maximum values and standard deviations (set equal to the maxima) of each factor while retaining the tabula rasa values for the rates (Figure 5A) or by systematically varying the rates while retaining the tabula rasa values for the maximums (Figure 5B). Consistent with expectation, increased maximal response of the BR factor improved power across all trial designs. Increasing the maximal response of the ER factor decreased power across all trial designs, but with a greater decrease in power in the two trial designs (OL+BDC and N-of-1) where the expectancy values changes across the trial. Increasing the maximal response of the TR factor decreased power across all trial designs. Increasing the maximal response of the ER factor decreased power more substantially for the trial design where expectancy changes.
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FIGURE 5. Heat maps showing statistical power as a function of trial design and the parameters used to define (A) the maximum response or (B) the rate of change in the modified gompertz function defining the trajectories of each of the three response factors (BR = biologic response to drug, ER = expectancy-related response to drug, and TR = time-varying component unrelated to drug). In panel both panels, N is set to 35 and carryover is set to zero. In (A) the correlation between biomarker and the BR factor is set to 0.6, while in (B) it is set to 0.3. OL = open label, OL+BDC = open label followed by blinded discontinuation, CO = cross over, N-of-1 = proposed N-of-1 trial design.


The impact of changes in rate parameters were less consistent across trial designs. In the two trial designs with blinded discontinuation portions, an increased rate for the BR factor did generally correspond with increased power across most of the parameter space; however, for the crossover design, increased BR rate was associated with decreased power across most of the parameter space.



Variability and Bias in Effect Size Estimates

The variability and bias in the effect size estimates as a function of trial design and parameters was also explored. The mean across replicates of the estimated standard error in the coefficient for the interaction term used to carry out the hypothesis testing increased across all trial designs with increasing censoring, but with a greater effect for the OL+BDC trial design (Figure 6).
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FIGURE 6. Mean standard error in the coefficient for the interaction term used for hypothesis testing across simulated replicates, as a function of trial design, response parameters, carryover, and censoring parameters. OL = open label, OL+BDC = open label followed by blinded discontinuation, CO = cross over, N-of-1 = proposed N-of-1 trial design.


Bias was assessed in two ways. First, the estimate of the coefficient for the interaction term used to carry out hypothesis testing (β) was extracted for all replicates for a given trial design and parameter set but with the correlation between the biomarker and BR set to zero, and both the mean β and the p-value applying a one-sample two-sided t-test with μ = 0 to the distribution of β were examined (Figure 7A). The β-values were for most censoring patterns for the OL+BDC trial design and several censoring parameters of the CO design significantly biased toward a negative non-zero effect (p < 0.0001), while for the N-of-1 design, the non-censored condition showed a significant bias toward a positive non-zero effect (i.e., in the direction opposite the expected effect of a biomarker that predicts a decrease in symptoms; p < 0.0001).
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FIGURE 7. Quantification of bias in effect size estimate as a function of trial design and censoring parameters. (A) Bias in model coefficient for interaction term being used for hypothesis testing (β) quantified as the mean coefficient across simulated replicates when the true effect size was set to zero (estimated bias in model coefficient). P-value (y axis) indicates results of a two-tailed, one-sample t-test comparing the coefficients across the set of replicates to μ = 0. (B) Bias in model coefficient for interaction term being used for hypothesis testing quantified as the mean difference (Δβ) between the coefficient for a single replicate (β) and the “gold standard” coefficient for that parameter set (βt), with the “gold standard” defined as the coefficient calculated across all simulated participants from all replicates with no censoring. P-value (y-axis) indicates results of a two-tailed, one-sample t-test comparing the Δβ across the set of replicates to μ= 0. Dotted line indicates p = 0.05, dot-dash line indicates p = 0.0001. β and Δβ values multiplied by 1,000 for ease of visualization. OL = open label, OL+BDC = open label followed by blinded discontinuation, CO = cross over, N-of-1 = proposed N-of-1 trial design.


Second, looking this time at simulations where the correlation between the biomarker and the BR response factor was set to 0.3 or 0.6, the β from each replicate was compared to the β obtained when the model was applied to all simulated participants across all replicates in the absence of censoring (Figure 7B). This analysis method allows the impact of different censoring patterns on effect size estimates to be assessed. For the open label design, for a larger true effect size, censoring was seen to result in a larger estimated effect size across all types of censoring parameters utilized (p < 0.0001), and in the high dropout case even with the lower true effect size. Censoring parameters did not have a significant effect on the other three trial designs.




DISCUSSION

These results suggest that an aggregated N-of-1 trial design beginning with an open label titration phase may provide superior power compared to an open label or open label followed by blinded discontinuation trial design, and similar but slightly decreased power compared to a traditional crossover trial design, in detecting an association between a predictive biomarker and the clinical response to the PTSD pharmacotherapeutic prazosin. In contrast to the traditional crossover design, this increased power is achieved in a clinical trial design that allows all participants to start on open-label active treatment, a significant advantage in allowing the recruitment of a symptomatic study population.

The increased statistical power seen in the N-of-1 trial design as compared with the purely open-label trial design is consistent with the information-theoretic expectation that any clinical trial design that provides minimal or no information about who in a purely active treatment group is showing a response that is specific to the intervention provided, vs. who is showing a response to treatment that is not dependent on the specific biologic treatment provided, will have an associated decrease in statistical power when used to assess the relationship of a baseline biomarker to treatment response. A significant decrease in statistical power was across all tested trial designs except the open label design when a carryover term was introduced; this effect was particularly large for the N-of-1 and open-label followed by blinded discontinuation trial designs. Although this decrease in power is consistent with expectation, the magnitude of this drop with even short half-life carryover effects underscored the critical nature of this parameter in determining the appropriateness of an N-of-1 trial design; it also suggests that the development of analysis methods that incorporate and expectation of carryover may significantly improve the power and utility of N-of-1 clinical trial designs in personalized medicine applications.

These results support both the use of aggregated N-of-1 clinical trial designs to optimize both statistical power to detect a relationship between predictive biomarkers and treatment response and clinical-logistical constraints, such as a need to allow patients to begin with active treatment. They also support the use of statistical simulation to quantitatively compare alternative clinical trial designs in such a context.

In addition to providing guidance for the design and selection of aggregated N-of-1 clinical trial designs, these types of results can help to quantify the extent to which the outcomes measured in clinical trials depend on factors such as drug carryover effects, the impact of expectancy on outcome measures, and biased dropout patterns—each of which has the potential to be highly relevant to more traditional clinical trial designs, as well.


Implications of Carryover Effect

The impact of carryover on the design and analysis of clinical trials where participants cross from one treatment condition to another has been considered for over 50 years, and extensively researched (16, 17). In these models, we assume an exponential decay analogous to a pharmacokinetic half-life, although the simulations could be easily adapted to incorporate an alternative model. We do not assume that the half-life of the carryover effect should equal the half-life of the pharmacotherapeutic agent, however. Instead, the carry-over effect is presumed to reflect a combination of factors that includes the pharmacokinetic half-life, the time lag that may be involved in participants becoming aware of changes in their symptoms or in reporting changes on assessment tools that may have a longer lookback period, and the impact of physiologic or behavioral changes that may have resulted from changes in primary symptoms but may also serve to sustain positive changes even after the intervention has ceased. While empirical data describing the magnitude and relevance of these factors is limited for most treatments of interest, this gap in our knowledge base regarding even our relatively well-studied interventions will decrease as N-of-1 trial designs become more common. Increased characterization of the effects of discontinuing treatments has the potential to provide important clinically relevant information well-beyond its utility in the design of N-of-1 clinical trials.



Potential for Biased Dropout

The impact of both treatment response and side effect burden on how likely different participants are to withdraw early from a trial, and at what points, is of particular importance in estimating the relative power of different N-of-1 type clinical trial designs. As is illustrated by these results, the impact on a trial of dropout rates that are biased by a participant's response to treatment has the potential to be both positive and negative. For example, the expense of running a clinical trial in which participants are enrolled for many months is significant—and if participants for whom either (a) no significant response to treatment at all, or (b) a clear response to treatment that is lost when the participant transitions back to placebo are the most likely to withdraw prior to later crossover blocks, this actually allows the additional expense of offering these extended blocks to be preferentially spent on participants for whom participation in the initial phases was inconclusive, and for whom additional blocks are the most important scientifically. This “happy accident” is of course not truly coincidental—rather, it can be seen as the result of aligning the participants' goals for trial participation (determining whether this treatment works for them, and if so, whether they need to continue to take it to maintain the effect) with the scientific goals of the trial (determining who has a specific response to the treatment that is not present with a placebo intervention).

At the same time, the potential that participants who are particularly likely to have strong placebo responses may also be particularly anxious about and likely to avoid entering discontinuation blocks is one that would decrease the power and potentially increase bias in aggregated N-of-1 trials, particularly ones that begin with an open-label titration and stabilization phase. Although the current statistical simulations do not incorporate an estimate of this type of an effect, it would be a straightforward extension do so. Additionally, as trials such as the one described here begin to be run, additional information will become available about the extent to which non-treatment-specific changes in symptoms may be associated with transitions in what the participant knows about what condition they are in (such as from open-label to blinded active treatment). This type of additional information will have the potential both to further inform N-of-1 trial design, and also help elucidate the different mechanisms and implications of non-specific treatment response. Similarly, these types of statistical models can easily incorporate the possibility of a confounding relationship between biomarkers that are putative predictors of treatment response, side effects, and actual treatment response, thus allowing researchers to assess the potential magnitude of bias in their estimates of biomarker-based predictions of treatment response as a function of drop outs biased by patterns of side effect emergences.



Implications Regarding Placebo Response and Expectancy

One of the most complicated factors to emerge when seeking to statistically model the response patterns of participants moving between treatment conditions, and particularly between open label and blinded phases of treatment, is the expected patterns of non-treatment-specific aspects of clinical responses. By non-treatment-specific responses, we mean changes in symptoms over the course of trial enrollment that are not a result of the direct biologic action of the treatment itself—i.e., are not specific to the presence of a particular active treatment. In PG-RCTs, such effects are often grouped together under the term “placebo response,” which is used to describe all factors that together lead to changes in symptoms in the group receiving a placebo (30). This terminology is inconsistent, however, with the definition of placebo response that is used in research on the pathophysiology of the placebo effect (31), where the term is most commonly reserved for the changes in symptoms and/or physiology that are the result of a patient's expectation that they are or may be receiving an active treatment.

Here, we have considered at least four primary factors likely to contribute to the overall course of symptom change in participants: (1) the direct biologic action of the drug; (2) the average trajectory of symptoms seen as a function of time following the point at which a participant is recruited to participate in a trial (generally a regression to the mean effect, for a trial seeking to recruit acutely symptomatic, treatment-seeking participants); (3) the change in symptoms related to general factors involved in clinical trial participation, including regular contact with warm, supportive staff and ongoing monitoring of symptoms and behavioral patterns such as substance use; and (4) the change in symptoms related to the participant's belief that they are taking a medication that is likely to help them. In a typical PG-RCT, factors 2–4 are generally grouped together as the “placebo response,” and presumed to be present in both groups, with the additional impact of the direct biologic action of the medication presumed to be additive, such that it can be obtained by look at the difference between the response in the placebo group and the active treatment group (30). In the N-of-1 trial design discussed here, however, the expected timecourse of factor 4 can no longer be presumed to be static over the course of the trial, and must be modeled separately. Although this introduces additional complexity into the interpretation of the clinical trials data, it also introduces interesting additional potential analyses.

One potential benefit may be the ability to better understand the relationship of traditional PG-RCT results to the treatment effects observed in routine clinical care or in open-label trials (13). Most concretely, it has been observed that open-label contexts may result in more positive outcomes than blinded treatment conditions (32). In addition to factors such as patient selection or contact frequency, one contributing factor could be that the placebo effect is lessoned in the case of blinded treatment condition vs. open-label treatment. Additional experience with how patients' clinical outcomes differ across blinded and open-label treatment conditions may thus improve our ability to understand the relationship between the results of PG-RCTs and our clinical care contexts.

Importantly, although it is often assumed that such an effect would be linear and separable from other aspects of treatment effects, it is increasingly accepted this assumption is frequently in error, particularly for central nervous system (CNS) clinical trials (30). For example, the observation effect size and the frequency of positive clinical trial outcomes have trended downward over time as the magnitude of placebo effect in these trials has increased is frequently interpreted in the field as being due to a large placebo effect “masking” or interfering with the possibility of measuring a statistically significant treatment-specific effect (31, 33). In other words, it is being attributed to a presumed non-linearity in how treatment-specific and non-specific treatment responses combine, specifically a subadditivity—which is, in fact, consistent with emerging work on the additivity of treatment-specific and non-specific effects in clinical trials (31, 34).

There is also evidence to support the presence of interaction effects beyond subadditivity, as well. For example, in studies of two different analgesic medications operating via two different mechanisms, the treatment-specific effect was found to be either dependent on (35) or bi-directionally modulated by (36) the presence of an expected result of the intervention. In fact, such interactive effects between biologic response, non-treatment-specific effects, and even augmenting treatments are often explicitly hoped for and pursued in the context of routine clinical care (37), where a psychiatrist may e.g., remind a patient with PTSD whose treatment goals include increased behavioral activation and acclimating to attendance at anxiety-producing events that one of the expected mechanisms of action of a treatment is to allow increased ability to tolerate and learn from being present at such events. In this case, the clinician is hoping that not only does increased exposure to these activities have the potential to improve the patient's outcome both by itself and in combination with the pharmacologic treatment, but that the patient's knowledge that he is taking a medication that he expects to increase his ability to tolerate and benefit from this experience will increase his willingness to engage in the recommended activity. Although such interactive effects may significantly complicate the design and interpretation of N-of-1 clinical trials, additional experience throughout our field exploring and understanding how such factors affect patient outcomes holds the potential to make our research results more relevant to and effective for the optimization of actual clinical care practices.

The potential for complex interactive effects may also come into play in new ways as we increase the role of precision medicine methods in research and clinical care. In tests of biomarker guided treatment selection or decision making, it will be necessary to keep in mind the possibility that biomarker results may be associated not just with treatment-specific outcomes, but also with placebo response or the interaction between placebo and treatment-specific responses. For example, genetic variations in the Catechol-O-methyltransferase (COMT) gene, a key enzyme in catecholamine catabolism, has been found to be associated with the magnitude of placebo response in a variety of treatment trials (38–40). For a clinical trial such as is being modeled here, where the primary disease state (PTSD) has itself been suggested to be associated with COMT function (41, 42) and the primary hypothesis being tested is whether biomarkers of catecholamine signaling at baseline are predictive of treatment response, this suggests that the potential for interactive effects between biologic variation in placebo response, disease state, and relevant biomarkers may not be simply theoretical. Increasing use of study designs that allow increased independent assessment of expectancy-related and other non-treatment specific components of symptom change may thus become increasingly important as we seek to move toward personalized medicine models of care.



Potential for Biased Enrollment, and Early Experience With Currently Enrolling Clinical Trial

One concern that is sometimes raised in this context is whether patients with highly distressing symptoms will be willing to enroll in a trial that involves discontinuing a what may have already been demonstrated to be an effective treatment, explicitly to see if symptoms return. Although the impact of such an effect is expected to vary significantly based on the specifics of each trial, in our experience the likelihood of this concern affecting trial enrollment is often significantly overestimated. First, those without clinical experience may underestimate the frequency with which patients in routine clinical care discontinue effective treatments to see if they still need them, with or without the awareness of their treating physician(s) (43, 44). Particularly when a treatment may require indefinite use, patients are often very interested in finding out whether any improvement they may have experienced when starting the intervention truly requires its continuation. In contexts such as antidepressant or pain management trials, where the placebo effect can be substantial, this is often a very rational question for patients to ask.

It is also possible to actively shape the likelihood that participants concerned about this possibility will avoid enrollment or not by shaping the way expectations for the duration of trial participation are conveyed. For example, in the currently running trial, ensuring a full representation of the spectrum of patients with PTSD who present for clinical care was of high priority. Thus, when the trial was described to patients, it was emphasized not only that participation was at all times voluntary, but that it was understood that at all times, the participant would need to do what was best for their own well-being—and that at times, this might mean discontinuing participation, if it turned out that symptoms exhibited substantial return during periods of discontinuation. It was emphasized that even if the potential participant were not sure if they would be able to participate in the entire trial, we would appreciate their participation for as long as it worked for them to participate. As was incorporated mathematically into the statistical modeling, it was expected that those choosing to terminate participation prior to completion of the full trial would more commonly be those for whom response to prazosin was either clearly significant or clearly minimal—while those who elected to continue for the entire trial would more commonly be those for whom it remained unclear to both participant and researchers alike whether the participant had had a significant, specific positive response to treatment or not.

Currently, the authors (RCH and MAR) are just over 1 year in to recruitment for the clinical trial (NCT03539614) that was designed based on the statistical simulation work presented here. Consistent with the concern discussed above that acutely symptomatic patients would be less likely to enroll in a trial of a widely available treatment if there were the potential that they would be initially randomized to a placebo group, and the finding that statistical power is only minimally worse for the N-of-1 design beginning with an open label period as compared with a traditional crossover design, the proposed N-of-1 design from these models was selected as the basis of the currently running clinical trial. The understanding that the trial would begin with active treatment for all participants, but that later treatment blocks would include both blinded drug and placebo, was clearly conveyed to all participants as part of informed consent. In addition to the types of outcome measures described in this simulation study, participants also completed daily symptom logs for a subset of weeks during the trial; these symptom logs included both items that were common to all participants, and items designed by the participants to reflect issues of particular importance to them in understanding how the treatment did or did not benefit them. The participants were informed at the beginning of the trial that they would be provided the data describing how their symptom reports changed during treatment with active drug and placebo at the end of the trial, and that one of our goals in the trial was to provide them as well as us as much information as possible about the ways in which the treatment did vs. did not help them, and whether they need to continue to take the medication in order to maintain any benefit that was achieved.

We found that recruitment for this type of a trial design was unexpectedly rapid, and in fact outpaced the resources we had allocated for the trial; we were eventually awarded a significant supplemental budget increase to accommodate the larger than expected recruitment interest. This experience is in contrast to multiple other PTSD treatment trials that have been run by our research group and others at our research site. The two factors that have been cited by participants and by those referring to the trial have been (1) the fact that everyone starts on active treatment, and (2) the fact that the trial is designed to provide participants with personalized information regarding their own individual response to treatment, including to what extent their symptoms were found to return when they transitioned from active treatment to placebo.



Relevance to Clinical Trial Analysis Methods and the Development of Predictive Models of Response

One of the primary goals of clinical research into predictive biomarkers is to allow biomarker guided treatment selection. For example, if the current running trial, described above, is found to support a significant association between noradrenergic biomarkers measured at baseline and response to treatment with prazosin, the next step in testing the clinical relevance of this finding would be a clinical trial where all participants are treated with one of two active treatments, but that randomizes participants to a biomarker-guided treatment selection group vs. a non-biomarker-guided treatment selection group, and compares outcomes across the group where biomarkers are used and the group where biomarkers are not used in treatment selection.

To accomplish this, one needs to use the results of the current clinical trial to inform the development a treatment selection algorithm, which can in turn be used to guide treatment selection for individual patients. Although the focus of work presented here was on the use of statistical simulations to guide clinical trial design, the methods implemented can also be applied directly to the results of an actual clinical trial. Because the measurement of treatment response used here is continuous rather than binary, the results do not by default take the form of a classifier of individuals predicted to be treatment responsive vs. treatment non-responsive; instead, they produce a predictive model of expected mean change in total symptom severity, over a given window of time on treatment, for someone with a given combination of baseline symptom severity and biomarker measurements (an example of how to implement this analysis using existing clinical trial data is provided in vignette three in the R package accompanying this publication). This predicted response curve can then be combined with information about the expected chance of benefit and degree of benefit from an alternative treatment, along with information regarding the relative risk, cost, and convenience of both treatment options, in order to create a treatment selection algorithm for a biomarker-guided decision making trial, or for use in clinical care.



Limitations

This work has a number of important limitations. First, the statistical simulations of clinical trials necessarily makes several simplifying assumptions, such as the presumption of linearity in combining treatment effects, the adherence of carryover effects to an exponential decay curve, the constriction of the direct, biologic response, the expectancy-related response, and non-treatment dependent effects each to a single time course, and many others. The addition of further complexity to the models has the potential for both risk and benefit. Here, where the primary goal of our statistical simulations was to guide in the selection of and power calculations for as specific predictive-biomarker clinical trial, our goal in statistical design choices was to have known oversimplifications in model implementation be at least unbiased with respect to impact on clinical trial design, and for the impact to be small or comparable relative to the degree of oversimplification in traditional power analyses. In other contexts, however, the relative cost vs. benefit of adding in or leaving out explicit modeling of different factors may be quite different.

There are also potential benefits to aggregated N-of-1 clinical trial designs that are not directly addressed in this particular set of models. For example, based on our experiences with previous clinical trial enrollment patterns, we expect there to be a significant likelihood of differential enrollment of higher acuity patients and those with a higher likelihood of being treatment responders between trial designs that begin with an open label phase and those that are entirely placebo-controlled. Although this type of differential enrollment would directly affect the power for our primary outcome, it was not explicitly included in the model.

It is also our experience from the first year of enrolling participants in this clinical trial that the opportunity to receive one's own data addressing the extent to which one (a) responded to a particular intervention, and (b) needs to remain on that intervention to maintain any observed benefit is perceived as a significant benefit by many participants, and has helped to increase not only participant recruitment but also participant engagement throughout the trial. For example, participants in the current trial have completed both medication logs and daily symptom logs at higher rates than has been observed by the authors in similar studies using PG-RCT designs (unpublished observations). This experience is consistent with previously reported assessments of patient experiences in n-of-1 trial designs (45). Such an effect might well-influence such factors as dropout and adherence, which could in turn be explicitly included in the model so as to capture their potential effect on statistical power and effect size estimation. In addition, however, these factors appear to reflect the perception by patients that participation in this type of a clinical trial design simply provides them increased personal benefit compared with participation in a traditional PG-RCT—a factors that may not directly affect power or bias calculations, but which we believe to be meaningful in and relevant to clinical trial design in and of its own right.
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Background

N-of-1 trials are single patient, multiple crossover, and comparative effectiveness experiments. Despite their rating as “level 1” evidence, they are not routinely used in clinical medicine to evaluate the effectiveness of treatments.



Objective

We explored the potential for implementing a mobile app-based n-of-1 trial platform for collaborative use by clinicians and patients to support data-driven decisions around the treatment of insomnia.



Methods

A survey assessing awareness and utilization of n-of-1 trials was administered to healthcare professionals that frequently treat patients with insomnia at the Icahn School of Medicine at Mount Sinai in New York City.



Results

A total of 45 healthcare professionals completed the survey and were included in the analysis. We found that 64% (29/45) of healthcare professionals surveyed had not heard of n-of-1 trials. After a brief description of these methods, 75% (30/40) of healthcare professionals reported that they are likely or highly likely to use an app-based n-of-1 trial at least once in the next year if the service were free and easy to offer to their patients.



Conclusions

An app-based n-of-1 trials platform might be a valuable tool for clinicians and patients to identify the best treatments for insomnia. The lack of awareness of n-of-1 trials coupled with receptivity to their use suggests that educational interventions may address a current barrier to wider utilization of n-of-1 trials.





Keywords: n-of-1, sleep, clinical informatics, mHealth, RWE, crossover



Introduction

Healthcare professionals (HCPs) routinely practice individualized care. They design treatment plans based on unique patient characteristics and clinical presentation, consider various levels of evidence for treatment efficacy, and help patients weigh the risks of side effects and other potential treatment burdens and trade-offs. While there is widespread agreement that we should not expect most treatments to work uniformly across most populations, the systematic evaluation of treatment effect remains a challenge for healthcare professionals and patients (1). Healthcare professionals who practice “evidence-based medicine” generally use comparisons of means and proportions between large groups of patients (e.g., from clinical trials) but are intuitively aware that there exists large heterogeneity of effects for many disease processes and interventions. N-of-1 trials create an opportunity in some contexts for healthcare professionals and patients to individualize treatment selection in a more systematic way. They are designed to help both parties make objective, data-driven treatment choices.


What Are n-of-1 Trials?

In clinical medicine, n-of-1 trials are used as a decision support tool to inform individualized treatment selection (2). The Oxford Centre for Evidence-Based Medicine ranks n-of-1 trials as “level 1” evidence for determining whether a treatment benefits a patient (3). N-of-1 trials are also viewed as a tool to enhance patient-centered care, insofar as the patient may be involved in the selection of treatments to compare, the selection of outcomes to measure, and the selection of the treatment to continue at the end of the trial (4). Typically, in an n-of-1 trial, a single patient completes a baseline period without any treatments, then alternates between two treatments in a sequence (i.e., “multiple crossover”) (5, 6). Where feasible, treatments may be blinded or placebo-controlled. Outcomes are measured during baseline and each treatment period. At the end of the trial, outcome measurements for each treatment are compared and a treatment is selected. N-of-1 trials may also be deployed to answer other common treatment investigations, such as whether to begin a treatment, proper dosing (7), disease-related nutrition recommendations (8–10), assessing treatment response in people with characteristics (e.g., rare genetic variants) not studied in randomized controlled trials (RCTs) of approved medications (11–13), and deprescribing (14), among others.

To be sure, n-of-1 trials are not useful in every context. They work best in patients with chronic or stable conditions. Non-curative treatments with rapid onset and rapid washout are ideal candidates for n-of-1 trials, whereas treatments with cumulative effectiveness (e.g., some antidepressants) or treatments that disrupt the nature of the underlying condition (e.g., surgery) are not. N-of-1 trials are particularly relevant in contexts where evidence for treatment efficacy is weak or where treatment effects are known to be heterogeneous across populations and among individuals (5).



Chronic Insomnia: A Testbed for Implementation of n-of-1 Trials

There are many therapeutic contexts where n-of-1 trials are able to serve unmet patient needs. Chronic insomnia is a good target disorder because there is a high prevalence of affected individuals in the general population and also across distinct clinical populations, including Alzheimer’s disease (AD), Parkinson’s disease (PD), attention deficit hyperactivity disorder (ADHD), pregnancy, post-treatment Lyme disease (PTLD) patients (15), and many others.

N-of-1 trials have been implemented or are currently underway in several populations with insomnia. Coxeter et al. reported the effectiveness of valerian versus placebo in 24 patients with chronic insomnia (16). Punja et al. have described a protocol to assess the effectiveness of melatonin in children (ages 6–17) taking medications for ADHD (17). Nikles et al. have described a protocol to assess the effectiveness of melatonin in patients with PD (18).

Many patient populations have insomnia. Patients with insomnia have significant interest in finding the most effective treatment due to the negative impact on quality-of-life for patients, family, and caregivers (19, 20). Poor sleep may also interact with recovery or progression of some diseases, including cardiovascular disease, depression, diabetes, AD, among others (21–25). Estimates of the prevalence of insomnia in the general population vary in part due to the definition of insomnia used. The American Academy of Sleep Medicine (AASM) estimates that 33%–50% of adults experience symptoms of insomnia and 10%–15% of adults experience insomnia disorders that disrupt daily functioning (26).

There is limited efficacy data available for insomnia treatments in many patient populations, so decisional conflict is common. The American Academy of Physicians recommends cognitive behavioral therapy for insomnia (CBT-I) as the first line therapy in adults with chronic insomnia (27). In a systematic review of RCTs that compared CBT-I and medications for the treatment of insomnia, evidence supports the notion that CBT-I is better than medications in some contexts (28). However, among patients that choose to pursue CBT-I, around 20%–30% fail to respond (29). Furthermore, many people do not choose CBT-I because of several treatment-related burdens, including limited access to trained healthcare professionals, weekly therapy appointments, and out-of-pocket costs (30, 31). There is widespread use of pharmacological interventions and over-the-counter (OTC) sleep aids. Around 20% of U.S. adults use prescribed or OTC sleeping medications each month (32). While commonly used, many OTC sleep treatments have limited efficacy and safety data (33). Furthermore, some sleep medications that are commonly used in younger populations for sleep problems are, for example, potentially inappropriate for use in older populations (e.g., hypnotics or Z drugs) (34). For n-of-1 trials to be an effective tool for patients and healthcare professionals, the design of these trials should incorporate the precise needs of the populations they intend to serve.



Key Questions for the Current Study

Several common themes related to barriers to physician adoption of n-of-1 trials were reported in 2009, based on focus groups with 32 patients and 21 providers in California. First, some clinicians were unclear about the validity of n-of-1 trials. Common concerns raised about cross-over, “sample size” and statistical validity indicates that education in the scientific basis of such trials will be important for adoption. Second, some clinicians were concerned about the potential for n-of-1 trials to interfere with the patient-physician relationship. Third and most germane to the current study, some physicians voiced concerns about the potential time and resource burdens n-of-1 trials would introduce (35). An app-based n-of-1 trial service that is able to reduce some logistical burdens inherent to n-of-1 trials through the automation of previously resource-intensive processes, such as the trial design, study administration and analysis of results, presents an opportunity to potentially enhance adoption of these methods (36, 37).

The purpose of this study is to collect preliminary evidence to inform potential routes for the implementation of an app-based n-of-1 trial platform, called the N1 app. While this platform may be adapted to inform the optimal selection of treatments for a variety of disorders and wellness-related goals, patients with insomnia have been identified as a potential population to target due to the prevalence of the condition, limited evidence for efficacy of treatments across some patient populations, the possibility to incorporate wearable devices for the passive collection of outcome measures (38), among others. With the recent emergence of several app-based tools to support n-of-1 trials generally (39) or self-experimentation with sleep improvement in particular (40, 41), questions about barriers and facilitators to implementation of similar tools for the improvement of patient care or wellness will be of broad interest to the field.

In this study, we aim to assess the familiarity and experience with n-of-1 trials in a convenience sample of healthcare workers that frequently care for patients with insomnia. Our hypothesis is that healthcare professionals are currently familiar with but do not regularly use n-of-1 trials. A secondary aim of the study is to see if there are associations between awareness or utilization of n-of-1 methods and other variables (e.g., age and years in clinical practice). For example, a greater number of years in clinical practice may facilitate exposure to a broader repertoire of clinical methods or lead to the adoption of more traditional clinical practices.




Methods


Survey


Instrument

The Office for the Protection of Human Subjects at Mount Sinai approved a protocol to administer a voluntary, anonymous survey to healthcare professionals. The exploratory, cross-sectional survey administered has three sections (a) sociodemographics, (b) experience and satisfaction with the treatment of patients with insomnia, and (c) awareness and utilization of n-of-1 trials (see Datasheet S1). The survey was administered online through REDCap (Research Electronic Data Capture) hosted by the Icahn School of Medicine at Mount Sinai (42).



Sample and Recruitment

We chose to recruit a convenience sample of clinicians and nurse practitioners through the Department of Psychiatry due to the regularity with which these healthcare professionals treat patients with insomnia. We sent messages through the department mailing list and advertised at bimonthly Grand Rounds events during October and November of 2019.



Statistical Analysis

We summarize the survey responses in Table 1. We further assessed differences of participants’ awareness of n-of-1 using two-sided Chi-squared test for categorical variables and a t-test for continuous variables which produced p-values and odds ratios. Using the same methods, we also assessed associations for willingness to use a n-of-1 digital service, which we discretized due to low sample size and imbalanced responses into “More likely” (consisting of “Strongly agree” and “Agree” responses) and “Less likely” (consisting of “Neutral”, “Disagree”, and Strongly disagree” responses).


Table 1 | Sociodemographics of the sample of healthcare professionals surveyed.






Ethics Approval

This study has been approved by the Institutional Review Board at the Icahn School of Medicine at Mount Sinai (IRB-18-00789).




Results


Survey Results


Sample Characteristics

A total of 66 participants consented to the survey, 49 participants completed the survey and the responses from 45 participants were included in the analysis (see Supplementary Figure 1). This sample of 45 healthcare professionals from a large, urban hospital are mostly practicing clinicians (88.9%), affiliated with the Department of Psychiatry (88.9%), in their first or second decade of clinical practice (64.4%), with a primary specialty of Psychiatry and Neurology (93.3%) (see Table 1).



Experience and Satisfaction of Sample With Current Treatments for Patients With Insomnia

Most healthcare professionals surveyed frequently see patients with insomnia in their clinical practice with 88.9% (40/45) reporting daily or weekly encounters. A majority of participants also expressed their dissatisfaction with available treatment options for their patients with insomnia, with 55.6% (25/45) disagreeing or strongly disagreeing with the statement: “I am satisfied with the available treatment options for my patients with insomnia.” Participants also perceived their patients as being dissatisfied with available treatment options, with 62.2% (28/45) disagreeing or strongly disagreeing with the statement: “My patients are satisfied with available treatment options for insomnia” (see Table 2).


Table 2 | Summary of survey results from a sample of healthcare professionals on their experience and satisfaction with current treatments for insomnia.





Awareness and Use of n-of-1 trials

Most participants surveyed were unfamiliar with the concept of n-of-1 trials, with 64.4% (29/45) reporting that they had never heard of them before. Following this survey question, participants were presented with a short description of n-of-1 trials that also included a screenshot of the N1 app, a smartphone based n-of-1 trial platform developed at the Icahn School of Medicine (see Data sheet S1) (36, 43). They were asked to consider the scenario that “a free service [existed] that made it easy for you to offer n-of-1 trials to select patients in your practice with insomnia. The patient would conduct the mobile app-based trial at home. At the conclusion of the trial, the analyzed results would be available to you and the patient to review together.” Excluding five participants that did not respond to this question, 75% (30/40) of participants reported that they were either “likely” or “highly likely” to “use a service like this to make data-driven treatment choices at least once in the next year.”

Of the 16 healthcare professionals that reported that they were aware of n-of-1 trials, three reported that they had previously used an n-of-1 trial in the treatment of their patients. For the remaining 11 participants that were aware of n-of-1 trials, had never used them in their clinical practice, and reported a primary reason for the lack of adoption, 45.5% (5/11) cited inadequate training in n-of-1 trial design.

We further assessed the relationship between various participant characteristics and having heard of n-of-1 trials (n = 45). We found no significant relationship between having heard of n-of-1 trials and age (p = 0.54, t = −0.61), sex (p = 0.09, χ-squared = 2.91), race (p = 0.10, χ-squared = 7.92), ethnicity (p = 0.75, χ-squared = 0.58), clinical degree (p = 0.84, χ-squared = 0.04; one individual with both degrees not included), number of years practiced (p = 0.29, χ-squared = 5.02), frequency of seeing patients with insomnia (p = 0.50, χ-squared = 2.36), satisfaction of current treatments for insomnia (p = 0.23, χ-squared = 5.65), or perceived patient satisfaction of current treatments for insomnia (p = 0.80, χ-squared = 0.99).

We also assessed the relationship between various participant characteristics and willingness to use a n-of-1 digital service app (n = 40; discretized response). We found no significant relationship between willingness to use a digital app service and age (p = 0.22, t = −1.27), sex (p = 0.23, χ-squared = 1.45), race (p = 0.54, χ-squared = 3.13), ethnicity (p = 0.20, χ-squared = 3.26), clinical degree (p = 0.81, χ-squared = 0.06; one individual with both degrees not included), number of years practiced (p = 0.67, χ-squared = 2.36), frequency of seeing patients with insomnia (p = 0.64, χ-squared = 1.68), satisfaction of current treatments for insomnia (p = 0.21, χ-squared = 5.87), or perceived patient satisfaction of current treatments for insomnia (p = 0.82, χ-squared = 0.93) (see Table 2).





Discussion

The N1 app aims to facilitate the design, administration, and analysis of n-of-1 trials (36, 37). Individuals with insomnia or other chronic sleep disturbance issues are a population that may benefit from access to n-of-1 trials for data-driven treatment selection. While these multi-crossover, comparative effectiveness trials have been in use for decades, awareness, and adoption by healthcare professionals continues to face challenges, as our survey further indicates. Yet, we are encouraged that the healthcare professionals sampled did also report substantial receptivity to future use of app-based n-of-1 trials that were free and enabled collaboration with patients with insomnia who could conduct trials from home.

The lack of awareness of n-of-1 trials coupled with receptivity to their use suggests that educational interventions may address a current barrier to wider utilization of n-of-1 trials. One limitation of this study is the lack of generalizability due to the small sample of healthcare professionals surveyed at a single healthcare system. An important area for future study is to understand how awareness and utilization of n-of-1 trials differs across health systems and other medical specialties that regularly treat patients with insomnia, such as primary care. The survey and analysis conducted here could be deployed in a larger and more diverse sample encompassing providers across multiple specialties and health systems in order to obtain more generalizable knowledge about awareness, utilization, and barriers to adoption of n-of-1 methods and receptivity to the use of an app-based service. The addition of more open-ended questions to the survey, for example, related to barriers to adoption, may also lead to new findings that may not be readily captured in the current instrument. The convenience sampling method used for this survey may also have biased our results due to the possibility that respondents that enrolled were more interested in the idea of app-based n-of-1 trials compared to individuals that did not enroll. A larger and more diverse sample of HCPs may also be able to provide insights on associations between awareness or utilization of n-of-1 trials and other relevant variables, such as years of clinical practice, medical specialty, or age. We found no significant association among the variables we assessed but were also limited by a small sample size. Any such association identified in future studies may help to identify implementation strategies that are tailored for specific subsets of potential end users.

This study also suggests additional work is needed to identify the key barriers and facilitators to implementation in the specific context of an app-based n-of-1 trial service. Prior focus groups identified several key themes among HCPs related to barriers to implementation of n-of-1 methods (35), but that study did not contemplate the potential efficiencies gained or the potential problems introduced through the use of an app-based n-of-1 trial service. The Theoretical Domains Framework (TDF) has been deployed to investigate implementation problems in many healthcare settings, as reviewed in Francis et al. (44). TDF could be used to design interview questions that more thoroughly explores implementation issues related to an app-based n-of-1 trial service with a sample of HCPs and patients in future qualitative research.

While the vast majority of participants expressed a willingness to use an app-based n-of-1 trial platform, we recognize the limitations of this exploratory survey. For example, we do not address the potential complexities involved in getting an app effectively incorporated into existing clinical workflows and training of health care professionals in appropriate use. Moreover, while an app-based platform may reduce some aspects of n-of-1 trials that were previously labor-intensive, such as automated data analysis, new burdens may also be introduced, such as remote end-user support. The engagement of potential end-users, including both patients and providers, to collect more involved feedback about key features and functionality of an app-based n-of-1 trial platform, along with usability testing are important future directions.

Although n-of-1 trials are a powerful tool for patient-centered care in some contexts, we were surprised to find low awareness among our sample of healthcare providers. There may be an important role for organizations such as the Patient-Centered Outcomes Research Institute (PCORI) in the development of guidance materials, or a rubric, that raises the awareness among patients and providers and facilitates implementation of methodologically sound n-of-1 trials.

Historically, several centers have been established to support the implementation of these trials for local clinicians as a service (7, 35, 45). One center currently operates at the University of Queensland in Australia with a focus on sleep (46). While these centers have documented many cases where patients and clinicians were aided in the selection of treatments, the centers are often experiments themselves that last as long as funding permits their operation, for example. For a time in the United States, there was a Current Procedural Terminology (CPT) code for “personalized medicine tests” that suggested a route to reimbursement for the effort required to design, administer, and analyze an n-of-1 trial (4). Writing in 2008, Kravitz et al. suggested that one alternative to the model where n-of-1 trials take root and gain traction primarily through academic clinical centers is the possibility that they “cast off some of their academic trappings and focus on appealing to what patients want and need” (4). Our survey did not address the needs of patients with sleep problems who may benefit from n-of-1 trials. An important future direction is to include a sample of patients with chronic insomnia in qualitative research exploring their perspectives about the use of an app-based n-of-1 trial service for the optimal selection of treatments, either in collaboration with their HCP, or in the case of OTC treatments, through self-guided experiments.

While healthcare practitioners take into consideration each patient’s unique characteristics and strive to use the most up-to-date information to make informed therapeutic recommendations, there will always be some variability and uncertainty in outcomes. Leveraging n-of-1 trials as self-contained experiments can quantify individual outcomes and can better optimize treatment selection in some contexts. We believe growth in the adoption of n-of-1 trials will enhance the precision of treatment selection for many individuals. App-based platforms offer the potential to reduce some barriers, but other challenges still remain.
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Objectives: Motivational and self-regulatory processes during goal pursuit may account for activity patterns in people with chronic pain. This article describes a series of N-of-1 observational studies designed to investigate the influence of goal-related factors on fluctuations in motivation to conserve resources and objectively measured activity levels.

Methods: Four participants with chronic pain who attended a formal pain management program (PMP; 41–59 years old; three female) were recruited and completed digital daily diaries for 11–12 weeks. The daily dairies, delivered via text message, measured self-regulatory fatigue, goal self-efficacy, goal striving, perceived demands, pain, and motivation to conserve resources. Continuously worn accelerometers measured physical activity and sedentary time. Analyses were conducted individually for each participant. The effects of self-regulatory fatigue, goal self-efficacy, goal striving, perceived demands, and pain on motivation to conserve resources, physical activity and sedentary time were assessed with dynamic regression modeling.

Results: Different patterns of associations between the predictors and outcomes were observed across participants. Most associations occurred concurrently (e.g., on the same day). Perceived demand was the only variable to predict motivation to conserve resources, physical activity, and sedentary time. Motivation to conserve resources and sedentary time were most frequently predicted by goal striving and perceived demand. Self-regulatory fatigue and pain intensity both predicted motivation to conserve resources in two participants and sedentary time in one participant. Motivation to conserve resources predicted sedentary time in two participants.

Conclusion: This study was the first to examine the impact of fluctuations in self-regulatory processes on motivation to conserve resources and objective activity levels within individuals with chronic pain. The results generally supported recent affective-motivational views of goal pursuit in chronic pain. This study demonstrated that N-of-1 observational studies can be conducted with patients during a PMP using digital technologies. The use of these approaches may facilitate the application of personalized medicine.

Keywords: chronic pain, N-of-1, digital health, self-regulation, self-regulatory fatigue, motivation


INTRODUCTION

Both underactivity and overactivity patterns have previously been deemed maladaptive and implicated in the maintenance and exacerbation of chronic pain (Philips, 1987; Vlaeyen and Linton, 2000, 2012; Hasenbring and Verbunt, 2010; Hasenbring et al., 2012). Underactivity, also known as pain avoidance behavior, is defined as a decrease in general daily activity and physical activity (Vlaeyen and Crombez, 1999). Overactivity, also known as persistence or endurance behavior, can increase pain and lead to long, inactive recovery periods or a “yo-yo” pattern of activity (Fordyce, 1976; Nielson et al., 2013). More recently, the utility of describing underactivity or overactivity as maladaptive has been challenged. It seems that only a small subset of people with chronic pain reduce activity levels (Bousema et al., 2007; Pincus et al., 2010; van Weering et al., 2011). Meanwhile, there is still ambiguity as to when endurance behavior can be detrimental or advantageous (Kindermans et al., 2011; Andrews et al., 2012; Hasenbring et al., 2012).

The reasons why individuals with chronic pain engage in different activity patterns may be more important than the patterns themselves. The interruptive nature of pain is often considered a barrier to engaging in valued activities and goals in people with chronic pain (Affleck et al., 1998; Eccleston and Crombez, 1999; Karoly and Ruehlman, 2007; Bushnell et al., 2013). However, the psychosocial, motivational and affective context of pursuing valued goals and activities must be examined (Crombez et al., 2012; Murphy, 2015; Van Damme and Kindermans, 2015). That is, the adoption of different physical activity patterns depends on the individual context of goal pursuit.

The Goal Centered, Self-regulatory, Automated, Social Systems Psychology (GRASSP) model (Karoly, 2010, 2018) is an integrative motivational model that assumes that goal pursuit in people chronic pain is accounted for by day-to-day goal-guided self-regulatory processes, neurobiological factors, and the individual psychosocial, motivational and affective context. The experience of chronic pain determines motivation, or goal directedness, by impacting goal-related thoughts, feelings and striving, and capacity to engage in self-regulatory efforts and strategies (Karoly, 2018). According to the GRASSP model, motivation during goal pursuit episodes is impacted by altering the value of activities and the cost-benefit analysis of engaging in activities (Karoly, 2018). Given that perceived demands of activities are considered in a cost-benefit analysis of goal pursuit, perceived demands may be directly related to motivation to conserve resources and activity levels. In addition to factors which undermine motivational and self-regulatory processes, GRASSP considers motivational buffers which facilitate goal-striving (Karoly, 2018). Most notably, self-efficacy, confidence in one’s ability to complete a task (Bandura, 1977), is implicated in the allocation and conservation of resources during goal pursuit in people with chronic pain, facilitating or inhibiting goal striving (Karoly, 2018).

The capacity to engage in self-regulatory effort and strategies in people with chronic pain is affected by self-regulatory fatigue (Solberg Nes et al., 2010; Karoly, 2018). Self-regulatory fatigue is a decrease in general self-regulatory capacity, meaning self-regulation in cognitive, emotional and behavioral domains are more taxing and less effective (Solberg Nes et al., 2010, 2011). Experimental methods have demonstrated that people with chronic pain have lower self-regulatory capacity than healthy controls, resulting in poorer self-regulatory performance (Solberg Nes et al., 2010, 2011). People with chronic pain also have lower heart rate variability, a physiological indicator of lower self-regulatory capacity, compared to healthy controls (Koenig et al., 2016; Rost et al., 2017). Self-regulatory fatigue impacts motivation in people with chronic pain by increasing motivation to conserve resources (Hobfoll, 1989; Muraven et al., 2006; Eisenlohr-Moul et al., 2013). Pain intensity has a dose dependent effect on self-regulatory performance, where higher pain was associated with poorer performance (Solberg Nes et al., 2010).

An examination of the role of fluctuations in self-regulatory processes including self-regulatory fatigue, pain, self-efficacy perceived demands, and goal striving on motivation to conserve resources and activity patterns in people with chronic pain will further our understanding of mechanisms of goal pursuit. Investigating the dynamic pursuit of valued personal goals and their determinants has been identified as an important line of research for understanding the effects of pain in the broader context of living a meaningful life (Winger et al., 2019). Yet, the majority of past research with clinical samples has relied on pre-post intervention assessments with retrospective self-report, which are subject to recall and error biases (Stone et al., 2003, 2004, 2005; Stone and Broderick, 2007; Broderick et al., 2008). These approaches have not captured the dynamic nature of motivational processes of pursuing goals in daily life while living with chronic pain (Karoly, 2018; Mun et al., 2019). Self-regulation is a dynamic process, which requires dynamic measurement (Neal et al., 2017). Therefore, using methods that observe dynamic fluctuations in pain, motivation, and self-regulatory processes over time within-person are needed.

N-of-1 designs, which involve intensive longitudinal repeated measurement within an individual, are one such method of assessing within-person variability (Johnston and Johnston, 2013). These designs allow conclusions to be drawn about intraindividual variation over time which will advance the science of pain dynamics (Karoly, 2018; Mun et al., 2019). It has been recommended that N-of-1 methods are used to test theory and interventions (Craig et al., 2008; McDonald et al., 2017a; Kwasnicka and Naughton, 2020). For example, N-of-1 methods have been used to assess whether social cognitive constructs predict physical activity within individuals (Hobbs et al., 2013; O’Brien et al., 2016; McDonald et al., 2017b; Smith et al., 2019; Kwasnicka and Naughton, 2020).

The capability to evaluate the dynamic processes of pain and motivation has been facilitated tremendously by developments in digital health methodologies. The ability of text messaging, mHealth applications (apps) and wearable devices to provide precise, real-time observations of physical (e.g., pain), psychological (e.g., self-efficacy), physiological (e.g., heart rate), and exogenous (e.g., day of the week and weather) variables provides real opportunity to reduce recall biases and burden for participants (Winger et al., 2019). Thus, digital health technologies facilitate the collection of more ecologically valid data. Moreover, the use of multiple digital health technologies simultaneously (e.g., wearable accelerometers, heart rate devices, and recording of cognitions through a smartphone) allows for a holistic bio-psychosocial approach to be taken to data collection and the subsequent design of interventions (Marceglia and Conti, 2017; Mun et al., 2019; Winger et al., 2019).

Understanding dynamic motivational processes via digital health technologies can have a direct impact on treatment for people with chronic pain. An advantage of digital health technologies is that data-driven, individual treatment plans can be easily accessed by the majority of the population at low cost (Marceglia and Conti, 2017). mHealth apps accessible to patients via their smartphones provide the opportunity for patients to self-monitor and gain insights which facilitate behavior change and self-management (Aaron et al., 2005), which is the ultimate goal of treatment for chronic pain. Real-time recording through digital health technologies also provides both patients and healthcare providers with detailed reports of progress and obstacles (Winger et al., 2019). Furthermore, when designing interventions to increase physical activity, taking a personalized approach may yield better results (Noar et al., 2007; Hobbs et al., 2013). Particularly, personalized, data-driven pacing plans in people with chronic pain may be of particular benefit (Murphy et al., 2010; Murphy, 2015).

Therefore, using a combination of a digital daily diary method and wearable accelerometer devices, the aim of the present study was to examine the effect of variation in self-regulatory process during goal pursuit. The effects of self-regulatory fatigue, goal self-efficacy, pain, goal striving and perceived demands on motivation to conserve resources, physical activity and sedentary time during daily living were examined in individuals with chronic pain. Based on between-person group-level studies, it would be expected that self-regulatory fatigue, pain and perceived demands predict motivation to conserve resources and sedentary time, while negatively predicting physical activity. It is hypothesized that goal self-efficacy and goal striving would be negatively related to motivation to conserve resources and sedentary time while being positively related to physical activity.



METHODS


Design

A series of N-of-1 observational studies were conducted for approximately 84 days (12 weeks) over the duration of a Pain Management Program (PMP). A digital daily diary method was used to measure study variables by self-report twice daily, once in the morning (between 7 am and 10 am) and again 12 h later. Therefore, there were around 168 observations in total for each participant on each variable (84 in the morning and 84 in the evening).



Participants

Participants who were due to attend a National Health Service (NHS) based PMP in Scotland were recruited by clinician referral. Inclusion criteria for this study were that patients were between the age of 18 and 65 years old, experienced chronic pain (defined as persistent pain lasting longer that 3 months), fluent in the English language, not currently experiencing acute injury and that they were due to begin the PMP within 3 months. Patients who were interested in participation were provided a letter of invitation and information about the study. Patients who expressed an interest were given a 1-week consideration period, and were then contacted and invited to participate in the study. Seven participants (six female and one male) were invited to take part. Of those seven invitees, one decided not to take part prior to the baseline meeting and one participant had to withdraw as they could not commence the PMP until after the data collection period would end. Another participant began the study but withdrew less than half-way through the PMP and a technical issue compromised their evening data collection meaning the available data could not be examined. Therefore, four participants completed the study. The study was granted ethical approval by the NHS South West-Central Bristol Research Ethics Committee (reference number: 18/SW/0076).



Measures


Baseline


Demographics

Each participant provided their age and gender. Participants were asked to describe any physical or mental health conditions they were experiencing.



Pain

Participants provided the duration of their pain (years). Current and average pain (pain over the past 6 months) intensity was rated on an 11-point Likert scale from 0 (no pain) to 10 (pain as bad as can be). Measuring current pain intensity by numerical rating scale is a valid, reliable and sensitive method of assessing present pain level (Williamson and Hoggart, 2005; Ferreira-Valente et al., 2011).



Physical functioning

Physical functioning was assessed by self-report using the PROMIS Physical Function Short Form 8a (PROMIS PF-8a). The PROMIS PF-8a (Cella et al., 2010) is an eight item measure developed from the PROMIS items bank of 124 physical functioning items which measure mobility, dexterity, movement of neck and back, and instrumental activities. The PROMIS PF-8a assesses current ability to perform basic activities of daily living. Four items on the measure (e.g., “Are you able to go up and down stairs at a normal pace”; “Are you able to run errands and shop?”) are rate on a 5-point Likert scale anchored by 5 (“Without any difficulty”) to 1 (“Unable to do”). Four items (e.g., “Does your health now limit you from doing 2 h of physical labor?”; “Does your health now limit you in lifting and carrying groceries?”) are measured on a 5-point Likert scale anchored by 5 (“Not at all”) to 1 (“Cannot do”). All items are summed and the scale provides a score range of 8–40 where higher scores indicate better physical functioning.



Self-regulatory fatigue

The Self-regulatory Fatigue Scale (Solberg Nes et al., 2013) measures self-regulation fatigue, or a reduced capacity to self-regulate, in chronic multisymptom illness (e.g., “It is easy for me to set goals”). Each item is scored on a 5-point Likert scale from strongly disagree to strongly agree. The scale measures cognitive (6 items), emotional (7 items) and behavioral (5 items) components of self-regulatory fatigue to produce an 18-item scale with a range of 18–90 where higher scores indicate higher self-regulatory fatigue.



Pain self-efficacy

The Pain Self-efficacy Questionnaire (Nicholas, 1989) measures confidence in ability to cope despite pain in a variety of situations (e.g., “I can enjoy things, despite the pain”). It is a 10-item instrument where items are scored on a range of 0 (not at all confident) to 6 (completely confident) for a total score range of 0–60 where higher levels indicate higher pain self-efficacy.



Mood

The Hospital Anxiety and Depression Scale (Zigmond and Snaith, 1983) was designed to screen for anxiety and depression in those with illness where symptoms may be conflated (e.g., aching muscles). The Hospital Anxiety and Depression Scale has a depression subscale and an anxiety subscale with 7 items each. Each item is scored on a scale of 0 to 3 relating to the frequency that a symptom has been experienced over the past 7 days, thus each subscale has a range of 0–21.



Fear of movement

The 13-item version of the Tampa Scale of Kinesiophobia (Miller et al., 1991) is a modified version of the original Tampa Scale of Kinesiophobia (TSK) where reverse-scored items were removed. The TSK was used to assess pain-related fear of movement. The TSK assesses pain-related fear beliefs (e.g., “Pain always means I have injured my body”) and fear of movement (e.g., “No one should have to exercise when he/she is in pain”) on a scale from 1 (strongly disagree) to 4 (strongly agree) resulting in a scale range from 13 to 52. Higher scores indicate higher fear of movement.




Daily Activity Levels

This study measured day-to-day minutes spent being active or sedentary. All the participants wore the accelerometers on their left wrist (this was the non-dominant hand for all but participant 1). A bout of physical activity was defined as 10 consecutive minutes of physical activity of any intensity. Given the study sample (i.e., people with chronic pain), the focus of this study was on measuring physical activity that occurred in daily life. Therefore, bouts of continuous physical activity of light (101–1,951 counts/minute), moderate (1,952–5,724 counts/minute) or vigorous (>5,725 counts/minute) intensity were included in the definition of physical activity, as calculated by the Freedson algorithm (Freedson et al., 1998). Sedentary bouts were defined as consecutive minutes (≥1 min) where there is <100 counts/min (Freedson et al., 1998). Physical activity in this study was operationalized as minutes spent in physical activity bouts and sedentary time was operationalized as minutes spent in sedentary bouts. Physical activity and sedentary time were treated as continuous variables.



Daily Diary Measures


Motivation to conserve resources

Motivation to conserve resources was measured with one item (“How important was it for you to conserve energy or strength today?”). This was measured on a scale from 1 (Not at all) to 5 (Very much).



Pain

Current pain intensity was rated on an 11-point Likert scale from 0 (no pain) to 10 (pain as bad as can be).



Self-regulatory fatigue

Self-regulatory fatigue was assessed by a three-item Self-regulatory Fatigue Scale short form (SRFS-3) developed in an unpublished PhD thesis (McMillan, 2019). The behavior, cognitive, and emotion facets of self-regulatory fatigue were measured by one item each from the behavior (“I have urges to hit, throw, break, or smash things”), cognitive (“I have no trouble making decisions”) and emotion subscales (“I get easily upset”). The items were measured on a 5-point Likert scale from 1 (Strongly disagree) to 5 (Strongly Agree). The item scores were summed to form a scale range from 3 to 15 where higher scores reflected higher self-regulatory fatigue.



Goal selection

Participants were presented with an item to assess which goal they would pursue each day (“Which goal is most important to you today?”). Participants could respond by selecting the goal they chose at the baseline meeting (see section “Baseline” below) or by selecting “other” and providing their daily goal response within a free-text box.



Goal self-efficacy

Goal self-efficacy was measured by up to four personalized self-efficacy items (Francis et al., 2004). The self-efficacy items were specific to the participant’s individual goal. One item assessed general confidence in the ability to achieve the goal (“I am confident I can pursue my goal today”) in all participants. Then, further items assessed confidence in ability to achieve the goal in the face of barriers of increasing difficulty. The barriers were also personal to each participant. Goal self-efficacy was measured with three or four items for each participant (depending on number of identified barriers) on a 5-point Likert scale from 1 (Not at all confident) to 5 (Completely confident), providing a score range of 1–20. The full list of additional goal self-efficacy items for each participant can be found in Supplementary Table 1.



Goal striving

Goal striving was measured with two items. One item measured goal efficiency (“How efficiently have you worked on your goal today?”) and was measured on a scale from 1 (Not at all) to 5 (Very much). One item measured goal pursuit frequency (“How often did you work on your goal today?”) on a scale from 1 (Not time at all) to 5 (All the time). The two items were summed to generate a score range from 1 to 10 where higher scores indicated higher goal striving.



Perceived demand

Perceived demand was measured with one item (“Overall, how demanding was your day?”) on a scale from 1 (Not at all) to 5 (Very much).





Apparatus

Physical activity and sedentary time were measured using ActiGraph GT3X wearable accelerometer devices (ActiGraph GT3X; ActiGraph LLC, Pensacola, FL, United States). The GT3X collects raw tri-axial accelerometry data and takes measurements of wear time, energy expenditure, bouts of physical activity including duration and intensity of activity bout, metabolic rates, sedentary bouts, heart rate, an inclinometer which determines whether subjects are standing, sitting or lying down or if the device has been removed, and sleep activity. Accelerometers have demonstrated good reliability and validity in measuring physical activity (Eyler et al., 2003; Kelly et al., 2013).

A link to the daily diary was delivered via automated SMS text message to participants’ own smartphone (except in the case of participant one who did not have a smartphone and so was provided with one). Automated text messages were sent using a bulk SMS text message provider (Voodoo, 2020). Smartphones used in the study could be either Android or iOS operating systems. The smartphones were required to have 3G or 4G capability to ensure the diary could be completed without interruption. The text message provided a prompt to complete the diary.



Procedure


Baseline

A brief semi-structured interview was conducted with each participant to illicit their valued activities, and to identify a goal and barriers, which were used to construct the personalized self-efficacy items. These interviews were conducted at the PMP (participant 1), at the University of Strathclyde (participant 2), in a public place chosen by the participant (participant 3) and at the participant’s home (participant 4). Participants then completed the baseline measures and were given a demonstration of how they would receive the daily diary and how to complete it. To reduce participant burden, measures of fear of movement and mood were not recorded by the researcher at the initial meeting as they were recorded at the first session of the pain management program by clinicians.



Pain Management Program

The PMP was delivered within a Scottish NHS secondary care setting by a multidisciplinary team (e.g., clinical psychologist, specialist nurse, and physiotherapist). The program was a weekly group intervention based on Acceptance and Commitment therapy (ACT) principles and included pain education, physiotherapy, pacing, acceptance, and mindfulness strategies as well as commitment to values and behavior change. Each participant engaged in the pain management program, which lasted either 10 or 12 weeks regardless of their participation in the research study.



Daily Diary Phase

The participants were provided the opportunity to complete the daily diary from the day following the baseline meeting, which was up to 1 week prior to the first day of the PMP. Completion of diary entries prior to the commencement of the PMP was to allow participants to get accustomed to the procedure, and so were not included in the analysis. The daily diary was completed online on the Qualtrics platform. A link to the diary was sent via a text message to participants’ smartphones at the agreed morning time. The morning diary included measures of pain intensity, goal identification, self-regulatory fatigue, goal striving, and goal self-efficacy. The evening diary, which was prompted by text message 12 h after the morning diary measured pain intensity, self-regulatory fatigue, perceived demand, and motivation to conserve resources. Additional morning and evening diary variables measured included mood, goal motivation, expected demand, expected progress and expected fatigue but these are not examined in this study. Every 2 weeks after beginning the diary phase, a face-to-face meeting was conducted at the site of delivery of the PMP to discuss any issues with the study, to ensure continued consent to participate, and to provide them with a new fully charged accelerometer. Participants were also encouraged to contact the researcher if any problems arose throughout the diary phase. After the diary phase was complete, a final face-to-face meeting was arranged to debrief the participant and provide the remuneration (£50 GBP) for their participation.





DATA ANALYSIS


Data Processing

Raw data were downloaded from the accelerometers and participants’ data files from each accelerometer were combined into one file for each participant. The downloaded raw data files were processed into epochs of 10 s using ActiLife software v6.13.3. Wear-time validation was conducted and a non-wear period was defined as 60 consecutive minutes of no activity using ActiLife software (Troiano et al., 2008). Bouts of physical activity and sedentary bouts were calculated by ActiLife software.



Statistical Analysis

The data were analyzed individually for each participant using R statistical software v3.4.4. Missingness maps were produced for each participant using the AMELIA II package v1.7.5 (Honaker et al., 2011). Missingness maps were inspected visually to determine patterns of missingness. Where there was a very small number of daily diary observations missing at random (e.g., ≤0.05%), the mean of prior and subsequent observations was input. Otherwise, missing data was handled with multiple imputation using the AMELIA II package. The AMELIA II package uses an expectation-maximization bootstrapping (EMB) algorithm to model missing observations, specifically designed for time series data (Honaker et al., 2011). Five imputed datasets were produced where missing observations were imputed. As a bout of physical activity is defined as continuous movement for 10 min, imputed values <10 on physical activity were recoded to 0. All analysis was conducted on each of the five datasets and statistic estimates were calculated by pooling the results from each imputed dataset using Rubin’s rules (Rubin, 1996). Using Rubin’s rules to calculate parameter estimates accounts for the within and between variance of the combined results and calculating estimates with this method provides 95% confidence in inference when using multiply imputed datasets.

Time plots were examined for trends in the data. Autocorrelation, the correlation between a variable at the current time-point in a time series (t0) and the same variable at earlier time points or lags (e.g., where t-1 denotes one observation previous and t-2 denotes two observations previous), can arise when there are many repeated measurements of the same variables. Autocorrelograms were assessed for each variable to determine whether autocorrelation was present (Naughton and Johnston, 2014). Dynamic regression modeling was conducted to examine the relationship between the predictor variables and motivation to conserve resources, physical activity, and sedentary time. Using dynamic models to analyze N-of-1 data has been recommended because it is a flexible modeling approach (Vieira et al., 2017). Dynamic regressions can account for autocorrelation by including lags of the predictors and outcome variables as well as exogenous variables including trends in time and periodicity (e.g., morning and evening). Including lagged variables in the model which represent autocorrelation allows for independence between data points to be assumed. Dynamic regression models will not be formally described here as this has been done previously (Vieira et al., 2017).

Descriptive and multivariate analysis was conducted. As the purpose was to determine which variables had the most impact on motivation to conserve resources, physical activity and sedentary time, a stepwise approach was used to ascertain the model with the best model fit as determined by Akaike’s Information Criterion. Based on examination of the time plots and autocorrelograms, lags of the outcome variables, week, and weekday (i.e., whether it was a workday or weekend) were included as control variables as needed prior to the inclusion of predictor variables. The model residuals were then assessed for normality using a histogram and Q–Q plots and autocorrelation using autocorrelation function (ACF) plots and partial autocorrelation function (PACF) plots.




RESULTS


Participant Characteristics

The participants’ demographic information, description of physical health condition(s) and baseline recordings of pain, self-regulatory fatigue, pain self-efficacy, fear of movement, mood and personal goal are shown in Table 1. Questionnaire scores for fear of movement, anxiety and depression for participant three are missing as this was not recorded at the first PMP session. Additional goals pursued by participants over the course of the study can be found in Supplementary Table 2. It should be noted that all participants chose a goal related to improving their emotional or social wellbeing.


TABLE 1. Baseline descriptive information for each participant.
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Descriptive Statistics

Compliance with diary completion was very high. Participants 2 and 3 completed 100% of diary entries and there were no missing observations. Participant 1 had one diary entry missing, meaning there was 0.006% of possible occasions and 0.05% of observations missing. Given the small amount of missing observations within the dataset for participant 1, the mean of the preceding and subsequent observations was inputted. Participant 3 had 1% observations missing as there was a technical issue with the accelerometer for the last 6 days of measurement. Participant 4 completed the diary on 97.5% of possible occasions and, overall, 4% of observations were missing. Evening observations were more likely to be missing than morning observations for participant 4. Therefore, multiple imputation was undertaken in participant 3 and 4’s data to provide full datasets. The results for participants 3 and 4, reported below, are the product of pooled estimates from five imputed datasets. Time plots of motivation to conserve resources, physical activity, sedentary time, and the predictor variables are shown in Figure 1.


[image: image]

FIGURE 1. Time plots for all variables over time for each participant.


Figure 1 illustrates that there is evidence of variance across participants and within participants over time on all variables. There may have been ceiling effects for participants 3 and 4 on goal striving and for participant 4 on self-efficacy. The means and standard deviations for physical activity, sedentary time, motivation to conserve resources, pain, self-regulatory fatigue, goal self-efficacy, goal striving and perceived demand for each participant are displayed in Table 2.


TABLE 2. Descriptive statistics of daily assessment of all study variables.
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Dynamic regression models were conducted individually for each participant. Within each model, the reference measurement (t0) is either current morning or evening, depending on when the variable was measured. Pain intensity and self-regulatory fatigue were measured in both morning and evening diaries. The time of day of measurement is indicated in Table 3. Lag 1 (t-1) is the observation prior to t0, while lag 2 (t-2) is the observation prior to t-1. For example, lag 1 of variables measured in the evening (e.g., perceived demand) refers to the previous evening, while lag 1 of variables measured in the morning (e.g., goal self-efficacy) refers to the previous morning. We used autocorrelograms with ACF and PACF to guide the selection of the number of lags for predictors. It was unusual for there to be significant autocorrelation beyond lag 2. However, when significant autocorrelation of earlier lags (lag 3 onward) appeared to be present in autocorrelograms, these lags were included in models. When more recent lags were also accounted for within models (e.g., lag 0, lag 1, and lag 2), there was no effect of earlier lags (e.g., lag 3).


TABLE 3. Multivariate associations between predictor variables and outcomes in all participants.
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Dynamic Regression Modeling Results

An overview of individual dynamic regression models of the effect of the pain, self-regulatory fatigue, goal self-efficacy, goal striving, and perceived demand on motivation to conserve resources, physical activity and sedentary time is displayed in Table 3.

In participant 1, the small positive association between week and motivation to conserve resources suggests that motivation to conserve resources increased slightly across the course of the study. In participant 1, motivation to conserve resources was higher on days when perceived demands, evening pain intensity, and previous morning self-regulatory fatigue were higher, and goal striving was lower. For participant 3, motivation to conserve resources was higher on days when goal striving, perceived demands, and evening pain intensity were lower, and evening self-regulatory fatigue was higher. In participant 4, motivation to conserve resources was higher on days when perceived demands and previous days’ motivation to conserve resources were higher, and goal striving, and goal self-efficacy were lower.

Physical activity was higher for participant 1 on the weekends and on days when perceived demands from 2 days’ previous were higher. Physical activity was higher for participant 2 on days when physical activity was higher the previous day. In participant 4, physical activity was higher on days when perceived demands were higher.

Sedentary time was higher for participant 1 on weekdays, when there was higher morning self-regulatory fatigue 2 days’ previously, and when the previous days’ perceived demands were lower. In participant 2, sedentary time was higher on days when motivation to conserve resources was higher, and goal striving and evening pain were lower. In participant 3, sedentary time was higher on days when sedentary time was higher the previous day and when motivation to conserve resources was higher. Sedentary time was higher for participant 4 on days when previous days’ perceived demand and pervious days’ goal striving were lower.




DISCUSSION


Main Findings

The purpose of this study was to examine the interindividual motivational dynamics involved in motivation to conserve resources and activity levels over time in people with chronic pain. In line with the GRASSP model, the associations between the outcomes and goal-related and self-regulatory variables were unique across individuals. Goal striving and perceived demand were most frequently associated with outcomes across participants. Goal striving was related to less motivation to conserve resources (participants 1, 3, and 4) and less sedentary time (participants 2 and 4). Perceived demands were associated with higher motivation to conserve resources and physical activity, and lower sedentary time in two participants (1 and 4). Perceived demands were also associated with less motivation to conserve resources in another participant (participant 3). Higher self-regulatory fatigue predicted higher motivation to conserve resources (participants 1 and 3) and sedentary time (participant 1). Evening pain intensity was related to motivation to conserve resources, but in opposing directions (participants 1 and 3), and also to higher sedentary time (participant 2). The direction of the relationship between motivation to conserve resources and sedentary time was in opposing directions for two participants (2 and 3). Finally, goal self-efficacy was negatively associated with motivation to conserve resources in one participant (participant 4).



Relationship to Past Research

The findings of this study are generally supportive of motivational accounts of activity patterns in people with chronic pain (Van Damme, 2014; Van Damme and Kindermans, 2015; Karoly, 2018) and previous research demonstrating that the context of a goal pursuit episode is associated with activity patterns (Karsdorp et al., 2010; Karsdorp and Vlaeyen, 2011; Schrooten et al., 2012; Van Damme et al., 2012; Pastor-Mira et al., 2019). The most consistent determinants of motivation to conserve resources and sedentary time in this study were goal striving and perceived demands. Perceived demands were also the only determinant of physical activity. The findings of this study are also partially in line with theory and past research asserting that people with chronic pain experience self-regulatory fatigue which negatively impacts self-regulatory performance by increasing motivation to conserve resources (Solberg Nes et al., 2010, 2011; Eisenlohr-Moul et al., 2013; Vervoort and Trost, 2016; Rost et al., 2017). In turn, motivation to conserve resources was related to sedentary time. Taken together, these findings suggest that there is a continuing evaluation of the costs and benefits of pursuing valued goals (Karoly, 2018; Van Damme et al., 2018).

However, no predictor variables were consistently associated with the outcomes across all participants. The direction of some observed relationships were contrary to expectations given previous research and theory (Karsdorp et al., 2010; Van Damme et al., 2012, 2018; Van Damme, 2014; Karoly, 2018). For example, while one participant reported higher motivation to conserve resources on days with higher pain and perceived demands (participant 1), the opposite associations were reported in another participant (participant 3). Further, there was a negative relationship between motivation to conserve resources and sedentary time in participant 3. The differences in the direction of relationships in this study are likely accounted for by whether physical activity levels were maintained despite pain, increased demands, and motivation to conserve resources (participant 1), or whether physical activity decreased due to motivation to conserve resources, meaning lower perceived demands and pain in the evening (participant 3). Meanwhile, goal self-efficacy was related to motivation to conserve resources in one participant, but it was generally not predictive of outcomes. This contrasts with past research demonstrating that self-efficacy predicts engagement in physical activity from groups-based studies (McAuley et al., 2011; Huffman et al., 2015).

Past evidence of the effect of self-regulatory fatigue and goal pursuit in people with chronic pain have often used experimental methods and retrospective self-report questionnaires and the average of group-aggregated data. The aggregation of group data can mask the direction of relationships within individuals (Johnston and Johnston, 2013; Yeo and Neal, 2013; McDonald et al., 2017a) and cannot account for the dynamic nature of self-regulatory processes. In addition, this study used objective measurement of physical activity and sedentary time with accelerometers as opposed to self-report measures. Self-report frequently results in biased estimation in people with chronic pain (Gosney et al., 2007; van Weering et al., 2011; Liu et al., 2014; Schaller et al., 2016), and for measurement at the individual level (Loney et al., 2011). The differences in the patterns of relationships observed in this study highlights the need to consider the individual goal-guided context (Karoly, 2018; Mun et al., 2019). The theory and methods used in this study have illustrated the heterogeneity in determinants of motivation to conserve resources and activity levels in people with chronic pain.



Strengths and Limitations

Unlike most past research, the methods used in this study accounted for the dynamic nature of self-regulatory processes. Another strength of this study was the use of wearable accelerometer devices in conjunction with digital daily diaries. Previous diary studies in people with chronic pain have tended to assess either physical activity or the pursuit of personal goals but there is a lack of integration of both types of data (Van Damme, 2014). Additionally, using smartphones enabled participants to complete their dairy immediately after receiving the text message with the link to the diary. Studies which use paper-and pencil diaries can suffer from poor adherence and falsification of data and it is difficult to ascertain reliably the time at which they were completed (Stone et al., 2003; Broderick et al., 2008). Within this study, adherence was very high (the participant with the lowest adherence completed 96% of diary occasions). Furthermore, the use of N-of-1 observational methods and dynamic regression modeling allowed for models to be estimated for individuals over time while accounting for time trends and autocorrelation, thus reducing potentially biased estimates (Vieira et al., 2017).

Some limitations of the study should be noted. First, the pattern of relationships between the predictors and outcomes are unique to the individual participants and so different patterns may be observed in the future. Additionally, this study examined a limited number of goal related predictors and other self-regulatory, cognitive or affective processes may predict the outcomes in this population. The study measured some self-report variables retrospectively (e.g., motivation to conserve resources and perceived demand). As the nature of the study involved repeated measures within individuals, as opposed to measurement of a group, the reliability and validity of the self-report items used in this study is unknown. Preliminary data on the three item self-regulatory fatigue measure indicated that construct validity was acceptable but internal consistency was not satisfactory due to the low number of items while attempting to preserve the measurement of each subscale (McMillan, 2019). However, this data was from a student sample, not a sample of people with chronic pain, which may have affected interpretation of the items (Bonetti et al., 2001). We acknowledge that the unknown validity of single item, self-report measures and the three item self-regulatory fatigue measure is a limitation of this study. That said, it is the case that the longitudinal nature of data collection required a balance between the number of items and the need to reduce participant burden and the potential amount of missing data and participant retention in the study.

Additionally, while the purpose of the study was to examine factors which may affect activity levels during goal pursuit, goals chosen by participants were emotion regulation goals, not physical activity goals, and progress toward goal achievement was not measured in this study. Measuring goal progress may have provided further useful information about self-regulatory mechanisms. Future research, which uses ambulatory methods to measure the variables “in the moment” may be useful and provide more reliable estimate of relationships, as opposed to using retrospective items (Bentley et al., 2019).



Implications for Methodology and Clinical Practice

Identifying the individual determinants of fluctuations in pain, motivation and self-regulatory processes will provide insight to people with chronic pain to enable them to manage to better their own condition and ultimately to pursue meaningful personal goals. Currently, psychological treatment programs evaluate whether the mean scores of psychosocial functioning indices have changed in the desired direction for groups of patients from pre to post intervention. For some patients, controlling fluctuations and reducing variability in pain and motivation may have a more significant impact on quality of life than changes from baseline scores (Mun et al., 2019; Winger et al., 2019). The effect of fluctuations or variability in pain and motivation are rarely assessed within treatment programs. This study has demonstrated that N-of-1 observational studies using accelerometers and digital daily diaries, where a link is delivered by text message, can be implemented with patients engaged in a pain management program. Further, it has been argued that N-of-1 trial designs could become the “gold standard” for assessing treatment efficacy (Bradbury et al., 2020) and could also be used to examine changes in variability in pain and motivation from pre to post intervention (Mun et al., 2019; Winger et al., 2019).

Evidence that fluctuations in self-regulatory fatigue, self-efficacy, pain, goal striving and perceived demands have differential effects on motivation to conserve resources, physical activity and sedentary time suggests that people with chronic pain would benefit from individualized treatment plans targeting motivational processes that affect the pursuit of their valued goals. For example, Acceptance and Commitment Therapy focuses on acceptance and mindfulness strategies as well as commitment to values and behavior change. Acceptance and mindfulness may increase self-regulatory capacity (Azam et al., 2016) while commitment to values may affect the cost-benefit analysis in undertaking activities. For the participants in this study, increasing self-regulatory capacity and goal striving, and decreasing the perceived demands of activities may result in more effective goal-directedness (Karoly, 2018).

It has been suggested that individually tailored activity pacing which takes into account the psychosocial context of activity, such as motivation for engagement in activity, is needed (Murphy, 2015; Mun et al., 2019). Data-driven tailored interventions to facilitate physical activity have been conducted previously with action planning and control cognitions in people with osteoarthritis (O’Brien et al., 2016). Further, a tailored, data driven activity pacing intervention which used accelerometer data reduced fatigue interference in those with osteoarthritis (Murphy et al., 2010).

The use of some digital health technologies and software can be expensive (e.g., Ecological Momentary Assessment platforms where cost for use of software, data storage on remote servers and cost per signal can be high), making it less accessible for some researchers. This study used a low-cost and easily implemented method of sending automated text messages using a bulk SMS provider, and the text messages included a link to the online digital diary. There are also free applications providing automated SMS schedulers which can be accessed from the Google Play Store and the Apple Store.



Conclusion

This study demonstrated that the effect of self-regulatory fatigue, goal self-efficacy, goal striving and perceived demands on motivation to conserve resources, physical activity and sedentary time varied across participants. The observed relationships generally supported the GRASSP model which suggests that activity patterns in people with chronic pain can be accounted for by goal guided self-regulatory processes. This study illustrated that N-of-1 observational studies with digital health technologies can be conducted during pain management programs at low cost. The results from this study support the need for further research on within-individual variability of goal processes, the development of measures to support these research designs, and the development of individually tailored activity pacing interventions.
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The technology currently available for quantifying various biometric, behavioral, emotional, cognitive, and psychological aspects of daily life has become increasingly diverse, accurate, and accessible as a result of ongoing and continuous improvements. These burgeoning technologies can and will profoundly alter the way lifestyle, health, wellness, and chronic diseases are managed in the future. For those pursuing the potential of such digital technologies in the creation of a compelling and effective connected healthcare experience, a number of new concepts have surfaced. We have taken these concepts (many of which originate in engineering) and extended them so they can be incorporated into managing health risk and health conditions via a blended digital health experience. For example, the advent of mobile technology for health has given rise to concepts, such as ecological momentary assessment and ecological momentary intervention that assess the person's (digital twin) status and delivers interventions as needed, when needed—perhaps even preemptively. For such concepts to be fully realized, the experience design of mobile health (mHealth) program(s) (aka connected care) should and now can actually guide end users through a series of self-experiments directed by data-driven feedback from a version of their digital twin. As treatment development and testing move toward the precision of individual differences inherent in every person and every treatment response (or non-response), group data and more recent big data approaches for generating new knowledge offer limited help to end users (including practitioners) for helping individuals evaluate their own digital twin–generated data and change over time under different conditions. This is the renaissance of N-of-1 or individual science. N-of-1 evaluation creates the opportunity to evaluate each individual uniquely. The rigor and logic of N-of-1 designs have been well articulated and expanded upon for over a half century. For the clinician, this revitalized form of scientific and behavioral interaction evaluation can help validate or reject the impact a given treatment has for a given patient with increased efficiency and accuracy. Further, N-of-1 can incorporate biological (genomic), behavioral, psychological, and digital health data such that users themselves can begin to evaluate the relationships of their own treatment response patterns and the contingencies that impact them. Thus, emerges the self-scientist.

Keywords: digital health, digital twin, digital phenotype, self-scientist, mHealth, small data, N-of-1


WHAT HAPPENED TO THE “QUANTIFIED SELF” MOVEMENT?

The vision of a “quantified self” really began with Gary Wolf and Kevin Kelly (then editors at Wired magazine) in 2007 (Wolf, 2007). Its original intention was to promote the value of self-monitoring facilitated by emerging mobile (and other) connected digital technologies (mobile apps, wearables, wireless peripherals, etc.) for data acquisition and self-reflection. The data covered a range of overt and covert behaviors (steps, mood, diet, stress, medication adherence, etc.) and biomarkers (sleep, heart rate, weight, etc.) of which the end user's ultimate goal was to gain greater self-insights and share those insights with others. The movement itself centered largely on the activity of self-measurement (aka tracking or self-monitoring) as the primary functional component of the experience. Much has changed since Wolf and Kelly originally coined this term [see (Heyen, 2020)]. The technology currently available for quantifying various biometric, behavioral, emotional, cognitive, and psychosocial factors of daily life has become increasingly diverse, accurate, and accessible. Many believe these burgeoning technologies can and will profoundly alter the way lifestyle, health, wellness, and chronic disease are managed in the future although, as Heyen (2020) notes, the quantified-self phenomenon has had minimal impact on the collective scientific knowledge to date. For those pursuing the potential of such digital technologies, several concepts have surfaced and/or resurfaced that when conceptually and practically integrated may help facilitate the as-yet-unrealized potential of connected care.

The first of these concepts is that of a digital twin. A digital twin is a digital representation of a real-world entity or system that offers information on the functional status of that system. The digital twin has its origins as an engineering paradigm for predictive problem solving of dynamic systems with early applications at NASA (Marr, 2017; Tao and Qi, 2019). The concept has been extended into many manufacturing- and process-related contexts to map out potential system failures. Gartner named the digital twin concept one of the Top 10 Strategic Technology Trends for 2017, 2018, 2019, and 2020 (Cearley et al., 2020).

(Call out box: The average consumer knows more about the operation of their car than their own bodies. Today's automobile is equipped with more than 50 sensors/minicomputers that continuously monitor the functioning (i.e., health) of the car. The driver is signaled when one of these key functions falls outside a specific set of parameters via simplified and displayed dashboards. Such information allows drivers to determine the current functional state of their vehicle and intervene to avoid more extensive and costly problems prior to catastrophe. When serious trouble arises, these integrated computers alert the dealership to diagnostic issues and even contact emergency services based on continuously collected data from the car).

Imagine if people had access to a similar set of self-generated biobehavioral information via a dashboard connected to the increasingly sophisticated and diverse set of commercially available devices, biosensors, technologies, and related data representing their own operational health and lifestyle. These digital twins could be the by-product of a networked set of biosensors, wearables, peripherals, smart pill dispensers, smart inhalers, ingestible smart pills, implantable devices (e.g., implantable cardio defibrillators), smart injectors, smartphone applications, and/or smart speakers all connected to an intelligent home ecosystem. Data emanating from these varied sources and sensors would be rendered back to the person, reflecting everything from their ongoing blood pressure to degree of hydration. The rendered data, with supporting content, would drive personalized and actionable health choices and behavior change guidance to each person uniquely throughout the day based on their own configuration and biobehavioral readings.

The technology for creating a usable digital twin largely exists today for addressing wellness, prevention, and ongoing management of focused health conditions. Figure 1 lays out a conceptual (albeit incomplete) digital health technology map as it might be applied to the range of monitoring possibilities by organ system based on commercially available digital technology. The map also attempts to display likely clinical goals, potential digital health tools, and the biometric and behavioral data gathered from them to be used for clinical purposes.


[image: Figure 1]
FIGURE 1. This map describes one set of possibilities for configuring a digital twin with existing technologies.


If the concept of a digital twin is currently conceivable with existing commercially ready digital health and therapeutics technologies, then data derived from such enhanced self-monitoring technology represents the individual's digital phenotype (Onnela and Rauch, 2016; Huckvale et al., 2019). As such, this digital phenotype is the sum of an individual's ad libitum behavior expressed through digital media (sensors, tools, devices, apps, and related software, such as machine learning or artificial intelligence, etc.) in vivo and in situ. Today, these digital phenotypes do not necessarily reflect an a priori attempt by the individual to make use of their digital information as reflected in their phenotype. However, the collected data, when organized, has the potential to typify an individual's behaviors, lifestyle, and related baseline biomarkers as they relate to targeted risks and health end points consistent with what is now being referred to as P4 (predictive, preventive, personalized, participatory; Flores et al., 2013; Sanger et al., 2016).

The link between the digital twin and the digital phenotype would likely be a set of algorithms patterned off the current scientific knowledge base. For example, findings from the ongoing Framingham Heart Study have been used to establish a 10-year coronary risk prediction algorithm (D'Agostino et al., 2008). If an individual has contributed the necessary input data of age, diabetes diagnosis, smoking status, treated and untreated systolic blood pressure, total cholesterol, HDL cholesterol, and/or body mass index (BMI) from any combination of sources, including consumer devices, clinical records, or self-report, then the system could provide real-time feedback that also ties to a risk score for cardiovascular health as well as related evidence-based insights for cardiovascular risk modification. Additional algorithms could provide similar scores for other biological functions. Collectively, the dashboard could demonstrate changing future risk based on real-time, present-time performance. This can also prompt individuals to connect other data sources if key variables are missing from certain algorithms.

One concern, which we address in more detail in the conclusion, is basing digital twin technology on data sets that capture patterns of bias. Because the technology, by nature, hones in on patterns, training the algorithm with flawed data can exacerbate and perpetuate those flaws. For example, a study examining an algorithm used by Optum to assign risk levels to patients systematically under-risked Black patients, likely due to the use of data that included racially based care disparities (Obermeyer et al., 2019). The resulting algorithm treated less care tendered to Black patients as indicative of lower need rather than less access.

Several considerations are important here. First is the integrity of the data itself as is true of all data operations. Second, any data included in the digital twin technology should be critically reviewed to identify and remediate issues that perpetuate historical bias. Third, and most importantly (and often confused with the second consideration), is the interpretive lens. Reliable and valid data do indicate biases in healthcare because they truly exist (and are now commonly and collectively referred to as the “social determinants of health”). What is deeply needed and will not be addressed by data or analytics alone is the strong interpretive lens, and that is about values (NEJM Catalyst, 2017). The history of intelligence testing and the eugenics movement is a sober reminder (Gould, 1981) of what happens when the interpretive lens is not considered.



COMMERCIALLY AVAILABLE DIGITAL HEALTH TECHNOLOGY

Digital health technology exists within and beyond the boundaries of the formal medical system. Although some healthcare sectors have enthusiastically pursued this technology, adoption by practitioners and patients has lagged. Recent current events prompted by the COVID-19 pandemic have altered both the public and practitioner perception of the value of remote patient monitoring by means of digital technology. There are growing impressions that digitally enabled remote patient monitoring is no longer just an interesting innovation or “nice to have” but rather a clinical delivery infrastructure imperative.

Any given individual has likely generated an extensive digital footprint already in their lifetime from multiple data sources, of which most fall into one or more of these four broad and potentially overlapping categories:

• Clinically generated data. This is the full spectrum of data generated by a person's interactions with the formal healthcare system, including electronic medical records, lab test results, pharmacy data, and health insurance claims, etc.

• Commercial real-world health data. This information is data generated by programs focused on population health management that complement traditional healthcare, including wellness and disease management, to targeted populations intended to improve risk pools.

• Consumer digital health device–generated data. The increasingly sophisticated array of commercially available connected digital technologies are now available to leverage in the care and well-being of key patient populations and generate clinically relevant data from non-clinical sources.

• Health-suggestive data. Digital data is generated by people from a variety of non-health, non-clinical data that are not explicitly tied to health but do reflect other aspects of lifestyle and secondarily can provide additional insights into health (social determinants such as zip code, local weather, buying habits, etc.).



CREATING THE DIGITAL TWIN

To bring the digital twin concept to life, people must have access to an integrated set of tools, content, and services all existing within a single internally consistent live and digital experience that helps both patient and practitioner make data-based health choices. These data create the person's health data repository. There must also be a mechanism for people to access the resultant insights. In one model, people could create personalized accounts via a website or downloaded app. It is also possible that entities, such as health systems or regional or national governments, might create the digital twin system for enrolling their members or citizens.

Once an account is created for an individual, including unique identity markers, the user could permission various data sources to interface with the digital twin to avoid potential data misuse or abuse. Once data sources are connected to the system, the individual would then return to the account to view insights and feedback over time. The value of the system is 4-fold: 1. data capture, 2. communication, 3. intervention delivery, and 4. outcome evaluation. As with any digital technology, there is also the opportunity to design deliberate outreach to users. For example, users might receive a cellphone alert if their digital twin data indicates an acute health issue or, on the positive side, if their data indicates behavioral changes are leading to risk reduction.

To be explicit, the typical user of digital twin technology is not required to have the health or science expertise to form conclusions about behavioral responses based on their own data. In many circumstances, with better information, people themselves are in the best position to weigh the costs vs. the benefits of a given treatment. Therefore, a core component of the digital twin must be coaching or feedback to guide users through the “so what” of their data insights. By the nature of the basis of that personalized coaching and feedback, the digital twin harnesses the strengths of tailored interventions, which are consistently seen to produce more sustained changes than static or generic health education (Noar et al., 2007; Strecher et al., 2008).



CURRENT HEALTHCARE AND THE CLINICAL TRIAL

Clinical trials have been the primary mechanism for generating clinical knowledge and depend on measures of central tendency for assessing a treatment's benefits and side effects/risks relative to some comparator (i.e., true control or standard of care). This produces reliable and valid findings centered on group averages and variation around those averages. As the reigning gold standard in clinical research, the randomized control trial (RCT) has had great success demonstrating efficacy of treatment for most common conditions, syndromes, and diseases, yielding a portfolio of effective, evidence-based treatments that most helps the most people. This group lens and the supporting deductive inference provide a forest view of clinical outcomes relative to determining the greatest overall good. However, no matter how rigorously the group data is derived, using group statistics alone can never fully address the need to treat individuals uniquely.



SMALL DATA AND N-OF-1 INDIVIDUAL SCIENCE

Putting all the value, promise, and hype of Big Data aside, the digital twin for health has a small data requirement. It is becoming increasingly clear that RCT and group methods, although still quite valuable, are insufficient as treatments and testing move toward the precision of inherent individual differences, which are reflected in every person and every treatment response (positive or negative) (Gagne et al., 2014; Richter et al., 2015; Hilgers et al., 2016; McMenamin et al., 2018). The quantified self, with the “self” as the primary unit of analysis, was always intended for the individual to benefit from the added detail of self-observation. If self-quantification is to promote health and help manage chronic conditions, the data generated from a specifically constructed digital twin must be processed into a consumable and actionable form. Importantly, this information is embedded in every treated patient (if data were collected and analyzed properly) but remains largely latent. N-of-1 captures that value by rigorously evaluating each user, which provides the tree level of observation and evaluation.

A variety of authors from diverse disciplines have spoken about the value of N-of-1 research (Guyatt et al., 1986; Lillie et al., 2011; Barnett et al., 2012; Parker and Vannest, 2012; Dallery et al., 2013; Duan et al., 2013; Kravitz and Duan, 2014; Schork, 2015; Strathmann, 2015; Vohra et al., 2015; De Groot and Martin-Sanchez, 2017; Lobo et al., 2017; Mirza et al., 2017). The U.S. Department of Health's Agency for Healthcare Research and Quality has even published its own user guide to N-of-1 trials (AHRQ, 2014), and CONSORT has issued reporting guidelines (Vohra et al., 2015). N-of-1 evaluation creates the opportunity to evaluate each individual uniquely, which complements the existing evidence-based framework. The rigor and logic of these designs have been well articulated and expanded upon for over a half century (Mirza et al., 2017). By using more refined, time-ordered data to optimize individual-level understanding via N-of-1 analysis, more timely feedback can be provided to the patient (end user) that indicates what in their specific lives is influencing their behavior and biobehavioral health outcomes. The use of N-of-1 approaches is more true to life and clinical practice by providing individualized feedback to each patient and clinician about the quality and strength of their unique response to a given course of treatment. Further, as with more traditional approaches, N-of-1 can incorporate biological (genomic), behavioral, psychological, and digital health data such that users themselves can begin to evaluate the relationships of their own treatment response patterns and the contingencies that impact them in context. The approach can also evaluate and inform the combined treatments for comorbid condition management for which there are virtually no randomized clinical trials. For the clinician, this revitalized form of scientific and behavioral interaction evaluation methodology can help confirm or reject the impact of any given intervention for any given patient with increased efficiency and accuracy and greater insight to lifestyle: hence, the execution of precision medicine.

Because the classic clinical trial cannot fully answer all the relevant clinical questions or address the variants of an individual patient's treatment response, it must be coupled with other rigorous and valid clinical evaluation methods appropriate for the individual patient level of analysis. An N-of-1 perspective does not challenge the value of the RCT or Big Data, but rather complements it. This allows for personalization through a different lens and strategizes around time-ordered data within a single patient with multiple attributes. Further, through the use of the N-of-1 methodology, time-ordered data gets optimized by providing a new simple-to-interpret metric from the growing deluge of time-ordered data now coming from the advances in ecological momentary assessment and intervention coming from new and expanding measurement technologies (wearable devices, nanotechnology, pervasive wireless connectivity, Internet of Things, improved personal privacy and data protection technology, etc.) (Smyth and Stone, 2003; Kuntsche and Labhart, 2013; Runyan and Steinke, 2015; Spoelmann et al., 2016; Versluis et al., 2016; Dai and Bikdash, 2017).

Current standard of care for assessing treatment response to many chronic conditions takes place with limited frequency. Secondary clinical objectives (weight, diet, adherence to prescribed medicine, sleep, etc.) are almost never or only superficially addressed. Time and cost constraints do not allow for this type of care in our current healthcare delivery model. By bringing in scalable digital technology, the frequency of assessment can be increased while algorithms based on aggregate science offer evidence-based feedback. The architecture and metric strategy of any digital program that structures and optimizes time-ordered data with this technology can arrive at a user value level that is, by definition, personalized and without the classic paradox of requiring big data. One way to consider the digital twin is as a tool to pinpoint the specific individual response within the known variance of the aggregate responses, essentially locating the individual user within the distribution of the broader sample treatment responses.



DESIGN CONSIDERATIONS FOR THE DIGITAL TWIN

For the digital twin concept to produce its promised benefits, the technology must be designed to engage one or more end user groups in a meaningful way. The concept of N-of-1 must be operationalized in a way that a user can actually engage with and learn from it, including granting permission for data sources to be gathered and analyzed, viewing their personal data against the digital twin, and taking action based on insights from the comparison.

Any design of an actual N-of-1 product should take the needs of both provider and patient or caregiver user groups into consideration. Ideally, the group designing any interface will conduct original primary research with the intended users with the specific aim of informing the design. That said, prior experience with creating data-driven health interfaces for consumer use suggests several best practices that are likely to be relevant here. The design needs for a provider end user group vary somewhat from those for a patient and caregiver end user group due to the context in which they might access the system and the level of expertise they bring to interpret the data. As long as medically expert users are able to opt out of or skip instructional content that may lengthen their workflow without adding value, it is better to design the entire system to be appropriate for the patient than to take on a provider as the primary design target. Designers can then modify only with regards to the specific practical clinical care needs of the practitioner. Accordingly, the suggestions below focus on the patient and caregiver user audience.

We assume that an interface or dashboard will be created as the primary mechanism through which users interact with the N-of-1 system. This interface should accommodate the following.


Clear Data Visualization

The N-of-1 process draws from an enormous volume of data. Any user interface must offer a way of cutting through the noise to amplify the signal. Importantly, visual inspection of the data has been a critical part of the N-of-1 framework from its conception. Consider that, even if providers can discern meaningful trends in large volumes of data, they are unlikely to have the time to do so. Therefore, N-of-1–enabled P4 medicine requires a data-processing step to optimize accuracy and efficiency without the practitioner losing autonomy to set a treatment plan with the patient. Patients and caregivers may have the time but likely lack the expertise and require a processing step that helps make the data more understandable and actionable (Fisher et al., 2003; Parker et al., 2011a,b). A presentation layer that prioritizes meaningful information and makes trends easily visible—perhaps through use of colors, icons, or other visual elements—is a prerequisite for adoption of the digital twin.



Plain Language

For patients and caregivers, an additional level of interpretation is likely to be needed for the digital twin concept to be useful. Although many patients do become experts in their own condition over time, the average health literacy and numeracy levels in the United States are quite low (see Kirsch, 1993; U.S. Department of Health Human Services., 2010). Particularly for people engaging with the digital twin prophylactically, plain language explanations of health phenomena and clear directives about action to take will increase the odds that they take positive action based on their data.



Access

Access refers to the ability of individuals to acquire and use technology and may be limited by either financial or geographical concerns. Additionally, in some countries, such as the United States, there is often a large cost burden on the patient for health care utilization that may affect whether and what data exists for a given individual. There is a role for organizations, such as health plans, governments, or employers, to subsidize or provide devices and internet access to facilitate people's use of the digital twin, but designers can also minimize the access burden wherever possible. One example is to offer options between data collected by often costly connected devices and web-based self-report; this will also make the digital twin more palatable to people who are not early adopters of technology and may not yet use connected devices. Another example is to design interfaces to require minimal data downloads so as to not max out limited cell phone plans or be unusable in areas with slow connectivity.



Accessibility

Accessibility best practices, such as those put forth in the Web Accessibility Initiative Worldwide Web Consortium (3Wc) (2019) should be observed in the design of the digital twin. The World Health Organization estimates that about 15% of the global population, or one billion people, have at least one disability World Health Organization (2020).

Although certainly demographic attributes can be important in personalizing an approach, we do not see pervasive demographically based needs. For example, research suggests that, despite stereotypes, older adults are increasingly likely to own and regularly use smartphones and computers (see Yoon et al., 2020). There is heterogeneity in technology usage among older adults as with all age groups with more educated and affluent people being more likely to use technology skillfully and regularly (Hargittai et al., 2019). However, as people age and experience normal physical and mental declines, they often benefit from the accommodations included in general accessibility standards, such as high color contrast between fonts and backgrounds and larger clickable areas on websites. Accessible design can, therefore, benefit multiple user groups. Importantly, it is always best practice to research the target users of any technology to understand and design for any limitations they are likely to experience.



Prioritization of Interventions

As the self-scientist identifies needs for intervention—for example, as data trends suggest an increased possibility of a health event without a change in behavior or medication—it will be important to offer a clear order of operations to follow (i.e., call to action and action steps). For health optimization situations, such as healthy self-scientists seeking to attain greater well-being, the order of steps to try may be entirely based upon their N-of-1 data and prioritize those activities most likely to produce the desired result. For more serious medical issues, the suggested steps could include the professional care team on the part of the patient and then focus on the provider as the audience for any other prioritized suggestions.



Ease of Adding and Removing Data Sources

The N-of-1 dashboard should make it simple for people to choose which self-generated data sources to include in their profile. Just as Mint (a financial budgeting program in North America) allows users to select financial accounts to connect with the service, the N-of-1 should allow a self-scientist to log into their consumer health apps, workplace wellness programs, and health risk assessments so that all relevant health data can be included. At the same time, it should be easy for any self-scientist to exclude a data source as they wish. Although theoretically optimal results come from including more data rather than less, there may be compelling reasons for a person to sever their relationship with a particular data source (e.g., privacy breaches or known errors in the data).



Ability to Add Context

A potential frustration with the N-of-1 approach is that some data may be better interpreted by both humans and algorithms with context. For example, a prolonged trend of low physical activity and weight gain would be interpreted differently if it happened during a stressful work period, a high-risk pregnancy, or without any precipitating life factors. Allowing users to specify contextual events that may have influenced their data would be helpful. In some cases, the context might have been provided by data that is not available for some reason. In the example above, a medical record would have revealed a pregnancy co-occurring with the activity cluster, but it may be that the electronic medical record (EMR) does not integrate with the N-of-1 system yet despite being technically possible and necessary for system-level optimization.



Integration Into Clinical Workflow

The more accessible the N-of-1 interface during the normal clinical workflow, the greater the chances of its wide adoption by providers. Within a clinical setting, providers' technology usage might be limited to an EMR on an intranet. The technological challenge in that case is facilitating access to the digital twin dashboard within the clinic, whether through EMR integration or offering new access to other systems. It is also worth pursuing policy-level inclusion of the N-of-1 approach in value-based reimbursement models. Providers are unlikely to dedicate significant time to a tool that does not contribute to their success metrics.



Logical Longitudinal Use of Phase Shifts

Because the individual and their time-series data are paramount in this framework, the experience is best designed around treatment phases (Pertschuk et al., 1978; Hayes et al., 1999; Dallery et al., 2013; Pham et al., 2016; Michie et al., 2017) and changes in those phases based on a new (novel) treatment circumstance. There exist a number of designs, such as ABAB reversal designs, that when strung together over the course of treatment can enhance the causal logic for associating a change in a monitored outcome with a specific treatment phase. Hayes et al. (1999) have described the clinical value of such approaches in detail.




PERSONA USE CASES

To bring clinical and consumer design realism to the discussion, the use of personas represents a common and useful methodology when designing a user-centered experience or program. By way of example, we wish to consider two personas (father and son) and their digital twins for what a risk modification health experience might look like today. Each has a connected care configuration based on their health profiles and life circumstances. In addition, we speculate on each persona with regards to what their health experience might look like in 5 years.

Raymond (father) and Josh (son): Current Connected Care Experiences


Call Out Box. Raymond (age 59).

□ Firefighter Retired Secondary to Type II Diabetes Complications

□ Type II Diabetes Treatment Metformin

□ BMI 29.4

□ Hypertension Treatment ACE inhibitor

□ Spotty Medication Adherence

□ Moderately Active

□ Health Risk Assessment (HRA) Predicted Health

□ Technology Suboptimizer1.




Background

Raymond lives with his wife Jeanne of 38 years. The couple have resided in the same suburban neighborhood their entire marriage. They raised their son Joshua (age 35) and daughter Casandra (age 24) in that home. Raymond retired 3 years ago following complications secondary to poorly controlled diabetes including retinopathy. Since that time, he has occupied himself with his garden, his grandkids, and general work around the home.



Health Status

Diagnosed with hypertension 10 years ago and type II diabetes 7 years ago, Raymond has struggled to keep his HbA1c and blood pressure levels in the range his doctor has recommended. Unfortunately, he has also struggled keeping both under control due to poor medication adherence and an unhealthy diet. As a result, Raymond has never been able to sustain a healthy blood pressure or HbA1c. Consultation with his internist indicated he may soon need to switch to injectable medications to better manage his blood glucose.



Psychographics

Raymond has always prided himself on his independence and being “a man's man.” He finds it hard to ask for help and is much more comfortable caring for others than being cared for. He admits to some conflict with his wife over his health, diet, and activity level. He never liked the idea of being dependent on medication and would prefer to handle his health issues with diet and exercise. But he admits to dietary weaknesses, including a strong sweet tooth. His love of gardening and chasing around grandchildren are his primary sources of exercise, but he admits to very little physical activity in the last 4 months, which, in turn, raised his weight another 10 pounds. His history of habitual exercise as a firefighter and desire to retain his independence are potential strengths.



Technographics

Raymond can best be described as a technology “suboptimizer” (i.e., someone who uses current technology but not to its fullest potential). He uses a smartphone, laptop, and tablet, but does not get the most out of all the technology could provide. He uses apps on his phone for a limited number of practical activities, such as banking, scheduling, and checking the weather. He never uses the health apps that came preinstalled on the phone. He does use several online social sites.




RAYMOND'S CONNECTED CARE CONFIGURATION

Raymond and his physician have agreed to try several technological tools to help him take his medication as directed as the primary and most immediate goal. Raymond's doctor pointed out that Raymond needs to monitor his health, including his blood pressure and blood sugar, more regularly just as he once needed to monitor his firefighting equipment for proper functioning. Based on a match between Raymond's needs and the available technology, they agree to the following tool set.

• A wearable device that can help monitor basic biobehavioral functions, such as sleep, activity (steps), and heart rate.

• A smart bottle that can message Raymond and select others when medication is to be taken and/or when a dose is missed.

• A smart scale that can assess weight as well as other secondary metrics, such as level of hydration, percent body fat, and body mass index.

• A mobile app that helps connect his support system, which includes his wife, children, and sister.

• Home smart glucometer that tracks blood glucose, aids in decision making, connects with the other technology (wearable and smart scale), and connects to support and practitioners.

Figure 2 displays Raymond's treatment plan laid out in a series of three consecutive treatment phases. Each phase represents a new unique set of treatment conditions. The A phase of Raymond's experience represents a baseline period of management as usual. In Raymond's case this includes a combination of historical data (past blood glucose values and other lab values, rough estimates of medication adherence, etc.) with 2 weeks of biobehavioral baseline (i.e., run in) data (blood sugars, medication adherence, activity level), average daily steps. The B phase represents the starting intervention that is focused on supporting medication adherence for both hypertension and type II diabetes by way of increased monitoring and intervention via smart bottle–driven reminders and increased coordination of family support via a support network app. There is also a secondary goal of increasing his average daily steps by 10% (from 5,800 to 6,380). The choices made for phase C are dependent on the phase B response data. They are presented in these personas as a “happy path” in which phase C builds on positive gains made in phase B. Importantly, the methodology would also allow for early detection of a non- or negative response to inform clinical decision making. Therefore, in our examples, the phase C has defined new goals for continued improvement in medication adherence and more programmatic increases in physical activity and diet (which now incorporate his wife Jeanne as the primary grocery shopper and cook). Each of these interventions is also tied to biometrics of blood pressure and blood sugar, the data of which is regularly collected and shared among patient, practitioner, and primary support (wife).


Call Out Box. Josh (age 35).

[image: yes] Employed Community College Math Instructor

[image: yes] BMI 27.6

[image: yes] Prehypertension Considering Start of ACE Inhibitor

[image: yes] Moderately Active

[image: yes] HRA Health Prediction

[image: yes] Technology Optimizer2.




[image: Figure 2]
FIGURE 2. This figure describes how Raymond's personal health data might be used with a digital twin across three phases of behavior change to achieve increasingly tighter outcome goals.



Background

Josh is Raymond's son and oldest child. He lives with his second wife, Adrian, of 3 years, and he has no children. The couple live in a condo not far from where Josh and Adrian work. Josh is employed as a math instructor at a community college, and Adrian works as a real estate broker. The couple maintain an active personal and professional life and have recently considered starting a family. They are particularly close with Raymond and Jeanne who live nearby. Josh decides to partner with his father on health to support him and spend more quality time together.



Health Status

Josh has always been athletic and still plays softball once a week during the season, but his regular exercise routine has become increasingly less regular and his expanding waistline reflects it. His doctor says that, unless he can get his blood pressure under control with diet, exercise, and weight loss, he will need to start medication. Having seen his father struggle with weight, high blood pressure, and diabetes, Josh is determined to avoid medication and get back to a healthier level of activity and eating. The prospect of fatherhood is an added motive.



Psychographics

Josh has always viewed himself as fit and athletic and, prior to marrying Adrian, was just that. It was a classic example of domestic comfort and contentment. The recent weight gain and increased blood pressure have him concerned but also motivated. He does not see himself as overweight, but his BMI says otherwise. His wife is very supportive of his plan to eat better and get more active and is eager to help him to develop a system that fits his busy and stressful schedule. Josh intends to begin with increased daily walking and biking at least once a week. Strong intrinsic motivation is a potential strength for Josh.



Technographics

Josh grew up with technology. He got his first X-Box at age 12 and his first cellphone when he obtained his driver's license. He uses a variety of technology, including a multitude of apps for managing personal affairs, work, and entertainment. He has recently purchased an updated fitness tracker and has used one off and on for the last several years.

The A phase of Josh's experience (see Figure 3) also has a baseline that parallels his father's. It combines data, such as blood pressure measures and historical data from his wearable, with the “run in” biobehavioral data (i.e., steps, sleep, BMI, etc.). Josh's B phase is designed to prevent and reverse his progression toward hypertension by way of lifestyle change alone. Therefore, his B phase is focused on weight loss by way of increased activity level and initial diet changes. He will increase his coordination of family support by better connecting with Adrian and Raymond as well as his mother and sister. Activity goals are to increase his average daily steps by 20% (from 8,900 to 10,680) and return to his old habit of biking a minimum of 1 but no more than 2 days per week. As with Raymond, the choices for phase C as presented here are a “happy path” in which phase C builds on positive gains made in phase B. Therefore, phase C has defined phase goals for continued improvement in physical activity and the addition of the DASH diet framework into his lifestyle (which now incorporates his wife as the primary support for dietary change which she will share). Each of these interventions is also tied to primary biometrics of blood pressure and BMI.


[image: Figure 3]
FIGURE 3. This figure offers a contrast to Figure 2 by showing how a similar phased digital twin process might unfold for a relatively healthier individual in order to accomplish health goals.





RAYMOND AND JOSH—FAST FORWARD 5 YEARS

Figure 4 displays the health status, connected care configuration, and health goals for both Raymond and Josh as they might look 5 years into the future. Again, it is based on a digital twin model that helped both father and son achieve their baseline primary and secondary health goals and established healthier lifestyle habits (with their wives as participatory supporters).


[image: Figure 4]
FIGURE 4. As technology improves and both Raymond and Josh transition to maintenance of goals, they continue to monitor their data using a variety of connected devices and make behavioral adjustments in order to achieve desired outcomes.




RAYMOND HEALTH STATUS (AGE 64)

Raymond continues to manage both hypertension and type II diabetes and has been well controlled on both for 4+ years. His retinopathy has slowed, but visual impairment has been a challenge. The basics for what he must do to manage his health are the same (i.e., stay physically active, watch what he eats, and take his medications as prescribed) but how he does it (the tools he uses) has changed over time. Now, due to visual impairment, he brings his exercise indoors and uses an exercise bike and an elliptical machine, both connected to specific live and on-demand training programs. Data collected by the machines are also now available as part of his digital twin with full details (METS, etc.) for each bout of exercise.



JOSH HEALTH STATUS (AGE 40)

Josh also continues to manage his health. He has, thus far, avoided hypertension but developed dyslipidemia a year and a half ago. Josh now takes a statin and has been well controlled. Josh's goal is to stay physically active and watch what he eats.



PERSONA SUMMARY

Connected care in this model included selected use of currently commercially available digital health and therapeutic technologies that will likely be more enhanced 5 years in the future. In both the current and future configurations, the assumption is that interconnectivity and visualization of individual patient data back to the patient, practitioner, and caregiver network can be accomplished and integrated from a technical and practical perspective. The data in these examples is integrated with more traditionally collected healthcare data (i.e., labs, utilization data, etc.) and evaluated using established N-of-1 methods and presented back with design considerations that make the personal data accurate (valid), easy to understand quickly, and with clear relevance for clinical decision making.



THE EXPERT PATIENT PROBLEM

It is now generally recognized that regardless of the health condition(s) being managed, individuals are a rich source of experiential information about the signs and symptoms of disease, common and unique responses to interventions, and successes and failures for self-managing health, all within the context of everyday living. These expert patients (Tattersall, 2002; Cordier, 2014) and their primary caregivers are the ultimate source of information for patient-centered processes and outcomes as they are shaped by each individual's experience of illness, social circumstances, attitudes to risk, values, preferences, and problem solving.

The challenge is in how to best facilitate and leverage that collective experience for the benefit of the whole health community, including practitioners. If the original intent of the quantified self movement was to gain greater self-insights and share those insights with others, then what better way to leverage them at the personal and community level than to use data and digital phenotypes? This aggregated N-of-1–level data can then facilitate and accelerate (e.g., crowdsource) the intelligence that is latent within the collective expert patient community (Levy, 2005; Eysenbach, 2008; Buecheler et al., 2010; McAfee, 2010; Li et al., 2012; Ranard et al., 2013; Crequit et al., 2018).



ACCELERATED PATIENT INSIGHTS

Digital technology today provides the mechanism to harness patients' (expert or not) latent collective wisdom with the potential to provide value and self-insights for the collective patient-consumer experience (e.g., patientslikeme, a patient-focused social network for crowdsourcing treatment options and clinical trials). Research supports the notion that large groups, when properly facilitated and applied to a topic, including health problems, will self-organize in ways that are well-suited to developing behavioral patterns that, with proper analysis can generate a greater number of novel and valid insights and alternative conclusions.

Although Von Hippel (1986) lead user concept suggests that expert patients may push the edges of the digital twin technology to discover issues and opportunities to be incorporated into the design, less expert patients also contribute to learning. Indeed, many people using digital twin technologies will, especially at the outset, have low levels of health knowledge and may not be able to extract meaningful insights without coaching or support. Fortunately, the individual group members do not necessarily need subject matter expertise for the aggregated group to display this form of emergent or collective intelligence (Roskams and Popovic, 2016; Khatib et al., 2019). The digital twin technology can capture and sort the data provided by such users to provide expert researchers with information that can jump-start their research as well as provide visibility to expert patients to help provide that coaching and support. Such connected care can realize the quantified-self goals of greater self-insights (and very likely improve health literacy as well).



THE SELF-SCIENTIST

One of the historical shortcomings of the quantified-self movement was an overemphasis on tracking (i.e., self-monitoring) functionality within the technology (which still exists in many apps today) as the primary action. Practically speaking, health data and behavioral tracking generally suffered from two fundamental challenges in converting such data into insights and actions.

1. Nearly all methods for tracking were tedious and burdensome to the end user (e.g., patient or practitioner), making compliance to data collection problematic.

2. Perhaps more importantly, it has been repeatedly demonstrated that tracking in isolation does not produce sustained behavior change. Tracking must be coupled with analysis-driven intervention and feedback. This latter component is largely based on the overall experience design, functionality, and visualization.

What is known today from behavioral science research is that self-monitoring is a necessary but not sufficient condition for sustained engagement and subsequent behavior change (Karkar et al., 2016; Wicks, 2018). Insights and behavior change will not simply blossom out of self-quantification. The experience design and generated data must facilitate valid and practical insights with clear, well-timed, and motivating calls to action through the integration of an evidence-based approach.

Digital health and therapeutic technologies are increasingly solving the first problem by limiting or eliminating the end users' input requirements, thereby refining the digital twin and phenotypes. Consequently, the streaming data from these technologies can now become a rich source of time series data (aka repeated measures, trends) such that single case and small sample research designs can now be integrated into the analytical space to drive the ability of the end-user to draw valid conclusions about themselves and the contextual factors that influence their health behaviors. When the overall user experience is well designed around small case design and clinical reasoning, only then can technology-enabled experience go beyond tracking and actually enable end users to become more rigorous “naturalistic observers” of themselves…self-scientists (Parker and Vannest, 2012; Strathmann, 2015; Karkar et al., 2016; De Groot and Martin-Sanchez, 2017; Wicks, 2018).

The advent of mobile technology for health has also given rise to concepts, such as ecological momentary assessment and ecological momentary intervention. By combining and integrating data from the assessed person's (digital twin) status, technology can be used to deliver interventions as needed, when needed (even preemptively). For such concepts to be fully realized, the experience design of mobile health (mHealth) program(s) (connected care) should actually guide the end user through a series of self-experiments directed by data-driven feedback from a version of their digital twin and provide ongoing feedback about the experiments' outcomes.



PULLING IT ALL TOGETHER FOR THE GREATER GOOD (CROWDSOURCING N-OF-1)

The implications of the digital twin for healthcare at the individual and collective levels are exciting from both an outcome and an experience perspective. A clear benefit to successful implementation of the digital twin is the more rapid identification of treatment needs to ultimately improve health outcomes and patient quality of life with ancillary benefits across the ecosystem.

The digital twin also offers the opportunity to create an empirically validated understanding of how medical treatments (e.g., medications, surgical procedures) might be enhanced or supported by behavior change interventions, such as formally or informally crafted lifestyle management programs. These programs have yielded a mixed bag of outcomes without a strong shared understanding of how they might be developed and implemented most effectively. For example, it is only in 2019 that a group of experts put forth their consensus statement on basic standards for digital mental health applications (Torous et al., 2019). The digital twin concept would enable more rapid capture of usage of such apps and related outcomes to leapfrog our current understanding of when and how to leverage them and how to identify best-in-class options.

Anticipating that digital twin technology will follow a standard diffusion of innovation curve (Rogers, 2003), we urge teams working on developing the digital twin to consider the lead user concept first advanced by Von Hippel (1986). Lead users are very early adopters of new technologies who, as the first users, are also the first people to encounter problems and unmet needs. By including lead users as part of a beta test group in which feedback is actively sought, designers will be better prepared with a useful and usable product when a less savvy segment of the population begins to set up digital twins. Research has shown that leveraging lead users as part of a product development process accelerates both volume and variety of projects completed (Ho-Dac, 2020).

A consumer-facing outcome of digital twin could be an algorithm-driven recommendation engine. The combination of individual and aggregate data at the heart of digital twin mimics the model used by companies, such as Amazon and Netflix to surface suggestions for purchases or entertainment. Such an engine could support shared decision-making tools, improve the quality of information within digital health apps, and reduce the frequency of patient panic when a search engine suggests dire but unlikely health outcomes.

Aggregation of N-of-1 replications (replications being those self-experiments that have serially been proven to work for N of x number of people) based on a set of common contextual attributes allows for a bottom-up approach to developing new knowledge (i.e., inductive reasoning) that combines and leverages the concept of the expert patient. Development of recommendation engines based on accumulating replications with ongoing evaluation of group based significance grows knowledge from direct experience accelerated by N-of-1 (Levy, 2005; Eysenbach, 2008; Buecheler et al., 2010; McAfee, 2010; Li et al., 2012; Ranard et al., 2013; Crequit et al., 2018).



ETHICAL AND POLICY CONSIDERATIONS

As we consider a future in which each individual can cross-reference their digital twin against their own personalized health data, it is important to note a few potential ethical issues with the intention of preempting them with patient protections. It is feasible that entities with access to patient data may use insights from the digital twin concept in ways that are against patients' best interests. For example, employers could use digital twin insights to deny offers to employees who are likely to incur high healthcare costs in the next few years3. Or insurance plans may raise premiums on people whose health data suggests an impending negative event, ironically making care more difficult to access at just the time when it is most critical. These would be misuses of the digital twin concept. We suggest three principles to safeguard against them.


Patients Own Their Data

Patients are the source of their data. When the patient is the primary entity associated with the data, it enables the digital twin concept to work. When data is scattered amongst tens or hundreds of databases under the control of organizations that are not talking to each other, the burden of compiling an individual's digital twin data set becomes enormous. Maintaining patient data ownership across the life span helps to solve for that (Dorey et al., 2018). It also creates an opportunity for new economic models that permit patients to monetize the use of their data if they choose to share it with third-party entities for research and development or other purposes. It offers patients a mechanism to protect the privacy of their data against misuse by other entities by maintaining ownership and granting or withholding access to specific data in a granular fashion.



Patients Must Provide Explicit Informed Consent for the Use of Their Data

There are many legitimate reasons why third parties may want to use patient-generated data for research or investigation. It's also clear that there may be a public health benefit to this type of data usage that we would not want to disrupt. Informing patients in plain language about the potential ways in which their data may be used—and offering them regular opportunities to review that information and change their consent—provides them the agency to participate or not, similar to the code of ethics used in human subjects research. As patterns emerge in what people are willing to consent to and not, it also may be possible to determine whether and when it's appropriate to compensate patients for use of their data.



Advocacy Efforts Should Enshrine Patient Data Ownership and Access Into Law

Research shows that although physicians and researchers are sympathetic to the notion that patients should have a say in the use of their data, they are also skeptical that patients can make appropriate choices based on the potential benefits of research to society (Dorey et al., 2018). It cannot be assumed that physicians and researchers will honor patient data ownership in practice whether because they truly believe the positive impact of their work is sufficiently large to override patient rights or because they are able to convince patients to consent when they otherwise might not through their position authority. The potential for data misuse or abuse speaks to the need for advocacy for strong patient protection laws and a role for policy advocacy from subject matter experts and organizations (e.g., HIMSS, Xcertia, etc.). The forms this advocacy might take will differ depending on the form of government and existing data protections in place in a given region as will any resultant policy (see the GDPR in the European Union as an example).

In the United States, some of the specific advocacy targets to enable the digital twin concept to work include establishing a national standard data format, which will enable interoperability and easier sharing of data across platforms. The Standard Health Record (http://standardhealthrecord.org/) and the Fast Healthcare Interoperability Resources (FHIR) are two examples of U.S.-based projects to accomplish a standard format.

There is also a call to make patient data open source, meaning it is available to be used for free. With appropriate privacy protections in place (e.g., deidentification of individual data in public data sets, securing individual informed consent for data inclusion in the data set), having clinically generated health data made open source would facilitate integration into a digital twin system.



Product Designers Must Critically Evaluate Data Sources

The success of the digital twin relies on building a data model against which any individual's data can be compared. Unfortunately, many existing data sets incorporate racial (see Obermeyer et al., 2019), gender (see Criado Perez, 2019), or other bias. Using those data sets without correction can perpetuate and intensify the bias, which would result in the digital twin making suboptimal or inappropriate recommendations for anyone not fitting the “right” demographic profile. Designers must do a deliberate and critical review of candidate data to identify potential sources of bias, such as the following:

• Historical inequities in care

• Studies that exclude women, non-white people, or members of other groups

• Biased or motivated data-collection methods

• Understand potential interpretive biases and the values that shape access to resources, technology, and information

Any identified biased data should be excluded from the digital twin, adjusted and corrected, or specified to apply only to the relevant demographic groups. Designers should also specifically question any assumptions in using one piece of data as a proxy for another (as was the case in the (Obermeyer et al., 2019), study in which prior access to care was used as a proxy for need, obscuring a history of discrimination that limited access among Black patients).




FUTURE WORK

In many ways the future is here. The technology to create the beginnings of a digital twin to support the care and management of individuals with multiple chronic conditions exists today. The next challenge is for adventurous companies and institutions with quality technologies and subject matter expertise to start testing such systems (albeit in limited form to start) in real environments to address the following problems:

1. Data integration, quality, and security across platforms and systems.

2. Iterative development of the connected care experience that includes practitioners and caregivers.

3. Iterative development of the data visualization feedback to each stakeholder.

4. Broaden the N-of-1 library of analytical approaches designed for specific clinical data circumstances.

5. Application of the continuously improving design to high value patient populations to evaluate impact on engagement, clinical outcomes, utilization of services and costs.

6. Develop a mechanism to compile N-of-1 learnings to detect aggregate trends and insights and bring them into the shared scientific knowledge.

7. Identify, within regional or national subject matter expert coalitions, the appropriate political advocacy targets and organize lobbying efforts toward making health data accessible and usable for tools such as the digital twin.

Assuming the ability to build out success for the first four short-term goals above, the more distal goals would be to experiment with the aggregation and dissemination approaches back to key audiences to better foster the value of N-of-1 insights; continuously improve the experience and design of the digital twin; and create replications for the relevant communities in ways that leverage and reinforce collective intelligence of the group.
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FOOTNOTES

1Person who uses some but not all and does not optimize the features of current digital connected technologies.

2Person who fully uses all the features of current digital connected technologies.

3Indeed, some employers already prohibit employees from using tobacco and require a biometric test before confirming employment offers.
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item

1. To what degree have you felt energetic

2. To what degree have you felt enthusiastic
3. To what degree have you felt content

4. To what degree have you felt irritable

5.
6
7
8

To what degree have you felt restless

. To what degree have you felt worried

. To what degree have you felt worthless or guilty
. To what degree have you felt frightened or afraid
9.

To what degree have you experienced loss of interest or pleasure

10. To what degree have you felt angry

11. To what degree have you felt hopeless

12. To what degree have you felt down or depressed

13. To what degree have you felt positive

14. To what degree have you felt fatigued

15. To what degree have you experienced muscle tension

16. To what degree have you had difficulty concentrating

17. To what degree have you felt accepted or supported

18. To what degree have you felt threatened; judged; or intimidated
19. To what degree have you dwelled on the past

20. To what degree have you avoided activities

. To what degree have you sought reassurance

22. To what degree have you procrastinated

23. To what degree have you avoided people
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Negative Affect items over Time

p SE t p

Dwelling on the past —0.304 0.0275 —11.03 <0.00*
Worthless or guilty —0.10 0.04 —2.72 0.01*
Hopelessness —-0.07 0.04 —1.083 0.07

Worry —0.21 0.03 —6.69 <0.00*
Irritability —0.23 0.03 —7.93 <0.00*
Loss of interest or pleasure —-0.19 0.04 —-5.18 <0.00*
Threatened, judged, intimidated —-0.19 0.03 —6.18 <0.00*
Down or depressed —-0.18 0.03 —6.66 <0.00*
Anger —0.10 0.04 2.79 0.01*

* indicates significance at p < 0.05.
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Worry

Irritability

Loss of interest or pleasure

Threatened or judged
Down or depressed
Anger

Frightened or afraid
Restless

Fatigued

Muscle tension
Difficulty concentrating
Avoided activities
Sought reassurance
Procrastinated
Avoided people
Energetic

Enthusiastic

Accepted or supported
Positive

Content

Change in all survey items over
entire therapy y Period

p SE t P
-0.20 0.01 —4.22 <0.00*
-0.20 0.01 —4.22 <0.00*
—0.40 0.01 —8.98 <0.00*
—-0.42 0.01 —9.76 <0.00*
-0.28 0.01 —6.04 <0.00*

0.06 0.01 1.27 0.21
-0.12 0.01 —2.51 0.01*
-0.25 0.01 —-5.37 <0.00*
—-0.02 0.01 -0.32 0.75
—-0.01 0.02 —0.15 0.88
-0.16 0.01 —3.44 0.00*
-0.18 0.01 —3.91 0.00*
—0.08 0.01 —1.69 0.09
—0.41 0.01 —-9.34 <0.00"

0.01 0.01 0.29 0.78

0.23 0.01 4.94 <0.00*
—-0.42 0.01 —9.62 <0.00*

0.29 0.01 6.25 <0.00*
—-0.11 0.01 —2.40 0.02*

0.08 0.00 1.62 0.11

0.10 0.01 2.20 0.03*

0.01 0.01 0.18 0.88

0.10 0.01 2,17 0.03*

* indicates significance at p < 0.05.
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Session(s) Therapy module

1 Motivation and enhancement

2 Emotional awareness and tracking

3 Emotional awareness and tracking

4 Mindfulness

5 Mindfulness and non-judgmental awareness

6 Mindfulness and non-judgmental awareness

7 Exposures (imaginal and in vivo)

8 Exposures (imaginal and in vivo)

9 Cognitive appraisals and reappraisals

10 Cognitive appraisals and reappraisals

11 Emotion-driven behaviors and emotional avoidance
12 Emotion-driven behaviors and emotional avoidance
13 Relapse prevention

14 Relapse prevention
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Pre-therapy period
Motivation enhancement
Emotional awareness and tracking

Mindfulness and non-judgmental
awareness

Exposures (imaginal and in vivo)

Cognitive appraisals and reappraisals

Emotion driven behaviors and
emotional avoidance

Relapse prevention

Quantitative survey hypothesis

N/A

N/A

N/A

Reduced restlessness, dwelling on the
past, worry; reduced worthlessness
and guilt

Reduced difficulty concentrating,
avoiding activities, avoiding people,
procrastination, reassurance seeking
Reduced worry, depression; increased
positivity, contentedness

Reduced worry, depression

N/A
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MD (0, %) 39867
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MDINP (0, %) 102
Vears of cirical practice
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11-20 (0, %) 9(200)
21-30(n, %) 7(156)
3140 (0, %) 5011
>40 (0, %) 367
Not reported (n, %) 1e2
Department(s)
Poyhiatry (n, %) 43956
Psyctiatry and Anesthesiology (0, %) 102
Not reported (0, %) 122
Primary Specilty
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Other (n, %) 122

Not reported (n, %) 20.4)





OPS/images/fpsyt.2020.530995/table2.jpg
How often do you see patients in your practice with insomnia?
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Weekl (n, %) 28(61.1)
Monthly 0, %) 367)
Quartrly (0, %) 204
Total (1) 45

| am satisfied with the availablo treatment options for my patients
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Strongly agree (v, %) 204
Agree (n, %) 7(15.6)
Neutral (n, %) 11(24.4)
Disagree (1, %) 21667)
Strongy disagres (. %) 1@9)

Total (n) 45

My patients are satisfied with available treatment options for insomia.
Strongly agree (1, %) 000

Agreo 0. %) 8(178)
Neutral 1, %) 9200)
Disagree (1, %) 24(503)
Strongly dsagree (. %) 109

Total (n) 45

Have you ever heard of n-of-1 trials?

No (n, 9%) 29(64.4)

Yes (. 9%) 16 (36.6)

Total (1) 15

How likely are you to use a free service that made it easy for you to offer
n-of-1 trials to select patients in your practice with insomnia in order o
make data-driven treatment choices at least once in the next year?

Highy kel (1, %) 12(300)
Likey (0, %) 18 (45.0)
Neutral (1, %) 6(150)
Unikey (n, %) 309
Fighiy unikaly (1, %) 125

Total (n) a0
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Predictors

Week

Weekday

SRF (morn)

Goal striving (morn)

Goal self-efficacy (morn)
SRF (even)

Pain (even)

Perceived demand (even)
MCR (even)

Week

Weekday

Physical activity

SRF (morm)

Goal striving (morn)

Goal self-efficacy (morn)
SRF (even)

Pain (even)

Perceived demand (even)
MCR (even)

Week

Weekday

Sedentary time

SRF (morm)

Goal striving (morn)

Goal self-efficacy (morn)
SRF (even)

Pain (even)

Perceived demand (even)
MCR (even)

Participant

1

Motivation to conserve resources
0.06"

0.16* (lag 1)
—0.25" (lag O)

0.18™ (lag 0)

0.22* (lag 0)
Physical activity

88.61**

24.65" (lag 2)

Sedentary Time

—57.55"

26.16" (lag 2)

—0.24"* (lag 0)

0.31"** (lag 0)
—0.39" (lag 0)
—0.24" (lag 0)

0.43"* (lag 1)

0.51*** (lag 1)

—22.49" (lag 0)

—37.16" (lag 0)

—40.35" (lag 1)

31.05" (lag Q) —18.09"* (lag 0)

—0.24*** (lag 0)
—0.08" (lag 0)

0.37"* (lag 0)
0.24** (lag 1)

1.38" (lag 0)

—34.27"* (lag 1)

—35.63"" (lag 1)

MCR, motivation to conserve resources; SRF, self-regulatory fatigue; morn, morning; even, evening. Lag 1 of morning variables refers to previous momning; lag 1 of evening
variables refers to previous evening, etc. *p < 0.05, *p < 0.01, and **p < 0.001.
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Age
Gender
Pain condition(s)

Comorbid condition(s)

Pain duration

Current Pain intensity
Average pain intensity
Physical functioning
Self-regulatory fatigue
Pain self-efficacy
Fear of movement
Anxiety

Depression

Goal

PMP length

Participant 1

48
Female

Neck, shoulder, and
lower back pain

2-5 years
5
7
27
49
33
27
6
11

Enjoy activities more

10 weeks

Participant 2

41
Male

Arthritis, trapped nerve
in neck, and diabetic
neuropathy

Diabetes type 1,
retinopathy,
nephropathy, high
blood pressure, and
angina
10-20 years
8
8
18
67
22
19
16
12
Manage emotions
when unexpected
setbacks arise

12 weeks

Participant 3

50
Female
Persistent pain

Suspected spastic
paraplegia

10-20 years
6
10
10
43
10

Improved
management and
maintenance of
relationships
12 weeks

Participant 4

59
Female

Osteoarthritis and
polymyalgia rheumatica

Post viral depression

1-2 years
5
8
13
68
19
36
8
9

Feeling more
confidence in managing
pain

10 weeks

Scale ranges are as follows: current pain = 0-10; average pain intensity = 0-10; physical functioning = 8-40; self-regulatory fatigue = 18-90; pain self-efficacy = 0-60;

fear of movement = 13-52; anxiety = 0-21; depression = 0-21.
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Variable

Motivation to conserve
Physical activity (mins)
Sedentary time (mins)
Pain

Self-regulatory fatigue
Goal self-efficacy

Goal striving
Perceived demand

Participant 1

M (SD)

3.1 (0.7)
141.1 (66.4)
453.2 (89.6)
5.7 (0.9)
7.1 (0.7)
9.3 (0.8)
5.9 (0.7)
3.0 (0.7)

Participant 2

M (SD)

1.4 (0.8)
20.7 (29.1)
541.3 (114.9)
6.8 (1.2)
7.5(1.2)
14.7 (2.4)
6.8 (1.3)
33(1.1)

Participant 3

M (SD)

3.7 (1.4)
24.1 (24.4)
455.6 (113.0))
7.3 (1.1)
7.6 (1.7)
9.5 (2.1)
8.2 (2.0)
3.6 (1.3)

Participant 4

M (SD)

2.3(1.0)
1.4 (4.4)
744.2 (143.4)
3.7(1.3)
7.1 (1.5)
17.2 (2.7)
8.9 (1.4)
3.5 (1.1)

The possible goal self-efficacy score ranged from 1 to 15 for participant 3 and 1 to 20 for participants 1, 2, and 4.
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Item

1 think | would like to use this system frequently

I found the Studyofive system unnecessarlly complex

1 thought the StudyofMe system was easy to use

I think that | wouid need the support of a technical person to be able to use the system
I found the various functions in the StudyofiMe system were well-integrated

I thought there was too much inconsistency in the StudyofiMe system

I would imagine that most people would learn to use the StudyofiMe system very quickly
I found the StudyofiVle system very cumbersome to use

I felt very confident using the StudyofMe system

I needed to learn a lot of things before | could get going with the StudyofMe system
System usability scale

"N = 252 rather than 259 because 7 subjects did not complete a majority of scale items.
L In calculating the mean scale score, items with negative valence were reversed.

Strongly or somewhat agree, n (%)

144 (55.6)
10(39)
233(90.0)
6(23)
156 (60.2)
26(10.0)
237 (91.5)
24(93)
209 (80.7)
5(1.9)

Item mean* (SD)

35(1.1)
1509
4.6(0.8)
12(06)
38(1.1)
1.8(1.1)
46(0.7)
1.6(1.1)
4.4(1.0)
1307
4.35(057)L
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Model 1 (pre-study Model 2 (pre-study Model 3 (pre-study

confidence and confidence and actual confidence, interpretation
interpretation of own resuits, results) (0 = 245) of own results, and actual
without interaction) (n = 248) results) (n = 245)

Predictor variable Coficient 95% CI Coefficient 95% CI Cosficient 95% CI

Pre-study 0.20 (0.10, 0301 027 (016,038 020 (0.10,0.301

confidence (1-5

scale)

Interpretation of 054 (0.43,0.65)" - 048 (0.36,0.601

own results (1-4

scale)

Actual results’ - - 0.10 (0.06,0.14)" 0.03 (-0.01,0.07)

R-squared 033 014 031

£ All models in this table use multiple linear regression to estimate “enthusiasm" as a function of various predictors. As described in Methods, *enthusiasm” is an index ranging from
1 (low) to 5 (high) combining perceived *helpfulness” of the intervention and ikelihood of persisting with the intervention over the next 6 months. Model 1 examines the influence on
enthusiasm for the intervention (1~5 scale) of pre-study confidence (1 = not-at-all confident extremely confident) and the participant’s interpretation of their own n-of-1 resuts
(1 = intervention not beneficial...4 = intervention extremely beneficial. In a variation of this model (not shown), the interaction of confidence and results interpretation wes significant
with a negative sign, indicating that interpretation of own results was a more potent predictor of enthusiasm among those with lower pre-stucy confidence. However, this model s not
further considered for ease of interpretation. Model 2 uses multiple linear regression to estimate the effects on enthusiasm of confidence and actual n-of-1 study results as reported to
the participant (using the “iference measure” as defined in Methods, actual range —7.4 t0 9.3), and Model 3 evaluates confidence (1-5 scale), interpretation of results (1~4 scale), and
actual resuilts (difference measure). Interaction terms are not reported for Models 2 and 3 because preliminary analysis showed no significant contribution of any two-way interaction.
*Average of the mean difference between intervention and control rating stress, focus, and happiness. Scores for stress were reversed so that a more positive difference between
intervention and control consistently represents a better outcome.

*p < 0.001.
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Characteristic

Age, yrs. (SD)
Time zone, n (%)
Eastern

Central

Mountain

Pacific

Female, n (%)
Nonwhite (including
mixed), n (%)
Education

<Bachelor's degree,
refused, or other

Bachelor's degree
Advanced degree
Lives alone, n (%)

Previously tried
self-experimentation, n (%)

Overall
(n =259)

505 (13.9)

148 (57.1)
44 (17.0)
20 (7.7)
47 (18.1)
219 (84.6)
41(15.8)

52(20.1)

66 (25.5)
141 (54.4)
44 (17.0)
47 (18.1)

Deep
breathing
(n=121)

51.8(14.0)

75 (62.0)
17 (14.0)
8(6.6)
21(17.4)
107 (83.4)
20 (16.5)

25(20.7)

31(25.6)
65 (53.7)
14(11.6)
25(20.7)

Gratitude
journaling

(n=287)

48.4(13.4)

46 (52.9)
17(195)
9(10.3)
15(172)
69(79.3)
11(12.6)

11(12.6)

26(209)
50(57.5)
16 (18.4)
17 (19.5)

Physical
activity
(n=38)

507 (14.4)

21(55.3)
6(15.8)
1(@2.6)
10 (26.9)
33(86.8)
8(@21.1)

11(28.9)

7(18.4)
20 (52.6)
10(26.9)
4(105)

Acts of
kindness
(n=13)

515 (14.7)

6(46.2)
4(308)
2(15.4)
10.7)
10 (76.9)
2(15.4)

5(38.5)

2(15.4)
6(46.2)
4(308)
1.0

P-value

0.36
0.44

0.27
0.69

0.21

0.08
0.38
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Inclusion criteria Exclusion criteria

Android or iPhone smartphone or tablet with an active data plan and/or History of urinary incontinence, acute urinary retention, recurrent urinary tract

connected to a home WiFi network infections, nephrolithiasis, obstructive kidney disease, urethral stent

Age 65 years Active cancer treatment or medical condition that would limit the patient’s lfe
expectancy to <6 months

Diagnosis code for BPH o other micturition problem based on ICD-10 (N40.1 or Dementia, bipolar disorder, schizophrenia, active suicidality, active substance

R39198) use disorder

Taking tamsulosin 0.4 to 0.8 mg dally for > 12 months Current participation in another smartphone app-based clinical study

LURN 10-Htem Symptom Indlex (SI-10) <10 (none/mil to moderate symptoms) Planning to relocate from study area within 6 months

Downloaded an app from the Google Play or App Store within the past year Impaired vision that limits the use of smartphone apps

Abilty to speak and read English Unwillng to temporarily stop tamsulosin

BPH, benign prostatic hyperplasia; ICD, International Statistical Classification of Disease and Related Health Problems; LURN, Lower Urinary Tract Dysfunction Research Network.
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