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Abstract: When we first started looking at nutrition apps, the same issues kept coming up. They stop working the moment you lose signal.
The meal suggestions feel copy-pasted regardless of who is using the app. And actually logging what you ate takes way too many steps. So we
built NUTS (Nutritional Understanding & Tracking System) — a React Native application that stores all data locally on the device, generates
food recommendations based on what each specific user has actually been eating, and gets a meal logged in an average of 3.2 taps. The
recommendation engine operates in four stages: nutrient-deficiency detection via rolling averages, cosine-similarity-based food ranking,
collaborative filtering from peer consumption histories, and a UCB1 multi-armed bandit algorithm for adaptive personalisation. We ran a two-
week study with 72 participants. System Usability Scale score was 76.4. Average feature satisfaction was 4.3 out of 5. This paper walks
through how the system is built, how the recommendation engine works, and what we learned from testing it.
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[. INTRODUCTION

India has one of the fastest growing populations of people
with diet-related illness. Globally the numbers are even more
stark — the WHO estimates that unhealthy diets contribute to
more deaths than tobacco, high blood pressure, or lack of
physical activity individually [7]. The obvious question is why,
given that calorie information is printed on every packet of
biscuits and nutritional advice is a Google search away,
behaviour has not improved. Part of the answer is that
knowing what to eat and actually tracking what you ate are
completely different problems. The tools that should bridge
that gap mostly do not work. Long-term weight management
research confirms that sustained dietary self-monitoring is one
of the strongest predictors of success, yet most people
abandon tracking apps within weeks [5].

We spent time with three major nutrition apps before
starting this project. MyFitnessPal is the most popular and it is
genuinely difficult to use offline — search fails, sync stalls,
and the experience degrades badly. Lose It! has a cleaner
interface but the food suggestions are essentially generic, the
same calorie targets regardless of your history. Cronometer
tracks micronutrients better than anyone else but the interface
is dense and there is no recommendation engine worth
mentioning. None of them do all three things — work offline,
personalise properly, and log fast — at the same time.

NUTS (Nutritional Understanding & Tracking System) is
our attempt to do all three. The nine modules that make up the
app are described in Section III. The recommendation engine
gets its own section (Section IV) because it is the part that

took the most work and is also the most technically interesting.
Performance benchmarks and user study results are in Section
V.

A. Research Goals

* Design a nutrition monitoring system that works with
zero internet access and syncs cleanly when reconnected.

* Build a recommendation engine that uses individual
consumption history rather than population averages.

* Get meal logging down to a minimal number of steps
through barcode scanning and smart search.

» Pull in fitness tracker data from Google Fit and Apple
HealthKit to adjust daily nutrition targets.

* Compare the result honestly against existing apps and
identify where it falls short.

II. BACKGROUND

Nutrition tracking on phones is not new. MyFitnessPal
launched in 2005 and showed that people would use a food
diary if the database was large enough and the interface
simple enough — it hit 200 million registered accounts
eventually. But usage data told a less impressive story. Burke
et al. tracked self-monitoring behaviour in weight-loss studies
and found that under 11% of app users were still logging
consistently past twelve months [2]. That finding has been
replicated in various forms since and the dropout rate has not
noticeably improved on newer platforms.

The barcode side of things is reasonably well understood
technically. A ZXing or ML Kit decoder reads the product
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identifier, a REST call goes to a database like Nutritionix or
Edamam, and a nutritional profile comes back. Mezgec and
Korousi¢ Seljak tested several of these systems and found the
databases varied a lot in completeness, especially for regional
or unbranded food products [3]. That is part of why we cache
confirmed entries locally in NUTS — once a user confirms a
product, that scan result is instant forever after regardless of
what the API does.

On  personalisation, Trang et al. compared
recommendation-driven meal planning against standard
dietary guidelines in a controlled study and found adherence
was significantly better with algorithmic suggestions [6]. That
result was a direct input to our decision to invest engineering
time in the recommendation engine rather than the simpler
approach of just displaying preset meal plans. The concept of
just-in-time adaptive interventions (JITAls) — delivering
support at the right moment based on current user context —
informed our bandit-based personalisation design [4]. Aranda-
Jan et al. documented why offline capability matters, finding
it was the main reason health apps were not adopted in low-
connectivity environments across multiple African countries
[1]. We had a similar concern for users in areas with
unreliable data coverage in India.

III. SYSTEM ARCHITECTURE

The system is split into four layers. We made this
decision early partly because of how we divided the work
between us — keeping layers independent meant two people
could work in parallel without constantly breaking each
other's code. It turned out to be the right call later when we
had to redo the synchronisation logic and only had to touch
one layer to do it.

TABLE I THE FOUR-LAYER ARCHITECTURE OF NUTS

Layer Technology What It Handles
Presentation React Native (i0S & One TypeScript codebase.
Android) Same code runs natively on
both platforms with platform-
appropriate Ul patterns.
Business Logic | JavaScript / TypeScript | All nine feature modules:
meal logging,
recommendation engine, goal
tracking, analytics,
notifications, and others.
Data Layer SQLite + Firebase SQLite on-device for all
Firestore offline operations. Firestore
handles cloud persistence and
syncs when a connection is
available.
External Firebase Auth, Login, food lookup APIs, and
Integration Nutritionix, Edamam, fitness data from the health
Google Fit, Apple ecosystems users are already
HealthKit in.

B. Why Offline-First Matters in Practice

We do not just mean the app launches without internet.
We mean every single core action — logging a meal,
checking whether you hit your protein goal, reading a
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recommendation — runs against a local SQLite database with
no network call. The sync to Firestore happens in the
background when connectivity exists, using timestamps to
figure out what changed and applying user edits with higher
priority than server state. During our test sessions in areas
with poor signal, this made a tangible difference to how
reliably participants could complete tasks.

C. Barcode Scanning Pipeline

Scanning triggers two parallel API calls, one to
Nutritionix and one to Edamam. If both come back empty we
drop the user into a manual entry screen with whatever partial
match data exists pre-filled. Anything the user confirms goes
into the local cache so the next scan of the same product is
instant. We hit 85% first-attempt recognition across 200 test
products. We were aiming for 90%. The gap is mostly down
to regional products that neither database has indexed, and
fixing it is the first item on the post-submission roadmap.

IV. RECOMMENDATION ENGINE

Most nutrition apps generate advice by taking your age,
weight, and activity level and applying a standard formula.
The result is the same 2,000 calorie target for millions of
different people. We wanted to do something more useful, so
we designed the recommendation engine to work entirely
from what each user has actually logged. It runs in four stages.

Four-Layer

ion Engine

Layer 4
MAB / UCB1

Exploration

Fig. 1. The four stages of the recommendation engine and how they connect.

1) Stage 1 — Figuring Out What is Actually Missing: The
system computes rolling averages of your nutrient intake over
the past 7 to 30 days (the window is configurable). It then
compares each nutrient against your personal target. Anything
below 80% of its target gets flagged as a deficiency. Each
flagged nutrient gets a priority score based on how far below
threshold it is. Someone getting half their recommended iron
is treated as a more urgent case than someone at 78%.

2) Stage 2 — Finding Foods That Fill the Gaps: Every
food in the database has a nutrient vector. Stage 2 computes
cosine similarity between each food's vector and the user's
deficiency profile, producing a ranked list of foods that would
most efficiently address what is missing. It is a very direct
calculation and it works well for the obvious cases — low iron
leads to spinach and lean meat appearing near the top, low
calcium leads to dairy and fortified foods.

3) Stage 3 — What People Like You Are Eating: Content-
based filtering has a ceiling. It tends to recommend variations
on things the user already eats. Stage 3 pulls in collaborative
filtering by finding other users with similar consumption
histories and surfacing foods they eat that the current user has
never tried. This is where the recommendations start to feel
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like actual discovery rather than a shopping list the user could
have written themselves.

4) Stage 4 — Learning What You Will Actually Accept:
The final stage applies a UCB1 multi-armed bandit policy.
Each candidate food is an arm. The selection policy
maximises the sum of estimated acceptance rate and an
exploration bonus that shrinks as more observations come in.
What this means practically is that the system keeps testing
the edges of what you have accepted before, updates its model
when you accept or ignore a suggestion, and gets
progressively better at predicting what you will actually eat.
Hard exclusions for dietary restrictions and declared aversions
run before any of this, so vegan users never see meat
recommendations regardless of what a neighbour's profile
says.

V. EVALUATION

D. Performance Benchmarks

We used Flipper to profile builds under throttled network
conditions. For launch time and query speed, we had clear
targets we set at the start of development. For barcode
recognition, we ran a separate test set of 200 products. For
sync speed, we measured how long a 30-day history took to
push to Firestore over a standard home Wi-Fi connection.
Three of four targets were hit. Barcode recognition at 85%
was the miss.

System Performance vs. Targets [ it ing ( ised)

m—jchieved
Target 100

85.0

Normalised Score (%)
/

Micro-
nutrients

App Launch 08 Quen, Offline sync Offline Rec. ul
Time (s) Time (5) Time (5) Capability Quality fficiency

Barcode
Accuracy (%)

Fig. 2. Performance results vs. targets: three passed, one narrowly missed.

TABLE II PERFORMANCE BENCHMARK RESULTS AGAINST PRE-SET TARGETS
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Fig. 3. NUTS vs. three competitors across the four measured dimensions.

TABLE III DIRECT COMPARISON ACROSS THE FOUR DIMENSIONS

Dimension NUTS MyFitnessPal | Lose It! | Cronometer
Features available offline 100% ~18% ~12% 0%
Recommendation quality 4.3 2.8 2.6 2.1
(out of 5)

Average taps to log a meal 3.2 4.7 4.5 5.1
Full micronutrient tracking Yes No — paid No — No — paid
free paid

F. Two-Week Beta Study

72 people used the app for two weeks. We recruited a mix
of students and working adults, asked each person to complete
five specific tasks in a single session — set up account, log a
meal, scan a barcode, change a goal, read a recommendation
— and collected both task success rates and ratings for each
feature. After the session, participants continued using the app
for the remaining days and rated features again at the end.

SUS score came out at 76.4. For context, 70 is generally
considered the lower bound of acceptable usability. Offline
functionality was the highest-rated feature at 4.7 out of 5.
Notifications came in last at 3.9. The feedback on
notifications was consistent — people wanted timing based on
when they actually eat, not a generic reminder at noon. Social
features were the most requested addition by a significant
margin, followed by more wearable device support.

Beta User Feature Satisfaction Ratings (n = 72)

Notifications
What We Measured Target Result Passed? .
App launch time <2.0s 1.2s Yes s
Nutrition DB query <2.0s <2.0s Yes TR
speed S
o Off:me
Barcode recognition rate >90% 85% Missed pereten
30-day offline sync over <10s 94s Yes
Wi-Fi

E. Comparison Against Existing Apps

We picked four dimensions to compare against
MyFitnessPal, Lose It!, and Cronometer. Offline capability is
the fraction of core features that still work with no internet.
Recommendation quality is what our beta users rated those
apps versus NUTS. Tap count is the average number of taps to
complete a meal log. Micronutrient coverage shows whether
the free tier tracks the full set of WHO-recommended
nutrients or hides it behind a paywall.

- 43— Excellent
4.0-4.2 — Good

47w < 4.0 — Needs work

34 36 38 4.0 42 4.4 46 48 5.0
Mean Rating (out of 5.0)

Fig. 4. Per-feature satisfaction ratings from 72 beta participants (out of 5.0).
VI. LIMITATIONS

There are four things the current version does not handle
well. We think it is more useful to be clear about them than to
minimise them in a limitations section buried near the end.

TABLE IV KNOWN LIMITATIONS AND WHAT IS PLANNED TO ADDRESS

THEM
Issue The Actual Problem What We Are Doing
About It
API If Nutritionix or Edamam go | Adding a secondary API
dependency | down, barcode lookups fail. and seeding a local cache
There is no fallback right from USDA FoodData
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Issue The Actual Problem What We Are Doing
About It
now. Central.
Food data User-submitted entries can Building a community
quality have wrong calories or flagging system and a
macros and we have no way | review queue where a
to catch that currently. nutritionist can verify
disputed entries.
Cold start New users get generic Adding an onboarding
problem recommendations for the first | questionnaire that seeds an
few days until there is enough | initial dietary profile so
history to work from. recommendations are
useful from day one.
Barcode 85% is fine in practice but we | Upgrading to ML Kit v2.
accuracy said 90% was the target and Also adding Open Food
we missed it. Facts as a supplementary
database to cover regional
products.

G. Things We Want to Build Next

* Photo-based food logging using a CNN image classifier,
so you can log a meal by taking a picture of it.

* Predictive health modelling to flag patterns in your
dietary data before they become clinical problems.

» Social features — shared meal plans, weekly challenges,
and peer accountability. This was the number one
request in beta feedback.

+ Kitchen scale integration and restaurant menu APIs so
meals can be logged at the point of preparation or
ordering without any manual input.

VII. CONCLUSION

We started this project because the apps that were
supposed to help people eat better were failing in pretty
obvious ways. The three things we focused on — getting it to
work offline, making recommendations actually personal, and
cutting down how long it takes to log a meal — all turned out
to be solvable. Not trivially, but solvable without needing
technology that does not exist yet.

The benchmark results came out clearly in NUTS's favour
on offline capability, recommendation quality, and interaction
efficiency. The beta study returned a SUS of 76.4 and a mean
feature rating of 4.3. Barcode recognition at 85% is the one
number we are not happy with yet. Everything else hit the
targets we set before building. The modular architecture
means adding the features users asked for — social, computer
vision, more wearables — does not require rebuilding
anything foundational. That work starts now.
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