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Abstract

As digital phenotyping, the capture of active and passive data from consumer devices such as smartphones, becomes more
common, the need to properly process the data and derive replicable features from it has become paramount. Cortex is an
open-source data processing pipeline for digital phenotyping data, optimized for use with the mindLAMP apps, which is used
by nearly 100 research teams across the world. Cortex is designed to help teams (1) assess digital phenotyping data quality in
real time, (2) derivereplicable clinical featuresfrom the data, and (3) enable easy-to-share data visualizations. Cortex offers many
options to work with digital phenotyping data, although some common approaches are likely of value to all teams using it. This
paper highlights the reasoning, code, and example steps necessary to fully work with digital phenotyping data in a streamlined
manner. Covering how to work with the data, assess its quality, derive features, and visualize findings, this paper is designed to
offer the reader the knowledge and skillsto apply toward analyzing any digital phenotyping data set. More specificaly, the paper
will teach the reader the ins and outs of the Cortex Python package. Thisincludes background information on itsinteraction with
the mindL AM P platform, some basic commandsto learn what data can be pulled and how, and more advanced use of the package
mixed with basic Python with the goal of creating acorrelation matrix. After thetutorial, different use cases of Cortex are discussed,
along with limitations. Toward highlighting clinical applications, this paper also provides 3 easy ways to implement examples
of Cortex usein real-world settings. By understanding how to work with digital phenotyping data and providing ready-to-deploy
code with Cortex, the paper aimsto show how the new field of digital phenotyping can be both accessible to all and rigorousin
methodol ogy.
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Introduction

The popularity of smartphone-based digital phenotyping for
advancing health research hasresulted in aplethoraof platforms
and tools. Many have lauded the potential to capture real-time
behavioral datafrom patients’ smartphonesin ascalable manner
[1,2]. However, recent reviews and commentaries consistently
highlight the need for improved methodological rigor, more
return of results to participants, and better data sharing [3-5].
Solving these challenges is multifactorial but can be framed
around issues of (1) datacollection, (2) data processing, and (3)
return of results.

Theevolving landscape of consumer technology, and thusdigital
phenotyping apps, presents numerous challenges to their
scientific study. These apps require constant efforts to ensure
they remain secure and able to collect the data they claim to
capture. The result of this dynamic environment is that many
digital phenotyping apps are no longer supported, and many
past apps are aready abandoned. Keeping pace with new
updates from Apple and Google, security vulnerabilities or
patches, user interface or experience improvements, and new
sensors accessible from the phone requires constant effort and
financial resources. Furthermore, the shifting toolsand libraries
used in this research has al so created challengesfor transparent
data processing and return of results. Few digital phenotyping
studies have ever been replicated because differencesin feature
processing procedures make the resulting outputs from these
studies incomparable. Of note, in the rare cases in which
replication has been attempted, the results have been negative

[6,7].

Beyond supporting replicable science, better data collection and
data processing can enable better data visualization, better
sharing of resultswith participants, and meaningful use outside
of research. A 2022 paper proposed the return of results as a
necessary aspect of ethical digital psychiatry research [8], and
a2023 ethical framework was proposed that specially identified
the need to return results in digital phenotyping in psychiatry
[9]. However, neither proposal identified how this could be
accomplished or provided resources to ensure data sharing is
possible. The need for data visualizations extends beyond just

Figure 1. Paper schematic.
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research. A December 2023 systematic review and meta-analysis
on the utility of mental health apps to augment care for
psychiatric illnesses found that, while nearly two-thirds of those
apps reviewed captured digital phenotyping—related data, less
than half of these apps were even able to share data with
clinicians [10]. A 2022 review on data visualization in mental
health highlighted the numerous benefits of return of resultsfor
patients including enabling proactive self-management, more
effective communication with clinicians, and better engagement
with remote tools like apps [11].

Toward supporting more transparent and ethical research, the
need for better data collection, data processing, and return of
results is clear. Data processing pipelines offer a productive
focus, asthey can support datafrom multiple appsand transform
that data to support myriad visualizations. There are severa
pipelines specific to smartphone digital phenotyping data
including Rapids[12], Forest [13], and Cortex [14]. While each
of the platforms offers value, they also feature differences,
especialy around natively supporting data visualizations.
Toward the goal of expanding the utility of digital phenotyping
methods and enabling the return of results, we review the Cortex
data processing pipeline and provide a tutorial to encourage
morereplicable, ethical, and clinically relevant research. Toward
building the use cases of data visualization, this paper (1)
reviews digital phenotyping data types, (2) explores
preprocessing steps, (3) discusses the basic use of Cortex for
dataquality assessments, (4) presents advanced Cortex features,
and (5) provides severa real-world examples of using all the
steps together. Figure 1 below provides a visual overview of
the paper and details of the topics covered.

The goal of this paper is to facilitate an understanding of the
steps, assumptions, and limitations around processing digital
phenotyping data and transforming it into data visualizations.
The steps outlined here correspond to interactive examples, and
we highlight in each step the ability to customize, expand, or
alter the procedures to ensure the process can serve a range of
outcomes, from simple reporting of survey scores to more
complex time series results. To facilitate these examples, we
draw from the open-source mindLAMP application, which is
used by nearly 100 research teams across the world [15-18].

Advanced use of
Cortex and data
manipulation

Basic use of Cortex

Learning objectives

1.Learn the
difference between
active and passive
data

2.Know what kind of
data are able to be
collected through
mindLAMP

3.Learn what Cortex
is able to calculate
from data collected
through mindLAMP

1.Learn about IDs and
their hierarchies

of what Cortex uses
instead of durations
and dates

3.Learn about various
other Python
packages that support
analyses
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2.Gain an understanding

1.Understand how to
import Cortex into
Python

2.Learn how to check
engagement and
data quality of
participants and
why it is important

3.Learn about the
different results
Cortex can return
and how to get
these results

1.Learn how to
convert
timestamps into
dates

2.Learn DataFrame
manipulation
techniques

3.Learn different
data visualizations
and how to create
them
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Review of Digital Phenotyping Data Types

Different types of digital phenotyping data require different
approaches toward labeling, storing, and processing. In digital
phenotyping and with mindLAMP, data are classified as either
active or passive. Active data include surveys and cognitive
assessments. These data streams are customizable by the
researchersor clinician and require the patient or user to actively
engage (ie, take a survey) for datato be collected. mindLAMP
can be deployed solely as a survey tool, making it possible to
usethe platform for ecological momentary assessment research
alone. All survey and cognitive data are stored within a secure
server with no personal identifiable information; only the
participant’s user ID is attached for identification [19].

By contrast, passive data are collected using the phone’s native
sensors enabled by the participant and also specified by the
researcher. These sensors commonly include an accelerometer
and aGPS, both of which are assigned to collect at afrequency
of up to 5 and 1 Hz, respectively. The passive data collected
through sensors can be customized by a study to use as few or
as many sensors as researchers desire, with options ranging
from screen time to Bluetooth connections. It is aso important
to notethat these sensor outputsare also referred to asraw data.
They arewhat Cortex usesto cal culate more actionable metrics.
Table 1 offers amore comprehensive list of options at the time
of thiswriting. Table 1 listsall the sensors LAMP currently has
the ability to collect and their name within mindLAMP.
Sampling type represents how much data are collected within

Table 1. Sensor types.
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acertaintimeframe. If the sampling typeiscontinuous, all data
are collected the moment the sensor is activated. If the sampling
typeisdiscrete, the data are recorded every n seconds, in which
n is defined by a frequency parameter. If the sampling type is
interval, which only relatesto step count, the data describe how
many steps were taken within n minutes, which is described by
afrequency parameter.

Unlike active data, passive data are captured at a high volume
and velocity that are not conducive to most ecological
momentary assessment data analysis methods. It must be
processed into actionable metrics through a pipeline such as
Cortex. For example, Cortex can process thousands of
coordinates from the GPS phone sensor and transform them
into a metric that reflects how much time a participant spent at
home, appropriately named “hometime.” Table 2 offersamore
comprehensivelist of calculated datafeatures offered by Cortex
at thetime of thiswriting. Table 2 listsall the secondary features
currently offered by Cortex within the* Secondary feature name’
column. It also lists the reference citations that feature links to
the documentations, which offer a description and an example
(per link) of how to pull values wusing
cortex.secondary.feature_name.feature name(). More
information regarding the command can be found in the Passive
Data Processing section. Thefinal column, “Requires additional
parametersfor cortex?’ hasaBoolean (True or False) outcome
that representsif Cortex needs any additional parameters beyond
start, end, and resolution to run either
cortex.secondary.feature_name.feature_name() or cortex.run().

Name SensorSpec Sampling type Requireswatch or other devices
Analytics lamp.analytics Continuous No
Location lamp.gps Discrete No
Accelerometer lamp.accelerometer Discrete No
Device Motion lamp.device_motion Discrete No
Screen lamp.device_state Continuous No
Pedometer lamp.steps Interval No
Bluetooth & WiFi lamp.nearby_device Discrete No
Cals & Texts lamp.telephony Continuous No
Sleep lamp.sleep Continuous Yes
Workouts lamp.segment Continuous Yes
Activity Recognition lamp.activity_recognition Continuous Yes
Nutrition lamp.nutrition Continuous Yes
Blood Glucose lamp.blood_glucose Continuous Yes
Oxygen Saturation lamp.oxygen_saturation Continuous Yes
Body Temperature lamp.body_temperature Continuous Yes
Blood Pressure lamp.blood_pressure Continuous Yes
Heart Rate lamp.heart_rate Continuous Yes
Heart Rate Variability lamp.heartratevariability _sdnn Continuous Yes
Respiratory Rate lamp.respiratory_rate Continuous Yes

https://www.jmir.org/2024/1/e58502

JMed Internet Res 2024 | vol. 26 | €58502 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Table 2. Secondary features.

Burnset al

Secondary feature name References featuring links to documentation  Requires additional parameters for Cortex?
Call Duration [20] Yes
Call Number [21] Yes
Data Quality [22] Yes
Entropy [23] No
Cognitive Assessment Results [24] Yes
HealthKit Sleep Duration [25] Yes
Hometime [26] No
Inactive Duration [27] No
Nearby Device Count [28] No
Screen Duration [29] No
Step Count [30] Yes
Survey Results [31] Yes
Trip Distance [32] No
Trip Duration [33] No
Call Degree [34] No

Pre-Data Processing | nfor mation

Overview

Thedesign and function of Cortex are motivated by the volume
of data, particularly passive data, that asingle user can generate
in 2 weeks. Assuming a user captures GPS and accelerometer
data from the smartphone, each at arate of 5 Hz, there will be
just >1.2 million data points gathered within 14 days. While
lower sampling frequencies are possible, the ability to capture
additional sensorsand dataover monthsor evenyearsillustrates
the size of the data set in question. Cortex is designed to work
flexibly with these data. This section reviews its foundations
and assumptions to provide key background information to
enable easy and effective use of Cortex for broad applications
including data processing and data visualization.

IDsand Their Hierarchy

Working with the data requires being able to identify users and
studies. For every participant that downloads the mindLAMP
app, aresearcher needs to create a user profile for them in the

mindLAMP dashboard. Upon creation of a user profile,
mindLAMP will automatically generate a unique ID specific
to the patient and the investigator account (researcher ID). The
user ID isgivenin the format of aU followed by 10 digits (eg,
U0123456789). These IDs are not to be confused with the
researcher ID, whichisprovided in a20-character string format
of numbersand letters (eg, 123456abcdef 789912hi). Within the
investigator mindL AM P account, multiple studies (groups) can
also exist. The studies themselves also have a unique 1D,
following the same format as the researcher 1D.

The utility of having multiple studies under asingular researcher
ID isto allow for multiple versions (eg, A/B testing, al sensors
active or no sensors active, feedback shared in the app or no
feedback shared in the app) of alarger investigation (Figure 2).
This can be useful when assessing the impact of features or
when seeking to offer participants multiple ways to partake,
especially around how much passive data they wish to share. It
can aso enable different schedules of assessments or app
reminders for participants as set by the research team.

Figure 2. LAMP hierarchy: This figure shows the hierarchy within LAMP. Researchers, also known as investigators, are at the top. Each
researcher/investigator can have multiple different studies, and within each of those studies are individual participants.

Researcher/investigator 1

l

Study/group 1 Study/group 2
VAR /

Participant Participant

Study/group 3
N

Participant Participant

Epoch Time and Milliseconds

Instead of dates, which can have multiple formats, Cortex uses
amodified version of Epoch time. Epoch time isthe number of
seconds that have passed since January 1, 1970, 12 AM
Coordinated Universal Time (UTC) to aspecified dateand time.
The modification Cortex uses is that it uses the number of

https://www.jmir.org/2024/1/e58502

Participant  Participant

Researcher/investigator 2

Study/group 1 Study/group 2

Participant Participant Participant Participant

milliseconds instead of seconds. To provide an example,
December 1, 2023, 12 AM is 1,701,450,000,000 in the modified
Epoch time. In addition to representing date valuesin modified
Epochtime, all other time-related fields (eg, time duration) will
also usethisformat. For the remainder of the paper, when Epoch

time is mentioned, it will be the modified version.
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For the sake of convenience to the user, this paper will provide
resourcesto turn datesinto Epoch time and helpful variablesto
change milliseconds to more comprehensive units, such as
seconds or days [35]. In addition, many different Epoch time
converters on the internet can assist with conversions.

Dates can be converted into Epoch time using a Python function
combined with various Python packages, such as “pytz’ and
“datetime” (Figure 3).

Figure 3. Codebook 1.

import pytz

Burnset al

This function takes a date in the form of MM/DD/YYYY ina
string and converts it into Epoch time. An example of this
function in use can be seen in Figure 4.

Cortex has a useful command that gives the epoch time when
the command is run (Figure 5). This command will print the
Epoch timeif it is not saved into avariable.

Finally, it is good practice to keep variable names that allow
for easy conversions of milliseconds such asthe variablesgiven
in Figure 6.

from datetime import datetime, timezone

def timestamp

local = pytz.timezone("America/New_York™)

date = datetime.strptime(dt,

"%m/%d/%Y")
local_dt = local.localize(date,

is_dst=None)

utc_dt = local_dt.astimezone(pytz.utc)
utc_dt.replace(tzinfo=timezone.utc).timestamp() *
return int(utc_dt.replace(tzinfo=timezone.utc).timestamp() * )

Figure 4. Codebook 2.

timestamp('@1/01/2601")

Figure 5. Codebook 3.

cortex.now()

Figure 6. Codebook 4.

MS_IN_DAY =
MS_IN_HOUR =

Imports

Cortex is designed to provide users with meaningful and
understandable metrics. When combined with various Python
packages, it is even more powerful for data processing. Table
3 shows common Python packages that are often useful to run

https://www.jmir.org/2024/1/e58502
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with Cortex. These are the packages that will be used in the rest
of the paper and are useful to exploreif planning to run Cortex.
There are many more Python packages that can be used, and
Table 3 should not be viewed as a limiting factor on what can
be done with the data processed by Cortex.
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Table 3. Common Python Packages used to help manage and support data manipulation and anaysis.

Package name Package usability References featuring the documentation link
Pandas Allows for data manipulation and simple analysis within DataFrames [36]
Numpy Allows for scientific computations in Python [37]
Datetime Allows for manipulation of dates and times [38]
Pytz Allows cross-platform time zone calculations [39]
Seaborn Allows for data visualizations [40Q]
Matplotlib Library for creating visualizationsin Python [41]
Calplot Used to create heat maps per calendar year by plotting time seriesdata ~ [42]
Altair Visualization Library for Python [43]
Plotly Python Graphing Library that makes interactive visualizations [44]

Basic Use of Cortex

Building on the previous sections, this section explores how to
import Cortex, score active data surveys, pull active data, pull
passive data, and use several miscellaneous Cortex commands.
This section discusses issues related to poor data quality (ie,
low engagement from the user and errorsin datacollection) and

Figure7. Codebook 5.
import LAMP

how to use these commands to easily assess and troubleshoot
both active and passive digital phenotyping data quality issues.

I mporting Cortex

Cortex isaPython packagethat usesthe mindL AMP application
programming interface (API) to collect datafrom various users.
In order to use its API, the user must have an access key
provided by the mindLAMP consortium (Figure 7).

apl = "exampleapi.api’
email = 'exampleemail@gmail.com’
password = 'password’

lamp.connect(email, password, api)

import cortex

Checking Engagement and Data Quality

Participant engagement is critical to any study, especialy for
digital phenotyping, in which the goal is to collect active and
passive datafrom their smartphones. A lack of active participant
engagement limits the amount of data that can be pulled from
LAMP, and missing datawill reducethe quality of analysisthat
can be performed [6]. Engagement thus encapsulates (1) a
participant’s active participation in taking surveys and cognitive
assessments and (2) a participant’s passive data quality, aratio
of actual versus expected smartphone signal (passive) data
captured each day. Due to thisimportance, it is best practice to
check engagement and data quality metrics before proceeding
with other analyses. Prior research suggests that active
engagement is linked to passive data quality; if the app is not
actively opened and used for several days, the phone may ignore
the app’s request to capture high-frequency passive data [6].

To assess participant’s engagement with active data, it is useful
to evaluate how many surveys or cognitive assessments have
been completed in a certain time frame. Cortex supports such
assessments with the command shown in Figure 8.

This command displays a graph of the activities that the
participant completed, with the date of completion asthe x-axis

https://www.jmir.org/2024/1/e58502
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(Figure 9). Activities seen can vary from mindful ness exercises
to the surveys that the participants complete.

Given that astudy can be customized to capture different active
and passive datastreams at different frequencies, the parameters
within the command to check data quality can be changed to
suit different purposes. For the scope of the paper, every
parameter for every command will not be explained in detail.
Instead, the most important parameters will be explained, and
alink to the documentation will be provided. The documentation
will contain the other parameters not covered in the paper [45].
If a documentation link is not provided, all parameters are
covered in detail.

The important parameters of  cortex.visualizations.
participant.active are explained as follows:

1 id_list: this parameter represents the user for which the
researcher is generating the graph. To generate the graph
for a single participant, one should make this parameter a
Python string with the user ID. This parameter al so accepts
alist of participant 1Ds, study IDs, and researcher I1Ds. If
>1 participant ID is provided or represented within a study
or researcher 1D, multiple graphs will be printed.

2. sample_length: this parameter represents the maximum
number of days that can be represented in the generated
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graph. It is possible to use an arbitrarily large number to
pull every single day that a participant has completed atask.
The graph will start with the first event compl eted.

3. attach_graphs: this parameter is a Boolean value (True or
False) that, if true, will attach the graphsto the participant’s
Portal Tab in the mindLAMP app for which the graph is
generated. This enables real-time sharing of results with
participants directly viamindLAMP and providesasimple
means for return of results.

An example of this command in use can be seen in Figure 10.

Figure 9 shows the activities of a participant who was asked to
complete 2 of the same daily surveys per day. These surveys
were named “All Daily Surveys’ in mindLAMP and are
represented as blue bars as seen in the legend to the right.
Looking at the graph, the participant has been active in terms
of their engagement with surveys and has completed at least 1
survey between December 19 and December 27. The participant
completed the task of taking the survey twice on December 21,
22,23, 24, and 26.

The command used to assess passive data quality is similar to
that used to assess active data as shown in Figure 11.

This command generates 4 graphs per participant. Two of the
graphs represent the amount of data coming from the GPS
sensor. The other 2 graphs will represent the amount of data
coming from the accelerometer sensor. The graphs generated
will be either ascatterplot or aheat map. Each of these 2 graphs
will have a representation of the “ideal” amount of data being
received. For the scatterplot, ahorizontal red lineis placed. For
the ideal amount of data collected, the scatter plot should be
above the line. In terms of the heat map, a blue star will
represent the ideal amount of data collected. These “ideal”
amounts should only be used as areference point. Thetrueideal
amount of datawill always be up to the researchers and set by
the study.

The important parameters of  cortex.visualizations.
participant.passive are explained as follows [45]:

Figure 8. Codebook 6.
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1 id_list: this parameter represents the user for which the
researcher is generating the graph. To generate the graph
for asingle participant, makethis parameter a Python string
with the user ID. This parameter also accepts a list of
participant IDs, study IDs, and researcher IDs. If >1
participant ID is provided or represented within a study or
researcher |D, multiple graphs will be printed.

2. sample_length: this parameter represents how many days
the user wants to query for. Unlike the sample_length
parameter in cortex.visualizations.participant.active, the
user cannot use an arbitrarily large number to query for all
the datafrom aparticipant. If auser doestake thisapproach,
they will end up querying for days that a participant was
not collecting data, causing the scale of the axes to be off
and creating unnecessary blank space on the heat map.

3. days ago: this parameter represents where the user wants
the end of the x-axisto be.

4. reset: thisparameter isaBoolean value (True or False) that
will reset any previous graphs generated for the participant.
If agraph has already been generated, any new information
being queried for will be added to the existing graph. If the
user does not want this, use reset=True.

An example of this command in use can befound in Figure 12.
In this example, the researcher wanted to query for the first
week of the participant’s time during a study. The researcher
knows that the participant consented to data collection 1 month
ago (31 days). The user aso had generated a previous graph
and wanted to reset the existing graph.

The examples shown in Figures 13-16 highlight that LAMP is
collecting passive data of accel erometer and GPSfor thissingle
user, although on some days, the data quality captured is below
the target. While beyond the immediate scope of this paper,
possible reasons include the phone being in low-power or
airplane mode, lack of active engagement (which was assessed
at the beginning of this section), or technical errors (one
common error being the participant’s device being on low-power
mode). Monitoring passive data quality is easy and can be done
on aweekly or even daily basis to rapidly spot issues and help
astudy or patient troubleshoot.

cortex.visualizations.participant.active(id)

https://www.jmir.org/2024/1/e58502
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Figure 9. Cortex active data visudization. This figure shows the activities that a participant has completed over time using mindLAMP. The x-axis
shows the date of the activities completed, while the y-axis shows how many activities were completed. The color of the bar represents which activity
was completed. The blue bars represent a created survey that the participant was supposed to take twice a day. The orange bar represents a survey that
the participant completed in regard to the app itself and its ease of use. The red bar is another survey that represents responses to questions on the digital
working aliance. D-WAI: Digital Working Alliance Inventory.
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Figure 10. Codebook 7.

cortex.visualizations.participant.active("U8929038949", sample_length=160,
attach_graphs = True)

Figure 11. Codebook 8.

cortex.visualizations.participant.passive(id)

Figure 12. Codebook 9.

cortex.visualizations.participant.passive("U0929038949", sample_length =
7,
days_ago=27, reset=True)

Figure 13. Thisfigure showshow many GPS data points are being collected over time. The x-axis represents the time of data point collection, and the
y-axis represents the amount. Ideally, the user would want to see the blue line never drop below the red.
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Figure 14. Thisfigure shows how many GPS data points are being collected over time. The beginning of the x-axis represents the very start of the day,
12 AM or 00:00 in 24-hour time. Each hour is represented as a square and given a gradient of blue, with the deeper blues representing more data points
collected. Each row represents 1 day and starts at the top. |deally, the user would want each square to be blue with alittle star within.

Amount of lamp.gps data received over time

08:00 09:00

12:00
Hour
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Figure15. Thisfigure shows how many accelerometer data points are being collected over time. The x-axis represents the time of data point collection,
and the y-axis represents the amount. Ideally, the user would want to see the blue line never drop below the red.
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Figure 16. Thisfigure shows how many accel erometer data points are being collected over time. The beginning of the x-axis represents the very start
of the day, 12 AM or 00:00 in 24-hour time. Each hour is represented as a square and given a gradient of blue, with the deeper blues representing more
data points collected. Each row represents 1 day and starts at the top. Ideally, the user would want each square to be blue with alittle star within.

Amount of lamp.accelerometer data received over time

00:00  03:00

06:00 02:00

Activity Events

Surveys and sensors are not the only types of data that can be
captured. mindLAMP also offers functionality beyond active
and passive data collection to enable users to engage with
psychoeducation (the L in LAMP) and complete therapeutic
exercises (the M in LAMP). For some studies, this can be
important or even the focus of the research question. For
example, “Does the efficacy of completing mindfulness on
mindLAMP vary by location or does cognitive therapy work
better on nights with more sleep duration?’ To accomplish this

https://www.jmir.org/2024/1/e58502
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from a data perspective, the user can access information
regarding everything a participant engages in within
mindLAMP. Every time a participant completes an activity
within mindLAMP, details about the event are recorded. These
details include when the activity was started, how long it took,
and specific details relating to the activity. The specific details
can include the answer to a question within asurvey, theresults
of acognitive assessment, or thetime stamp when amindful ness
exercise was completed.
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A researcher or clinician can create their own activities,
including custom surveys, custom psychoeducation, and custom
therapeutic activities. To ensure that these custom activities can
be easily scored and work well with Cortex, there is a standard
data format that is important to understand when seeking data
from any activity event. In order to view these activity events
for any study, this Cortex command, which can be seenin Figure
17, can be used.

The command will print a Python dictionary that contains every
activity a participant has completed. The dictionary will aso
contain information related to the activity being completed,
which will be contained within “temporal_dlices,” akey within
the dictionary (or column within a DataFrame). For example,
if aparticipant took a survey, every question within the survey
would be contained within “temporal_slices.”

An example of the command in use can be found in Figure 18.

Since this command will print every activity completed, it can
have a very long output. In the example (Figure 19), only the
most recent activity completed will be printed.

Figure 17. Codebook 10.

Burnset al

Going through this output, it can be seen that there are 6 keys
within the Python dictionary, each describing something specific
about the activity that was completed. Starting at the top in the
“temporal_dlices’ key, the information contained within is
specific details about the activity event and actions within. In
this example (Figure 19), since the activity event was a survey,
each answer to the questionsis recorded, along with how long
it took to answer the question. The next key in the dictionary
is“duration.” Thisis simply how long the entire activity event
took. The“static_data’ key isempty in this activity. Static data
refer to the details about certain activity events, specifically the
games offered within mindLAMP. These detailsinclude points
scored, correct answers, attempts, and so on. Moving to the next
key, “activity” representsthe activity event that was compl eted.
Each activity event isgiven astring for identification regardless
of activity type (eg, 1 survey will have adifferent identification
string from another). Within thisexample, the activity completed
was “All Daily Surveys.” Thefinal 2 keysare “timestamp” and
“_parent,” which are the time the activity was completed and
who completed the activity, respectively.

LAMP.ActivityEvent.all_by participant(id)["data"]

Figure 18. Codebook 11.

LAMP.ActivityEvent.all_by_participant(part)[“data™][@]

Figure 19. Codebook 12.

{*temporal_slices”:
today?’,
“value?’:

[{fitem’:

27,
‘duration’:
‘“type’: None,
flevel?: None},

{“item’:
‘value®: *3°,
‘duration’: N
‘“type’: None,
flevel?: None},

{“item’:
‘value®: 77,
‘duration’:
‘“type’: None,
‘level’: None},

{“item’:
‘value’: ‘B4:00AM*,
‘duration’:
‘“type’: None,
flevel?: None},

{“item’:
“value’:

£l

El

‘97:00AM",
‘duration’:
‘“type’: None,
‘level’: None},

{“item’:
‘value®: 30-45 minutes?,
‘duration’:
‘“type’: None,
‘level’: None}],

“duration’: 3

"static_data’: {},

factivity’:

‘“timestamp’: R

"_parent’: 'UB920038949'}

El

El
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Survey Grading

Surveys, which are a common form of active data collection,
can be completed on the LAMP platform and scored with
Cortex. Scoring with Cortex is an efficient way of analyzing
the results of the surveys and prevents mistakes caused by
calculating scores by hand.

To score a survey using Cortex, a Python dictionary needs to
be created. These dictionaries provide Cortex with instructions
on how the user wants the survey to be scored. For example, a
participant may have completed adaily survey that asked them
3 questions. The 3 questions being “Overall, how would you
rate your mood today?’ “Overall, how would | rate my anxiety
today?’ and “How much physical exercise did you engage in
today?’ relating to the participant’s mood, anxiety, and exercise
level, respectively.

This scoring dictionary can be seen in Figure 20, with scoring
parameters easily adjusted by the researcher.

This dictionary can be updated with any survey that has been
taken, but the dictionary can only take numeric outputs, whether
that be aBoolean (True or False) or an integer.

With astart time, end time, and scoring dictionary, the user can
query for scores. The scores will be labeled to match how
categories are named, in this case they will be labeled “Daily
Mood Survey,” “Daily Anxiety Survey,” and “Daily Exercise
Survey.”

Figure 20. Codebook 13.

score_dict = {‘category_list’:
Survey’, ‘Daily Exercise Survey’],
‘questions’: {

[ ‘Daily Mood Survey’,

Burnset al

The command to grade the survey can be seen in Figure 21.

The important parameters of cortex.primary.survey
scores.survey _scores are explained as follows:

1. id: this parameter represents the participant’s survey that
is being graded. Unlike the Cortex visualizations, ID is
limited to 1 participant at atime. If the user wantsto grade
multiple participants at once, consider aloop. In addition,
only putting the user ID without the parameter title (id=)
will cause an error.

2. dtart: this parameter represents the start of the time period
the user wants to query for (epoch time).

3. end: this parameter represents the end of the time period
the user wants to query for (epoch time).

4. scoring_dict: this parameter represents the scoring
dictionary that was created in Figure 20.

5. return_ind_ques (optional): this parameter is a Boolean
value (Trueor False) that, if True, will return theindividual
guestion along with the results of the survey. Since this
parameter is optional, if it is not included within the
command, Cortex assumesit to be false.

An example of this command can be found in Figure 22.

In this example, the researcher wanted to query every survey
taken from December 19, 2023, to December 20, 2023. The
researcher also did not want Cortex to return the individual
guestions within the surveys (Figure 23).

‘Daily Anxiety

‘Overall, how would you rate your mood today?’:

{“category’: ‘Daily Mood Survey’,

‘scoring’:

‘M_map’},

‘Overall, how would I rate my anxiety today?’:

{“category’: ‘Daily Anxiety Survey’,

‘scoring’: ‘A_map’},

‘How much physical exercise did you engage in today? *:

{‘category’: ‘Daily Exercise Survey’, fscoring’: ‘Exercise_map’},

}s

‘A_map’: {‘1@’: , ‘9’: 9, “8’.: 8, “7’: 7, ‘6’: 6, °5?. &,
r4J . 5 1‘3): , r2J: 5 rl.\: , reJ: }’

'M_map': {'10": , '9': 9, '8':8, '"7': 7, '6': 6, '5": 5,
I4I. 5 I3I: , 12I: , I1'I: R Iel: },

‘Exercise_map’: {“None’: O, ‘< 15 minutes’: 1, “15-30
minutes’: 2, €3@-45 minutes’: 3, €45-60 minutes’: 4, ‘60+’: 5}}

Figure 21. Codebook 14.

cortex.primary.survey_scores.survey_scores(id=, start=, end=,
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Figure 22. Codebook 15.

Burnset al

cortex.primary.survey_scores.survey_scores(id="U8929838949",

Figure 23. Codebook 16.

[{“start’:
‘end’ :
‘category’: ‘Daily
‘question’: ‘Daily
‘score’: 1},
{‘start’:
‘end”’ :
‘category’: ‘Daily
‘question’: ‘Daily
‘score’: },
{‘start’:
‘end’:
‘category’: ‘Daily
‘question’: ‘Daily
‘score’: 5}]

Passive Data Processing

Passive data streams (eg, accelerometers) are often the most
useful when that data can be transformed into behaviora
features. Cortex has 2 ways of processing the raw passive data
collected from the LAMP platform. The first way a user can
process passive data is individually, through the format of the
command shown in Figure 24.

The important parameters of cortex.secondary.feature
name.feature_name are explained as follows:

1. feature name: this parameter is in the name of the
command. It represents what passive data feature the user
wants to query for (refer to Table 2 for the list of
feature_namesthat are currently available).

id: this parameter represents the participant that the user
wants to query for.

start: this parameter represents the start of the time period
the user wants to query for (epoch time).

end: this parameter represents the end of the time period
the user wants to query for (epoch time).

resolution: this parameter represents the time frame of
which the passive datafeatureis calculated in milliseconds.
For example, if the user wanted to calculate hometime in
A DAY, the user would have a resolution equal to the
number of millisecondsin aday.

The parameters above are required for ALL features, but
some features require more parameters. Cortex will produce
an error if the required parameters are not included while

https://www.jmir.org/2024/1/e58502
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3
Anxiety Survey’,

Anxiety Survey’,

]
Mood Survey?,

Mood Survey’,

3
Exercise Survey’,
Exercise Survey’,

executing the command. The features that require more
than the parameters above can be seen in Table 2.

An example of thiscommand can be found in Figure 25.

With this command, the user islooking for how much timethe
participant spent at home from December 19, 2023, to December
20, 2023, specificaly 12 AM, for both dates. Since the
resolution is binned by the number of milliseconds in a day,
Cortex will return the amount of time at home per day. If the
user changed the resolution to the number of millisecondsin a
week, Cortex would return the amount of time at home that
week. It is important to note that the difference between the
start and end time needs to be greater than the resolution by at
least 1 millisecond. This is why, in the example, the end time
endswith a1 (Figure 26).

Looking at the results, it can be seen that this participant spent
85,599,870 milliseconds at home, but for the sake of
understanding, this value should be changed into something
more digestible. This can be seen in the example continuation
in Figure 27.

This command uses the pandas package to take the “value,’
which isthe amount of home time in milliseconds and converts
it into hours (Figure 28).

Within thisexample, it can be seen that this participant has spent
nearly the entire day at home.

The second way that Cortex can process sensor dataiswith the
cortex.run() command. The functionality of the parametersis
largely the same as that of the cortex.secondary (Figure 29).
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Cortex.run ismeant to be customizable. Every parameter, from
ID to the start and end times, ismeant to give all theinformation
one needs in one go. Going through the parameters, examples
of what can be customized are given as follows (rest of the
parameters are given el sawhere) [46]:

1 id_or_set: this parameter is who the user is querying for.
The user can run this command with 1 participant, many
participantsin acontained list, or astudy or researcher 1D.

2. features: this parameter describes what to query for (refer
to Table 2 for the features that are available to be queried).

3. dtart: this parameter representsthe start timein epoch time.

end: this parameter represents the end time in epoch time.

5. resolution: this parameter represents the time frame of
which the passive datafeatureis calculated in milliseconds.
For example, if the user wanted to calculate hometime in
A DAY, the user would have a resolution equal to the
number of millisecondsin a day.

>

An example of this command in use can be found in Figure 30.

In this example, the researcher wanted to query for both
screen_duration and data_quality for 1 week. Within the
feature_params parameter, it is specified that data quality will
be calculated using the GPS sensor and not the accel erometer.
The bin sizeis set at 3,600,000, which means that Cortex will
split the time between the start and end time into “chunks’ of
3,600,000 milliseconds, which is the equivalent to 1 hour. The
value calculated under data_quality isthe percentage of binsor
“chunks’ that have apoint of either GPS or accelerometer data.
In this case it is GPS data. The results below are cleaned up
from the normal result using the “tabulate” Python package and
provide avisually appealing table (Figure 31).

The actual code chunk will print a data dictionary, which can
be confusing to read; thus, it isrecommended that the user save
it as a variable when using cortex.run. Once it is saved as a

Figure 24. Codebook 17.

Burnset al

variable, the user can call individual keys from the dictionary.
An example of this can be seen in Figure 32.

Researchers also can pull raw sensor data. The functionality of
this command is much like pulling activity events, which can
be referred to in the Activity Events section. The command can
be run without parameters but will return an incomprehensible
amount of data (Figure 33).

Parameters can be used within this command to narrow how
much data are received and what sensor spec to return:

1. id: this parameter represents the participant that the user
wants to query for.

2. origin: this parameter represents what sensor spec the user
wants to query for (refer
Table1
for the features that are available to be queried).

3. _from: this parameter represents the start time in epoch

time.
4. to: this parameter represents the end time in epoch time.
5. _limit: this parameter represents the maximum amount of

data points to pull.
An example of this command in use can be seen in Figure 34.

In this example, the researcher wanted to query the first 5
accelerometer data points for the participant.

Looking at the example (Figure 35), it can be seen what raw
datalookslike, and it highlightsthe necessity for data pipelines
such as Cortex.

With the information present thus far, the reader is able to pull
both active and passive data. With this background, the paper
will now shift into data manipulation and how to create data
visualizations that can give the user insight into participant’s
behavior in relation to data gathered.

cortex.secondary.feature_name.feature_name(id=, start=, end=, resolution=)

Figure 25. Codebook 18.

hometime =

Figure 26. Codebook 19.

{“timestamp”’: 5
“duration”: s
‘resolution’: s
‘data’: [{“timestamp’:
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Figure 27. Codebook 20.

pd.DataFrame(hometime["data™])[“value”] / (3600 * 1000)

Figure 28. Codebook 21.

e 23.777742
Name: value, dtype: float64

Figure 29. Codebook 22.

cortex.run(id_or_set, features=[], feature_params={}, start=None,
end=None,
resolution=MS_PER_DAY)

Figure 30. Codebook 23.

cortex.run(part,
['screen_duration’, 'data_quality'],
feature_params={'data_quality': {"feature":"gps",
"bin_size":3600000}},
start=1702962000000,
end=1702962000000 + 7 * MS_IN_DAY)

Figure 31. Codebook 24.

screen_duration:

Fmmmmmm e - Fmmmmmm e dmmmmmmm e o m e m e +

| id | timestamp | wvalue | datetime

Fmmmmmm e - Fmmmmmm e dmmmmmmm e o m e m e +

| UB929038949 | 1702962000000 | 36803989.8 | 2023-12-19 B85:00:00 |

| UB929038949 | 1703048400000 | 16234234.6 | 2023-12-20 05:00:00 |

| UB929038949 | 1703134800000 | 26260277.8 | 2823-12-21 B85:00:00 |

| UR929@38949 | 1703221200000 | 48899441.0 | 2823-12-22 05:00:00 |

| UB929038949 | 1703307606000 | 38569785.8 | 2823-12-23 085:00:00 |

| UB929038949 | 1703394006000 | 11286251.8 | 2823-12-24 B85:00:00 |

| UB929038949 | 1703480400000 | 0.9 | 2023-12-25 05:00:00
Fmmmmmm e - Fmmmmmm e dmmmmmmm e o m e m e +
data_quality:

Fmmmmmm e - Fmmmmmm e dmmmmmm e o mm e
+

| id | timestamp | value | datetime

I

Fmmmmmm e - Fmmmmmm e dmmmmmm e o mm e
+

| Ue929038949 | 1702962000000 | 0.9166666666666666 | 2023-12-19 B5:00:00
|

| UB929038949 | 1703048400000 | 9.625 | 2623-12-20 B85:00:00
|

| Ue929038949 | 1703134800000 | 0.5416666666666666 | 2023-12-21 ©5:00:00
|

| UB929038949 | 170832212080000 | 1.8 | 2623-12-22 B5:00:00
|

| Ue929038949 | 1763307600000 | 1.8 | 2023-12-23 ©5:00:00
|

| Ue929038949 | 1703394000000 | 0.16666666666666666 | 2023-12-24 95:00:00
|

| UB929038949 | 1703480400000 | a.e | 2623-12-25 B5:00:00
I

Fmmmmmm e - Fmmmmmm e dmmmmmm e o mm e
+
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Figure 32. Codebook 25.

variable = cortex.run(part,

Burnset al

['screen duration', 'data quality'],

feature params={'data quality’
start=1702962000000,

: {"feature":"gps", "bin size":3c00000}},

end=1702962000001 + 7 * MS_IN DAY)

variable[ "screen_duration’]

Figure 33. Codebook 26.

LAMP.Sensorkvent.all by participant(id)

Figure 34. Codebook 27.

LAMP.SensorkEvent.all by participant(part, limit=5,
origin="lamp.accelerometer")["data"]

Figure 35. Codebook 28.

'z': 8.520841598510742},

‘sensor’: ‘lamp.accelerometer’,

‘“timestamp’: 1783406991186},

{'data': {'x": 8.1

'y': 4.14676141

'z': 9.06042289733886

‘sensor’:

“lamp.accelerometer’,

“timestamp’: 17834869989

{'data': {'x": 8.

'y': 4.328616142272949

9,

'z': 9.351150512695312},

‘sensor’:

“timestamp’: 1

{'data': {'x": 8.

y': 3.957728

z': 8.6225366

‘sensor’:

“timestamp’ :

{'data': {'x": 8.

17034

“lamp.accelerometer’,

59240723},

“lamp.accelerometer’,

'y': 4.285545349121

‘sensor’:

z"': 9.06401252746582},

“lamp.accelerometer’,

“timestamp’: 1783406990381

Advanced Participant Level Example and Data
Manipulation

Overview

Cortex makes pulling data simpl e, but most of thetime, the data
format given is not compatible with various Python packages
for creating charts, tables, and different machine learning
techniques. Due to this difficulty, it is worthwhile to consider
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an example where various levels of data manipulation are used
to create a pandas DataFrame that will allow for Python
packages to be used. The subsequent subheadings (or sections)
will elaborate (1) grading surveys and pulling passive data for
aparticipant, (2) how to convert time stampsin epoch timeinto
a date format, (3) splitting DataFrames, (4) cleaning
DataFrames, (5) merging of DataFrames and final cleanup using
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pandas, (6) creating the correlation matrix and making it visually
appealing, and (7) verifying and gathering more information.

While many types of data visualization are possible, 1
compelling data visualization that is often used isa correlation
matrix. These matrices can point the user in the right direction
in terms of understanding the relationships between active and
passive data. However, it is important to understand that
although variables may correlate with each other, there may be
confounding variables that are not represented. To combat this,
extra examples will be given to implement scientific processes
and give weight to what the data are telling the user.

Thisexamplewill go through each step to create the correlation
matrix. These steps will also be labeled in reference to the
enumerated list above for easy access.

Figure 36. Codebook 29.

Newpart = 'U3971368469'

Burnset al

Within the correlation matrix, the variablesthat will beincluded
are (1) anxiety (measured daily through surveys on a scale of
1-10), (2) mood (measured daily through surveys on a scale of
1-10), (3) exercise length (measured daily through surveys,
scaleisarange of durations up to 60 min), (4) screen duration
(collected from passive data sensors), (5) step count (collected
from passive data sensors), and (6) data quality (calculated using
passive data sensors).

Grading Surveys and Pulling Passive Data for a
Participant

After importing packages and connecting them to the API, the
user should specify the user ID and save it within avariable. in
this example, “Newpart.” The user should then pull the active
and passive data using the respective Cortex commands and
save the results within properly named variables (Figure 36).

active = pd.DataFrame(cortex.primary.survey scores.survey scores(id=Newpart,

start= s
scoring_dict=score_dict)['data'])
passive = cortex.run{Newpart,

[ 'screen_duration', 'data_quality’,

feature params={"data quality': {"feature":"gps

start= R

end= + # MS_IN DAY)
Thedictionary used to grade the surveysisthe same dictionary
used within the Survey Grading subsection.

Converting Time Stamps

Taking alook at the“active” variable, the start time stamp needs
to be converted from epoch time, whichisin UTC, toadatein
EST. Doing this will alow the user to merge the passive and
active DataFrames on the formatted date. Knowing that the
surveys started and ended on the same date, only the start time
stamp needsto be converted. The end time stamp will be del eted.
Figure 37 shows the current state of the active variable before
time stamp conversion.
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The passive data do not need as many steps because the
cortex.run produces a datetime value. The user does need to be
wary that this datetime valueisin the UTC time zone and needs
to be converted (Figure 38).

Screen_duration is currently contained within the “passive’
dictionary. Though only screen duration is shown, both
data _quality and step_count are also contained within “ passive’
and look identical to screen_duration interms of format. Figure
38 shows thefirst 9 rows of screen_duration within the passive
dictionary.
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Figure 37. Codebook 30.

o ———— e e il e Fomm—— +

| start | and | categary | question | score |

o ———— e e il e Fomm—— +
1783377320453 | 1783379135208 | Daily Anxdety Survey | Deily Anxiety Survey | 5
178337732601 1783379135208 | Dadly Moad Surwey | Daily Mood Survey | 3

| | I

| | I

| 1783377328153 | 1783379135206 | Dally Exercise Survey | Daily Exercise Survey | 2 |

| 1783286848167 | 56334070 | Daily Ansiety Survey | Daily Anxdety Survey | & |

| 1783286848167 | 56334070 | Dally Moad Surwey | Daily Mood Suevey | 5 |

| 1783286848167 | | Daily Exercise Surwey | Daily Exercize Survey | 3|

| 1783180284252 | 1783191154192 | Daily Aniety Survey | Daily Anxdety Survey | 7

| 1783189284252 | 1783191154192 | Daily Mood Survey | Daily Mood Survey | 3|

| 1783180284252 | 1783191154102 | Dally Exercise Survey | Daily Exercise Survey | 2 |

oo s oo e oo oo +

# Convert epoch time in millisecomds to datetime

active['start'] = pd.to_datetime{active[ 'start'], unit="ms"})

# Set the timezone to WYC

nyc_timezone = pytz.timezone('America/Mew_York')

active['start'] =

active['start’].dt.tz_localize{pytz.utc).dt.tz_convert{nyc_timezone}

# Extract date without time

active] "start'] = active['start'].dt.date

#Dropping end timestamp

active = active.drop('end’, axis=1)

B e T e e

| start | category | question | score |

B T e e e s

| 2823-12-23 | Daily Anxiety Survey | Daily Anxiety Surwvey | 5 |

| 2823-12-23 | Daily Mood Survey | Daily Mood Survey | 3 |

| 2823-12-23 | Daily Exercise Survey | Daily Exercise Surwvey | 2 |

| 2823-12-21 | Daily Anxiety Survey | Daily Anxiety Survey | & |

| 2823-12-21 | Daily Mood Survey | Daily Mood Survey | 5 |

| 2823-12-21 | Daily Exercise Surwey | Daily Exercise Surwey | 3 |

| 2823-12-21 | Daily Anxiety Survey | Daily Anxiety Survey | 7 |

| 2823-12-21 | Daily Moocd Survey | Daily Mood Survey | 3 |

| 2823-12-21 | Daily Exercise Surwey | Daily Exercise Surwey | 2 |

B T T T T S|
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Figure 38. Codebook 31.
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#Changing screen_duration to date instead of datetime

nyc_timezone =

passive['screen_duration' ][ 'datetime'] =

pytz.timezone( ' America/New_York'})

passive['screen_duration' ][ 'datetime'].dt.tz_localize(pytz.utc).dt.tz_convert{nyc_

timezone)

passive['screen_duration']['datetime'] =

passive['screen_duration']['datetime'].dt.date

#Changing data_guality to date
nyc_timezone =

passive[ 'data_gquality"]['datetime’] =

instead of datetime

pytz.timezone( ' America/New_York'})

passive[ 'data_guality"]['datetime’].dt.tz_localize(pytz.utc).dt.tz_convert(nyc_tim

ezone)

passive[ ‘data_guality® ][ 'datetime'] = passive['data_quality']['datetime’].dt.date

#Changing step_count to date instead of datetime

nyc_timezone =

passive['step_count” ][ 'datetime'] =

pytz.timezone( ' America/New_York')

passive['step_count®]['datetime'].dt.tz_localize(pytz.utc).dt.tz_convert(nyc_timez

one)

passive[ 'step_count®]['datetime’'] = passive['step count']['datetime’].dt.date

+
1
]
]
'
]
]
]
]
]
]
]
]
]

| id

| uzeT136ed69
| U3971368459
| U3971368459
| U3971360469
| uzeT136ed69
| U3971368459
| U3971368469
| U3971368469
| U3971366469

e e +-

—_—_————— e —

Splitting DataFrames

For the sake of simplicity in merging and reducing redundancy,
the separation of each variable allowsfor precise changesto be
made (Figure 39).

Figure 39. Codebook 32.

screen_duration =

step count =

o —————— — — —  —
4 3

____________ +

datetime |

passive| 'screen_duration’]

passive[ 'step count']

data _quality = passive['data _quality']

mood =

anxiety = active[active['category'] ==

exercise =

Cleaning DataFrames Using Pandas

When cleaning dataand preparing it for merging, it makes sense
to have a plan regarding what the user wants the DataFrame to
look like. This can help to prevent unnecessary commands. In
this example, the final DataFrame will have a column for the
UserlD, a date that will be merged, and 1 column per data
feature. Currently, the passive DataFrames have the most
information in regard to the columns, but only 1 of the 3 needs
more than just the date and its respective data. Knowing this,
the data_quality DataFrame will be established as the base and
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active[active[ 'category']

active[active[ 'category'] == 'Daily Mood Survey']

'Daily Anxiety Survey']

'Daily Exercise Survey']

will be the only DataFrame that keeps its UserlD column. It is
also worth noting that each of the “value” columns, which are
within each of the DataFrames, will need to be renamed into
what the value represents. For instance, for the step_count
DataFrame, the “value” column needs to be renamed into
“stepcount” or some variation of that (Figure 40).

Notice how in the DataFrames shown in Figure 40, there are
multiple instances of the same date that have a score. Thisis
because this participant took >1 survey in aday. There are many
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different solutions to remedy this, but for this example, the average between the scores will be taken (Figure 41).

Figure 40. Codebook 33.

#Renaning value colunns to what the value represents for the passive features
screen_duration = screen dwration.renamelcolumns = {“waluse':"Screen Duration'})

data_guality = data_gquality.renane{columns = {'value®:'Data Quality®})
step_count = step_count.renape({colunns = { walue”
#0ropping unnecessary columns for the passive features
data_guality = data_guality.dropicolunns=["timestanp’]}
screen_duration = screen dwration.dreop(colunns-[ "tinestamp’,

step_count = step_count.dropfcolumns=[ "tinestamp®, "id'])
#EmrEErrEeE s EE e e
I id Data gQuality datetime |
[P SRS ——
V3571346 8.B333333333333334 2023-12-11
V3571346 B. 916EEEEEEREEEERE 2023-12-12
U3%71I58469 1.4 2823-12-13
U571 358469 B. 916E6E6REE6566E86 ZB23-12-14
U3STLIGNSET B.75 ZB23-12-15
3571358469 B8.5833333333333334 2023-12-16
3571358469 B. 916EEEEEEEEEEERE 2823-12-17
V3571358469 B.625 2823-12-18
U571 358469 B.a ZB23-12-15
U571 358469 B.a ZB23-12-28

T47E3dl. 4
S54845,
ITLEL14.
431599,
TBELEY .
1843185,
TIETIG.
1285445,
man
man

(- - - - O .

2023-12-11
2023-12-12
2023-12-13
2923=-12-14
2823=12=15
2023=-13-16
2B23=-13-17
2823-12-18
2023-12-19
2823=12 =18

| step Count | datetime |

e Ll il &

A

A

| Screen Duration | datetime |

il S E TR

18775209
1BIABTES .
33523357 .
25536546,
LEETEH1E.
17BI9988.
556578,
152534911,
g.a

8

D DD oD oo

| ze23-12-11 |
| z823-12-12 |
| 2823-12-13 |
2823-12-14
2823-12-15
| 2e23-12-16 |
| 2e23-12-17 |
| 2e23-12-18 |
| 2e23-12-19 |

A

#0ropping unnecessary columns for the active features
anwiety = anxiety.drop{colunns=[‘'category’, 'guestion’])
exercise = pxercise.drop{coluens=['category®; ‘question®]})
nood = mood.drop(colunns=['category’, ‘question’])

B T LY P T TR

:"Step Count'})

#Renaning value colunns to what the value represents for the active features

anxiety = anxiety.rename{columns = {'score’:'Ancdety Score’})
axercize - exercise.rename{columns = {"score':'Exercize Score'})
nood = mood. renane(columns = {‘score’:"Mood Score'})

#Renaning date colwens from start to datetime in for the active features

aniety = anwiety.rename{columns = ' start’:'datetine’})
gxercise = exercise.rename{colums = {"start':'datetime”}}
nood = mood. renane{calumns = {'start’: datetine’})

e Ll il &

| datetime | Mood Score |

A

2023-12-23
2023-12-21
2023-12-21
2023-12-15
2023-12-18
| 2823-12-18
| 2@823-12-17
|

L

2823-11-17

3 I

[T N NRTT T )

I
I
3 I
+

EErm e

Figure41. Codebook 34.

#Taking the average of two survey scores if scores share a date

mood = mood.groupby('datetime’)[ 'Mood Score'].mean().reset_index()

exercise = exercise.groupby('datetime')['Exercise Score'].mean().reset_index()
anxiety = anxiety.groupby('datetime')['Anxiety Score'].mean().reset index()
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Merging of DataFrames and Final Cleanup

Now that every data point is attached to its formatted date
(Figure 42), each of the DataFramesis ready to be merged.

Now that the DataFrames are merged (Figure 42), the user can
look for discrepancies. Two glaring edits that need to be
implemented into this DataFrame are switching the locations
of “Data Quality” and “datetime” and changing the units of
“Screen Duration” from milliseconds to hours.

A keen eye will also notice strange results within the “ Step
Count” column. Itisknown that the valueswithin “ Step Count”

Figure 42. Codebook 35.

#Merging all DataFrames into one

Burnset al

are supposed to represent how many steps a participant has
taken within a day, but the values obtained are way too high to
be accurate. It is unknown what went wrong while collecting
this participant’sdata, but it goesto show that researchers should
keep a sharp eye out for discrepancies. For this example, the
step count correlations will be taken with agrain of salt.

Finally, on December 19 and 20, the screen duration is O for
both. Since 0 can and will be used within correlations, the result
can be skewed by outliers. Due to this fact, it is reasonable to
turn these O’ sinto NaN val ues using the Numpy Python package
(Figure 43).

final df = pd.merge(data quality, screen_duration, how = 'left', on = 'datetime')
final df = pd.merge(final df, step count, how = 'left', on = 'datetime')

final df = pd.merge(final df, anxiety, how = "left', on = 'datetime')

final df = pd.merge(final df, mood, how 'left', on = "datetime")

final df = pd.merge(final_df, exercise, how = "left', on = 'datetime"')

Figure 43. Codebook 36.

#Switching the column locations of datetime and data quality
final df['Data Quality'], final df['datetime'] = final df['datetime'].copy(),

final df['Data Quality'].copy()

final df = final df.rename(columns = {'datetime':

"datetime'})

'Data Quality', 'Data Quality':

#Converting Screen Duration in M5 to hours
final df['Screen Duration'] = final df['Screen Duration']/3680088

final_df['Screen Duration'][
final_df['Screen Duration'][

np.nan
np.nan

3
g

]
]

Creating the Correlation Matrix and Making It Visually
Appealing

The correlation matrix (Figure 44) is created with a simple
command using the “pandas’ Python package. To make it
visualy appealing, the “seaborn” package will be used. The
result is shown in Figure 45.

Figure 44. Codebook 37.

#Creation of correlation matrix
correlation_matrix = final_df.corr()

Looking at the graph, it is possible to see an overview of how
the variables may correlate with each other. It is important to
note not only that correlation does not equal causation but also
how this graph can help share back both active and passive data
with participants. Scatterplots are also helpful in obtaining an
alternative image of what these data may represent.

#Eliminating top half of Correlation matrix including correlations of 1

mask = np.triu(np.ones like(correlation matrix, dtype=bool))
correlation matrix = correlation matrix.mask({mask)

#Dropping rows with no values
correlation matrix =
columns="Exercise Score')
#Figure creation

plt.figure(figsize=(8, 6))

correlation_matrix.drop(index="Data Quality",

sns.heatmap(correlation matrix, annot=True, cmap='coolwarm', fmt="_2f", vmin=-1,

vmax=1);
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Figure45. Correlation matrix. This graph shows each variable and its relationship to the other variableswithin the final DataFrame. Correlations closer
to 1 represent apositive linear correlation, whereas correl ations close to negative 1 represent anegative linear correlation. Positive in this context means

that both variables are going in the same direction. Negative means that the variables are heading in opposite directions.

Screen Duration

Step Count -

Anxiety Score 0.36

014

z
&
3
[}
(]

Mood Score - 044

Exercise Score 1

Screen Duration -

Figure 46. Codebook 38.

plt.scatter(final_df[ 'Exercise
plt.xlabel( 'Exercise Score')
plt.ylabel('Mood Score')
plt.title('Basic Scatterplot')

Verifying and Gathering More I nformation

In the correlation matrix shown in Figure 45, there are some
interesting correlations to ook at. Perhaps the most interesting
is the 0.52 correlation between exercise score and mood. The
assumption that most people would make isthat if the exercise
score is higher, the participant’s mood would also be higher,
but to ensure this is the case, a scatter plot should be made
(Figure 46). The scatter plot results are shown in Figure 47.

Looking at the graph, it can be seen that the initial assumption
that mood improves as the exercise score increases looks to be
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Score'], final_df['Mood Score'])

correct. For the truly diligent user, more information can be
gathered by running a simple linear regression, especially due
to thelinear look of the data points. To do this, a Python package
named “ statsmodels.api” will be used.

Looking at the P value in red in Figure 48, it can be seen that
this relationship is approaching the point where it would be
considered significant (P<.05) Thisis not to say that thisis not
avaluableresult. There absolutely isacase to be made that this
participant’s mood can benefit from increased exercise.
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Figure 47. Scatterplot of exercise score versus mood score. This graph shows the mood score with respect to the exercise score. The x-axis represents
the exercise score, with higher scores meaning the participant completed more exercise that day. The y-axis represents the mood score, with higher
scores representing a more positive mood. Each dot represents 1 day.
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Figure 48. Codebook 39.

Burnset al

import statsmodels.api as sm

¥ = final_df[["Exercise Score"]]
¥ = final_df[ 'Mood Score']

X = sm.add_constant(X)

X = ¥.dropna(}

¥ = ¥.dropna()

mdel = sm.OLS(Y, X).fit()
print(model. summary () }

aL% Regression Results

Dep. Variable: Mood Score  R-squared: 8,275
Model: aL% Adj. H-sguared: 8. 1%4
Method: Least Sgquares  F-statistic: 3,489
Date: Thu, 29 Feb 2824  Prob (F-statistic): 8.897a
Time: 16:5%:16  Log-Likelihood: 5.48591
Mo, Observations: 11 AlC: 14.58
Of Residuals: 4 BIC: 15.77
bf Model: 1
Cowvariance Type: nonrobust

coaf std err t Pxt] [@.825 B8.975]
const 2.6893 8,255 18,552 8. eae 2,113 3.266
Exercise Score B, 3272 B.177 1.E846 [ -8.874 8,738
Omnibus: 7.8947  Durbin-Watson: 2,315
Prob{Omnibus): #.819  Jargque-Bera (JB): 3.481
Shew: -1.185  Prob{JE}: 8,183
Kurtosis: 4.34%  Cond. Mo. 383

Hotes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly

specified.

Discussion

Overview

Thusfar, this paper hasillustrated the technical process of using
Cortex to process, manipulate, visualize, and analyze digital
phenotyping data. To more clearly illustrate the utility of these
functionalities, we will discuss below the significance of the
steps outlined in this paper, as well as use cases. Figure 49

https://www.jmir.org/2024/1/e58502
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highlights a common workflow with Cortex that is applicable
to many types of studies and use cases.

Thebasic features of Cortex can beimmediately trandated into
analysis of digital phenotyping data. For example, Cortex
collectstime stamps not only of the start and end time of active
dataactivities (eg, asurvey) but also of thetime of specificitem
responses for a given survey and of any discrete passive data
points. Prior research has used analytical methods such as this
to predict self-reported thoughts of harm based on latency [47]
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in responding to items assessing such thoughts. Furthermore,
epoch time provides foundational support for pivotal features
that can be derived from Cortex, such as sleep duration and
screen use data, which allow the transformation of passive data
into clinically relevant variables. While discrete data points can
be informative, even without incorporating time (eg, an
individual’s home may be approximated for most by the GPS
point most frequently visited), the formatting of data pointswith
time stamps allows for more nuanced analysis and deeper
insight. By combining basic Cortex features, it is also possible
to derive novel digital biomarkers as well as replicate those
created by other teams.

The nature of digital phenotyping data, when combined with
Cortex, is the flexibility in using derived features or even
creating novel digital biomarkers. For example, Cortex-derived
features, such as dleep duration, time spent at home, screentime,
and data quality, have been demonstrated when used in research
applying anomaly detection. Specifically, anomalies within
personal baselines of active data and Cortex-derived features
of data for individuals with schizophrenia have been used to
predict clinical relapse, an exampl e of advanced data processing
[48]. Using the methods outlined abovein this paper, any digital
phenotyping data can be processed in features and DataFrames
that will enable easy use of the code[49] for anomaly detection.
Related applications may include using the digital phenotyping
data features and anomaly detection to detect early warning of
risk of self-harm, relapse in bipolar disorder, or medication
adherence as 3 broad examples.

The nature of digital phenotyping is also well suited when
combined with Cortex for machine learning research. Linear
regression models are a common tool for analyzing digital

Burnset al

phenotyping data, and the readily accessible Cortex features,
particularly those derived from passive data, make Cortex a
productive API for analyzing the relationships between digital
phenotyping—derived features. In addition, the abundance of
time and duration columnsin the data set makes Cortex auseful
tool to prepare data for time series analysis. Recent research
has leveraged Cortex to pull data, split it using a windowing
approach, and train a variety of Recurrent Neura Network
modelsusing adiverse architectureincluding Long Short-Term
Memory. Cortex’s unique strengths in overtime data allow
researchers to use the library for a variety of predictive tasks
ranging from prognosis prediction to quantitative score
prediction.

The utility features such as visualizations for monitoring data
quality and providing data back to users have been illustrated
inour Beth |srael Deaconess Medical Center—based clinic using
mindLAMP [50]. Asillustrated above, patients can be offered
heat maps of passive data volume generated daily (see the
Checking Engagement and Data Quality section) in addition to
visualizations of active data. With staff allocated to assess
patient data quality multiple times per week, they can reach out
to patients about their data quality, with specific strategies for
ameliorating poor data quality [6]. For example, low passive
data quality across sensors may be aresult of low weekly app
use, as many devices limit app data collection based on use.
However, poor GPS quality with high accelerometer quality
may simply indicate a misconfiguration of phone settings. The
root cause is easy to detect with data visualization. Similarly,
patients provided with visualizations of their own active data
overlaid with passive data streams can gain insight by observing
and even interacting with their own data, as shown in Figure
50.

Figure49. A schematic of acommon deployment of mindLAMP, hosted by the Beth | srael Deaconess Medical Center team and Cortex. API: application
programming interface. HIPAA: Health Insurance Portability and Accountability Act.

Anything that a participant interacts with within mindLAMP will be
recorded as an activity event. Researchers are able to create their own
activities within mindLAMP regarding psychoeducation and therapeutic
5 can also customize surveys for participants 1o
take. For more information about what is currently available as an
activity please visit:
https://docs lamp.digital/data_science/data_types/activity_types/

Participant

Data

collection
Raw data collected from sensors and activity events is stored within
| the Division of Digital Psychiatry’s database. This database is:
Third-party access ! HIPPA-compliant
Then " " data through mindLAMP, The first iakhreugh Database » . Encrypted in-transit and at-rest
& are two ways to access data through min e first way is thrau Uniquely structured in t f data format

the dashboard. Within the dashboard the researcher can add participants, : mquognsmr‘;‘:du;ne' ;?gi:m:lm ::[aorma
create activities, adjust sensors, and view participant data among other things. i F

The third party will be given an investigator account that will allow them to *
access the dashboard. This investigator account will be created by the Division t J

of Digital Psychiatry. Additionally, they will have access through the
investigator account through the admin account. The other way to access the
data collected is through the mindLAMP APIL With the API researchers can pull
both raw data from the database and processed data using Cortex
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Figure 50. An example of test account data used to illustrate how 1 passive data feature screen time can be visualized in light of different symptoms

and functioning metrics.

Screantime

Timia
¥
-
-
-
-
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Conclusions

Digita phenotyping presentsresearchers, clinicians, and patients
with awealth of new data. Packages such as Cortex ensure that
these data and resulting insights are accessible to all. By
reviewing how to pull active and passive data, check the
participants’ data quality, manipulate DataFrames, and create
basic data visualizations, this paper serves as an interactive
guide for advancing reproducible and replicable digital
phenotyping research.

Similar to many other tools, Cortex hasitslimits. While Cortex
has been optimized for mindLAMP, it will still work on any
data set that meets the formatting requirements outlined in the
Review of Digital Phenotyping Data Types section. Cortex will

Acknowledgments

Survey Score

attempt to provide meaningful insights and features derived
from low data quality, but the quality of such features is
guestionable. Fortunately, low data quality can be prevented
with regular checkups with participants using Cortex for quality
checks, as discussed in the Checking Engagement and Data
Quality section. Clinical judgment is always necessary when
interpreting any output, and at the time of this writing, for
psychiatry, there are no digital biomarkers recognized by the
Food and Drug Administration or other regulatory bodies.

Cortex is an open-source package. As such, it is aways
evolving, both internally within the team and externally from
users worldwide. Due to this evolving nature, this paper is not
meant to be rigid but more of aliving document to be updated
periodically. Updates are posted on the web [51].
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