Mobile App Audit Report

Acme Fitness

Audit Period: November 15, 2024 to November 22,2024
Prepared by: Inseed Tech

Engagement Type: 1-Week Technical & Strategic Audit
Report Date: November 26, 2024

Executive Summary

Current State: Acme Fitness is a well-executed React Native fitness application with strong
foundational architecture and solid market traction (500K+ downloads across iOS and Android).
The core functionality is stable, and the team has demonstrated good discipline around testing
and deployment practices. The codebase is maintainable, though several technical debt items
are beginning to constrain development velocity and user engagement metrics.

Top 3 Priorities:

1. Personalized Workout Recommendations via LLM: Implement Al-driven workout
customization based on user history, goals, and real-time performance data. This addresses
a critical gap versus competitors and represents the highest-impact feature opportunity for
the next 12 weeks. Market research indicates this moves retention metrics by 15-25% in
comparable fitness apps.

2. Optimize Redux State Management Layer: Current selector pattern creates unnecessary
re-renders in the workout feed (affecting perceived performance on entry-level Android
devices). Refactoring to use normalized state and memoized selectors will reduce CPU cost
by approximately 40-50% and improve Time to Interactive by 1.2-1.8 seconds on mid-range
hardware.

3. Establish Continuous Performance Monitoring: Implement RUM (real user monitoring)
via Sentry or New Relic to capture crash patterns, network latency, and jank metrics from
production. Current approach relies on crash logs and user reports; proactive monitoring
will surface performance regressions before they impact ratings.

Recommended Next Engagement: Phase 1 modernization engagement (4 weeks) focusing on
Al feature development plus foundational performance work, followed by Phase 2 compliance
and scaling work (4 weeks). Total estimated cost: $32K-$42K across both phases. See Section 7
for detailed roadmap.

Engagement Context

Inseed conducted a comprehensive audit of the Acme Fitness mobile application (iOS and



Android versions) over seven working days. Scope included codebase review (100% of core
modules), architecture assessment, performance profiling on target devices, third-party
dependency audit, and security review. We conducted interviews with three members of your
engineering team (iOS lead, Android lead, backend architect) and reviewed three months of
production crash logs and user session data provided via Firebase and internal analytics.

The audit covered the current production version (6.2.1 released October 18,2024) and the
development branch (targeting v6.3 in December 2024 ). We profiled the application on iOS 18.1/
iPhone 14 Pro, iOS 16.2 / iPhone 8, Android 14 / Pixel 8, and Android 11 / Motorola Moto G9 to
capture both flagship and budget device performance characteristics. All findings and
recommendations below reflect this multi-device assessment and the current market context of
fitness app competitive positioning as of November 2024.

Technical Assessment

Architecture

Current State:

Acme Fitness follows a standard React Native architecture with Redux for state management,
Redux Thunk for side effects, and native modules for device-level integrations (health kit on iOS,
Google Fit on Android). The codebase is organized by feature (Workouts, Profile, Community,
Analytics) with clear separation between presentation, business logic, and data layers.
Navigation is implemented via React Navigation v5 with stack and tab navigators appropriately
separated.

The team has implemented a custom analytics wrapper that sits between screen components
and Firebase, reducing coupling and making it straightforward to swap providers. API
communication flows through a single axios instance with sensible default headers and timeout
configurations. The modular structure makes it genuinely feasible to add new features without
touching core systems.

Observed Issues:

1. Redux Selector Inefficiency (Code Pattern Issue): The workout feed uses a selector
pattern that does not memoize intermediate computations. Current implementation:



const selectWorkoutFeedItems = (state) => {
return state.workouts.items
.filter(w => w.userId === state.auth.userId)
.map(w => ({
celW,
userStats: state.stats[w.userId],
badges: state.achievements.filter(a => a.workoutId === w.id)
1)
.sort((a, b) => b.date - a.date);

. /

This function recomputes the entire filtered, mapped, and sorted array on every Redux state
change, including updates to unrelated reducers like Profile or Settings. On a device with 300+
workouts in history, this causes measurable frame drops (16-40 ms per selector call) when the
user toggles settings or navigates between tabs. The issue is exacerbated because this selector is
used in three separate feed components, creating redundant computation.

Severity: High
Recommended Fix:

Refactor to memoized selectors using reselect library. Introduce normalized state structure
where workout items and stats are separate, and use createSelector to memoize intermediate
transformations. This requires approximately 3-4 days of work: 1 day for state normalization, 1.5
days for selector refactoring, 1 day for testing and profiling verification, and 0.5 days for
deployment preparation. The fix will reduce selector computation time by 40-50% and improve
perceived scrolling responsiveness, particularly on lower-end Android devices.

2. Missing Error Boundaries in Navigation Stacks: The application does not implement
React Error Boundaries around navigation stack transitions. When a deep link fails to parse
or aroute component throws an unhandled error, the navigation state becomes corrupted
and users must force-close and reopen the app. This accounts for approximately 8% of
crashes logged in the past quarter (62 crashes out of 780 total), concentrated around deep
link handling.

Severity: Medium
Recommended Fix:

Implement error boundary components wrapping each navigation stack (Auth, Main,
Community). Capture errors, log context to Sentry with deep link and state information, and
present a recovery Ul (reload stack or return to home). Implementation: 2 days (1 day for error
boundary components, 1 day for testing and Sentry integration).

3. Native Module Version Mismatch: The iOS build uses HealthKit podspec version 6.1.2,
while the Android build uses Google Fit SDK version 18.0.0 (from March 2024). Version
18.1+ was released in August 2024 with required updates for privacy scope compliance




under iOS 18 guidelines. This does not affect current functionality but creates an
inconsistency risk for Q1 2025 compliance and may cause App Store rejection if the iOS
HealthKit integration is extended.

Severity: Medium
Recommended Fix:

Audit and align native module versions across platforms. This is primarily a dependency
management task: 1 day to identify all version mismatches, test each against the current Xcode
and Android SDK versions, and validate in the build pipeline.

State Management

Current State:

Redux is implemented correctly for this application's complexity. The team uses action creators,
reducers are pure, and there is appropriate separation between synchronous actions and async
thunks. Root state is normalized at the top level, and the schema is well-documented in a shared
constants file.

Side effects are managed via Redux Thunk, which is sufficient for the current feature scope (no
complex saga patterns or race condition requirements visible). The team has avoided over-
normalizing state, a common pitfall in Redux applications, which keeps selectors readable.

Observed Issues:

1. Overly Broad Reducer Updates: The Profile reducer updates state with a single
setCacheTimestamp action that updates a root-level timestamp for all profile data, rather
than timestamping individual entities. This means when a user updates their avatar, the
entire profile cache (goals, personal records, settings, social follows) is invalidated. Current
code pattern:

case PROFILE UPDATE AVATAR:
return {
...state,
cacheTimestamp: Date.now()

};

. J

This introduces unnecessary refetches of data that has not changed, increasing networKk traffic
by approximately 8-12% during normal usage. The impact is visible on cellular networks (LTE) as
latency spikes every time any profile field is updated.

Severity: Low
Recommended Fix:

Implement granular timestamp tracking per entity type (goals, avatar, settings, follows) using a
profile metadata object. This reduces unnecessary refetches and improves perceived



responsiveness on slower networks. Effort: 2 days (1 day for refactor, 1 day for testing cache
invalidation logic and verifying network reduction).

2. Missing Redux Middleware for Error Handling: Async thunks currently handle errors
inline in each component using .catch() blocks. This leads to duplicated error handling logic
and inconsistent user feedback across the app. Three different error Ul patterns are visible
in the codebase depending on which component initiated the request.

Severity: Low
Recommended Fix:

Implement a custom Redux middleware that catches rejected thunk actions and dispatches
standardized error actions (with error type, message, and recovery action). This centralizes error
handling and ensures consistent UX. The middleware can also route certain errors to Sentry
automatically. Effort: 2 days (1.5 days for middleware + action creators, 0.5 days for testing and
rollout).

Performance

Current State:

The application performs well on flagship devices (iPhone 14 Pro, Pixel 8). Launch time is
approximately 2.1-2.3 seconds (cold start), and main tab navigation is smooth at 58-60 fps. The
team has implemented reasonable code splitting (feature modules are lazy-loaded), and images
are appropriately compressed and cached.

Bundle size is 12.8 MB (production build without Hermes), which is within healthy range for a
fitness app with offline support and local data. The team has been proactive about dependency
management; there are no obviously outdated or duplicate packages.

Observed Issues:

1. Workout Feed FlatList Performance on Older Devices: On iPhone 8 (A11 processor, 2 GB
RAM) and Moto G9 (Snapdragon 662, 4 GB RAM), the workout feed drops to 40-45 fps
when scrolling through a user's full workout history (300+ items). Profiling with React
DevTools Profiler shows that each list item (WorkoutCard component) renders in 45-60 ms,
which is unusually high for a card component that displays text, images, and a single
button.

Root cause: The WorkoutCard component is not memoized and receives a new object reference
from the Redux selector on every state change (exacerbated by the selector issue noted above).
Additionally, the component conditionally renders a nested AchievementBadges subcomponent
that recalculates badge layout on every rendet.

Severity: High

Recommended Fix:



1. Wrap WorkoutCard in React. memo() and ensure all props are primitives or stable
references from memoized selectors. 2) Move badge recalculation to a useMemo hook
keyed to achievement data. 3) Enable Hermes engine for Android builds to improve JIT
compilation of frequently-called functions (WorkoutCard, FlatList item render). Combined,
these changes will reduce per-card render time to 15-20 ms and restore 55-58 fps on target
devices. Effort: 3 days (1 day for memoization and useMemo refactoring, 1 day for Hermes
integration and testing, 1 day for performance validation on multiple devices).

2. Image Loading Blocking Render: The Community Feed displays user avatars and workout
photos. Image loading is not handled asynchronously; when an image request stalls on a
slow networKk, it blocks the main thread for 800-1200 ms while React calculates layout. This
is particularly visible when users open the Community tab after switching between WiFi
and cellular networks.

Severity: Medium
Recommended Fix:

Implement a lazy image loading strategy using react-native-fast-image (already a dependency)
with a placeholder system. Separate image loading from component render using a custom hook
that manages image state independently. Effort: 2 days (1 day for hook implementation and
Community Feed refactoring, 1 day for testing on slow network conditions).

3. Lack of Production Performance Monitoring: The app does not instrument performance
metrics that flow to a real-time dashboard. Team is aware of issues only when users report
them or crash rates spike in Firebase. Establishing Sentry Performance Monitoring or New
Relic would surface regressions (frame rate drops, network latency increases, memory
leaks) as they occur in production, allowing rapid response before ratings are affected.

Severity: Medium
Recommended Fix:

Integrate Sentry Performance Monitoring (already using Sentry for errors; adding Performance
is a configuration change + adding transaction tracing to key flows). Configure thresholds for
frame drops, network latency, and memory pressure. Effort: 1.5 days (0.5 days for Sentry setup, 1
day for instrumenting key flows and establishing alerting thresholds).

Native Modules

Current State:

The application makes appropriate use of native code. HealthKit integration on iOS is well-
abstracted through a bridge that handles permissions and data fetching. Google Fit integration
on Android follows the same pattern. Both are implemented as autolinking modules (React
Native 0.63+ standard), which reduces friction in the build pipeline.

Permissions are requested at the point of use (workout data access when user first opens the
Workouts tab) and appropriately denied with user feedback if the user declines.



Observed Issues:

1. Health Data Sync Race Condition: On iOS, when a user grants HealthKit permission for
the first time, the app simultaneously fetches historical workouts from HealthKit and syncs
local workouts to HealthKit. If the network request to sync local data completes before the
HealthKit fetch completes, the app may create duplicate workout entries. This occurs in
approximately 2-3% of new user onboarding flows. The issue is in the native bridge logic:

The native HealthKit module calls its completion handler as soon as the fetch is initiated (not
when the fetch completes), and the JS layer assumes the handler indicates completion. Adding
proper synchronization (waiting for both operations) requires coordination at the native layer.

Severity: Medium
Recommended Fix:

Refactor the HealthKit bridge to implement a proper semaphore or dispatch group pattern in
native code. Ensure the completion handler is called only after both historical fetch and local
sync are confirmed. Requires iOS platform expertise; effort: 2 days (1.5 days for native code
changes in Objective-C, 0.5 days for testing and validation with multiple HealthKit accounts).

2. Missing Thread Safety in Analytics Module: The custom analytics wrapper occasionally
crashes when a background task (location tracking for outdoor workouts) tries to log a
metric while the main thread is processing a navigation event. This is a thread safety issue:
the analytics module writes to a shared mutable dictionary without synchronization.

Severity: Low (low frequency, non-critical data loss)
Recommended Fix:

Add thread-safe access to analytics state using NSLock on iOS and ReentrantReadWriteLock on
Android. Alternatively, refactor to use immutable data structures or queue all analytics writes to
a serial dispatch queue. Effort: 1.5 days (1 day for thread safety implementation, 0.5 days for
testing under load conditions).

CI/CD

Current State:
The team uses GitHub Actions for CI/CD. The pipeline correctly:

e Runstests on every PR (Jest for JS, XCTest for iOS, Espresso for Android)
o Buildsrelease APKs and IPAs

» Deploys to Firebase App Distribution for QA testing

« Publishes to Google Play and App Store on tagged releases

The pipeline is reasonably fast (i0S build approximately 18 minutes, Android approximately 12
minutes). Code signing is managed via GitHub secrets (certificates and provisioning profiles),
which is a reasonable approach for a team of this size.



Observed Issues:

1. No Automated Performance Regression Detection: The CI pipeline runs tests and builds,
but does not run performance benchmarks (TTI, frame rate, bundle size delta) on each PR.
This means performance regressions can slip into production. A PR that accidentally
removes React.memo from a frequently-used component, or introduces a new expensive
computation in a selector, would not be caught until post-release crash reports appeatr.

Severity: Medium
Recommended Fix:

Integrate Detox (end-to-end testing framework) into the CI pipeline to run performance tests on
iOS and Android. Measure Time to Interactive, frame rate during key interactions (scrolling the
feed, navigating between tabs), and bundle size delta on each PR. Establish thresholds (e.g.,
reject PRs that increase TTI by >15% or decrease fps below 55 on target devices). Effort: 4 days
(1.5 days for Detox test suite setup, 1 day for CI integration, 1 day for baseline data collection and
threshold calibration, 0.5 days for documentation).

2. Inconsistent Environment Variables Across Stages: Development, staging, and
production environments use different API endpoints, but the mapping is not consistently
documented in the build configuration. New engineers occasionally deploy to production
with staging credentials. While this hasn't caused customer-facing incidents, it represents a
process risk.

Severity: Low
Recommended Fix:

Codify environment variables in a single source of truth (e.g., a well-documented env.ts file with
build-time constants for each target). Use Xcode build schemes and Android build variants to
enforce the correct environment. Add a validation step in CI that prevents releases if the wrong
environment is baked into the binary. Effort: 1.5 days (1 day for env refactoring and build
configuration updates, 0.5 days for CI validation logic and testing).

Testing

Current State:

The team has established a reasonable testing culture. Jest is configured for unit and integration
tests with ~65% code coverage across the codebase (healthy for a production app of this
maturity). Snapshot tests are used for component styling (Redux-connected components are
tested with snapshots, which is not ideal but is a practical compromise in a small team).

iOS and Android each have basic Ul test suites (XCTest and Espresso), though coverage is sparse
(approximately 15% of user flows have Ul tests). The test suites focus on happy-path scenarios
and critical journeys (login, start workout, view progress).

Observed Issues:



1. Weak Test Coverage for Redux State Logic: While the team tests individual reducers with
unit tests, integration tests between reducers and selectors are sparse. Specifically, the
cache invalidation logic (described in the State Management section) lacks integration
tests that verify the interaction between the Profile reducer, the cache timestamp logic, and
downstream selectors. This gap is why the over-broad cache invalidation issue was not
caught earlier.

Severity: Low
Recommended Fix:

Add integration tests that exercise full state flows (action dispatch -> reducer state change ->
selector output). Use testing utilities like redux-mock-store and jest for clear test setup. Target at
least 80% coverage of reducer logic and all complex selectors. Effort: 2 days (1.5 days for test
writing, 0.5 days for coverage analysis and adjustments).

2. Snapshot Tests Brittleness: The team uses snapshot testing for styled components (e.g.,
WorkoutCard snapshots). While snapshots are valuable for catching unintended style
changes, they are notoriously brittle and result in frequent "update snapshot" commits that
obscure actual logic changes. The test suite requires snapshot updates on approximately 12-
15% of PRs.

Severity: Low
Recommended Fix:

Migrate style-based snapshot tests to visual regression testing using a tool like Percy or
Chromatic. This catches visual changes without the brittleness of text snapshots. For
components, replace snapshots with explicit assertions on props and rendered behavior. Effort: 3
days (1 day for Percy setup and integration into CI, 1 day for converting existing snapshots to
visual regression tests, 1 day for implicit assertion rewrites and testing).

3. No Performance Testing in Unit/Integration Test Suite: The test suite does not include
performance assertions (e.g., "this selector should complete in under 5 ms"). This means
performance regressions in frequently-called functions are not caught by tests, only by
runtime profiling or production monitoring.

Severity: Medium

Recommended Fix:

Add performance benchmarks to the test suite for critical paths: Redux selectors (each selector
should complete in <5 ms), component render times (WorkoutCard should render in <25 ms),
and Redux action dispatch cycles. Use jest-benchmark or a similar library. Effort: 2 days (1.5 days
for benchmark instrumentation, 0.5 days for threshold setting and CI integration).

Al Integration Opportunities



Acme Fitness is well-positioned to leverage LLMs and machine learning to drive engagement
and retention. The app already collects rich structured data (workout history, personal records,
user goals, biometric data from HealthKit/Google Fit) that can train personalization models.
Below are three specific Al features, ordered by impact and feasibility.

1. Personalized Workout Recommendations via LLM

What It Does:

The app generates custom workout routines tailored to the individual user's goals, current fitness
level, available equipment, and recent performance. Rather than recommending from a static
library of 200 stock workouts, the app uses an LLM to generate truly personalized routines that
adapt in real-time based on the user's input during workout execution (e.g., if the user reports
fatigue, the LLM suggests modifications to reduce intensity while preserving volume).

User journey: User opens the "Get a Workout" feature, inputs their goal for the session (e.g.,
"build chest strength"), current energy level, and available time (20 minutes). The backend LLM
generates a custom routine with specific exercises, reps, sets, and rest periods. As the user
executes the workout, they can request modifications ("make this harder," "I'm tired, give me an
easier alternative"). The LLM adapts the remaining routine in real-time, generating new
exercises and adjusting intensity.

Model and Approach:

Use Claude or GPT-4 via API, with a system prompt that encodes Acme Fitness's exercise
taxonomy, progression rules (how to safely advance difficulty), and user safety constraints. The
LLM receives structured context (user's 30-day workout history, max weights, injury history,
equipment available) as part of the prompt. Generation happens server-side with response
streaming to the mobile app to minimize perceived latency.

Alternatives: Fine-tune an open-source model (Llama 2) on Acme Fitness's historical routine
data to reduce API costs and latency at scale.

Rough Effort Estimate:

« Backend API: 4 days (design prompt system, implement LLM integration, add streaming
response handler)

« Mobile UL 3 days (design and implement routine display, real-time modification U, in-
workout adaptation)

« Testing and iteration: 2 days (test prompt quality across user segments, validate safety
constraints, handle edge cases)

« Compliance review: 1 day (review with legal/product for liability, ensure disclaimers are
present)

« Total: 10 days (approximately 2 weeks at full capacity)

Expected User Impact:



» Retention: Estimated 20-25% increase in day-7 and day-30 retention. Users with
personalized routines are more likely to feel like their efforts are progressing toward their
goals.

« Engagement: 30-40% increase in workout frequency among users who use the feature
consistently. Personalization reduces decision friction ("what should I do today?").

» Monetization: Premium feature opportunity. Current free users generate SO ARPU;
personalized routines justify a $4.99/month subscription tier.

» Competitive positioning: This feature differentiates Acme from free apps and mid-market
competitors that rely on static routine libraries.

Data Privacy Consideration:

The LLM never stores user workout data. All context is passed in the API request; the model
response is cached locally on the device. Historical data remains on-device or in Acme's own
database. This preserves privacy and meets GDPR/CCPA requirements without additional
privacy engineering.

2. Predictive Performance Analytics via ML Regression

What It Does:

The app predicts the user's future performance trajectory (1 week, 1 month, 3 months ahead)
based on their historical workout data. Instead of showing only what the user achieved this week,
the app shows a confidence interval of where they'll be in 4 weeks if they maintain current
behavior. This surfaces patterns: "At your current rate, you'll hit a 50-1b bench press in 3 weeks,"
or "You've plateaued for 2 weeks; consider adding intensity or volume."

The predictive model runs locally on the device (inference only; no cloud dependency) to ensure
privacy and offline availability. The model is retrained server-side weekly using aggregated,
anonymized data across all users to improve prediction accuracy.

Model and Approach:

Train a simple linear regression or time-series model (ARIMA, Prophet) on each user's historical
performance data for each exercise. The model predicts weight progression, rep count
progression, and volume (sets x reps x weight). Since the data is sparse (users may perform a
given exercise once per week or once per month), use Bayesian approaches or Gaussian
processes that handle uncertainty well.

Deploy the model as a CoreML asset on iOS and TensorFlow Lite on Android. The app
downloads updated model weights weekly from the backend and caches them locally.

Rough Effort Estimate:

« Data pipeline and model training: 4 days (collect and aggregate user data, implement
training loop, validate accuracy)

o CoreML export and integration: 2 days (export model, wrap in native iOS module, add
inference logic)



» TensorFlow Lite integration: 2 days (equivalent for Android)
« Mobile UI (prediction display, confidence intervals, plateau detection alerts): 2 days

» Testing and validation: 1.5 days (backtest model on historical user data, validate accuracy
across user segments)

« Total: 11-12 days (approximately 2 weeks)
Expected User Impact:

« Engagement: Users who see predictive analytics log in 15-20% more frequently (checking
on their projected progress acts as a motivation hook).

» Retention: Predictive plateau detection (alerting users when they stop making progress)
has been shown to improve retention by 8-12% because users adjust their routine rather
than quit.

« Monetization: Premium feature or educational tier (users see predictions, can pay to unlock
"recommended routine adjustments" based on the model).

3. Voice-Guided Workout Coaching via Speech-to-Text and LLM
What It Does:

During a workout, the user can speak to the app in natural language: "How many sets left?" "That
was hard, make the next exercise easier," "Show me the form for this exercise." The app
transcribes the audio, uses an LLM to interpret the request, and responds with guidance, routine
modifications, or form tips (delivered via text-to-speech or visual cues).

This is distinct from feature #1 (routine generation) because it operates in real-time during the
workout, responding to moment-to-moment user needs without interrupting the exercise.

Model and Approach:

« Speech-to-text: Use native speech recognition on iOS (SpeechFramework) and Android
(SpeechRecognizer). No cloud dependency; on-device processing.

» Intent classification and response generation: Use Claude or a smaller fine-tuned LLM to
classify the user's intent ("ask about remaining volume," "request modification," "ask for
form help") and generate a contextual response (e.g., if the user says "harder," the LLM
generates a modified exercise or adds reps to the current set).

» Text-to-speech: Use native TTS on device or stream audio from a TTS service for higher
quality (Google Cloud TTS, Eleven Labs).

The system prompt for the LLM is constrained to workout-specific contexts. The LLM receives
the current routine, the user's performance so far, and the uset's voice query, and responds with a
brief, actionable reply.

Rough Effort Estimate:

« Backend LLM integration (intent classification, response generation): 2 days

» i0OS speech recognition and TTS integration: 2 days



» Android speech recognition and TTS integration: 2 days
« Mobile UI (voice button, transcript display, response rendering): 2 days
» Testing (accuracy across accents, noisy gym environments, edge cases): 2 days

« Total: 10 days (approximately 2 weeks)
Expected User Impact:

« Usability: Users with phones that don't have screen unlock issues (or users who prefer
hands-free) have a better in-workout experience. Reduces friction compared to tapping the
screen.

» Differentiation: This feature is uncommon in the fitness app category and signals Acme as a
tech-forward competitor.

» Monetization: Premium feature for paid tiers.

Note on Viability: Voice guidance in noisy gyms is challenging; testing in a real gym
environment is critical before launch. The quality of speech-to-text will vary significantly based
on ambient noise, user accent, and audio equipment. Recommend launching as an experimental
feature in beta with user feedback.

Mobile UX Assessment

Navigation Architecture

Current State:

The app uses React Navigation v5 with a stack-based structure appropriate for its feature set. The
tab navigator (Workouts, Community, Progress, Profile) is the primary navigation layer, and each
tab has its own stack for deep navigation. The architecture is standard and well-known to the
team.

Navigation states are generally preserved correctly when switching between tabs (tab A -> route
2 -> switch to tab B -> switch back to tab A -> route 2 is restored).

Observed Issues:

1. Deep Link Resolution Occasionally Fails: When a user receives a push notification linking
to a specific workout or community post, the app sometimes lands on the wrong screen or
fails to open the detail view entirely. This occurs approximately 3-5% of the time (we
extrapolate from your crash logs; data is sparse, but we see orphaned navigation logs in
Sentry).

Root cause: The deep link handler does not account for the case where the app is launched from a
Kkilled state (user opens app from notification when app is not running in memory). The
navigator is not fully mounted when the deep link action is dispatched, causing the action to be
dropped.



Severity: Medium
Recommended Fix:

Implement a robust deep link handler that queues deep link actions if the navigator is not ready,
and drains the queue once the app is fully mounted. Use React Navigation's linking configuration
with the linking property that supports async resolution. Effort: 1.5 days (1 day for deep link
handler refactoring, 0.5 days for testing across notification scenarios).

2. Lack of Gesture-Based Back Navigation Customization: On Android, the system back
gesture and button work correctly, but on iOS the swipe-back gesture (edge swipe to go
back) is not customized for the app's branding. Users expect a consistent back affordance;
the default gesture is functional but feels generic. Additionally, certain screens (e.g., in-
workout screen) should disable back navigation to prevent accidental exits, but the current
implementation allows users to swipe back and lose workout data if they confirm the exit
dialog.

Severity: Low
Recommended Fix:

Customize the back gesture animation and disable back navigation on critical screens (in-
workout, payment flow). Use React Navigation's gestureResponseDistance and gestureHandler
options to fine-tune the back swipe threshold. Effort: 1 day (0.5 days for customization, 0.5 days
for testing on various device types).

Onboarding

Current State:

The onboarding flow is straightforward: sign up or log in, grant HealthKit/Google Fit
permissions, enter fitness goals, and see the home screen. The flow is reasonably fast (~90
seconds cold) and captures essential data without overwhelming the user.

Observed Issues:

1. Permissions Requested Too Early: The app requests HealthKit/Google Fit permission
immediately after the user enters their goals, before they have seen any value from the app.
Many users decline at this point because they don't yet understand why the app needs
access. Permission acceptance rate is approximately 65% during onboarding; industry
benchmark is 75-80% for fitness apps.

Severity: Low

Recommended Fix:

Move permission requests to the moment when the user is about to use a feature that requires
that permission (lazy permission request pattern). For example, request HealthKit access only
when the user opens the "Import Workouts from HealthKit" feature. This increases acceptance



by 10-15% because the user has context for the request. Effort: 1.5 days (1 day for refactoring
permission logic, 0.5 days for testing on fresh installs and various permission denial scenarios).

2. Weak Educational Onboarding: The onboarding flow focuses on data entry (goals,
preferences) but does not educate the user on core features. After completing onboarding,
many first-time users immediately open the app's tutorial or Help section because the main
interface is not self-explanatory. Analytics show approximately 40% of new users access
the Help tab within the first 2 days.

Severity: Low
Recommended Fix:

Add a 2-3 minute interactive onboarding tutorial after sign-up that demonstrates core features
(starting a workout, viewing progress, joining a community challenge) using sample data or a
walkthrough mode. Keep the tutorial skippable so users who want to jump in immediately can.
Effort: 3 days (1 day for design/UX, 1.5 days for implementation, 0.5 days for testing and analytics
instrumentation).

Accessibility

Current State:

The app has basic accessibility support. Text labels are present for buttons and icons, and
VoiceOver (i0S) and TalkBack (Android) are functional on main screens. However, accessibility
has not been rigorously tested, and several gaps exist.

Observed Issues:

1. VoiceOver and TalkBack Not Fully Tested: While the main tab screens are navigable with
screen readers, certain components (custom progress charts, workout timer during
exercise, in-app notifications) have not been tested with assistive technology. The custom
chart components may not expose data in an accessible way (screen reader users may hear
"image" instead of actual data values).

Severity: Medium
Recommended Fix:

Conduct formal accessibility audit using Apple's Accessibility Inspector on iOS and Android's
Accessibility Testing Framework. Ensure all components expose semantics correctly (use
accessibilityLabel, accessibilityHint, accessibilityRole). Ensure chart data is either accessible via
labels or available in an alternative text format. Effort: 2 days (1 day for testing and gap
identification, 1 day for remediation across identified components).

2. Insufficient Color Contrast on Secondary Text: Some secondary text (e.g., "Last updated 2
hours ago," secondary stats) uses a gray color (@ #666666)or similar) on a white
background that does not meet WCAG AA contrast requirements (4.5:1 for normal text, 3:1
for large text). Users with low vision or color blindness may struggle to read this text.



Severity: Low
Recommended Fix:

Audit all text color usage against WCAG AA contrast requirements. Increase gray text to a darker
shade (@ #404040 ) or darker). Test with a contrast checker tool. Effort: 1 day (0.5 days for audit
and color adjustment, 0.5 days for verification across light and dark mode).

Performance Perception

Current State:

The app launches in approximately 2-2.3 seconds (cold start) on modern devices, and tab
navigation is smooth. Users generally perceive the app as responsive.

On older devices (iPhone 8, Moto G9), launch time stretches to 3.5-4 seconds, and the first scroll
in the workout feed is slightly jittery. While not critical, this perception gap between flagship and
budget devices is notable.

Observed Issues:

1. Lack of Loading State Feedback During Slow Networks: When a user is on a slow network
(3G, weak WiFi), fetching the initial workout feed can take 5-8 seconds. The app shows a
generic loading spinner with no indication of progress (e.g., "Loading 1 of 50 workouts").
Users may perceive the app as frozen.

Severity: Low
Recommended Fix:

Implement progressive loading: display a skeleton screen (placeholder for each list item) while
fetching initial data, then fill in real data as it arrives. Add a progress indicator (e.g., "Loading 12 of
50") for longer operations. Effort: 2 days (1 day for skeleton screen components, 1 day for
progressive data loading logic and testing on slow networks).

App Store Readiness

Current State:

The app is published on both iOS App Store and Google Play Store and is actively maintained.
You have 500K+ downloads and a 4.6-star average rating on both platforms.

Observed Issues:

1. App Store Metadata Gaps: The app's store listing uses a generic description that doesn't
emphasize differentiating features. App Store optimization (ASO) is limited; the
description is functional but not optimized for search keywords. Review the top 5 similar
fitness apps (Strong, JEFIT, FitBod); their store listings more prominently feature features
like "Al-powered workouts," "Form tracking," and "Personalized recommendations."

Severity: Low (not a technical issue, but affects discoverability)



Recommended Fix:

Rewrite the App Store description to highlight differentiation (mention any Al features once
added, emphasize community aspects if that's unique, showcase user testimonials). Update store
keywords based on search volume analysis. Effort: 1 day (0.5 days for competitive ASO analysis,
0.5 days for description revision and submission).

2. Privacy Policy Does Not Mention Al Features: Once Al features are added (as
recommended in Section 4), the privacy policy and App Store metadata must be updated to
disclose how user data is used for model training or inference. Both Apple and Google
require explicit disclosure of AI/ML features. Current privacy policy makes no mention of
Al which will require updates.

Severity: High (once Al features are added)

Recommended Fix:

Update the privacy policy to disclose any Al features, how user data is processed, and compliance
with platform requirements. Both Apple and Google have published guidelines for Al feature
disclosure (as of November 2024). Effort: 1 day (legal/product review with your counsel;
technical implementation of updated policy is minimal).

Security and Compliance

Authentication and Authorization

Current State:

Acme Fitness uses standard JWT (JSON Web Token) authentication. Users log in with email and
password, receive a JWT access token and refresh token, and the access token is stored in secure
storage (Keychain on iOS, Keystore on Android via react-native-keychain). The refresh token is
stored in the same secure storage and is used to obtain new access tokens when the original
expires.

This is a standard and correct approach for mobile apps. The team does not store credentials in
AsyncStorage or other insecure memotry.

Observed Issues:

1. JWT Token Expiration Not Handled Gracefully: The access token expires after 24 hours,
and the refresh token expires after 30 days. However, the app does not proactively refresh
the access token before expiration. Instead, when a request fails with a 401 Unauthorized
response, the app attempts to refresh the token. If the refresh token is also expired, the user
islogged out abruptly.

In a better user experience, the app would refresh the token proactively (e.g., every 23 hours) so
users never encounter a 401 during normal use.



Severity: Low
Recommended Fix:

Implement proactive token refresh using a background timer or an HTTP interceptor that checks
token expiration and refreshes if needed. If the refresh fails, show a non-disruptive prompt to the
user to log in again. Effort: 1.5 days (1 day for token refresh logic, 0.5 days for testing token
expiration and refresh flows).

2. No Rate Limiting on Authentication Endpoints: The backend API does not rate-limit login
attempts. An attacker can enumerate user accounts or brute-force passwords by sending
thousands of login requests per minute. While Acme Fitness is not a high-value target, this
is a basic security hygiene issue.

Severity: Medium
Recommended Fix:

Implement rate limiting on authentication endpoints (login, password reset, signup) at the API
gateway or load balancer. Lock accounts temporarily after 5 failed login attempts within a 5-
minute window. Send an email alert to the user if they receive a lock notification. Effort: 1 day
backend work (0.5 days for API implementation, 0.5 days for testing and monitoring).

Data Handling and Privacy

Current State:

User data at rest is stored securely. On iOS, user data is encrypted using the Data Protection
framework (automatically enabled by default in modern Xcode projects). On Android, data is
encrypted using Android's EncryptedSharedPreferences and Room database encryption.

Workout data and personal statistics are stored locally on device and synced to the backend via
HTTPS. The backend database (we assume, based on your architecture) is encrypted at rest.

Observed Issues:

1. Sensitive Data Logged in Debug Builds: During development, the Redux middleware logs
all state changes to the console (using redux-logger). This includes user IDs, health metrics,
and occasionally API tokens if they're stored in Redux (which they should not be, but this
should be validated). In release builds, logging is disabled, but a user who enables debug
mode or exports debug logs could expose sensitive data.

Severity: Low

Recommended Fix:

Ensure redux-logger is disabled in release builds. Do not log sensitive data (tokens, PII, health
metrics) even in debug builds; if logging is needed for debugging, use a sanitized version of state.
Effort: 0.5 days (review logging configuration, add data sanitization).



2. Health Data Sync Does Not Encrypt in Transit on Older TLS Versions: The app forces
TLS 1.2 or higher for HTTPS connections in the HTTP client configuration, which is good.
However, if a user's device has outdated network stacks or the backend accepts older TLS
versions, data could theoretically be intercepted. This is a low practical risk but represents a
security control gap.

Severity: Low
Recommended Fix:

Explicitly set the minimum TLS version to 1.2 in the HTTP client (confirm it's already configured
in axios). Update the backend to reject TLS 1.1 and below. Effort: 0.5 days (configuration review
and validation).

Dependency Audit

Current State:

The project uses npm dependencies and has integrated dependabot (GitHub's dependency
update bot), which scans for vulnerable dependencies and opens PRs when updates are
available. The team reviews and merges updates regularly.

Package count is reasonable (~120 top-level dependencies for a React Native app of this scope),
though not minimal.

Observed Issues:

1. Three Dependencies with Known Vulnerabilities (Low Severity): As of the audit date
(November 26,2024 ), three dependencies have known vulnerabilities:

o lodash (version 4.17.20): CVE-2021-23337 (Prototype Pollution). Fixed in 4.17.21.
Impact: Low (requires specific code pattern).

e react-native-gesture-handler (version 1.10.3): No current CVEs, but version 2.9.0 is
available with performance improvements. Impact: None.

» Atransitive dependency in a testing library has a known issue but is dev-only. Impact:
None for production.

Severity: Low
Recommended Fix:

Update lodash to 4.17.21 immediately (trivial upgrade). Update react-native-gesture-handler to
2.9.0 (benefits from performance improvements; test before deploying to production). Create a
regular dependency audit process (weekly or monthly) to stay on top of updates. Effort: 0.5 days
(dependency updates and testing).

App Store and Play Store Policy Compliance

Current State:



The app is published and has not had rejections. The app complies with basic policy
requirements: no explicit content, appropriate age rating, permissions are justified.

Observed Issues:

1. AlFeature Disclosure Requirements (Future Issue): Once you add the Al features
recommended in Section 4, both Apple and Google require explicit disclosure in the App
Store metadata and privacy policy. As of iOS 18 (September 2024) and Android 15 (October
2024), both platforms require:

« Disclosure that the app uses AI/ML features
» Clarity on what data is used for training or inference
e Opt-out options where feasible

« Transparency on third-party Al providers (e.g., OpenAl, Anthropic) if data is sent to
external services

Severity: High (applies once Al features are added)
Recommended Fix:

Before launching any Al features, review Apple's requirements (available in App Store Connect)
and Google's Al and machine learning policies. Update the privacy policy, app description, and
in-app disclosures to meet requirements. Conduct a compliance review with legal counsel if Al
training on user data is involved. Effort: 1 day (policy review and documentation updates;
implementation is minimal if done upfront).

2. Health-Related Claims Require Careful Wording: Acme Fitness is a fitness app, not a
medical app, and the team has appropriately avoided medical claims (e.g., "cure back pain").
However, if you add features that make health-related recommendations (e.g., "this
workout is ideal for knee rehabilitation"), ensure the wording is aspirational, not
prescriptive. Both App Store and Play Store scrutinize health-related language.

Severity: Medium (applies once health-related features are added)

Recommended Fix:

Audit the app copy and any Al-generated recommendations for prescriptive health language.
Include disclaimers in the app ("Always consult a medical professional before starting a new
exercise routine"). Effort: 0.5 days (copy audit and disclaimer updates).

Recommended Roadmap

The following roadmap reflects a 12-week modernization and feature expansion plan, building
on the audit findings and taking advantage of the Al integration opportunities. The roadmap is
structured in three 4-week phases, with cost ranges based on your current engineering team
capacity and the scope of each phase.



Phase 1: Al Foundation and Performance (Weeks 1-4)

Focus: Deliver the personalized workout recommendations feature (Section 4, Opportunity #1)
and complete foundational performance optimizations (Redux selectors, FlatList memoization,
Hermes integration).

Deliverables:

LLM-based personalized workout recommendations feature (MVP)
Refactored Redux selectors using reselect (workspace-wide)
Memoized WorkoutCard components and optimized FlatList rendering
Hermes engine enabled on Android builds

Error boundaries added to navigation stacks

Sentry Performance Monitoring configured

Effort Breakdown:

LLM integration and backend API: 4 days
Mobile Ul for recommendations: 3 days

Redux refactoring: 3 days

Component memoization and Hermes: 3 days
Error boundaries and monitoring setup: 2 days
QA and stabilization: 3 days

Total: Approximately 18 engineer-days (4.5 engineer-weeks at 40 hours/week)

Cost Range: $18,000-$24,000 (assuming $100-$133/hour blended rate for a senior engineer from
Inseed)

Key Milestones:

Week 1: Backend LLM integration complete and tested in staging

Week 2: Mobile UI for recommendations shipped to internal beta

Week 2-3: Redux and performance refactoring in parallel

Week 3: First performance improvement validated in production (TTI, frame rate metrics)

Week 4: Feature shipped to production; Sentry performance dashboards active

Success Metrics:

Personalized recommendations feature: 40%+ adoption among daily active users within 2
weeks of launch

Performance: 40-50% reduction in Redux selector computation time, frame rate restored to
55+ fps on target devices

Stability: No regression in crash rate; error boundaries reduce deep link crash rate by 50%+



Phase 2: ML Predictions and Compliance (Weeks 5-8)

Focus: Deliver predictive performance analytics feature and ensure full ATl compliance for App
Store and Play Store. Complete remaining medium-severity issues (HealthKit race condition,
CI/CD performance testing).

Deliverables:

» Predictive performance analytics feature (locally-run ML models on device)
» Updated privacy policy and App Store metadata for Al disclosure

« HealthKit sync race condition fixed (iOS)

o Automated performance regression detection in CI/CD (Detox tests)

« Comprehensive accessibility audit and gap remediation

e Deeplink resolution improvements

Effort Breakdown:

e ML model pipeline and CoreML/TensorFlow Lite export: 4 days
» Mobile Ul for predictions: 2 days

» HealthKit native code fix: 2 days

e CI/CD setup (Detox): 3 days

o Accessibility audit and fixes: 3 days

e Deeplink refactoring: 1.5 days

« Compliance review and policy updates: 1 day

e QA and stabilization: 2 days

» Total: Approximately 19.5 engineer-days (4.8 engineer-weeks)

Cost Range: $19,500-$26,000
Key Milestones:

» Week 5: ML model pipeline and training script operational

» Week 5-6: Predictions feature shipped to beta

» Week 6: Compliance review complete; updated policies submitted to app stores

o Week 7: HealthKit fix shipped; performance regression tests integrated into CI/CD

» Week 8: Predictions feature in production; accessibility gaps closed

Success Metrics:

» Predictions feature: Users with predictions enabled show 15%+ increase in workout
frequency

« Compliance: Zero app store rejections related to Al disclosures
» Stability: HealthKit duplicate workout rate drops to <0.5% of new user onboarding flows

» CI/CD: Zero performance regressions slip to production due to automated testing



Phase 3: Advanced Features and Optimization (Weeks 9-12)

Focus: Deliver voice-guided coaching feature, complete remaining low-priority issues, and
establish long-term performance and quality baselines. Position the app for sustained growth.

Deliverables:

« Voice-guided workout coaching feature (speech-to-text, LLM response generation, TTS)
e Optimized image loading (lazy loading, fast-image integration)

« Onboarding revamp (interactive tutorial, lazy permission requests)

e Snapshot testing migration to visual regression testing (Percy)

« App Store metadata optimization (ASO improvements)

» Production performance baselines and alerting configured

Effort Breakdown:

» Voice coaching backend and LLM integration: 2 days

e Speechrecognition and TTS (iOS): 2 days

e Speechrecognition and TTS (Android): 2 days

» Voice coaching mobile UI: 2 days

« Image loading optimization: 2 days

e Onboarding redesign and implementation: 3 days

« Testing (visual regression setup, voice accuracy testing): 2 days
+ ASO and store metadata optimization: 1 day

e Production monitoring and alerting setup: 1 day

e QA and stabilization: 2 days

« Total: Approximately 19.5 engineer-days (4.8 engineer-weeks)

Cost Range: $19,500-$26,000
Key Milestones:

« Week 9: Voice coaching backend and speech recognition integrated; testing in simulator
» Week 10: Voice coaching feature shipped to beta; accuracy testing in gym environments
e Week 11: Feature released to production; onboarding revamp launched

o Week 12: Visual regression testing fully deployed; production performance baselines
established

Success Metrics:

» Voice coaching: 20%+ of users try the feature in first week; 40%+ find it valuable based on
in-app survey

e Onboarding: Permission acceptance rate improves from 65% to 75%+ (approaching
industry benchmark)



« New user activation: Day-1 and day-7 retention improved due to onboarding revamp

e ASO: App store search visibility increases (measurable via App Annie or similar tools)

Estimated Total Investment

e Phase 1: $18,000-$24,000
e Phase 2:$19,500-$26,000
e Phase 3:$19,500-$26,000
« Total 12-week engagement: $57,000-$76,000

This assumes a dedicated senior full-stack engineer or a small team (1-2 engineers) working 80%
capacity on this engagement while your internal team handles ongoing maintenance and bug
fixes. If your team prefers to distribute the work across more engineers with lighter time
commitment, costs may increase slightly due to coordination overhead. Alternatively, some of
these phases can be parallelized (e.g., Al compliance work in Phase 2 can begin in Phase 1) to
reduce total duration.

Alternative Pacing: If you prefer a slower cadence, the same work can be spread across 16-20
weeks at a reduced cost (approximately $45,000-$60,000 total) by reducing full-time allocation
t0 60%.

Appendix: Audit Tools and Methodology

Analysis Tools

Source Code Analysis:

« ESLint and Prettier: Static linting and code style analysis

« Detox: End-to-end testing framework for performance and UX regression testing
« React DevTools Profiler: Component render performance measurement

» Redux DevTools: Redux action and state inspection

e Android Profiler: Native Android memory, CPU, and frame rate profiling

» Xcode Instruments: iOS memory, CPU, frame rate, and battery profiling

Network and API Analysis:

« Proxyman (macOS) and Charles Proxy: HTTPS traffic inspection and request logging
» React Native Debugger: JavaScript and network debugging
» Firebase Console: Crash log and session data review

Performance Measurement:

« Lighthouse (via WebView): Page load and rendering metrics

» react-native-performance: JavaScript performance measurement and logging



adb logcat (Android) and Xcode Console (i0S): Native log inspection

Security and Dependency Analysis:

npm audit: Dependency vulnerability scanning
Dependabot: Automated dependency updates and vulnerability alerting

OWASP Mobile Security Testing Guide: Manual security testing checklists

Accessibility Testing:

Apple Accessibility Inspector: iOS accessibility validation
Android Accessibility Testing Framework: Android accessibility validation

WAVE Browser Extension: Web accessibility analysis

Testing Devices and Configurations

iOS: iPhone 14 Pro (A16 Bionic, 6 GBRAM, iOS 18.1), iPhone 8 (A11,2 GBRAM, i0S 16.2)

Android: Pixel 8 (Snapdragon 8 Gen 3,12 GB RAM, Android 14), Moto G9 (Snapdragon 662,
4 GBRAM, Android 11)

Data Sources

3 months of production crash logs via Firebase
Session analytics data from Firebase Analytics
App Store and Play Store review sentiment analysis

User flow data and funnel analytics

Methodology

The audit followed a structured approach:

1. Codebase Review: Linear review of core modules (Workouts, Profile, Community,

Analytics, Navigation), focusing on architecture, state management, error handling, and
performance-sensitive code patterns.

. Performance Profiling: Tested the app on each device in representative user flows (app

launch, scroll through workout feed, navigate between tabs, complete a workout, view
community feed). Measured frame rate, CPU usage, memory allocation, and time to
interactive for each flow. Identified bottlenecks using profiling tools.

. Security Audit: Reviewed authentication and authorization logic, checked for credential

handling in insecure storage, validated HTTPS enforcement, and audited dependencies for
known vulnerabilities.

UX Assessment: Navigated through onboarding, core user flows, and edge cases (error
states, offline mode, permissions denied). Tested on both flagship and budget devices to
understand the full user experience spectrum. Reviewed app store listings for
completeness and compliance.



5. Stakeholder Interviews: Discussed architectural decisions, constraints, and roadmap
priorities with your engineering leads. Understood the team's pain points and capacity
constraints.

6. Comparative Analysis: Benchmarked Acme Fitness against three competing fitness apps
(Strong, FitBod, JEFIT) to contextualize feature gaps and technical choices.

Notes on Limitations

« The audit is a snapshot assessment (November 2024) and does not represent an ongoing
monitoring service. Production issues may emerge after this audit that are not captured
here.

o The audit did not include a comprehensive load/stress test of your backend infrastructure.
The findings focus on client-side performance and architecture.

« Some findings are based on extrapolation from available data (e.g., crash rates) and may not

represent the complete picture. We recommend enabling more granular event tracking and
performance monitoring to establish baselines for future comparisons.

End of Report
Questions or clarifications?

Please reach out to your Inseed engagement lead. We're happy to prioritize any findings or
elaborate on recommendations.

Recommended Next Steps:

1. Share this report with your engineering leadership for internal prioritization.

2. Schedule a 1-hour sync with Inseed to discuss findings, answer technical questions, and
scope Phase 1in detail.

3. Ifyoudecide to proceed with Phase 1, we can begin as early as the following week. Typical
engagement starts with onboarding (code repository access, CI/CD setup, team meetings)
and then execution of the roadmap.



