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ABSTRACT
The increasing availability of health data and knowledge
about computationally modeling human physiology opens
new opportunities for personalized predictions in health. Yet
little is known about how individuals interact and reason
with personalized predictions. To explore these questions,
we developed a smartphone app, GlucOracle, that uses self-
tracking data of individuals with type 2 diabetes to generate
personalized forecasts for post-meal blood glucose levels.
We pilot-tested GlucOracle with two populations: members
of an online diabetes community, knowledgeable about dia-
betes and technologically savvy; and individuals from a low
socio-economic status community, characterized by high
prevalence of diabetes, low literacy, and limited experience
with mobile apps. Individuals in both communities engaged
with personal glucose forecasts and found them useful for ad-
justing immediate meal options, and planning future meals.
However, the study raised new questions as to appropri-
ate time, form, and focus of forecasts and suggested new
research directions for personalized predictions in health.
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1 INTRODUCTION
For centuries people and cultures have been intrigued by the
possibility of predicting their futures. While historically an-
ticipating the future often fell into the domain of unscientific
and occult, the rapid growth of data coupled with develop-
ments in machine learning and computational data analysis
has advanced prediction generation to be well within the
realm of the scientific and conventional. Forecasting solu-
tions in fields such as meteorology and weather, financial
management, and transit and traffic have helped individuals
navigate novel situations, make informed choices, and pre-
pare for anticipated outcomes [3, 18, 20, 21].

As predictive analytics has gained traction in several do-
mains, one of its most significant applications has been
within medicine and healthcare. For example, new compu-
tational approaches have synthesized the data within Elec-
tronic Health Record (EHR) systems to deliver insights and
enable practitioners to provide more tailored, accurate, and
effective medical care [23]. Furthermore, analytic tools have
been used to communicate risks of prognoses, help patients
build mental models of disease, and encourage preventa-
tive and diagnostic measures [4, 21, 38]. Other studies have
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demonstrated the value of prediction in facilitating informed
decision-making by enabling patients to explore how possi-
ble treatment outcomes could affect their health and quality
of life [19, 21].

One area where predictions of health outcomes may be
particularly impactful is chronic disease self-management.
One such disease, type 2 diabetes, is among the most com-
mon chronic diseases in the United States and affects over
30 million Americans [16]. Individuals with type 2 diabetes
are often required to carefully monitor their blood glucose
(BG) levels, diet, physical activity, and other daily routines
to prevent BG spikes or drops that may lead to dangerous
complications [10, 36].

For these individuals, anticipating the impact of daily
choices on blood glucose (BG) is an essential part of self-
management. However, given the complex nature of BG
dynamics, individuals often struggle to anticipate glycemic
impact of common activities, such as exercising and eating
meals [18, 27]. With advances in the computational modeling
of BG dynamics [1], there are new opportunities to develop
solutions that may inform individuals’ actions by predicting
the impact of these choices on BG levels.

Yet, thus far, little is known about how individuals per-
ceive, understand, and act on personalized predictions re-
garding the anticipated impact of daily activities on their
health. Further, there exist few guidelines for designing inter-
active systems incorporating personalized prediction in such
contexts. While a rich body of research in personal informat-
ics has investigated how individuals engage with logging
and reflecting on personal data [13, 21, 22, 27, 35, 38], there
have been few studies that have explored how users engage
with computationally generated personalized predictions. In
one example, Hollis et al. explored personal predictions in
mental health and found that anticipating changes in future
moods can have a positive impact on one’s emotions and
moods [21]. However, many questions remain as to how to
apply lessons learned from predictions in mental health to
the management of other chronic conditions.

To explore these questions in the context of diabetes, we
developed a smartphone app, GlucOracle, which provided
users with personalized mealtime forecasts of anticipated
changes to BG levels in response to meals. Using GlucOracle,
users estimate the macronutrient content of a planned meal,
record pre-meal BG level, and receive a personalized forecast
for BG after eating the meal [1]. Further, GlucOracle can
provide users with accuracy feedback on their nutritional as-
sessment of meals generated by Registered Dietitians (RDs).

We pilot-tested the feasibility of our app with two dif-
ferent populations: five knowledgeable and technologically
savvy members of an online health community (termed expe-
rienced adopters throughout the paper), and five members of
an economically disadvantaged community characterized by
low education and limited prior experience with mobile apps
(termed novice adopters throughout the paper). Participants
were asked to use GlucOracle for 2-5 weeks and were inter-
viewed about their experience with the tool at the end of the
study. Due to the exploratory nature of this study, we were
most interested in users’ perceptions of the app, patterns of
engagement, impressions of receiving personalized forecasts
and feedback on the accuracy of nutritional assessments, and
experiences using the tool for daily decision-support.

Findings showed that both user groups understood fore-
casts and found these personalized predictions to be intuitive.
Moreover, users found forecasts helpful in decision-making
and used them tomake immediate changes in potential meals,
plan future meals, and plan other activities in conjunction
with meals for glycemic management. Counter to our expec-
tations, the enthusiasm towards the app was considerably
higher among novice adopters who found the process of
recording meals and nutrition to be insightful in itself. Con-
versely, our experienced adopters found recording meals and
entering nutrition information to be too burdensome, given
that forecasts mostly confirmed what they had previously
learned about their diabetes through self-experimentation.
Here, we draw on these results to examine differences be-
tween designing tools for intensive learning and for daily
decision support in health, for analyzing engagement with
technologies for health, and for the design of future tools
that incorporate personalized forecasts to help individuals
manage chronic conditions, such as type 2 diabetes.

2 RELATEDWORK
Previous work exploring the impact of predictions on indi-
viduals’ behaviors has occurred in several different domains.
Past work in decision-making has noted that individuals in-
corporate forecasted information differently when reasoning
with single one-off decisions (such as the choice to undergo
major treatment) than they do when reasoning with repeated
decisions [2]. Because the self-management of chronic dis-
eases like diabetes involves making multiple small choices
over an extended period of time, we were particularly inter-
ested in understanding how individuals repeatedly reason
with forecasts in the context of daily decision-making.

Predictions in Modern Life
Perhaps one of the better known applications of forecasting
in daily life is forecasting of weather. Broadly, work in this
domain has shown that users across multiple backgrounds
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are able to interpret forecasts and rely on them to assess daily
conditions [20, 34]. This work has also suggested that indi-
viduals often struggle with understanding the uncertainty
associated with forecasts (e.g., understanding the chance of
rain) and using forecasts to definitively guide behaviors (e.g.,
whether or not to take an umbrella) [20, 35]. However, it
is important to note that general weather forecasting dif-
fers from the forecasting in self-management contexts, as in
chronic disease management individuals do have the agency
to alter outcomes, instead of just relying on predictions to
react to anticipated events.

In addition to weather, forecasting tools for navigating
traffic and commutes have been used to guide daily behav-
iors. Traffic navigation tools often help individuals identify
the most efficient routes for travel coupled with real-time
traffic flow feedback [3]. While controlling traffic is also
beyond the users control, individuals can still make instan-
taneous choices that can impact their arrival times. Studies
note that such navigation tools are often most useful for
users who lack long-term experience in a particular place,
and are navigating novel roads [3]. Interestingly, while pro-
viding knowledgeable users with traffic flow information can
increase the short term flexibility in choosing new routes,
over the long term users tend to seek out solutions that they
know are reliable based on both predictions and their own
experiences [3]. While predictions in traffic are similar to pre-
dictions in health in that they involve routine daily choices,
these dynamics are also somewhat less personal and, unlike
in health, do not have an aggregate long term impact upon
individuals’ wellbeing and quality of life.

Predictions in Health
Within the realm of health, predictions have often been used
in the context of communicating risks of possible negative
health consequences of different behaviors to users [14, 17].
However, these predictions are typically meant to help users
make big changes in their lives, rather than inform routine
daily choices, such as meal selection.

Personal informatics tools that help users track daily be-
haviors and indicators of health allow users to reflect upon
their collected data, build better mental models of disease,
and assess trajectories towards desired outcomes [18, 19, 27,
32, 33, 35]. Within the context of diabetes, past work has
shown the utility of data collected with a continuous glucose
monitor (CGM) in contributing to robust mental models for
individuals’ glucose dynamics [13, 31]. Furthermore reflec-
tion upon past outcomes can give rise to an understanding of
how to anticipate the impact of behaviors on blood glucose
(BG) dynamics. For example, Gibson et al. has shown that

anticipating the impact of exercise on BG can lead individu-
als to adopt more robust exercise routines [18, 19]. However,
while these tools are important in helping users monitor
progress they do not focus on in-the-moment decision sup-
port and helping users navigate anticipated outcomes.

There exist several examples of previous solutions that
specifically investigated personalized predictions in health.
In diabetes, several initiatives focused on predicting changes
in BG levels (e.g., artificial pancreas projects [5] and the
NightScout project [24]). However these solutions offer fore-
casts divorced from planned activities, such as meals. While
these tools help users carefully track ongoing dynamics, they
are not built to help users anticipate the impact of daily activ-
ities on these dynamics. Within the HCI community, Hollis
et al. incorporated prediction of changes in mental health
along with different activities that affect mood [21]. In our
own previous work, we explored ways to visualize personal-
ized BG forecasts to diverse populations and found general
enthusiasm for such tools among potential users using a set
of design mockups [12]. In this study, we build upon this ex-
ploratory research and deploy an early version of GlucOracle
into the field to assess the feasibility of using personalized
forecasts as a decision support for daily nutritional choices
in diabetes.

3 GLUCORACLE DEVELOPMENT AND STUDY
DESIGN

Personalized Forecasts
Themain focus of GlucOraclewas on providing in-the-moment
meal-time decision support using personalized forecasts to
predict changes in BG levels in response to meals. To achieve
that, GlucOracle asks users to log their meals by providing: a
photograph of the meal, a brief text description, and BG lev-
els before and 2 hours after eating the meal. GlucOracle uses
these data to train a personalized computational model of BG
regulation. Once the model is trained, for all newly captured
meals, GlucOracle displays a forecasted range of future BG
levels between the lowest and highest points of a continu-
ous stream of predicted BG levels within 3 hours after the
meal. The users can then decide whether to continue with the
planned meal, or whether to change it, for example by adding
or removing foods, recording a new meal, and reviewing cor-
responding changes in the forecasted BG (Figure 1). Because
the computational model uses macronutrient amounts as
inputs, and to ensure timely delivery of forecasts, GlucOra-
cle uses individuals’ own estimates of nutrition in meals to
generate forecasts. However, it uses nutritional assessments
by Registered Dietitians (RDs) to train the computational
model.
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Figure 1: Personalized BG forecasts: on the left, the user pho-
tographs one pumpkinmuffin and views the forecast; on the
right, the user increases the amount of pumpkin muffins
and views comparison between the two forecasts.

Prediction Model in GlucOracle
GlucOracle’s personalized prediction uses a statistical frame-
work (data assimilation) to generate personalized, nutrition-
driven, real-time forecasts of blood glucose [1]. We use a
prediction-correction scheme, an unscented Kalman filter
(UKF) to incorporate self-monitoring data into mechanistic
models of physiologic glucose-insulin regulation [37]. The
filter allows the machine to update and forecast, in real-time,
an individual’s constantly evolving endocrine state (e.g., glu-
cose and insulin levels, as well as insulin sensitivity and
nutrition absorption rates) based on each new data point.
Albers et al. showed that the UKF’s prediction errors grow
quite large initially (as part of its exploratory learning phase),
but converge to an error rate comparable to that of diabetes
experts after roughly 50 glucose measurements [1]. To ac-
commodate this, GlucOracle does not provide forecasts until
the error-prone training phase is completed.

Nutritional Assessment Feedback
GlucOracle relies on users’ own nutritional assessment to
generate in-the-moment forecasts; yet achieving high ac-
curacy in such assessments can be challenging [27]. Previ-
ous research established the feasibility of using correctness
feedback with explanations to promote nutritional learn-
ing [6, 30]. Building on this work, GlucOracle helps indi-
viduals increase accuracy of their nutritional assessments
by providing them with correctness feedback and explana-
tions. For each meal captured by a user, an expert Registered
Dietitian (RD) reviews the meal and provides their own as-
sessment. This expert assessment is then displayed to the

Figure 2: Screenshots of GlucOracle Interface: on the left,
a set of sliders to enter macronutrient and caloric esti-
mates; on the right, a comparison between user and expert’s
macronutrient assessments.

user next to their own, with discrepancies highlighted and
the overall correctness score. GlucOracle includes a web-
based workflow for a team of RDs who can each provide
assessment of meals; to ensure consistency, all RDs follow a
standardized protocol using a USDA nutritional database.

Notably, because of several challenges that emerged dur-
ing the study, this set of features was disconnected and one
cohort of users did not receive RD feedback. We further
explain on what led to these choices and implications on
findings in the results section of the paper.

4 EVALUATION OF PERSONAL HEALTH ORACLE
Participants
To evaluate feasibility and usefulness of personalized blood
glucose forecasting in diabetes self-management, we con-
ducted a pilot study with two cohorts of users with different
backgrounds. The first cohort (n=5) were members of an on-
line health community focused on diabetes self-management.
Based on our previous research with this community, we
expected these users to be knowledgeable about diabetes self-
management and nutrition, technologically savvy, and have
prior experience with self-management technologies [28];
thus, we termed this cohort experienced adopters of health
technologies (Participants 1–5).

Our second cohort (n=5) was recruited among residents of
a predominantly Latino, economically disadvantaged com-
munity with low level of education, high level of unemploy-
ment, and high prevalence of diabetes [25]. We expected
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these individuals to be less knowledgeable about nutrition
and diabetes self-management and less experienced with
self-management technologies. We termed these participants
novice adopters (Participants 6–10). These participantswere
predominantly Spanish-speaking and used a Spanish version
of the app. We included these two populations to identify
potential barriers to technology engagement for individuals
from populations with low literacy and low motivation to
engage with technologies for health. Members of the online
diabetes community were recruited through advertisement
on the community website, and through personal communi-
cation with moderators. Individuals from our local commu-
nity were recruited among participants of a different study
that also involved using a smartphone app for diabetes self-
management.

Study Design
Participants in both cohorts received 1 hour training on us-
ing GlucOracle delivered over Skype (experienced adopters)
or in-person (novice adopters) and were asked to use the app
for 2-5 weeks. The experienced adopters used the app with-
out receiving predictions during the training phase (which
included the first 50 BG records and lasted on average 1
week). The novice adopters took part in a study that involved
keeping track of their meals and BG levels with a different
smartphone app that used different features to promote self-
management (goal-setting and feedback on goal achievement
from expert dietitians). Consequently, these participants al-
ready had sufficient data to generate personalized predictions
from the first day of the forecasting study. This prior expo-
sure to self-tracking, however, may have introduced bias in
individuals’ experiences, noted in the limitations section.

For all 10 participants, we tracked their usage of the app
and interviewed them about their subjective experiences
upon completion of the study. Interviewswith Spanish-speak-
ing participants were conducted by a Spanish-speaking mod-
erator. The Institutional Review Board of the Columbia Uni-
versity Medical Center approved the study.

As this study focused on the feasibility of such a tool and
users experiences interacting with it, we did not examine the
impact of the app on learning about nutrition or individuals’
behaviors and BG levels after receiving forecasts. Similarly,
we do not report on the accuracy of the forecasts; we plan to
provide a detailed analysis of forecasts’ accuracy and sources
of errors in our future publications.

5 DATA ANALYSIS
We analyzed participants’ usage logs for frequency of use
for different features overall and over time.

The qualitative interviews were transcribed verbatim; in-
terviews conducted in Spanish were translated into English
for analysis. We used inductive thematic analysis to analyze
transcripts for emerging themes [9]. Two authors indepen-
dently coded two interview transcripts, one from each user
group; their coding schemes were then compared in-person
and all discrepancies in codes reconciled through discussion.
The remaining interviews were coded independently by the
last author using the merged coding scheme. Further, we
examined similarities and differences in occurrence of codes
between the two user groups and used member checks to
confirm the validity of our findings.

6 RESULTS
GlucOracle Usage Patterns
Overall, the participants showed varying degrees of engage-
ment with GlucOracle in the course of the study. Users
recorded 0 to 5 meals on different days with average daily
median of 1.25. Experienced adopters (P1-P5) on average
logged a median of 1.4 meals/day, while novice adopters
on average logged a median of 1.1 meals/day. Usage over
time suggests that the median number of meals logged per
week for both groups declined steadily, though there were
individual differences. Interestingly, while in the first week
of the intervention the experienced adopters logged sub-
stantially more meals than the novice adopter (a median
of 15 and 8 meals/week respectively), by the fourth week
of the intervention of the study both groups were logging
similar numbers of meals (a median of 7 and 6 meals/week
respectively) [see supplemental material]. Most participants
(7 out of 10) changed at least one meal during the study. Six
participants actively used notes to capture comments about
consumed meals or captured BG levels.

Overall life experiences and diabetes management
We report on participants’ overall experiences with diabetes
and nutrition as they provide important background for un-
derstanding their engagement with GlucOracle.

Experienced Adopters
As we expected, experienced adopters (Participants 1-5) were
already actively engaged in their self-management and self-
monitoring; 4 out of 5 had experience with different self-
monitoring technologies, including continuous glucosemoni-
tor (CGM) and all had experiencewith diabetes self-management
apps. Most of these participants had spent considerable time
refining their self-management strategies using their self-
monitoring data and through experimentation:

I mean, I’m all about the data. (P5)
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Table 1: Participant Demographics

Experienced Adopters Novice Adopters
N 5 5
Sex 80 % Female 100 % Female

Ethnicity 100 % White 100 % Hispanic
Age 54 +/- 5 yrs 55 +/- 7 yrs

Length of Diagnosis 15 + yrs 3 – 20 yrs
Experience with Health Apps 100% 0%

For me it’s easy because I experiment with myself and I pay
attention to what I eat. (P2)

Further, these individuals reported feeling relatively suc-
cessful in maintaining control of their diabetes and were not
too concerned about fluctuations in their BG.

I’m not terribly concerned about the blood glucose. . . (P3).

These individuals also reported feeling quite knowledge-
able in regards to diabetes self-management and nutrition,
and considered their knowledge to be above average for a
person with diabetes:

I am pretty knowledgeable about [nutrition]. Certainly about
carbohydrates. In terms of the other, the other macronutrients,
maybe not as much but you know, so many years of following
different eating styles, so I’m fairly knowledgeable. That may
not be typical. (P2)

Further, they had well-established practices regarding moni-
toring nutrition in their meals:

And I have a single serving thing that I use sometimes like
I always measure exactly how much rice. How many carbohy-
drates. (P1)

However, even for these participants estimating nutrition
in their meals and anticipating impact of meals on their BG
levels remained a challenge. In regards to nutrition in meals,
participants most comfortably estimated carbohydrates – the
main driver BG changes — but were less confident estimating
other macronutrients, particularly fiber. When it came to an-
ticipating the impact of meals on BG levels, all participants
lacked confidence and discussed multiple complexities of BG
management. Part of this was due to the multiple factors
that impact BG:

And I think that I – I’m sure that if you could drive your-
self by micromanaging every molecule you put in your mouth

and it still never get it right. . . It’s still – still very difficult. You
know because blood glucose is not just what you’re putting
in your mouth, but it’s also activity and it could be a lot of
biochemistry going on (P5).

Others referred to bodies as having "a mind of its own":

And then – then of course the body has its own mind and
you think it’s going to do one thing and it does something else
totally different. (P2)

As a result, even these individuals often settled on relatively
simple techniques for managing their nutrition. One such
strategy was something they referred to as "eating to your
meter". Instead of trying to estimate nutrition in every meal,
they checked BG before and after common meals to assess
their glycemic impact; if the impact was deemed acceptable,
these meals were added to individuals’ mental library of "safe
meals" that can be relied on:

Guess it’s sort of backing up one step, my approach to dealing
with diabetes and eating is to figure out what are safe meals
for me to eat, or sort of – and do variations on those that I know
will work for me, rather than doing an estimation of each meal
that I eat (P5)

Novice Adopters
In contrast to the experienced adopters, novice adopters (P6–
P10) had limited structured experience or education with
diabetes self-management and nutrition, and with any tech-
nologies for managing their disease:

Honestly, I never had the support with my food education.
[This study] was the first thing that helped me. I liked it a lot
(P7).

Perhaps, not surprisingly, these individuals reported rela-
tively poor glycemic control and were accustomed to high
blood glucose levels:
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It is very rare that my blood level is low. Before I woke up
with low sugar, like 60, 70, 80 until I reached 44 or 50. But after
they changed my insulin, instead of going down, it goes up.
Although I do not eat, it goes up. Then I sometimes stop eating.
Then I inject myself in the night and I sleep with a 300 BG and
I wake up with the highest sugar. (P8)

These individuals also remarked on struggling with other
health challenges, including weight management, which of-
ten presented barriers to diabetes self-management:

My life has been like that always. I have to have something.
An operation, that now I have this, that I have arthritis, that I
can no longer walk. (P8)

These individuals typically did not have any established self-
management practices. Most of them reported on poor eating
habits and lack of exercise:

I had a lot of mess with the food. I ate what appeared and
what was in the fridge. Or sometimes worse, I would go in
and buy coconut things and sweet things, something to kill the
anxiety.(P10)

Most perceived a need to change their diets, but lacked both
the knowledge and resources to carry out these changes:

The money, because you have to change the food. Sometimes
you have to eat what there is. They do not give me coupons,
what helps people andwhat they give you does not help you.(P8)

Personalized Forecasts as Decision Support
The main focus of GlucOracle is on providing personalized
BG forecasts as meal-time decision support. However, in
order to receive forecasts, individuals need to continuously
track their meals and BG levels, and provide estimates of
nutritional composition of their meals. Below we report on
individuals’ experiences with data collection, nutrition esti-
mation, as well as with receiving the actual forecasts.

Tracking personal data
Most participants found the photo-diary approach to track-
ing nutrition to be a relatively easy way of capturing meals.
However, several commented on the awkwardness of taking
pictures of one’s meals while eating out or in social set-
tings. Most participants also appreciated the opportunity to
keep both nutritional records and BG records in the same
app, something they referred to as an "all-encompassing
app". The practice of frequently checking BG levels, and par-
ticularly scheduling checks before and after meals, while
common for experienced adopters, was new for the novice

adopters group. While experienced adopters had prior ex-
perience with this method of tracking and often used it to
refine their self-management approaches, novice adopters
had limited experience doing so before joining the study.
As a result, all five individuals in the novice adopters group
made multiple comments about "before and after" as one of
the most useful strategies learned during the study.

However, the perceptions were mixed in regards to the
need to assess macronutrients in the meals. Surprisingly,
novice adopters were not burdened by the need to track nu-
trition and found this feature to be informative, raising their
awareness of the nutritional content of their meals:

I learned a lot. I learned to read calories, fats, proteins, if it
contained fiber or if it didn’t. All of that I liked. (P9).

On the other hand, experienced adopters found this feature
to be exceedingly burdensome:

The variety of foods and all these macronutrients and it felt
a little overwhelming at times because it was just so much –
from variety – you know I try not to memorize the chart, you
just sort of learn the characteristics just go with that because
– and I’m not very good at just roughly memorizing things I
need to have a reason (P2).

Further, all experienced adopters expressed frustration with
features for meal capture, and found them to be overly sim-
plistic and inconsistent with their typical eating behaviors.
For example, they described meals with multiple courses
stretched overtime, or a possibility of choosing multiple
servings of different dishes, leftovers, optional desserts, and
many others. The simple approaches to using one photo-
graph to capture the entire meal was perceived as inconsis-
tent with these moreflexible and complex eating behav-
iors. Notably, these perceptions were only typical for the
experienced adopters group.

Learning to estimate nutrition
Overall, experienced adopters had mixed reactions to receiv-
ing feedback on nutritional assessment from RDs. Further,
they had high expectations for accuracy from RDs, and were
often put off by what they perceived as errors in RD assess-
ments:

Okay, the feedback from the dietitian was strange. I tried to
put clarifying notes –several times I’ve entered things and in-
dicated that the nutrition information I was putting down was
what was on the package, and the responses I would get were
so all below, I would tend to go scratching my head and going,
how did they get 1000 calories in a four-ounce nut bar? (P1)
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Further, because participant’s meals were estimated by dif-
ferent RDs on the team, participants noted discrepancies
between estimates from different RDs. Perhaps more impor-
tantly, all of these participants were somewhat put off by
what they perceived as judgmental feedback from the RDs,
for example when comments on high fat in meals were per-
ceived as implying poor nutritional choices:

And there was also a real difference in terms of the style of the
information, some of them felt very kind of factual and others
felt more judgmental, which is sort of be – yeah, I’m trying to
think, just the way it was phrased, you know, this meal carries
–has a lot of fat in it and you know as opposed to, there is this
amount of fat in this ingredient and this amount of fat in this
ingredient, it was sort of – it felt like there was a little bit of
judgment there about what was being eaten. (P5)

However, even despite these negative perceptions, 4 out
of 5 participants felt that their understanding of nutrition
increased after using the app.

So it was a learning experience and I felt like I got better at it.
You know I don’t have a – I don’t know – there needs to be a
score on how well I did overall and whether I did – you know
started out poorly and then I refined my estimation list. (P2)

These four participants cited written feedback from RDs
as being critical to their learning:

And you know it says – and not just your fibers – if was
wrong if I said you 30 carbs and it came out as 40 or some-
thing like that it was to me – the number itself would have
made me go ah – but it was a really good break down – show
where all the carbs are coming from. And so it helped me learn
that I mean this is a lot of information to take in all at once.(P3)

RD burden and removal of feedback features
Despite the generally positive perceptions regarding the im-
pact of RD feedback on individuals’ nutritional learning, we
had to disconnect this set of features from the app. This was
primarily because of the high burden on RDs. We recruited 6
RDs to work as paid consultants providing nutritional assess-
ments; all six had full-time jobs and provided feedback in
their spare time. After the first week of the study, with each
participant recording 3-8 meals per day (including snacks),
the pipeline of meals requiring assessment grew to over 200
meals, which led to considerable delays. Follow-up discus-
sions with RDs showed that meals with many ingredients
required 30-40 minutes to generate both assessment and
feedback. Consequently, we removed RD feedback for our
second population. In this second part of the study, RDs
were still asked to provide nutritional assessments that were

used to train the forecasting model, but no longer provided
explanations.

Experiences with Personalized Forecasts
Overall, the participants in both groups quickly understood
the concept of personalized predictions and what they indi-
cated, and found many creative ways to incorporate these
predictions in their decision making. Yet, there were also a
number of important differences in their perceptions of the
forecasts. Below we discuss our findings in several different
categories, including 1) the experience receiving forecasts, 2)
interpretations of forecasts’ meaning; 3) different approaches
to incorporating forecasts into daily decisions, and 4) the per-
ceived impact of forecasts on individuals’ self-management.

Experience receiving forecasts
Generally, experienced adopters perceived forecasts as fun
and engaging, and as a bit of a novelty. For some, receiving
forecasts felt like a fun game:

So I liked that part of it, I liked the predictions; its like a game
almost so that made it fun. In that in itself I think is a motivator
to use the app in getting the prediction. (P2)

Most participants in this group perceived forecasts as rela-
tively accurate, which led to a growing trust to predictions:

It would make me, if I trusted the–and I thought it was pretty
good, again, they were really right, so it was pretty much on,
and you know, it did a pretty good job (P1).

At the same time, for most participants in this group, the
forecasts were neither surprising, nor particularly informa-
tive. All five participants in this group had relatively well-
controlled BG that rarely deviated from the recommended
ranges. Moreover, their diets primarily included meals they
found to have minimal impact on their BG through exper-
imentation. As a result, many of the participants felt that
the forecasts provided more of a confirmation of what they
knew already, rather than led to any new discoveries:

I think generally it was sort of a confirmation of what I thought
already that may have been affected somewhat by just where
my blood sugar was to start with. Yeah. (P5)

In contrast, for novice adopters, the entire idea of consider-
ing glycemic impact of meals before consuming these meals
was new and exciting. These participants had full awareness
of the negative impact of high blood glucose excursions on
their health. Seeing high numbers in the forecasts inspired
them to more seriously consider consequences of their nu-
tritional choices:
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. . . of course, because imagine, I use to eat like crazy. And with
the forecast you think, ”I don’t want them to cut off my legs”
or ”I don’t want to go blind” or ”I don’t want to get dialysis”.
That would at least help me control myself. (P7)

Similarly, forecasts within BG ranges typically considered
safe were perceived as reassuring and motivating:

I liked it a lot because, for example, it would sometimes predict
that my blood glucose would go high and I had to bring it down.
It would also tell me when I was doing wonderful. I am taking
care of my sugar. (P7)

Interpreting forecasts
When asked to explain the meaning of the range included
in forecasts, the experienced adopters generated a variety of
explanations, yet few of them remembered the actual mean-
ing of the range explained to them during the training. The
most common explanation for the range was that it was in-
dicative of uncertainty inherent in the computational model.
Since most of these participants had experience with CGM
curves, all of them wished that the app showed them the
actual continuous BG predictions as curves:

I would definitely be interested in seeing the curves. . . If it’s
going to be a moderate raise over a long period versus a short
spike that doesn’t last very long,. . . that might change the way
I felt about what was happening. (P5)

Somewhat in contrast to this, novice adopters did not con-
struct particular explanations for the range and simply fo-
cused on whether both numbers in the forecasted range were
within the recommended "safe" zone.

Using forecasts for making decisions
Overall, all participants appreciated the opportunity to con-
sider outcomes of their planned meals before these meals
were consumed, rather than facing consequences of their
decisions:

[In diabetes] that’s a lot of fore planning, but you know so you
can sort of – a lot of it in diabetes is all about oh I shouldn’t
have done that. (P2)

The participants in both groups described relatively sim-
ilar strategies for incorporating forecasts into their decision-
making. Some participants described using forecasts to choose
between meal options; this was particularly common for
pre-packagedmeals available for purchase. For others, a most
common way of using forecasts was to change the planned
meal; this included both changing the amount of food on
the plate, or adding and remove different parts of the meal:

Well, when I eat a meal that I know is going to raise my sugar,
I try to eat less. A little less of that food. (P6)

However, for many study participants in both groups, re-
ceiving forecasts after the meal was already prepared and
served and could be photographed was too late; these indi-
viduals proceeded to eating their planned meal, but used the
forecasts to adjust similar meals in the future:

By the time I can photograph a meal, I’m pretty much com-
mitted at that point. And probably what I would be looking at
is if my blood sugar spikes more than I wanted to with that
meal, then the next time I make that meal, I would cut down
the carbohydrates or add more protein or eat a smaller serving
or something like that. (P5)

Yet others found different ways to compensate for the antici-
pated rise in the BG levels without changing their planned
meal, for example by taking a walk or eating smaller meals
later in the day:

Or . . .walk around the neighborhood after I eat because I don’t
want to maintain the high blood glucose you know so – I can
take action one or two ways. (P2)

Perceived usefulness and impact of forecasts
Even though participants in both groups found numerous
ways to incorporate forecasts into their decision-making,
they varied somewhat in their assessment of GlucOracle’s
usefulness as a tool for nutritional decision support. Expe-
rienced adopters generally saw forecasts provided only at
meal-time as limited in their ability to have an impact on
self-management that would justify the burden of contin-
uous self-tracking. They made many recommendations for
making forecasts more useful. For example, one common
suggestion was to introduce forecasts at the time of meal
planning, when they had more opportunities to change in-
gredients and proportions:

So I guess actually, maybe one thing for me would be, if it
were possible to put in my recipe and estimate based on that,
that would be something I’d be more likely to do upfront. But
by the time it’s – by the time it’s a meal, I’m likely just to eat
what’s in front of me and use the information for later. (P5)

Similarly, they made multiple recommendations for mak-
ing the tracking part of the app less burdensome and more
flexible. For example, a common suggestion was to further
simplify meal capture by creating personal libraries of com-
mon meals or selecting meals from nutritional databases.
Further, they wished for an ability to edit captured meals,
add second helpings, and capture left-overs.
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Overall, these participants saw GlucOracle as a tool most
useful for short periods of intensive learning and experi-
mentation that could be repeated if needed, or for exploring
impact of new unfamiliar nutritional options, rather than a
tool for everyday decision-making:

So I think, I would tend to look at it not as something that
I would use all the time, but as something that I would use
religiously for a week or two every few months to just get a
sense of where I am. . .And yeah for unusual meals or for dining
out, I think it would be a really good thing, we don’t tend to
dine out very much these days . . . (P5)

In contrast, novice adopters talked about forecasts as an
eye-opening experience that had significant impact on their
self-esteem and anxiety associated with eating:

Satisfied. I feel more, how do I say. . . Before I had a low self-
esteem. But now, I am in better shape, I am satisfied. Thanks
to the program [GlucOracle]. (P7)

It has helped me a little bit more to control that anxiety of
eating. (P6)

These participants felt that using the app considerably in-
creased their knowledge of nutrition and their understanding
of how different foods impact their BG levels, which for many
translated into concrete changes to their diets and perceived
improvements in their BG levels:

Yes, for example, Latinos would always eat green plantains
. . .And in the forecast I noticed that it [plantains] really didn’t
raise it by much. The sugars rise more with rice, carbohydrates
and candy/sweets. Everything that contains sugar like white
rise, white things like cassava, and all of that raises [blood
glucose]. I noticed that banana, whole wheat, and plantains
did not raise my blood glucose by much. (P9)

7 DISCUSSION
This study examined the feasibility of using personalized
blood glucose (BG) forecasts to help individuals with type 2
diabetes select nutritional choices by exploring the potential
impact of meals on BG levels. To this end, we developed a
smartphone app, GlucOracle that incorporated a novel com-
putational model to generate personalized predictions of
BG fluctuations. GlucOracle used forecasts to help individ-
uals consider different meal options and select a meal that
satisfied their nutritional preferences and self-management
priorities. We explored the feasibility of this tool with 2
different populations: individuals recruited from an online
diabetes community, knowledgeable in nutrition and dia-
betes and committed to self-management, and individuals

from an economically disadvantaged community character-
ized by limited enthusiasm for health technologies and lim-
ited knowledge of nutrition and diabetes self-management.
Overall, the study found much support for the idea of using
personalized forecasts to support nutritional decisions.

Across both populations, participants found the app to be
relatively simple to use, and personalized predictions to be
intuitive to understand. Similarly, across both populations,
participants identified many different ways to incorporate
forecasts into their nutritional decisions. For some, forecasts
guided immediate changes to a planned meal in order to
avoid a predicted rise in their BG. Others were reluctant
to change already cooked and served meals; instead, these
individuals used feedback from the forecasts to plan adjust-
ments to future meals. Yet others used forecasts to guide
other behaviors that would mitigate the glycemic impact
of a meal without changing the meal itself, for example by
increasing their physical activity that day. These findings
are consistent with previous research that has highlighted
the utility of personalized predictions in health [18, 19, 21].
Specifically it affirms past work showing that reflecting on
personalized self-monitoring data and personalized predic-
tions contributes to building a dynamic mental model of
disease that can guide future choices [4, 13, 18, 19, 31, 35].
However, the study also identified several new areas for con-
sideration that may inform the design of data-driven tools
for health management, and, more generally, for research
in technologies that use personalized prediction in health.
Below we describe these considerations and corresponding
implications.

From experience to expectations
When choosing populations for inclusion in our study, we
expected technologically savvy members of an online dia-
betes community to be possible early adopters, more likely
to engage with new technologies, and more willing to over-
look some of its limitations. However, the study suggested
that while these individuals were indeed excited about new
technological solutions, they also had high expectations for
both ease of use and usefulness of novel tools. These users
had previous experience with self-tracking technologies and
were accustomed to richer, more flexible sets of features for
diet tracking that would not disrupt their eating practices.
GlucOracle, designed as a proof-of-concept research proto-
type, fell somewhat behind their expectations.

Further, these users found the need to manually enter nu-
tritional estimates to be cumbersome and a major barrier to
using the app on a regular basis. Moreover, these individuals
had a relatively well-established set of routines and practices
for diabetes self-management, strong support networks, and
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few remaining concerns regarding their BG. These partic-
ipants felt that forecasts affirmed what they already knew
about their BG control. As a result, for these individuals the
trade-off between the burden of use and benefit gained from
using GlucOracle was not in favor of the app.

In contrast, participants recruited from the local commu-
nity had limited experience with diabetes or nutrition educa-
tion, few opportunities to develop diabetes self-management
practices, and little support for their self-management, tech-
nological or otherwise. Perhaps for these reasons, partici-
pating in the study was an eye-opening experience for this
cohort. The practice of tracking activities and BG levels and
the possibility of examining glycemic impact of meals were
novel experiences and participants found these practices to
be valuable and informative. Interestingly, these individuals
paid little attention to inconvenience of recording meals or
entering macronutrient composition; in contrast, they found
both of these activities to be educational in themselves. These
findings are consistent with characterization of factors that
influence technology adoption within the Technology Adop-
tion Model (TAM) [11]: for experienced adopters, high per-
ceived burden and low perceived usefulness lowered interest
in adoption, whereas for novice adopters, these attitudes
were reversed, which led to higher interest in adoption.

These findings have implications for the design of future
solutions for health management that target diverse popu-
lations. While it is common for new technologies to target
early adopters, this study further highlights that perceptions
towards technology may not generalize between popula-
tions, sometimes in unexpected directions. This further rein-
forces the need for more focused tailoring of technologies
for self-management to both experienced users and novices.
In the case of self-monitoring tools, more experienced users
may value richer features that integrate multiple types of
self-tracking data, elegant workflows, and novel feature pre-
sentation. By contrast, novice users may be less deterred by
friction when using tools, and instead more motivated by
the benefits and insights they gain from using an app.

Short-term learning VS long-term decision support
A related consideration that emerged during the study was
regarding differences in perceptions regarding the purpose of
GlucOracle. Given their alreadywell-established self-manage-
ment practices and perceptions of high burden of self-tracking,
experienced adopters saw GlucOracle as a useful tool for
intensive short-term learning and experimentation, rather
than for everyday decision support. All these participants de-
scribed the multiple challenges they experienced when still
forming their self-management routines and saw a clear need
for tools that could provide support for this learning phase.

Consistent with that, these participants found GlucOracle
useful in helping them assess impact of new meals they have
not tried before, or as a support for occasional re-learning,
needed given the progressive nature of diabetes. On the other
hand, many participants in the novice adopter group were
lacking both established self-management practices and sup-
port structures necessary to establish such practices. Perhaps
as a result, they were enthusiastic not only about GlucOra-
cle’s potential to support short-term intensive learning, but
also provide longer-term ongoing support.

This finding suggests a potentially new way of consider-
ing user burden associated with self-monitoring in health.
Specifically, in the context of diet tracking, user burden has
often been cited as one of the critical factors preventing
long-term adoption [15]. Epstein et al. found usage lapses
are often due to users forgetting to track and the burden of
upkeep. Further, users are often disinclined to continue if
there is limited perceived impact and information gain [15].
Our study suggests that users may be more willing to endure
high self-tracking burden for the purpose of learning and
exploration over a short time. However, the same level of
tracking intensity would be unreasonable in the context of
everyday decision support. In contrast, tools for everyday
decision support may choose to prioritize convenience of
use and integration with daily practices that could promote
continuing engagement.

This distinction may also have implications for defining
and studying engagement with tools for self-management,
an area of active research [4, 7, 8, 26, 33]. We suggest that
expectations for optimal engagement may vary between
tools for learning and tools for decision support. For example,
for tools that target ongoing decision support, decline in use
overtime may indicate undesirable decrease in engagement
and a need for new strategies to motivate continuing use.
However, for tools that focus on learning, decline in use
may indicate successful achievement of learning goals and
adoption of new behaviors.

Making forecasts useful
Finally, the study highlighted new opportunities to make
personalized forecasts in diabetes self-management more
useful and impactful for supporting nutritional choices. First,
participants sought to incorporate predictions not only for
immediate decision-making at the time of a meal, but also
during meal planning, cooking, and grocery shopping. For
them, receiving forecasts for already cooked meals provided
little opportunity for action. This is consistent with previous
research that highlighted distinction between everyday ac-
tion and purposeful planning [29]. Second, those who had
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experience with CGM wished for more information in fore-
casts, specifically for temporal patterns of changes in BG after
meals. This is consistent with previous research that explored
different ways to visualize forecasts and highlighted the need
for more informative yet easy to understand presentations of
forecasts [8, 12]. Finally, participants wished for more guid-
ance in identifying strategies to address undesirable forecasts,
similar to other calls for introducing more direct recommen-
dations in decision support tools in health [4, 6]. Each of
these opportunities, opens new questions and requires fur-
ther research into using predictive models in health

8 LIMITATIONS
This study had several limitations. First, the small sample size
(N=10), while not uncommon for feasibility studies, limits
generalizability of this work to broader populations. Fur-
ther, novice adopters’ previous experience with a different
research prototype may have impacted their perceptions of
engaging with GlucOracle. Further studies of the tool with
broader populations can help to address these limitations.

9 CONCLUSIONS
We examined the feasibility of personalized meal-time BG
forecasts to facilitate nutritional decision-making for indi-
viduals with type 2 diabetes. In this study, we focused on
the experience of two different populations. We found that
technologically savvy individuals with well-managed BG
found tracking meals and analyzing nutrition to be burden-
some, and forecasts to be unsurprising and rarely prompting
action. Conversely, individuals with limited health technol-
ogy experience and knowledge of diabetes self-management
found predictions to be insightful and encourage concrete
changes in diet and BG management. This work underscores
the potential of personal forecasting for health decision sup-
port solutions, and provides insights for how to tailor tools,
facilitate engagement, and reduce friction to support diverse
cohorts of users.
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