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ABSTRACT2

Single subject (n-of-1) self-experiments provide a promising avenue to determine which health3
interventions work best on an individual (rather than group) basis. However, the best ways to4
facilitate and analyze these self-experiments via digital platforms is not well understood. The5
goals of our study were to 1) develop an online platform for remote self-experiments and 2) use6
the platform to better understand how to deliver these self-experiments and extract meaningful7
insight from them. A total of 105 users enrolled in 8+ day self-experiments that had either8
fixed or randomized designs and were delivered remotely via the online platform. Two to three9
experimental outcomes (“metrics”) were selected by the user such as self-assessed scores of10
energy, sleep quality, etc., and via consumer wearables (Fitbit and Oura Ring) tracking sleep,11
resting heart rate, and heart rate variability. Of the participants that enrolled in the study, 49%12
completed at least one experiment using the platform. Results from these 90 self-experiments13
were then analyzed using both an unpaired t-test and other methods including the Mann-Whitney14
U test, randomization tests, and analysis of covariance (ANCOVA) with lagged dependent15
variables. A total of 29 out of 268 total metrics (or 27 out of a total of 90 experiments) yielded16
statistically significant results (unpaired t-test p < 0.05). There was particularly high variation in17
the sleep staging metrics recorded using commercial devices, suggesting these devices may18
be poorly suited for self-experiments without improvement in sleep staging algorithms. There19
was good agreement between the t-test results and the Mann-Whitney U test and randomization20
tests, with the latter two slightly more conservative than the t-test. Results from the ANCOVA21
with lagged dependent variables suggest that this method may also provide unique information22
not captured by the other tests. The results of this study demonstrate that the administration23
of self-experiments is feasible using an online platform design, and that more sophisticated24
statistical techniques may allow for deeper insights.25

Keywords: self-experiments, N-of-1, single-case experiment design, quantified self, mobile health, self-tracking, analysis of26
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1 INTRODUCTION
The combination of the rise of mobile and wearable devices and limitations of the modern health care28
system have led to significant interest in personalized medicine and interventions (Swan (2013); McGinnis29
et al. (2013)). A greater number of individuals and researchers are particularly interested in conducting30
“N-of-1” or “Single Case” Experiment Designs (SCED) (Kratochwill et al. (2013); Kravitz et al. (2014)).31
Although there were already textbooks on N-of-1 experiments in the 1970s (Hersen and Barlow (1976))32
and the approach popularized by for use by individuals by Allan Neuringer in the 1980s (Neuringer33
(1981)), the proliferation of wearable devices and self-tracking apps in the past decade means that non-34
experts now have the capability to collect and analyze their own self-experiments. Unfortunately, even35
relative experts at data collection remain novices when it comes to designing self-experiments to obtain36
statistically significant results (Choe et al. (2014)). There is also a challenge that even individuals who may37
be particularly motivated to better manage their health, such as those with chronic diseases, may prefer38
shorter self-experiment designs even if it means lower confidence in the results (Karkar et al. (2016)).39
Balancing the need for a platform that facilitates self-improvement with statistically significant data that40
could benefit a wider population remains a challenge.41

Previous research involving N-of-1 experiments has focused on the best ways to perform statistical42
analyses (Hersen and Barlow (1976); Smith (2012); Kratochwill et al. (2013); Vohra et al. (2016)) and43
more recently on the development of online platforms to facilitate conducting self-experiments. The use44
case for these platforms varies from improving sleep and wellness of undergraduate and graduate students45
as part of a class assignment or paid study (Taylor et al. (2018); Daskalova et al. (2017)) to use within46
communities for citizen science (Phatak et al. (2018)) and chronic disease management (Karkar et al. (2016,47
2017); Kravitz et al. (2018)).48

Experiment design for N-of-1 experiments can involve both fixed and randomized elements. The most49
basic design is an “AB” design wherein there is a baseline period “A” and then an trial period “B.” The50
duration of each stage (A or B) is of fixed, identical length. Additional crossovers between the baseline and51
the trial can be added to this design, creating for example an ABA or ABAB design. The number of data52
points per “A” or “B” period can also be randomized, leading to a design that is more robust to potential53
confounding variables such as day of the week or events that occur at fixed intervals. A fixed design that54
involves at least three attempts to demonstrate an intervention effect with at least 3–5 data points per stage55
(i.e. at least an ABAB design) or a randomized “alternating treatment” design (e.g. ABABBAB) with56
at least five transitions are considered to meet the Single-Case Intervention Research Design Standards57
presented in Kratochwill et al. (2013). However, there is often a need to balance the interests of participants58
with the desire for an experiment that meets these or other standards.59

Historically, the primary method for analyzing N-of-1 data has been visual analysis and there is debate60
about the role and utility of visual vs. statistical analyses (Hersen and Barlow (1976); Smith (2012);61
Kratochwill et al. (2013)). Statistical methods do allow for more ready comparison between studies.62
Because of the low number of data points and potential confounders such as auto-correlation between data63
points, care must be taken in selecting the appropriate statistical tools to avoid false positives. Common64
statistical methods such as the t-test and Hedge’s g assume a normal distribution and independent data65
points; these assumptions often do not hold for self-experiments, especially with a limited number of data66
points. However, some researchers argue that auto-correlation has a minimal impact on the calculation of67
standardized mean differences (Smith (2012)). Randomization tests, the Mann-Whitney U test and analysis68
of covariance or other measures that account for auto-correlation and/or make fewer assumptions about69
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the underlying data may be more robust tools but also increase the complexity of analysis, especially for70
non-experts (Hersen and Barlow (1976); Smith (2012); Kratochwill et al. (2013)).71

While previous research in platform design has targeted a particular community or study population (for72
example, students enrolled in a course or enrolled at a particular institution), the goal of this research is73
to design a more generalized platform that can be used by anyone with stable internet and regular access74
to a computer, mobile device, or tablet. The platform should be flexible in terms of both the underlying75
experiment design, and the interventions and data sources. This could enable better understanding of the76
opportunities and constraints of developing a platform for the general population (as general as those77
presently interested in self-experiments may be). The data collected from these self-experiments would78
then be used to evaluate a number of statistical approaches to determine which are best suited for analyzing79
self-experiments on the platform.80

Here we present several contributions:81

1. The Memento Labs Platform: an easy-to-use, public facing and mobile-friendly online platform that82
facilitates user-driven self-experiments and integrates with off-the-shelf wearable devices.83

2. Data from 90 self-experiments conducted on the Memento Labs Platform.84

3. A statistical analysis of these self-experiments comparing the frequently used t-test with the Mann-85
Whitney U Test, randomization tests, and an analysis of covariance (ANCOVA) with lagged dependent86
variables. The comparisons suggest that ANCOVA may provide unique information compared with87
other methods.88

4. Conclusions and lessons learned from conducting the study.89

2 METHODS
2.1 Website Design90

The Memento Labs platform, available online at https://mementolabs.io/, consists of two91
parts: a user-facing progressive web application and a Node backend web server (see figure 1). The92
web application allows a user to create an account and connect a third party wearable health-tracking93
service such as Fitbit, Oura, and RescueTime. Upon authorizing the Memento Labs platform to access the94
health-tracking service, the backend server continuously syncs the user’s health data from the third party95
service. On the web app, users can select from a curated collection of guided interventions focusing on96
sleep and wellness (see figure 2) and design and start an experiment with the intervention. Upon selecting97
an intervention, users are presented with a details page with more information and existing research about98
the intervention, as well as the ability to view public completed and active N-of-1 experiments from other99
users (see figure 3).100

The platform was developed as a progressive web application to enable agile development and cross-101
device accessibility; it can be accessed from any browser or device as the user-interface adapts based on102
the device screen size (see figure 4).103

Participants were delivered automated daily instructions for their respective experiments over email, and104
prompted to check-in to their experiment at a consistent designated time. During a check-in the user can105
indicate whether they followed the experiment instructions that day and allowed the user to enter optional106
additional metadata such as the time the intervention was performed.107
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2.2 Experiment Design108

Each guided intervention on the platform had several experiment designs available for the user to choose109
from. Users were given different options for experiment designs to address the balance between experiment110
difficulty and statistical significance as discussed in section 1. Typically, the options available for a given111
experiment included both a simple AB design with two stages (e.g. a trial stage with 7 days of intervention,112
and a baseline stage with 7 days of no intervention), as well as a recommended randomized design, with a113
predetermined stage length and number of stages based on the intervention (e.g. an ABABBBAA design114
with a stage length of 2 days for a total of a 14 day experiment). Each experiment type had labeled115
difficulties such that the user was able to inform their choice based on desired duration, consistency and116
rigor for measuring estimated effects of the chosen intervention. Experiments typically only had two117
experimental conditions: a baseline condition and a default trial condition, with the exception of a handful118
of custom designed experiments requested by users with multiple magnitudes, i.e AB1B2B3 or ABCD.119

In the randomized single-case experiment design, a sequence of stages is generated randomly with120
preset constraints, including minimum number of stages (at least 7) and minimal number of trial stages121
(at least 2), which ensures a design with multiple crossovers. Stage lengths for a randomized design were122
determined based on factors such as time-to-effect and build-up periods. Interventions such as meditation123
and caffeine were expected to have more immediate same-day effects (Tang et al. (2009); Drake et al.124
(2013)), compared to supplementation, which could take multiple days or weeks to take effect and address125
an assumed “deficiency” (DiNicolantonio et al. (2018)). Experiment designs were updated as needed126
through trial and error throughout the study, but never until completion of the current experiment.127

After selecting an intervention, the user could select up to three different “metrics” that serve as dependent128
variables for the experiment. This included self-reported scores, along with data from third-party health129
services including Fitbit, Oura, and RescueTime. The number of metrics was limited to three to minimize130
the likelihood of a false positive result (Forstmeier et al. (2017)). Metrics were assumed to have a “good”131
and “bad” direction of change. For example, it was assumed that it would be a positive outcome for an132
individual to increase their deep sleep.133

Given the difficulty of changing and maintaining specific behaviors continuously for a set period of time,134
especially for users primarily interested in improvement of an aspect of health rather than statistically135
significant data, proper data collection and reporting was encouraged by the daily check-in reminders.136
Experiments were developed to be “completed-on-your-own-time” to maximize the ease of progression137
and to enable proper data collection in cases of non-compliance. Additionally, the following rules were138
developed to properly account for missing data, allow users to report and track non-compliance and139
additional confounding variables. More importantly, these results were designed to provide a sense of140
progression regardless of compliance, as well as a way to ”drop out” and not implement a behavior in an141
event where continuing the target behavior for a particular stage indicated adverse effects.142

1. Each new check-in to the experiment progresses the user through an experiment and the current stage,143
regardless of compliance.144

2. Upon completing the required preset number of check-ins for a given stage, a user is progressed onto145
the next stage.146

3. With each check-in, a user self-reports compliance based on whether they were able to hit the suggested147
target of the current stage, as well as including additional potential confounding variables (“tags”)148
from the day. Data from days with self-reported non-compliance are treated as missing data for that149
particular stage and excluded from analysis.150
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4. In the case where an experiment proves to be not statistically significant with the data collected thus151
far, the participant may consult with the researchers and opt to extend their experiment with additional152
stages.153

All users were required to supply their own wearable devices and any other supplements or materials154
needed for a given experiment. Advice on high-quality brands for supplements or other materials were155
provided by the researchers upon request.156

The web app allowed users to monitor their experiment and view graph visualizations of each experimental157
and outcome variable over time, with markers indicating the start and end of the experiment overlaid on158
the X-axis. Additional visualizations were provided to allow users to compare the respective averages159
for grouped stages (i.e all baseline stages vs. all trial stages). Upon completing their experiment, further160
interpretation of magnitude of the effect size (i.e small, medium, large) was provided for each measured161
outcome metric. The “effect score” presented to the user was a -100 to 100 score (with negative coded as162
“bad” and positive coded as “good”). A Hedges’ g (Smith (2012)) value was calculated for each metric,163
normalized assuming a maximum absolute value of 3.5. The reported effect score was then the mean of164
these three normalized values.165

166 2.3 Using Historical Data167

In some cases, users were already tracking a given experiment metric before the beginning of their self-168
experiment (for example, a user who already owned a Fitbit or Oura ring prior to the experiment start date).169
When possible and applicable/appropriate, up to 14 days of their wearable data immediately preceding the170
start of an experiment was included as experimental data when they began the experiment. This was done171
to increase the number of data points available for analysis, but only after careful consultation with the172
user during onboarding; baseline data were only included when it was determined that the user’s previous173
two weeks were sufficiently stable such that the historical data would not unduly alter the results of the174
self-experiment. The data were either included as (most typically) baseline data, where the participant was175
not practicing the experimental intervention, or (less frequently) as trial data, where the participant was176
already routinely practicing the experimental intervention. On a select few occasions, less than two weeks177
of historical data were used if the participant only recently acquired the wearable or had been in an unstable178
environment. If the included historical data was baseline data, the first stage of the self-experiment was set179
to trial; conversely, if the included historical data was trial data, the first stage of the self-experiment was180
set to baseline.181

182 2.4 Onboarding and IRB Review183

In order for data from an experiment to be included in the present study, a user had to formally enroll184
in the research study and/or make their experiment data public on the platform. Participants were briefed185
about the research study at the beginning of an onboarding call (see below) and were welcome to use the186
online platform even if they chose not to participate in the study. All participants enrolled in the research187
gave informed consent to participate in the study and all experimental procedures were approved by the188
Swarthmore College Institutional Review Board (Protocol # 17-18-075). Participants were required to be 18189
years or older, have no known sleep disorders, and agree to provide their birthdate and gender. Additionally,190
all participants were required to bring their own device as applicable (either an Oura Ring or compatible191
Fitbit device), and their own supplements or other materials. There were no exclusion criteria.192
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Participants were recruited from online forums including on Facebook (Ouraring-Users Group),193
the Quantified Self forums (forum.quantifiedself.com), and on multiple subreddits (r/quantifiedSelf,194
r/biohackers, r/ouraring). Each participant was onboarded via a walkthrough of N-of-1 experimentation195
and the Memento Labs platform over a video call. Self-experiments require a high degree of participation196
and follow-through from the participant, so this onboarding process helped ensure that the participant197
understood how important they are in this process. During the call, one of the researchers would ask198
about the participant’s motivations and fully walk the participant through setting up their first experiment.199
The researcher listened to the desires of the participant to help them select the appropriate experimental200
intervention that matched their personal interests. Participants overwhelmingly reported that their primary201
goal in experimentation was to improve sleep quality, with additional motivations of better understanding202
their health and what contributes to better sleep and overall wellbeing. Furthermore, the participants203
were guided in choosing the specific outcome metrics they most wanted to measure in response to the204
experimental intervention in order to provide focus to their inquiry of self-experimentation.205

206
2.5 Statistical Analysis207

While visual analysis is the most common form of statistical analysis of N-of-1 data (Smith (2012)), it208
is not well suited to noisy data sets and/or randomized experiments, both of which were common in the209
present study. Statistical analysis tools are more suitable as they can handle noisy datasets, can potentially210
provide complementary information to further understand the data, and because they enable numerical211
comparison of hypothesis tests and effect sizes, allowing for more ready comparison between individuals212
and other studies. Statistical analysis of single subject (N-of-1) time-series data has not reached a standard213
consensus in the literature, but there are several promising methods which were compared in this analysis:214
a standard unpaired t-test, a Mann-Whitney U Test, a randomization test, and an analysis of covariance215
(ANCOVA) with lagged dependent variables. These different tests were chosen to elucidate the utility216
of a range of different available methods, especially given that research suggests that different types of217
techniques may provide unique information (Smith (2012)).218

Unpaired t-tests were used as a baseline test to compare the other tests to. The t-test is one of the more219
commonly used tests to compare differences in means, and some studies suggest that it is adequate even for220
use in self-experiments with auto-correlation (Daskalova et al. (2017); Smith (2012)) . The Mann-Whitney221
U Test was used as a non-parametric alternative to the t-test. It can be used on data where the data cannot222
be assumed to be normally distributed, when the samples are repeated-measures, and when there is a small223
sample size (Fay and Proschan (2010)).224

The randomization test, also called a permutation test, presents a conceptually simple tool for analysis of225
self-experiment data and, as a non-parametric test, is valid by conceptually mimicking random assignment226
that was used in the design of the randomized experiments (Ferron and Ware (1995)). The randomization227
test therefore is best suited to the randomized AB experiments used in the present study. However, the test228
can also be applied in circumstances where the A to B transition timing was randomized; because most of229
the experiments involved additional historical data the timing of the transition was effectively randomized,230
and thus the test was applied to all experiments for consistency. The randomization procedure operates as231
follows: each data point is randomly assigned to baseline or trial (A or B), such that the data are re-arranged232
to random placements. By repeating this process a large number of times (in this study 1000 times), it is233
determined if the original result is typical or a-typical. Randomization tests were conducted using the R234
package “coin” and in particular its “independence test” function (Hothorn et al. (2008)).235
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All the methods discussed thus far do not incorporate any time information; a comparison is made236
based on the assignment of data points to either the baseline or trial set. Time series techniques such as237
Autoregressive Integrated Moving Average (ARIMA) models (also called Multi-Level Models) have been238
used previously. However, various authors suggest that these are inappropriate to use with fewer than 50239
observations (Bulté and Onghena (2008); Dugard et al. (2012)). Our experiments averaged 24 (median:240
25 SD: 9.7) observations, therefore under powering ARIMA models, so an alternative time series method241
is needed. The specialized ANCOVA method, specifically, a Type II Sum Squares, ANCOVA, Lagged242
Dependent Variable interrupted time series model was developed by English (2019) with the goal of more243
effectively modeling short time-series data, for which other methods would be under-powered or would244
over-fit. This model accounts for unequal means and unequal variance of the outcome variable between245
trial and baseline periods of the experiment. A lagged dependent variable is included in the ANCOVA246
model to mitigate auto-correlation and time dependent effects. The ANCOVA implementation is published247
in the R package “itsa.analaysis” (English (2019)). In our analysis, the model was fit using the standard248
1000 bootstrap repetitions and p threshold set to .05.249

To assess the effectiveness of interventions and compare the different statistical tests, a statistically250
significant experiment was defined as a test with p < .05. The analysis below focuses on the t-test as a251
baseline, and compares the results from the t-test to other tests.252
2.6 Methodological Challenges253

In the next section we summarize the results of the 90 experiments and the 268 tracked metrics in those254
90 experiments. These experiments present a series of challenges to current statistical methodology. First,255
the data is in the form of a series of often incomparable experiments. Second, each experiment has a limited256
number of observations. Third, some of the interventions and metrics were imperfectly recorded. Fourth,257
each experiment may violate the assumptions behind many traditional methods due to auto-correlation258
caused by the time dependencies between each successive observation. This section details how this study259
handles these challenges.260

Analyzing the statistical significance of results from repeated experiments is a well known challenge.261
When the alpha level is set at the standard value of 0.05, statistical analysis will produce “incorrect”262
statistically significant results 5% of the time. As such, it is not possible to say with complete confidence263
that any given statistically significant result is “true,” even in a perfectly designed experiment. Yet any264
given experiment can provide information, even if imperfect, on whether the intervention was effective.265

The stronger challenge in this study is with statistically insignificant results that may not accurately266
reflect the value of a given intervention due to challenges (2) and (3). That is, the limitations in the number267
of observations per experiment and the expectation of substantial noise in the metrics makes interpreting268
statistically insignificant results challenging. These results could indicate (a) that the intervention had269
no effect, or (b) that the intervention had an effect that was not discernible due to the combination of270
insufficient data and statistical variation in the intervention and measurements.271

The fourth challenge, auto-correlation, can be handled by using time series methods and through272
randomization of the interventions. The methodology for accounting for this kind of data is still273
being standardized. This study compares multiple methodologies and uses careful experimental design.274
Randomization limits the need to account for auto-correlation, as randomizing the intervention should,275
with sufficient data, prevent any auto-correlation from having a systematic effect on the outcomes. Time276
dependencies are analyzed using ANCOVA with time lagged dependent variables, and the results are277
compared against more common methods such as the t-test, which does not account for auto-correlation.278
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Despite these challenges, many of which are common, there is value in evaluating the observed outcomes279
using traditional statistical methods. They are designed to put rigorous numerical bounds on our certainty280
over the correlation between an intervention and a tracked outcome. While no individual experiment can be281
treated as conclusive, each experiment contributes information. The only way to build towards certainty is282
to replicate a given experiment. It is reasonable to treat those experiments that yield statistically significant283
results across multiple methodologies as more likely to be replicable in the future. That is, this study builds284
information about effective interventions for both the study participant and the reader. This is the lens285
through which the results in this manuscript are described.286

3 RESULTS
3.1 Participant Overview and Demographics287

A total of 105 individuals ages 19 to 73 (M = 35.3, SD = 11.6) were formally enrolled in the research study288
on guided single-case subject experiments in sleep, dietary, and mindfulness wellness interventions using289
the Memento Labs platform from April 2019 to November 2019, with 49.35% of participants completing290
an experiment they began. Completed experiments from an additional 11 users who opted to share their291
experiments and data publicly but did not formally enroll were also included in the analysis, for a total of292
116 individuals, and a total number of 90 completed experiments, including 67 public experiments and293
23 research-enrolled private experiments, available for analysis (see table 1). The participant population294
skewed male, with 80 men, 20 women, and 6 users of unlisted or unknown gender participating in the295
study.296

The 90 completed experiments included a total of 268 experiment metrics. Each experiment involved297
one specific intervention (e.g. meditation). Users were allowed to select up to 3 metrics to track (e.g. sleep298
duration, heart rate variability) On average, users chose 2.97 metrics to evaluate per experiment. Additional299
metrics were tracked and evaluated, but were not included in this analysis. These data could be used for300
future explorations into which interventions show promise for future experiments.301

Out of the completed experiments, participants checked in to their experiments on average 90.15%302
percent of the time (total check ins/(total check ins + missing check ins)). When participants checked in,303
92.5% of all check-ins were self-reported to be compliant with the target behavior (i.e. baseline or trial).304

Users were not required to enter their location upon signup; site usage from Google Analytics, which305
includes visitors who may or may not have signed up and created an account/experiment indicated, that306
over half of all users were from the USA (55.1%). Other top countries included the UK (5.5%), Canada307
(4.1%), and Australia (3%). Over half of user sessions were conducted on desktop (53.7%), slightly less308
than half of sessions were conducted on mobile (43.7%), and a small fraction of sessions were conducted309
using a tablet (3.6%).310
3.2 Experiment Details311

Table 2 lists the 14 interventions that were used in experiments, along with the types of experiment312
designs used for that intervention. Magnesium supplementation and meditation were the two most common313
interventions, accounting for 22/90 (24%) and 16/90 (18%) of experiments, respectively. All other314
interventions involved 10 or fewer experiments each. A total of 59/90 (66%) experiments were implemented315
using some variation of a randomized AB design. The majority of remaining experiments were split between316
an AB design (11/90, 12%) and an ABA design (19/90, 21%). One experiment involved an ABCD design317
with one baseline condition and three conditions with different levels of the intervention.318
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The majority of experiments (76/90, 84%) included on average 10.4 ± 3.8 days of historical data, with a319
mode of 13 days. All but two of these experiments involved historical data used as baseline (the other two320
used historical data as trial data).321

The distribution of stage lengths selected for all experiments based on experiment design are presented in322
table 7. Stage lengths for the AB experiments were set to either 4 days (7/11, 64%) or 7 days (4/11, 36%).323
Most ABA designs had 7 day stage lengths (14/19, 74%) and the remaining experiments (5/19, 26%) had 4324
day stage lengths. The ABCD design had 7 day stage lengths. The stage lengths for the randomized design325
mostly had stage lengths of 2 days (36/59, 61%), but there were also experiments with stage lengths of 1, 3,326
4 and 7 days. All randomized AB experiments were at least 14 days long, with most of the experiments 18327
days long (9 stages with a stage length of two days).328

Participants chose a total of 16 unique metrics in the categories of sleep (8/16 metrics), affective (i.e.329
emotion and cognition related, 4/16), cardiovascular (2/16), and productivity (2/16) to serve as dependent330
variables for their experiments (see table 3). The majority of these metrics (226/268, 84%) were tracked331
using the Oura ring. The rest were tracked using Fitbit (17/268, 6%), Rescue Time (5/268, 2%), and332
manually (20/268, 8%). The manual metrics could be used for any metric type (for example, an unsupported333
wearable), but the majority of these were used for affective metrics (17/20, 85%).334

335
3.3 Experiment Results (t-test)336

The majority of metrics (12/16, 75%) were associated with at least one statistically significant result (p <337
0.05 on an unpaired t-test comparing two different stage types, see table 5). Heart rate variability had the338
highest number of statistically significant results, both on an absolute and percentage basis (7/37, 19%).339
All other metrics had statistically significant results for 4 or fewer experiments. A total of 29 metrics were340
statistically significant out of 268 metrics (11%).341

Randomized experiments had the lowest percentage rates of statistically significant results (16/175,342
9%); the ABCD design had the highest percentage rate of statistically significant results (1/3, 33%), but343
that result is only for one experiment. The AB and ABA designs had slightly higher percentage rates of344
statistically significant experiment results (5/33 (15%), and 7/57 (12%), respectively).345

Comparing between experimental interventions, 9 out of 14 (64%) of the interventions selected for346
experiments had at least one metric within an experiment associated with a statistically significant result (see347
table 6). Meditation had the highest number of metrics associated with statistically significant results (8 / 48,348
17%). Drinking chamomile tea before bedtime had higher percentage rates of statistically significant metrics349
(3/12, 25%), but also a lower sample size of only 4 experiments. The majority of the statistically significant350
metrics were for unique experiments, with a total of 27 experiments having statistically significant metrics351
compared with 29 total statistically significant metrics.352
3.4 Experiment Results (Mann-Whitney U Test, Randomization Test, ANCOVA)353

Overall, the four methods of statistical analysis evaluated (unpaired t-tests, Mann-Whitney U Test,354
randomization test and the specialized ANCOVA test), agreed as to the statistical significance of the effect355
of each experimental intervention on a given metric. The t-test reported the greatest number of statistically356
significant results (29/268, 11%). The randomization test was slightly more conservative with 25/268 (9%)357
statistically significant metrics. The Mann-Whitney U test and the ANCOVA both reported 19/268 (7%)358
statistically significant results, but disagreed as to which 19 metrics were statistically significant. The359
ANCOVA and t-test reported statistically significant results for two and four experiments, respectively,360
that were reported as not statistically significant by every other method, but with relatively high p-values361
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(between .04 and .048). Moreover, the ANCOVA method reported statistically significant results under362
a one day lag analysis for 19 experiments, thus suggesting one day delayed effects of the experimental363
intervention in these experiments. However, running a t-test with a one day lag, as well as two and three364
day lags, reports only two experiments as statistically significant and there was no agreement between the365
lagged t-test and ANCOVA results. Overall, including those with lag effects, there were a total of 60/268366
(22%) statistically significant metrics and a total of 40/90 (44%) experiments had at least one statistically367
significant metric.368

Looking specifically at the positive or negative overall effect of the experiments, 35 metrics that reported369
statistically significant results were associated with “good” outcomes and 25 were associated with “bad”370
outcomes. The greatest number of “good” experiments improved participants’: heart rate variability (6),371
deep sleep duration (4), and restlessness (3) (all other metrics appeared once or fewer times). The greatest372
number of “bad” experiments worsened participants’: heart rate variability (7), deep sleep duration (3),373
awake duration (3) and sleep efficiency (3). All other metrics appeared one or fewer times. Furthermore,374
breaking down experimental interventions by their overall effect on sleep quality, the experiments with the375
greatest number of “good” results were: meditation (10), magnesium supplementation (7), lavender oil (4)376
and intermittent fasting (4). The experiments with the greatest number of “bad” results were: meditation377
(6), lavender oil (6), magnesium supplementation (3) and chamomile tea (3).378

4 DISCUSSION
4.1 User Participation379

A total of 105 participants formally enrolled, with about half of them completing one or more self-380
experiments. Although there were a range of ages included in the study, the study population skewed 75%381
men. This could be due to the population of the different online groups that were used for recruitment;382
future studies should consider reaching out to other constituencies to change the representation.383

Given that the study was conducted entirely online and on a volunteer basis, 49% of users completing384
a given experiment is a success for the platform. This high completion rate is likely attributed to a385
combination of the onboarding process along with the daily check-ins. The researchers were also available386
to help troubleshoot and restart experiments as needed.387

388

4.2 Participant Outcomes389

Post experiment feedback was received from 24 participants in a survey sent to all users who had started390
an experiment. When asked about their general feelings about self experimentation, the top descriptors391
chosen for the experiments were interesting (79.2%), insightful (58.3%), useful (45.8%), exciting (41.7%),392
motivational (37.5%), confusing (16.7%), tedious (12.5%), and rigorous (8.3%). In terms of difficulty,393
43% of respondents reported their experiment to be a little difficult, but manageable, and another 43% of394
respondents found their experiments to be easier than expected. Only 14% found their experiments to be395
more difficult than desired. The majority of participants found their individual experiments either extremely396
valuable, and reported learning a lot (20%) or somewhat valuable, with some shortcomings (65%). Less397
than 15% of respondents found their experiments to be not at all valuable, or falling short of expectations.398

399

4.3 Experiment Details400

Participants were most interested in measuring the impact of interventions on their sleep. This could be401
due to the fact that the majority of the users were Oura ring users. The Oura ring provides results geared402
toward improving sleep, such as heart rate variability over the course of the night and sleep staging. Fitbit403
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users also track similar metrics, but accounted for less than a tenth of the total number of metrics tracked404
(see table 3) and only 5/268 total metrics used in the experiment were related to productivity (i.e. using the405
RescueTime app).406

More than 65% of the experiments were a randomized AB design, suggesting that participants were407
not opposed to performing randomized experiments. The randomized experiments were also longer than408
the AB or ABA experiments, as the shortest randomized experiments were 18 days whereas the shortest409
AB experiments were only 8 days. Participants were encouraged to consider performing randomized410
experiments to improve their outcomes, which likely impacted their final decision on which experiment411
design to choose.412

413
4.4 Experiment Results414

Overall 11% of metrics and 30% of experiments resulted in statistically significant results. Randomized415
experiments resulted in the lowest percentage rates of statistically significant results. The randomized416
experiments were the only experiments with stage lengths less than 4 days; this means that the lower417
percentage of statistically significant results could be due to cross-over effects. On the other hand, the418
percentage of statistically significant results could be inflated for the other experiment design types as419
false positives are more common with fewer data points (Forstmeier et al. (2017)). Additionally, while420
randomized experiments were used for almost all interventions, the non-randomized designs were used for421
a smaller fraction of those interventions, so results could be biased based on the prevalence of use of a422
given experiment design type and intervention/metric combination.423

A challenge in interpreting experiments without statistically significant results is that there are several424
possible explanations: there could truly be no effect, or there could be an effect that is not observed due to425
the experiment design or problems with the measurement. While interventions and metrics were curated by426
the researchers to help ensure a successful experiment, the quality of the evidence in support of different427
interventions varied. For example, wearing blue blocking glasses and/or eliminating electronics before428
bed did not result in any statistically significant experiments. The idea behind these interventions is that429
exposure to blue light suppresses melatonin production (West et al. (2011)); by wearing the blue-blocking430
glasses and/or eliminating electronics, the suppression of melatonin from the blue light would be reduced431
or eliminated (Sasseville et al. (2006); Van Der Lely et al. (2015)). While blue-blocking glasses and/or432
eliminating electronics does allow for accumulation of melatonin, research does not support that it improves433
short term sleep outcomes (Van Der Lely et al. (2015); Hysing et al. (2015); Fossum et al. (2014)). It has434
been shown that these methods can have impacts on circadian rhythms, which could result in benefits435
of sleep, but would require consistent application aligned with the individual’s sleep cycle (Esaki et al.436
(2016)).437

Even if an effect of an intervention has been documented in others, that also does not guarantee the effect438
will occur during the experiment due to individual variation, dosage effects, or poor adherence. If an effect439
is small, or has a lag, the effect could be hidden without additional data and/or longer stages. Finally, if440
there is significant measurement variation and/or noise, additional data would be needed to measure even a441
large effect. For example, in one experiment a participant had a minimum deep sleep of 40 minutes and a442
maximum of 140 minutes (3.5x more). Even if those values are in physiological ranges, which they may443
not be (see section 4.7), any effect on deep sleep would be difficult to detect without additional data.444

445

Frontiers 11



Day and Jin et al. Online Platform for Randomized Self-Experiments

4.5 Comparing Statistical Methodologies446

While tools for visual analysis were front and center on the web platform, for the purposes of this research447
the data were often too noisy for coherent visual analysis, and a quantifiable way to score the effectiveness448
each experiment was desired. We choose to use the standard unpaired t-test as a known benchmark to start449
our analysis and while some of the assumptions underlying the test are violated, it was often in agreement450
with our other more complex methods. The unpaired t-test tended be more “permissive” (i.e. lower p-value)451
than other methods thus potentially erring on the side of producing more “false positive” results. The452
Mann-Whitney U test is a non-parametric alternative to the t-test, and produced very similar but more453
conservative results.454

Overall, the four methods of statistical analysis agreed closely as to the statistical significance of the top455
32 out of 268 (12%) metrics. The method with the least agreement with the others was ANCOVA with456
lagged dependent variables. It was the most conservative of the methods, sporadically reporting statistically457
insignificant results in 14 out of the top 32 experiments. This supports the ANCOVA designer’s notion that458
it is more conservative than other methods for short time series samples (English (2019)). Additionally,459
in 4 of the top 32 experiments, the t-test was the sole method to report statistically significant results,460
which supports the assertion of t-test “false positives” in short time series data. Yet the opposite also461
occurs, and in four experiments that the t-test reported not statistically significant results (p≥ .40) the462
Mann-Whitney U test reports statistically significant results, usually in agreement with the randomization463
and ANCOVA methods. Overall, the different analysis methods provide complementary information, and464
serve to highlight potential areas of interest and further investigation.465

With one day lag effects, ANCOVA analysis reported a total of 26 experiments have statistically significant466
results, mostly with not statistically significant non-lagged effects. And while these statistically significant467
lag effects were not reproduced by an equivalently lagged t-test, they are mostly for experiments where468
lagged effects should be expected, such as meditation (7), magnesium (6), intermittent fasting (4) and469
lavender oil (4). However, counter to expectations, earplugs reported significant lag effects three times on470
metrics like sleep efficiency and awake duration.471

472 4.6 Creating Positive Sleep Outcomes473

Participants joined this study most often with the explicit goal of improving their sleep outcomes.474
Participants chose their own interventions along with up to three experimental metrics (e.g. deep sleep475
duration, or sleep onset time). However, only a little over half of experiments resulted in an improved476
metric (35/60, 58%), with the remainder worsening. This may be explained in part by the noisy metrics477
like sleep staging (see section 4.7). Sleep improvement may have also been limited by switching between478
baseline and trial behaviors (as quickly as every two days) for the randomized experiments. Greater sleep479
improvement might occur if the participants were aided in building a more solid sleep routine over the480
course of a month or longer. Furthermore, this study focused on implementing one sleep improvement481
intervention at a time, rather than aiding the participant in adopting a “healthy sleep lifestyle,” which may482
combine many interventions and practices. In an effort to adhere to the best principles of single subject483
experimentation, the interventions were strictly isolated, which served some participants who wanted to484
determine the effect of a particular practice. However, many participants requested the ability to “stack”485
interventions into a more robust multi-intervention routine to measure the effect of their best effort towards486
sleep improvement.487
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4.7 Selecting Metrics for Future Self-Experiments488

Despite the major interest in sleep, sleep-based metrics had only a 7.6% statistically significant metric489
rate, compared with higher rates for affective and cardiovascular metrics (37.5% and 16.3%, respectively,490
see table 8). All metrics in the affective category (energy, focus, mood, and stress) were self-reported491
on an integer scale (for example, 1–5). Although the affective metrics did have the highest percentage492
of statistically significant metrics, caution should be taken in interpreting these results. On the one hand,493
because the data were self-reported, there is no influence of measurement noise. On the other hand, because494
experiments were not blinded, a participant’s self-report could be (sub)consciously influenced by the495
current stage (van de Mortel (2008)). Future studies could incorporate blinded experiments to improve the496
reliability of self-reported measurement data.497

Cardiovascular metrics included resting heart rate and heart rate variability (HRV) using a Fitbit device498
(resting heart rate) or using the Oura ring (heart rate variability and resting heart rate). Fitbit devices such as499
the Fitbit Charge 2 and the Fitbit Flex have been validated in previous literature; the results of these studies500
suggest that Fitbit devices underestimate heart rate by up to about 5 beats per minute at low levels of activity501
(see e.g. Gorny et al. (2017)). However, it is unclear whether this underestimation is consistent over the502
course of many days as used in this study. Heart rate measurements using optical sensing such as that in the503
Fitbit are most accurate at low levels of motion, so a resting heart rate measurement is likely to be the most504
accurate of any heart rate measurement using the Fitbit. HRV was only available on the Oura ring device.505
Thus far it has not been independently validated, but validation by the company showed a high correlation506
between HRV measured by the ring and by ECG (R2 = 0.998, Ho et al. (2018)). Overall, the use of RHR507
shortly before waking or HRV during sleep are likely appropriate metrics for future self-experiments as508
their use has been validated elsewhere.509

Several Fitbit devices and the Oura ring have also been validated for use for sleep tracking against510
gold-standard polysomnography (Peake et al. (2018)). These devices have high sensitivity for detecting511
sleep (> 0.95), but have much lower sensitivity (0.50 – 0.65) for detecting different stages of sleep, such as512
light sleep, deep sleep, and rapid eye movement (REM) sleep (Kang et al. (2017); de Zambotti et al. (2018,513
2019)). They also have poor sensitivity detecting wake. The low sensitivity for detecting specific stages514
of sleep could explain part of why there were few statistically significant experiments involving specific515
sleep stages (especially deep sleep - despite being used in experiments 69 times, only 4 of the results were516
statistically significant for a total of 5.8%). At this time, focusing on sleep metrics with high sensitivity in517
relation to polysomnography are recommended, such as sleep efficiency. The use of sleep stage specific518
data (deep duration, REM duration) is not recommended.519

Productivity metrics (productive time and productive percentage) were collected using RescueTime.520
These calculations are based on which category of app is open on the user’s computer and/or mobile521
phone, and thus depends on how each app is classified. This limits the use of these values to the use of522
specific apps on a computer, but cannot reflect the level of effort exerted or how much work output was523
accomplished. Productivity metrics were only assessed for five total metrics, with no statistically significant524
results, so future studies would need to consider the use of these metrics to assess their viability for use525
with self-experiments.526

527

4.8 Comparison With Other Studies528

The present study is one of the larger studies involving N-of-1 experiments using a custom platform and529
a study with the broadest set of inclusion criteria (see table 9). Experiment completion and statistically530
significant experiment percentages were in the middle between different types of studies. Check-ins were531
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high (90%), although this is only for completed experiments. Because the experiments were designed to532
be easy to complete, the completion rate was higher than a study with a more challenging experiment533
design (Taylor et al. (2018)), but the completion rate was lower than with studies where participants were534
either required to complete an experiment as part of a course (Daskalova et al. (2017)) or were from535
a highly motivated patient population (Karkar et al. (2017); Kravitz et al. (2018)). The percentage of536
statistically significant results of 11%1 of total metrics was higher than smaller studies that focused more537
on platform development (Taylor et al. (2018); Karkar et al. (2017)), but lower than studies where there538
was significant scaffolding around the development of an intervention, either through an exploration and539
initial testing period (Daskalova et al. (2017)) or due to the assistance of a physician (Kravitz et al. (2018)).540
However, if one considers the total number of statistically significant experiments (as opposed to metrics),541
the percentage increases to 30%. Because participants had a smaller number of metrics to choose from542
compared with participants in Daskalova et al. (2017), where participants designed their own experiments543
and could use any metric they wanted, it could be possible that some of the metrics selected may be less544
ideal for a particular experiment.545

The results from the present study may reflect a “real world” scenario for individuals working on self-546
experiments with relatively limited intervention and off-the-shelf wearables, whereas studies with higher547
statistically significant experiment rates reflect more of an upper bound on the efficacy of these approaches.548

549

4.9 Lessons Learned550

Although less scaffolding was used in this study compared with others (e.g. Daskalova et al. (2017);551
Karkar et al. (2017); Kravitz et al. (2018)), some guidance during the experiment setup process was still552
important for most of the participants to understand and commit to a full duration of the experiment.553
Much of the onboarding call was spent discussing the advantages and disadvantages of the different554
experiment designs. When starting the study, it was assumed that participants would not be willing to555
conduct experiments longer than a few days. However, many participants were willing to go even beyond556
the 14 day minimum experiment length that participants were encouraged to shoot for. This is in contrast557
to the reports in Karkar et al. (2016); it could be that this particular population are more willing to conduct558
longer self-experiments as many of the participants are already self-tracking enthusiasts.559

Some participants chose to share with the researchers as to why they terminated an experiment early.560
Common reasons for participants to withdraw from experiments included that they wanted to change an561
intervention/metric/design and restart, that they were not optimistic about the effect of the intervention or it562
had some adverse effect, and that they were ill or had some other change that could compromise the results.563
An “exploratory period” such as that used in Daskalova et al. (2017) could have mitigated some of these564
terminations; however, it was not deemed feasible due to the remote nature of the study.565

566

4.10 Study Limitations and Future Research567

Although there are several possible explanations, it is hypothesized that a majority of not statistically568
significant experiments could be attributed to noisy wearables data (such as poor sleep-staging, making569
experiments involving REM duration or deep sleep duration questionable) as well as interventions which570
truly were ineffective to certain participants. Longer experiments could help elucidate more subtle changes.571
Additionally, the study population was skewed male (76%), were recruited from self-tracking groups online,572
and effectively required users to bring their own commercial wearable and/or supplements. Future research573

1 All discussion of statistically significant results in this section consider only the results from the unpaired t-test. For results and discussion of the other
statistical tests, see sections 3.4 and 4.5.
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should recruit a more diverse set of participants. Future research should also consider integrating some574
of the statistical results, such as those calculated in this study, in addition or in place of the current effect575
score presented for each experiment.576

There are many opportunities to conduct additional analyses using the dataset presented here. One of the577
challenges of the study was selecting an appropriate stage length and number of stages. Future research578
could leverage existing data on the platform and past experiments to improve on the experiment designs for579
each intervention. Another open question is whether an individual’s health metrics improved as part of580
using the platform in general. Future research could also focus on combining data from similar experiments581
to estimate some local “population” or “community” effect. Experiment designs could also become more582
sophisticated, such as using an explore/exploit Thompson Sampling technique as proposed by Daskalova583
et al. (2017), wherein a participant “exploits” by primarily performing a known effective intervention while584
occasionally “exploring” for other alternatives.585

5 CONCLUSION
While the gold-standard for evaluating evidence in medicine, randomized controlled trials look for changes586
in groups, rather than changes in individuals. Single subject or N-of-1 self-experiments may help individuals587
determine which health interventions work best for them specifically. Here we present the Memento588
Labs Platform, an easy-to-use, public facing and mobile-friendly online platform that facilitates user-589
driven self-experiments and integrates with off-the-shelf wearable devices. Over 100 participants used the590
Memento Labs platform, with a completion rate of 49%. Statistical analyses of the 90 resulting experiments591
were performed, and 30% of the experiments had at least one metric with a statistically significant592
result. Our results suggest that delivering self-experiments online through a public facing platform is593
feasible with a reasonable completion rate. We also found that analysis of covariance (ANCOVA) with594
lagged dependent variables may provide unique information about self-experiments, but that commercial595
wearables exhibit high variability and not all recorded metrics, particularly sleep stages, are suitable for596
self-experiment analysis. Future research should analyze selecting the appropriate stage length and duration597
for self-experiments.598
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6 FIGURES

Figure 1. Overview of the Memento Labs platform. The platform itself consists of a progressive web app
and node backend server. The end user interfaces with the site through daily check-ins with optional email
reminders. Users may optionally connect third-party wearable devices such as Fitbit and Oura ring.
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Figure 2. Screenshot of the platform experiments page. Users can select from the list of interventions or
propose their own.
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Figure 3. Screenshots of the experiment details page. The page includes tabs with details including
research about the selected intervention as well as community results (similar experiments users have
chosen to make public).
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Figure 4. Screenshot of the progressive web app on desktop (left) vs. on mobile (right).
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7 TABLES

Table 1. Summary of the distribution of participants and experiments that were enrolled in the study and/or
chose to share their data publicly. Experiments in the “enrolled” column represent private experiments only
shared with the researchers.

Enrolled Public Total
Enrolled Not Enrolled

Participants 105 - 11 116
Experiments 23 54 13 90

Table 2. A summary of interventions used in the present study, organized by experiment design.
Name AB ABA ABCD Randomized AB Total
Blue Blocking Glasses 2 1 0 4 7
Chamomile Tea 0 0 0 4 4
Coffee 0 2 0 0 2
Cooling Pad Before Bedtime 0 0 0 2 2
Earplugs 0 0 0 5 5
Intermittent Fasting 0 10 0 0 10
Lavender Oil 0 0 0 4 4
Magnesium 4 1 0 17 22
MCT Oil 2 0 0 1 3
Meditation 3 3 1 9 16
Melatonin 0 1 0 1 2
No electronics before bed 0 1 0 2 3
Pink noise 0 0 0 6 6
Reishi Mushroom 0 0 0 4 4

Totals 11 19 1 59 90
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Table 3. A summary of metrics used in the present study (up to 3 per experiment), along with the data
source used to import said metrics.

Name Category Manual Fitbit Oura RescueTime Total
Awake Duration Sleep 0 3 17 0 20
Deep Duration Sleep 1 4 64 0 69
Total Sleep Duration Sleep 0 2 8 0 10
Sleep Efficiency Sleep 1 2 24 0 27
Energy Affective 7 0 0 0 7
Focus Affective 4 0 0 0 4
HRV Cardiovascular 0 0 37 0 37
Mood Affective 4 0 0 0 4
Sleep Onset Latency Sleep 0 1 25 0 26
Productive % Productivity 0 0 0 3 3
Productive Time Productivity 0 0 0 2 2
REM Duration Sleep 0 3 20 0 23
Resting Heart Rate Cardiovascular 0 2 10 0 12
Restless Sleep 0 0 21 0 21
Sleep Quality Sleep 2 0 0 0 2
Stress Affective 1 0 0 0 1

Totals 20 17 226 5 268

Table 4. Summary of interventions used for all experiments as organized by metric category. For a full list
of metrics, see table 3.

Name Affective Cardiovascular Productivity Sleep Total
Blue Blocking Glasses 0 0 0 20 20
Chamomile Tea 0 3 0 9 12
Coffee 0 0 0 6 6
Cooling Pad Before Bedtime 0 2 0 4 6
Earplugs 0 3 0 12 15
Intermittent Fasting 4 11 0 15 30
Lavender Oil 0 2 0 9 11
Magnesium 1 11 0 54 66
MCT Oil 5 0 4 0 9
Meditation 6 10 1 31 48
Melatonin 0 0 0 6 6
No electronics before bed 0 1 0 8 9
Pink noise 0 1 0 17 18
Reishi Mushroom 0 5 0 7 12
Totals 16 49 5 198 268
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Table 5. Summary of metrics with statistically significant experiment results (unpaired t-test p < 0.05),
grouped by experiment design type. Each statistically significant result represents the result for a given
metric (see table 3), and there are up to 3 metrics per experiment. SS = statistically significant, T = total.

AB ABA ABCD Randomized AB Total
Metric SS T SS T SS T SS T SS T
Awake Duration 0 0 1 5 0 0 2 15 3 20
Deep Duration 0 9 0 13 0 0 4 47 4 69
Total Sleep Duration 0 0 0 3 0 0 1 7 1 10
Sleep Efficiency 0 4 1 5 0 0 2 18 3 27
Energy 0 2 1 3 0 0 1 2 2 7
Focus 1 2 0 1 0 1 0 0 1 4
HRV 3 5 2 9 0 1 2 22 7 37
Mood 1 1 1 2 0 0 0 1 2 4
Sleep Onset Latency 0 3 0 6 0 0 1 17 1 26
Productive % 0 2 0 0 0 0 0 1 0 3
Productive Time 0 0 0 0 0 0 0 2 0 2
REM Duration 0 5 0 1 0 0 0 17 0 23
Resting Heart Rate 0 0 1 5 0 0 0 7 1 12
Restless 0 0 0 3 0 0 3 18 3 21
Sleep Quality 0 0 0 1 0 0 0 1 0 2
Stress 0 0 0 0 1 1 0 0 1 1

Totals 5 33 7 57 1 3 16 175 29 268

Table 6. Summary of interventions with statistically significant results using an unpaired t-test (p < 0.05),
grouped by experimental intervention used. Each statistically significant result represents the result for a
given metric. SS = statistically significant, T = total.

AB ABA ABCD Randomized AB Total
Intervention SS T SS T SS T SS T SS T
Blue Blocking Glasses 0 6 0 3 0 0 0 11 0 20
Chamomile Tea 0 0 0 0 0 0 3 12 3 12
Coffee 0 0 1 6 0 0 0 0 1 6
Cooling Pad Before Bedtime 0 0 0 0 0 0 0 6 0 6
Earplugs 0 0 0 0 0 0 0 15 0 15
Interimittent Fasting 0 0 4 30 0 0 0 0 4 30
Lavender Oil 0 0 0 0 0 0 3 11 3 11
Magnesium 1 12 0 3 0 0 4 51 5 66
MCT Oil 1 6 0 0 0 0 1 3 2 9
Meditation 3 9 1 9 1 3 3 27 8 48
Melatonin 0 0 1 3 0 0 0 3 1 6
No electronics before bed 0 0 0 3 0 0 0 6 0 9
Pink noise 0 0 0 0 0 0 2 18 2 18
Reishi Mushroom 0 0 0 0 0 0 0 12 0 12

Totals 5 33 7 57 1 3 16 175 29 268
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Table 7. Summary of stage lengths with statistically significant results using an unpaired t-test (p < 0.05),
grouped by stage length and experiment design. Each statistically significant result represents a statistically
significant experiment (one or more metrics are statistically significant). SS = statistically significant, T =
total.

AB ABA ABCD Randomized AB Total
Stage Length SS T SS T SS T SS T SS T
1 day 0 0 0 0 0 0 1 1 1 1
2 days 0 0 0 0 0 0 9 36 9 36
3 days 0 0 0 0 0 0 0 8 0 8
4 days 3 7 1 5 0 0 4 13 8 25
7 days 1 4 6 14 1 1 1 1 9 20

Totals 4 11 7 19 1 1 15 59 27 90

Table 8. Statistically significant metrics (unpaired t-test p < 0.05) organized by metric category.
Category Statistically Significant Total % Statistically Significant
Affective 6 16 37.5
Cardiovascular 8 49 16.3
Productivity 0 5 0.0
Sleep 15 198 7.6

Totals 29 268 10.8

Table 9. A comparison of the present study with four other studies involving N-of-1 experiments. Subj. =
subjects, Compl. = % experiments completed, SS = % experiments (or metrics) statistically significant,
IBS = irritable bowel syndrome. When a study used more than one metric per experiment, the reported
value is total number of statistically significant metrics over total number of metrics used x 100.

Paper Subj. Designs Compl. Check In SS Population
Present 105 Varied

> 8 days
49% 90% 11% Wearable

users, open
enrollment

Taylor et al. (2018) 13 4 stage
6 week

8% 76% 0% Age 18-27,
9 female,
university
community

Daskalova et al. (2017) 35 Varied
4-6 weeks

97% N/A 48% 18 female,
(under)grad
students

Karkar et al. (2017) 15 Rand. AB
> 12 days

83% 80% 7% Age 18-70,
IBS, mostly
women

Kravitz et al. (2018) 215 Varied
4-12 weeks

88% 71% 34% Mean
Age 55.5
yrs, pain
treatment
102 women
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