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“The future of food delivery isn’t just about speed; it’s about building
a community, personalization, and efficiency in every step, from the
first tap to the final bite and Al is the glue bringing it all together.”

- Matias Undurraga
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Executive Summary

et’'s face it: food delivery customers want everything. They

want to feel part of a community. They want personal touches,

fast service, and smooth experiences. But running a delivery
business is tough. You need to manage customers, restaurants, and
riders all at once. You also need to control costs, keep food quality
high, and deal with strong competition.

That's where Artificial Intelligence (Al) comes in. It’s not just another
tech trend. It's changing how food delivery works from the inside
out. This book, Delivering the Future: Al’s Transformation for Food
Delivery, is a hands-on guide for anyone working in this fast-paced
world.

Our main idea is clear: Al is more than automation. It brings smart
predictions, better planning, personal experiences, and faster
decisions. We show how Al is changing the customer journey, from
helping people discover food they like to making it easier to order,
track deliveries, and follow up after they eat.
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I ) CUTIVE SUMMARY

We also explain how Al is improving the way delivery companies run.
It helps keep menus up to date, makes kitchens more efficient, and
helps manage drivers better. It even helps in places many people
overlook such as customer support. With Al, support becomes faster,
more consistent, and proactive, helping customers, restaurant
partners, and riders alike.

Al Transforms Food Delivery

Optimized
Operations
Streamline kitchens,
menus, and driver
Proactive management
Customer
Support

Personalized
Customer
Experiences

Faster, consistent, and
helpful assistance

Enhance journey with
tailored
recommendations

Implement Al

N
vionet

| Solutions
Turn data into business |
value E
\\ N )
(el =~

Delivery Business Future-Ready

Challenges Business
Managing complexities Anticipate demand for Smarter, stronger food

and high costs efficient planning delivery service

We talk about how platforms can turn their data into products and
real business value. And we look at what’s coming next, like Al agents
that could run parts of the system on their own.

This book is written for people who already know the food delivery
space, executives, managers, operations teams, restaurant owners,
ghost kitchens, and logistics leaders. We explain Al in simple terms

10 DELIVERING THE FUTURE s—



EXECUTIVE SUMMARY

and use real examples so you can see what works. We also highlight
the importance of good data, responsible use of Al, and keeping
people involved in the process.

Delivering the Future gives you the knowledge to go beyond reacting
to tech changes. It gives you a clear path to use Al the right way, to
improve the customer experience, run smoother operations, create
new business value, and fix common problems like poor support or
menu issues. The goal is simple: help you build a smarter, stronger,
and more future-ready food delivery business.






Introduction

Beyond Convenience -
Delivering Connection in the
Age of Al

e live in a time full of contradictions. Technology, Al, and
Wapps are changing how we live and interact. But even as
we become more digital, people still want real connection,
a sense of community, and shared moments. At the same time, we
enjoy convenience. Staying home, watching a screen, and eating

dinner in bed is easy and comfortable. This need for convenience
has changed many habits, and delivery is a clear example.

Food delivery platforms now give us instant access to dishes from
almost anywhere, brought straight to our door. It fits perfectly
with how we live today. But this convenience has also created new

m—DE | |\/ERING THE FUTURE 13
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challenges.n the beginning, being fast and offering many restaurant
options helped companies stand out. Now, most platforms offer
similar things. They have the same types of food, similar delivery
times, and almost the same kind of apps.

Al-Driven Food Delivery Cycle

6@
Personalize Improve Innovate
Experience Efficiency Services
Al tailors Al optimizes delivery Collect customer Develop new Al-
SUQQESUOT[s af“}‘ routes and kitchen Personalized service insights to refine Al driven features to
support to individual  operations. builds stronger strategies. stay competitive.

needs. customer
relationships.

When every platform promises speed and choice, price & promotions
becomes the only way to compete. That is a hard and risky position.
It is difficult to grow and stay profitable if the main difference is
cost. What used to feel exciting is starting to feel more like a basic
service. It works, but it no longer feels special.

14 DELIVERING THE FUTURE s—



BEYOND CONVENIENCE — DELIVERING CONNECTION IN THE AGE OF Al I SR

So where does food delivery go next? How can platforms stand
out and build real loyalty? We believe the answer is not in faster
deliveries or more restaurant choices. The real opportunity is using
Al to create a smarter, more personal, and more helpful experience
for everyone involved. That includes customers, restaurant partners,
and delivery riders.

This means thinking beyond just getting food from one place to
another. The real value comes from small moments that customers
might not ask for but will always remember. It is when the app
suggests something you are craving to eat. It is when support
solves a problem fast and knows your situation. Whether you are a
customer with a missing item, a restaurant dealing with a rush, or a
rider who needs help, these are the moments that matter.

Al can also help with creative work. It can improve menus, write
better messages, and give smart suggestions. Generative Al opens
new ways to make the experience feel unique and personal.

This book explores how Al is shifting food delivery from basic service
to intelligent experience. We look at how data, when combined
and used wisely, helps platforms understand the real needs of the
people they serve. We explore real examples, like smarter menus,
better support, and new systems that can run parts of the platform
on their own.

We believe food deliveryis changing.Itis nolongerjust about bringing
food. It is about creating an experience that is smart, personal, and
human, powered by the right use of Al.






Chapter

Mapping the Customer
Journey: From Craving to
Consumption

it starts with a feeling. Maybe it is a deep breath after a long day
at work. Maybe cooking feels too hard tonight. Sometimes it is a
strong craving. You can almost taste the salty crunch of fries, the
warm comfort of noodle soup, or the cheesy pull of a hot pizza.
Other times, it is about people. Friends are coming over, and no one

I t usually does not start with a clear decision. Most of the time,

wants to cook.

Whatever the reason, something inside tells you to order food. That
small moment starts a journey we all know well. We open our phones
or laptops and begin scrolling. On the surface, it looks easy. You want

m—DE | |\/ERING THE FUTURE 1/
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food, you tap a few buttons, and it shows up. But underneath, there
are many small steps. Each one can go right or wrong. Each one can
make you feel happy or frustrated.

If we want to understand how smart technology can make food
delivery better, we need to look at this journey again. We need to
notice every step, every choice, and every feeling that happens
along the way. So, let’s dive into it...

Online Food Ordering Cycle

Initial exploration of food
options

Post-Delivery

Evaluation
Engagement

Assessing menu and

Providing feedback and reviews

building loyalty

Delivery and
Consumption

Action
Placing the order

Receiving and enjoying
the meal

18 DELIVERING THE FUTURE s—



MAPPING THE CUSTOMER JOURNEY: FROM CRAVING TO CONSUMPTION S

Stage 1: Awareness and Discovery - “Right,
Food. But What Food?”

The phone is unlocked, the app icon tapped, or the website loaded.
And thereitis: a screen full of choices.An infinite scroll of restaurants,
cuisines and photos. That initial feeling of hunger or need now
meets a wall of possibility. Do | feel like Thai tonight? Or maybe that
new burger place everyone’s talking about? Should | just reorder my
usual Indian takeaway? Wait, there’'s a 20% off deal at the Italian
place.. but is it any good?

The first wave of choices can feel less like help and more like a
challenge. We scroll, swipe, or type something vague like “lunch” or
“healthy” into the search bar, hoping to get inspired. But there is so
much to look at, it can feel overwhelming. We might jump between
categories, glance at the top banners, or check out the places we
already know. We are looking for something that grabs our attention.
Something that turns that unclear feeling into a real choice.

At this point, the platform tries to help. It shows popular items or
meals we ordered before. But sometimes it still feels random, like
we are calling out and just hoping the right answer comes back. This
part is not just about picking any restaurant. It is about finding the
right one, right now, without getting frustrated or giving up.

m—DE | |\/ERING THE FUTURE 19
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Journey to Choosing a Restaurant

Finally choosing a restaurant and
placing an order.

6 ” Making a Decision

5 Platform Suggestions

Receiving suggestions from the
platform based on past orders or
popular items.

4 Seeking Inspiration

Searching for specific terms or
categories to narrow down
choices.

Feeling overwhelmed by the sheer
number of options available.

3 ” Overwhelmed by Choices

2 Exploring Options

Browsing through a vast array of
restaurants and cuisines on a food
delivery app.

The moment hunger strikes and
the decision to order food is made.

Stage 2: Evaluation - “Hmm, Let’s See the
Menu...”

Something catches oureye.Aname,a photo,atempting cuisine type.
We tap through, landing on the restaurant’s digital storefront -> the
menu page. Now, the real scrutiny begins. We scan the categories:
Starters, Mains, Sides, Drinks. Do the photos look appetizing? Do they
look real? We read the descriptions. “Chef’s special blend of herbs
and spices” sounds intriguing, but what does it taste like? Is it spicy?
Does it contain nuts? If we have allergies or dietary preferences, this

2zl DELIVERING THE FUTURE s—



MAPPING THE CUSTOMER JOURNEY: FROM CRAVING TO CONSUMPTION S

is where we hunt for clues - clear labels, dedicated sections, detailed
ingredient lists.

And then there are the other voices - the digital equivalent of
peeking at other diners’ plates. The star ratings glow prominently.
We scan recent reviews: “Delivery was fast!” gives confidence; “Food
arrived cold and soggy” raises alarm bells. We look for those little
“best seller” tags, seeking safety in popular opinion. Can we easily
customize the order? If the app only lets us pick one sauce for our
sandwich when we know we could ask for two over the phone, it
feels limiting, frustrating. This stage is all about building confidence.
We're investing not just money, but also anticipation in this meal.
We need reassurance that the food will be good, that it meets our
needs, and that ordering it won’t be a hassle. A confusing layout,
poor photos, vague text, or inflexible options can easily break that
confidence, sending us back to the discovery scroll, or worse, closing
the app entirely.
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Building Confidence in Ordering Food

Feeling assured and ready to place
the order.

5 H Confidence Achieved

Checking for flexibility in ordering
to meet personal preferences.

3 Review Analysis

Reading reviews to gauge
customer satisfaction and
reliability.

2 Photo and Description
Check

Examining photos and descriptions
to assess food quality and taste.

1 Initial Menu Scan

Quickly browsing through the menu
categories to get an overview.

Stage 3: Action - “Looks Good. Let’s Get
It.”

We've navigated the choices, customized our selections, and built
our virtual tray. It’s time to commit. We proceed to the checkout, the
final gateway. Here, clarity is king. Is the breakdown of costs obvious?
Food subtotal, delivery fee, service charge, tax - does it all add up
clearly? Is the estimated delivery time prominently displayed and
acceptable? We give the order summary one last check, is that extra
cheese on the burger? Is the address correct?
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MAPPING THE CUSTOMER JOURNEY: FROM CRAVING TO CONSUMPTION S

Then comes the payment. Hopefully, our preferred method is saved,
a single tap away. If not, is entering card details easy and secure?
Any friction here feels magnified. A hidden fee appearing at the last
second, a confusing interface, a failed payment attempt..these are
the moments that can cause us to slam on the brakes, abandoning
a cart filled with our chosen items. It’'s also the moment where a
gentle nudge like “Forgot a drink?” or “Add cookies for $2?” - might
be welcome, but only if it feels helpful, not like a desperate last-
minute sales pitch. This stage needs to feel like a smooth, secure,
and transparent confirmation of the decision we've already made.

Completing the Online Order

3 |] Final Confirmation éﬁ\\\\\

Receive a clear and transparent
confirmation.

2 H Payment Process

Securely complete the transaction.

Ensure all details are correct and
clear.

1 |] Review Order

m—DE | |\/ERING THE FUTURE 73



I i PTER |

Stage 4: Delivery and Consumption - The
Ticking Clock and the Arrival

Payment complete. Confirmation received. Now, the real hunger
game begins. Our focus shifts from the digital interface to the
physical world. The map showing the little icon of our rider becomes
a source of intense interest. Is the Estimated Time of Arrival (ETA)
holding steady? Is the rider moving towards us? When the ETA
suddenly jumps by 15 minutes, our stomach sinks a little. When the
rider seems stuck in one place for too long, questions bubble up.
This period is charged with anticipation, sometimes bordering on
anxiety.

This “last mile” is where the digital promise meets physical reality.
So much depends on this phase: the accuracy of that initial ETA, the
smooth coordination between kitchen and rider, the rider’s ability
to navigate traffic and find our location efficiently. And ultimately,
the payoff: the food arrives. Is it hot? Is it packaged neatly? Is
everything we ordered in the bag? The moment of handover, whether
contactless or face-to-face, is the culmination of the entire process.
A timely arrival with food that meets expectations feels like a small
victory. A significant delay, mid-warm-cold food, a missing item, or a
confusing drop-off can instantly taint the whole experience.

2/ DELIVERING THE FUTURE s—
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Journey to Food Delivery

The moment of handover, checking
for quality and completeness.

4 H Food Arrival

Anticipation and slight anxiety
arise as the ETA fluctuates.

3 H ETA Anxiety

Monitoring the rider's progress on
the map becomes a focal point.

2 ” Rider Tracking

The digital transaction is
completed, and confirmation is
received.

1 I] Payment Confirmation

Stage 5: Post-Delivery Engagement - The
Aftertaste and the Next Time

The meal is eaten. The hunger satisfied (hopefully). But the
interaction has not ended... A notification might pop up later: “How
was your order from Pizza Palace?” We might tap out a quick star
rating, or perhaps take a moment to write a review, praising the
speedy delivery or lamenting the lack of spice. This feedback closes
the loop, informing future customers and, ideally, the platform and
restaurant themselves.

This is also where the seeds of loyalty are sown or scattered. Was the
entire journey, from discovery to consumption, relatively smooth and
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pleasant? Did the food live up to expectations? If yes, we mentally
bookmark the restaurant, perhaps add it to our favorites in the
app. We feel good about the platform. The next time we’re hungry,
we're likely to return. If the experience was spoiled by frustration - a
confusing menu, a late delivery, an incorrect item, unhelpful support
- that negative aftertaste remains. We might leave a poor review,
decide not to order from that restaurant again, or even switch to a
competitor platform next time. The goal for the platform isn’t just
this one order; it's ensuring the experience is positive enough to
earn the next order, and the one after that.

Building Customer Loyalty

The customer decides whether to
return for future orders.

The customer provides feedback
on their experience.

The customer assesses the taste
and quality of the food.

3 ” Food Quality

The customer receives their order
and evaluates the delivery service.

2 H Delivery Experience

The customer places their first
order.

1 ” Initial Order
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The Journey’s Landscape: Setting the
Stage for Intelligence

This walk through the customer journey reveals a path paved with
potential friction. Choice overload during discovery, lack of clarity
during evaluation, hidden complexities at checkout, and anxiety
during the wait..these are the inherent challenges that food delivery
companies face day to day. It's a complex interplay of digital
interfaces, human decisions (both customer and operational staff),
and real-world logistics. Understanding these stages, the emotions
they evoke,and the points where things can go wrong is the essential
first step. It allows us to see precisely where Artificial Intelligence
can intervene, not just to fix problems, but to elevate the entire
journey, making it smarter, smoother, and more satisfying from the
first craving to the final crumb.

m—DE | |\/ERING THE FUTURE 7]






Inside the Engine: Core
Operational Processes in
Food Delivery

wait a bit, and your food shows up. But behind that smooth

experience, there’s a complex system working hard to make
it happen. It’s a mix of tech, restaurant operations, logistics, and
people—all moving together in real time.

From the outside, ordering food feels simple. A few taps,

e DE | [VERING THE FUTURE 29
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Menu Management - The Digital Base of
Everything

Let’s start with something that looks easy but is super important:
the menu. As a customer, we see the menu in the app. But for the
restaurant and the delivery platform, that menu is the foundation. If
the menu doesn’t work well, the whole system breaks.

Think of it this way: what can | do if | call a restaurant? Maybe they
recognize my number. Maybe they remember what | ordered last
time. | can ask for today’s specials. | can customize my order—add or
remove ingredients, ask for no onions, or extra sauce.

That same flexibility should exist in the digital menu. It should be
just as easy to customize a dish, add special instructions, and feel
like the restaurant knows me—even if I’'m not talking to a person.

That’s the goal: a menu that works like a great phone call, but fully
digital.

30 DELIVERING THE FUTURE s—
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Digital Menu vs. Phone Call

[ Characteristic

] [ Digital Menu ] [ Phone Call

9 L
@: Personalization

@@ Completeness

Online Storefront

Easy to customize
dishes and add
instructions

Feels like the
restaurant knows
me

Often missing kids'
meals, drinks,
combos

Shows what they
offer and how they
want to be seen

Can customize order,
add/remove
ingredients

May recognize
number, remember
past orders

Includes all items,
specials, and
promotions

N/A

More Than a List: The digital menu is the restaurant’s online
storefront. It shows what they offer, how they want to be seen, and
what’s available to order. A clear, updated menu builds trust and
helps customers choose. A messy or outdated one causes confusion

and lost orders.

Ask yourself:

D What does a great menu look like?

s DE| [VERING THE FUTURE
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D Are fewer, well-presented dishes better than a long,
cluttered list?

D Which of your menus convert best? Does cuisine type
affect conversion rate? How do | create the best menu per
cuisine type?

Gaps You Might Not Notice: Often, what’s on the physical menu
doesn’t fully make it online. You'd be surprised how often kids’
meals, drinks, or combos are missing from delivery platforms, not to
mention store promotions. Sometimes it’s by mistake, sometimes
due to concerns like high commission fees. But either way, it means
lost sales and unhappy customers.

Ask yourself:

D Imagine McDonald’s not offering the Happy Meal—how
many of your restaurants have a proper kids’ menu?

D How many of your locations offer family meals or bundles
meant to feed more than one person?

D Are your drink menus complete? Do they include all sizes
(like 350ml and 1.5L) and all available flavors, or just one or
two options?

It’s Harder Than It Looks: For a local restaurant owner, creating
a great digital menu is a lot of work. You need clear names, good
photos, the right prices, smart categories, and easy options for
customizing dishes. Even updating one item can be a hassle.

32
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Platforms try to help—with templates and setup tools—but mistakes
still happen. A wrong price. A missing option. An old item still live.
Keeping the menu clean and accurate takes real effort.

D Is it easy for your restaurants to make changes to their
menus, or is it a pain every time?

D Do they have the right tools and help to fix things fast and
without mistakes?

D When was the last time you checked for problems—like old
items still showing, missing options, or broken modifiers?
(For example: a pizza says “choose 4 toppings” but only
lets you pick 1, or it won’t let you add extra cheese even if
you want double or triple since the modifier only lets you
pick 1 per option)

D Areyourtop dishes really standing out? Do they have clear
names, great photos, and short descriptions that make
people want to order?

Chains vs. Independents: Big chains have systems to push updates
automatically. A brand like McDonald’s can update hundreds of
locations with one change. But a small pizzeria might log in manually
and type everything in.

The platform must support both.It needs strong tools forautomation
and simple, foolproof tools for manual changes.

Ask yourself:

D Areyourtools built for both worlds—high-scale automation
and simple manual updates?
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D Can small restaurant owners make changes without
needing tech support every time?

D Are chains able to update prices, promos, or photos across
all locations instantly and without errors?

D Isyour platform flexible enough to support both use cases
without slowing either one down?

Getting the Menu Live - Fast but Safe: Let’s say a restaurant updates
ten items. One has a problem—maybe it’s missing a photo. Should
the platform block all ten? Or publish the nine good ones and flag
the issue with the last?

Chains vs. Independents

Characteristic ] [ Chains ] [ Independents
Automated Manual

k\ Update Speed Fast Slow

@ Error Handling Instant updates Partial updates

This is tricky. Go too fast, and mistakes slip through. Go too slow,
and restaurants can’t move fast enough to update their offerings.
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Finding the right balance between speed and quality is one of the
hardest parts of menu management.

Ask yourself:

D What happens today when a restaurant updates a menu—
do all changes go live instantly, or is there a delay?

D If oneitem has a problem, do you hold everything back, or
let the rest go through?

D Do yourtools support partial updates, clear error messages
when making changes, and quick fixes / suggested fixes?

D Is your validation process helping restaurants move
faster—or slowing them down?

Order Aggregation and Processing:
Catching the Digital Request

When the customer taps “Confirm Order,” the system needs to
send that order fast and accurately to the right restaurant. This
includes the full details: who ordered, what they ordered (with every
customization), where it’s going, and confirmation that it's paid.

The platform acts like a big switchboard, handling thousands of
these messages at once, especially during dinner rush. Most of the
time, this info shows up on a restaurant’s tablet or POS system. But if
there’s a delay, or something gets lost or misread, the kitchen might
not even know the order came in—or worse, they might prepare the
wrong thing.
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Order Processing and Delivery Cycle

Customer confirms order,
initiating the process.

Deliver Order Process Order

Rider delivers the order to
the customer.

System sends order
details to the restaurant.

Pack Order

Food is packed for
delivery.

Prepare Food

Kitchen team prepares the
order accurately.

Kitchen Operations: The Race Against
Time and Temperature

Once the order hits the restaurant’s screen, the real work starts. The
team needs to get it right: check the details, prep the ingredients,
cook the food (without onions, extra spicy, etc.), and make sure
everything’s ready at the same time. Then they must pack it for the
journey.

The hardest part is predicting how long it’ll take. A pizza might
normally take 15 minutes—but what about during a busy Friday
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night, with extra toppings? Or what happens if | order 15 pizzas,
should | add extra time, and how much time? Something that over
the phone is easy to communicate, now becomes a challenge when
taking an order online.

If the prep time is too long, the rider waits. If it’s too short, the food
isn’t ready when the rider arrives, if we delay the driver then the food
might get cold. This throws off the delivery estimate the customer
sees. Getting this timing right is key to making the whole system
work.

Rider Dispatch and Logistics Optimization:
The City-Wide Chess Game

As the food is almost ready, the platform needs to decide: who
should pick it up?

It’s not just about finding the closest rider. The system should check
traffic, promised delivery time, direction of the rider, and whether
this order can be combined with another one nearby. And it also
needs to make sure the rider is earning enough.

It’s like playing chess across the whole city—constantly moving
riders around to match orders in the smartest way. Bad moves
mean cold food, delays, and wasted time. Good ones look like magic:
everything flows smoothly.
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Rider Dispatch Optimization Cycle

Food is prepared and
ready for pickup.

Performance
Evaluation

Rider Selection

. System chooses the best
System assesses delivery rider for the order.

performance.

Delivery Execution Route Optimization

System plans the most

Rider picks up and
efficient route.

delivers the order.

Multi-Faceted Support Operations: The
Safety Net

Even with great planning, things go wrong. Orders get messed up,
deliveries are late, or restaurants get overwhelmed. Riders can get a

flat tire or run into trouble.

Support teams need to jump in fast—but here’s the tricky part: there
are three different groups needing help—customers, restaurants,
and riders.
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Often, each group is handled by different teams. That means they
don’t always have the full picture. To fix problems quickly and fairly,
support needs to see everything in context and respond fast.

Unified Support for Seamless Operations

Order Coordination

Smooth order fulfillment

Customer Support Restaurant Support

Resolves order and service
issues

Manages order and
operational challenges

Delivery Assistance

Ensuring timely and safe

deliveries Efficient delivery logistics

Rider Support

Addresses delivery and
safety concerns

Communication Infrastructure: The
Hidden Plumbing

Behind the scenes, communication matters. Riders might need to
contact customers, restaurants might need to speak to support,
and sometimes all three need to be looped in.
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Usually, this goes through masked numbers or in-app messaging. If
the system breaks or lags, things can fall apart fast.

This infrastructure traditionally relies on telephony masking
for privacy, but platforms are increasingly adopting integrated
communication SDKs (discussed in detail in Chapter13) forenhanced
features, cost savings, and greater control. Stability and ease of use
are paramount.

Marketing, Promotions, and Pricing
Strategy: Driving Demand

Platforms and restaurants aren’t just passively taking orders; they’re
actively trying to attract customers and encourage loyalty through
advertising, discounts, special offers, and carefully considered
pricing. Managing these efforts effectively requires understanding
which promotions work for which customer segments and ensuring
pricing remains competitive yet sustainable.
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Strategies for Driving Demand

g:l:] Advertising
@ Efforts to attract customers
through various media

~~~7 | Discounts
[}

! | Offering reduced prices to
encourage purchases

@ Special Offers
®

Unique deals to incentivize
customer loyalty

Setting competitive and
sustainable prices

g Customer Segmentation
Targeting specific customer groups

with tailored promotions

Platform Maintenance, Security, and
Development: Keeping the Engine Running

Finally, the entire operation relies on the technology itself - the
customer app, the restaurant portal, the rider app, the backend
algorithms, the payment gateways. Keeping these systems running
smoothly, securely (protecting against fraud), and constantly
updated with new features and improvements is a massive, ongoing
effort. Building sophisticated features like advanced search or Al-
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driven menu tools requires dedicated development resources and
robust infrastructure.

The Interconnectedness and the Challenge
of Data Silos

Here’s the most important thing: all these steps are deeply
connected.

A bad menu (step 1) means fewer orders (step 2), confused kitchens
(step 3), and late deliveries (step 4). That leads to support tickets
(step 5). But each of these processes often lives in its own data silo.

The team fixing menus might not see the support issues caused by
menu errors. The dispatch team may not know that slow prep times
are due to short staffing.

Without a shared view, it’s hard to improve the full system.

This leads to the next step: breaking those silos and building a
shared data foundation. That’s how we unlock real intelligence and
make every part of the operation smarter.
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Chapter 3

The Foundation: Achieving a
360-Degree View

navigating choices, the restaurant managing orders, the rider

weaving through traffic, the support teams resolving issues.
Every step, every interaction, every click, every delay generates
information, a digital print of the real-world activity. A customer’s
searchterm,arestaurant’s menu update,arider’s GPS ping,a support
chat log - individually, these are just small data points. But together,
they tell a rich, story about how the entire food delivery ecosystem
is functioning, where the friction lies, and where the opportunities
hide. The problem is, in most organizations, these story fragments
live in different books, stored on separate shelves, read by different
people. Marketing has its customer data, operations have their own
logistics data, finance has its transaction data, and support has its

Think back to the dance we just described - the customer
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interaction logs. This separation, this lack of a single, unified narrative,
is a fundamental barrier to achieving true operational intelligence
and delivering truly personalized experiences.

Achieving a Unified Narrative

Personalized
Experiences E‘e

Delivering tailored
experiences based on
insights.

Unified Narrative (

Creating a comprehensive
story from the analyzed data.

Data Analysis
Q Analyzing the integrated data

to uncover insights.

? Data Integration
g Combining disparate data

R into a cohesive dataset.

Data Collection

Gathering diverse data points
from various sources.
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The Imperative for Unified Data
(Customer, Merchant, Rider)

Why isthis fragmentationso harmful? Considerthelostopportunities
and lasting frustrations. A restaurant partner consistently receives
poor ratings specifically for “late deliveries,” but their support
interactions only focus on menu update queries. Without connecting
the dots between customer feedback and operational performance,
the platform can’t offer targeted advice or interventions to help
the restaurant address the root cause - perhaps consistently
underestimating prep times during peak hours. Similarly, a customer
might repeatedly abandon carts containing high-value items just
before checkout. Without linking browsing behavior, cart data, and
potential support interactions (maybe they previously complained
about delivery fees?), the platform might mistakenly target them
with generic “come back” offers instead of addressing a potential
price sensitivity issue revealed at the final step.

The examples are countless such as sales teams reaching out to
merchants - to sell ads- unaware of a recent negative support
experience that the owner had. That owner will complain directly
to the salespeople, about their support case. Operating with these
data silos is like trying to navigate a complex city using separate,
incomplete maps - one showing only roads, another only landmarks,
a third only traffic lights. You might eventually get where you're
going, but it will be inefficient, frustrating, and you’ll likely miss the
optimal route.

To truly optimize the food delivery ecosystem, to personalize
experiences effectively, and to support all participants proactively,
a holistic understanding is non-negotiable. We need to see
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the connections: how menu quality impacts conversion rates,
how kitchen prep times influence rider availability, how support
interactions correlate with customer churn, how rider performance
affects customer satisfaction. This requires breaking down the
walls between data sources and creating a unified, 360-degree
perspective that encompasses the customer, the merchant, and
the rider - the complete ecosystem.

The Power of Unified Data in Food Delivery

Menu-Driven
Experience

Targeted menu
improvements

Customer Data Merchant Data

Operational performance

Preferences and feedback
and menu

Delivery Satisfaction

Timely, reliable service
Optimized prep and delivery

Rider Data

Delivery times and ratings
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Building the Single Source of Truth (SSOT)
[ Ecosystem 360 Platform

The technical and organizational solution lies in consciously building
what'’s often called a Single Source of Truth (SSOT) or, perhaps more
accurately in this context, an Ecosystem 360 Platform. This isn’t
just about creating a massive data dump; it’s about thoughtfully
architecting systems to ingest, clean, integrate, and make accessible
the relevant data streams from across the organization. It involves
connecting the dots - ensuring that ‘Customer ID 123’ who placed
an order is recognized as the same person who later contacted
support via chat and previously clicked on a specific promotion.
It means linking ‘Restaurant ID 456’s’ menu update logs with their
operational performance metrics and recent customer reviews.

Unified Marketplace @

Data Integration @
g [

R
Organizational Alignment ()
’ gnment. oo

Data Governance ?@

Technological 8-
Infrastructure 263

m—DE | |\/ERING THE FUTURE 49



I H/\PTER 3

This task involves both technology and process. Technologically, it
might mean implementing specialized platforms like a Customer
Data Platform (CDP) - extended to handle merchant and rider data
- or enhancing existing data warehouses and data lakes with robust
integration tools, data pipelines, and identity resolution capabilities.
Organizationally, it demands commitment from leadership,
collaboration between departments, and agreed-upon standards
for data definition and quality. It’s a significant undertaking, but the
foundation it provides is essential for virtually all the advanced Al
applications we aim to deploy. Without this unified view, Al operates
with incomplete information, limiting its potential; with it, Al can
begin to truly understand and optimize the intricate dynamics of
the entire marketplace.

Key Data Assets: Inventorying Your
Potential

What are the specific pieces of information that contribute to a
360-degree view?

D From the Customer: Order history (what, when, where,
how much, customizations), app/website interactions
(searches, views, clicks, time spent), acquisition channel,
ratings, reviews, support contacts (chats, calls, emails),
promotion responses, loyalty activity, device information,
location data.

D From the Merchant: Full menu details (items, descriptions,
photos, prices, options, modifiers), order volume, value,
acceptance/rejection rates, self-reported preparation
times, item availability (paused items), customer ratings/
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reviews specific to them, support history, platform tool
usage, operating hours, location, cuisine type.

D From the Rider: Delivery acceptance/completion rates,
pickup and delivery times, routes taken (GPS data),
earnings, tips, customer ratings specific to delivery, vehicle
information, shift patterns, support contacts.

D From the Platform & Context: Real-time order density
by zone, current traffic conditions, weather forecasts,
local event schedules, platform-wide promotions, system
performance logs, security alerts.
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Bringing these diverse datasets together allows for incredibly
powerful analysis. We can correlate a specific marketing campaign
not just with orders, but with the prep time at the receiving
restaurants, the efficiency of the assigned riders, and the ultimate
satisfaction rating from the customer. This interconnected insight
is the key to unlocking deeper understanding and more effective
optimization.
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Overcoming Data Fragmentation and
Inconsistent Metrics

Building this foundation is not without hurdles. Integrating data
from legacy systems, third-party tools, and real-time feeds requires
significant technical effort. Ensuring data quality - handling missing
values, correctinginaccuracies, standardizing formats - isan ongoing
process. Perhaps most critically, as emphasized by real-world
assessments, establishing consistent definitions and interpretations
for key metrics across the entire organization and its partners (like
BPOs) is essential. If “on-time delivery” or “merchant compliance
rate” means different things to different teams, the data loses its
integrity, and trust evaporates. Strong data governance, clear metric
definitions, and robust quality checks are the essential scaffolding
required to support a reliable Ecosystem 360 platform.

Building a Dynamic Ecosystem

Applying Al to deliver targeted and effective actions.

p o
° B Using ML to identify nuanced, behavior-based
. segments.
.o 4

Establishing clear and uniform interpretations of
key metrics.

Ensuring data accuracy and consistency
O\ through standardization.

@ {8 Combining data from various sources

into a unified system.
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Leveraging ML for Dynamic Segmentation

Once this unified data foundation begins to take shape, one of the
first and most powerful applications of Al, specifically Machine
Learning, becomes possible: dynamic segmentation. Instead of
relying on broad, static categories, ML algorithms can sift through
the combined data to identify nuanced, behavior-based segments
across customers, merchants, and riders. A customer isn’t just
‘new’; they might be a ‘high-potential new foodie’ or a ‘discount-
driven trialist’. A restaurant isn’'t just ‘gold tier’; they might be an
‘operationally strong growth partner’ or a ‘popular but struggling
independent’. A rider isn’t just ‘active’; they might be a ‘hyper-
efficient peak-hour specialist’ or a ‘reliable weekend warrior’ These
segments aren’t fixed; ML models can track how participants move
between segments over time based on their evolving behavior. This
dynamic, granular understanding, fueled by the 360-degree view,
provides the context needed for the truly personalized and targeted
Al interventions we will explore next, ensuring actions are relevant,
timely, and effective across the entire ecosystem.
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Chapter 4

Al in Awareness and
Discovery: Intelligent
Guidance

you open the food delivery app. Suddenly, you're staring at a

seemingly endless digital buffet - hundreds of restaurants,
thousands of dishes. It’s like walking into a giant food court with no
signs and a thousand shouting vendors. Where do you even begin?
This initial phase, figuring out what you might want to eat from a sea
of options, is what we call “Awareness and Discovery.” While having
lots of choices sounds great, it can quickly become overwhelming,
leading to frustration and maybe even closing the app without
ordering anything. Traditional ways of helping - showing “popular”
restaurants or basic filters like “Italian” - often aren’t enough because

Remember that feeling? You’re hungry, maybe a little tired, and
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they don’t really know you or what you might be in the mood for
right now. This is where Artificial Intelligence starts to work its magic,
acting like a helpful, super-smart friend who knows your tastes and
can gently guide you through the options.

Journey to Al-Guided Discovery

Informed
5 Decision >

4 Personalized
Guidance

Traditional
z Filters

1 Initial
Overwhelm

Use Case: Hyper-Personalized Restaurant
& Dish Recommendations (ML)

Imagine walking into that giant food court. If someone just pointed
and said, “Lots of people eat over there,” it might not be helpful if
you happen to hate what'’s popular, or if you’re looking for something
specific like vegetarian food. Similarly, just showing “Top Rated”
restaurants in an app doesn’t help much if those places don’'t
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match your personal taste buds, your budget, or what you feel like
eating at that moment (breakfast food doesn’'t hit the spot at 8
PM!). We all have unique preferences - favorite cuisines, dishes we
order again and again, allergies we need to avoid, maybe a tendency
to look for spicy food, or a preference for ordering healthier options
during the week. Showing everyone, the same generic list ignores all
this personal context, making the search longer and less satisfying.
The real goal is to quickly see options that feel like they were picked
just for you.

ML Restaurant Recommendation - Personalization

Factors
\ N\ ( @
o = 2
*— Q % AR
Past Orders Browsing Stated Current
History Preferences Situation

Data Input { Order history } { Items viewed } { User profiles } { Real-time context }

ML Analysis Order patterns } [ Clicked photos } [ Dietary needs J { Time of day }

Personalization { Spicy add-ons J { Thai restaurants J {Vegctar\anopnm} { Comfort food J
) f -

D Use Case Description: This is where Machine Learning
(ML), a type of Al that’s great at finding patterns in data,
comes in. Think of it like an incredibly observant friend
who remembers everything you've ever ordered or even
looked at in the app. The platform feeds its ML models all
that information gathered in the 360-degree view.

< Your past orders: Did you order pizza three times last
month? Do you always add extra jalapefios? Do you
usually spend around $207?
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<& What you look at: Did you browse three different Thai
restaurants last week but didn’t order? Did you click on
photos of salads?

< Your stated preferences: Did you tell the app you're
vegetarian or allergic to peanuts?

<& The current situation: s it breakfast time or dinner
time? Is it raining outside (maybe suggesting comfort
food)? Are you ordering from home or work?

The ML model analyzes all these signals, compares your patterns
to millions of other anonymized users, and then predicts which
restaurants and even which specific dishes you are most likely to be
interested in right now. So, instead of just seeing “Popular Burgers,”
you might see “Spicy Chicken Sandwich - You might like this!” or
“Top Rated Vegan Bowls Near You” It’s like the app is saying, “Hey,
based on what | know about you, here are a few things | think you'll
actually love. It feels less like searching and more like getting helpful
suggestions from someone who gets you.

D Expected Outcomes: You spend less time aimlessly
scrolling. You're more likely to find something appealing
quickly. The chances of you placing an order go up
because the suggestions feel relevant. Overall, finding
food becomes less of a chore and more of a pleasant, easy
experience, making you happier with the service and more
likely to use it again.

D KPIs for Success:

<& Recommendation Click-Through Rate (CTR): When
the app shows you a personalized recommendation,
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how often do you click on it to learn more? A high
percentage suggests the recommendations are hitting
the mark.

<& Conversion Rate from Recommendation: Of the
orders placed, how many started because the
customer clicked on a personalized recommendation?
This directly measures if the suggestions are leading to
sales.

< Time Spent on Discovery Pages: Does personalized
guidance help customers decide faster? Measuring if
they spend less time scrolling before adding something
to their cart indicates efficiency.

Use Case: Dynamic and Targeted
Promotions (ML)

Everyone loves a deal, but platforms sending out generic “10% off
everything!” emails to every single user isn’'t always smart business.
Why? Because some loyal customers might have ordered anyway,
even without the discount, meaning the platform just gave away
money unnecessarily. Also, a generic discount might not be enough
to tempt someone who hasn’t ordered in months, or someone who
only ever buys cheap items. Promotions are most effective when
they nudge specific people to take specific actions - trying a new
place,coming back afteralong break, ordering during a slow Tuesday
afternoon.
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Dynamic and Targeted Promotions

N N 4 ™
1— S
2— (A
= LN
Loyal Weekly Deal Hunter Lapsed User
Orderer
Discount on
Offer Example No offer needed Tl Welcome back offer
P"_)mo“on High Medium Low
Redemption Rate
Incremental Order
. Low Medium High
Lift
Customer
ap: e High Medium Potential High
Lifetime Value
Y & 7 N g

D Use Case Description: Machine Learning uses the
360-degree data to understand different types of
customers (segmentation, as discussed in Chapter 3). Are
you a “Loyal Weekly Ordered”? A “Deal Hunter”? Someone
who hasn’t ordered in six months (“Lapsed User”)? Based
on which segment you fall into, the Al can automatically
show you promotions designed specifically for you, right
when you open the app or browse.

< If you haven’t ordered in a while, you might see a
“Welcome Back! Get $5 off your next order” banner.

< If you always order pizza, you might see a special deal
specifically for a new pizza place nearby.
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<& Ifthe platform wants to encourage more orders during
the typically slow mid-afternoon slump, it might offer
free delivery only to users browsing between 2 PM
and 4 PM.

These aren’t random pop-ups; they are targeted offers triggered
by your specific profile and behavior, seamlessly woven into your
discovery experience. The Al ensures the right offer reaches the right
person at the right time.

D Expected Outcomes: The money spent on promotions
works harder, generating more extra orders than a generic
blast would. More lapsed customers might be tempted to
come back. More orders might come in during normally
slow periods. Customers feel like the deals are relevant to
them, rather than just random spam.

D KPIs for Success:

<& Promotion Redemption Rate (by segment): For
a specific targeted offer (like the “welcome back”
discount), what percentage of the people who saw it
used it? This shows if the offer was appealing to that

group.

<& Incremental Order Lift: This is a bit more complex but
crucial. It involves comparing the ordering behavior of
the group who received the targeted promotion against
a similar group who didn’t receive it (a control group).
The difference in orders shows the extra business
generated specifically by the promotion.
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<& Customer Lifetime Value (CLV) of targeted segments:
Does giving targeted offers to lapsed customers, for
example, lead to them spending more money with the
platform over the long run?

Use Case: Evolving Search - Semantic,
Conversational & Voice Interfaces
(Generative Al/ML)

Think about how you search on Google versus how you might search
within a delivery app. In the app, typing “chicken” might give you a
confusing mix - raw chicken breasts from a grocery partner, fried
chicken restaurants, chicken salad sandwiches, chicken tikka masala.
The basic search often just matches the letters in your word to the
letters in menu items or restaurant names. It doesn’t understand
what you mean. Also, typing can be cumbersome, especially on a
phone. We're getting used to talking to our devices or using more
natural language.
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Comparison of Al-Powered Search Methods

Description

Input Method

Technology

Example Query

Primary Benefit

AN AWARENESS AND DISCOVERY: INTELLIGENT GUIDANCE S

P

=
=
N
Semantic
Search

N\

Ve

2

Conversational
Al

B

Ve

é”ll"

Voice Search

Understands
meaning and intent.

Simulates a natural
conversation.

Converts speech to
text for search.

Text-based search
query.

Natural language
text or voice.

Voice command via
microphone.

Machine Learning
(ML).

Generative Al and
ML.

ML + Conversational
Al.

Healthy vegan
lunch’.

Spicy vegetarian
Thai under $20".

Find me the best
rated sushi nearby".

Smarter, more
relevant results.

Natural, tailored
search experience.

Hands-free,
convenient
searching.

D Use Case Description: This is where Al really upgrades the

search bar:

<& Semantic Search (ML): This type of Al tries to
understand the meaning or intent behind your words.
It uses background knowledge (like relationships
between foods: knowing that “vegan” is a diet, “pasta”
is a type of dish, and finding items that match both) to
give you much smarter results. So, searching “healthy
vegan lunch”won’t just show places with “vegan”in the
name; it will try to find actual vegan dishes categorized
as lunch items and potentially flagged as healthy.
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<&

Conversational Al (Generative Al/ML): Imagine being
able to just chat with the app like you would text a
friend. Powered by Generative Al, you could type or say:
“l want something spicy and vegetarian, preferably Thai,
under $20, that can deliver fast” The Al understands
this complex request, maybe asks a clarifying question
(“How spicy?”), and then presents tailored options.
It feels much more natural than trying to combine
multiple filters manually.

Voice Search (ML + Conversational Al): Simply allowing
you to tap a microphone icon and speak your request
(“Find me the best rated sushi nearby”). The Al converts
your speech to text and then uses the semantic and
conversational abilities to understand and respond.
This is great for when your hands are busy, or you just
prefer talking to typing.

D Expected Outcomes: Finding what you want becomes
much faster and more accurate, especially for complex or

vague requests. You get fewer irrelevant results, reducing

frustration. Using voice or chat feels more modern and
convenient. More people might successfully find and order
what they’re looking for via search.

D KPIs for Success:

1\

1\

Search-to-Order Conversion Rate: What percentage
of people who use the search bar end up placing an
order? A higher rate suggests search is effective.

Zero-Result Search Rate: How often does a search
return absolutely nothing relevant? Al should
significantly reduce this.
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<& User Satisfaction with Search Relevance: Asking users
directly (e.g., via a quick pop-up after a search) if the
results were helpful.

< Adoption Rate of Conversational/Voice Search: Are
people using these newer, more natural ways to search?

Use Case: Visual Search for Dishes and
Products (ML)

Exploring Visual Search Capabilities

Upload a Photo

Upload a Social
Visual Search Media Link
Feature
Al-powered feature for
visual search in apps.

Scan a Barcode
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Sometimes you see a picture of food - maybe on social media,
maybe something a friend ate - and you think,“l want that!” But how
do you describe it accurately enough to find it in a delivery app? Or
maybe you want to reorder a specific brand of yogurt you bought
last week from the app’s grocery section, but you can’t remember
the exact name. Text search doesn’t help much here.

D Use Case Description: This uses a type of Al called
computer vision, which allows computers to “see” and
interpret images. The app could include a feature where
you can:

<& Upload a photo: Take a picture of that delicious-looking
pasta dish, and the Al tries to find visually similar pasta
dishes available from restaurants on the platform.

< Upload a social media link: Upload a link to a story or a
post from social media that makes you hungry, we will
analyze the image and find similar food near you.

<& Scan a barcode: For grocery items, simply scan the
barcode on the packaging with your phone’s camera,
and the Al instantly finds that exact product for you to
reorder.

< Point your camera: Maybe even point your camera at a
real-world item, and the Al identifies it.

D Expected Outcomes: Makes it much easier to find food
based on visual appeal or to reorder specific packaged
items. It’s super convenient and opens a new way to
discover dishes you might not have found through text
search alone.
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D KPIs for Success:

& Usage Rate of Visual Search Feature: Are people
finding and using this capability?

& Conversion Rate from Visual Searches: Do visual
searches lead to successful orders?

< User Feedback on Visual Search Accuracy: Do users
feel the results it provides are relevant and helpful?

Use Case: User-Generated Experiences -
Co-Creating Your Food Delivery Universe
(Generative Al/ML)

We've seen Al get incredibly good at predicting what we might
want, showing us personalized recommendations or relevant
search results. But what if we could go further? What if, instead of
the platform guessing, we could simply tell it exactly how we want
our food delivery app to look, feel, and function for us, creating a
truly “one-size-fits-one” experience? This is the shift from user-
generated content to user-generated experiences, powered by
advanced Generative Al.
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Achieving User-Generated Experiences

§ o 3 The platform rapidly identifies and productizes popular user-

Q@ﬁ generated features.

The platform gains deeper understanding of user needs.

Users feel ownership, leading to higher engagement
and loyalty.

Q
=]

The app dynamically reconfigures based on user
commands.

Users directly instruct the app to create their
ideal interface.

B

Al predicts user preferences to offer
tailored suggestions.

Even the most sophisticated personalization is still largely a passive
experience forthe user. The app presents what it thinksis best. Users
adapt to the app’s structure. While helpful, this doesn’t give users
true ownership or the ability to tailor the interface to their unique,
evolving needs and preferences in real-time.

D Use Case Description: Imagine opening your food delivery
app and, through a conversational Al assistant (like a more
advanced version of Amazon’s Rufus), you instruct it to
build your perfect discovery dashboard.
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< You might say:

=  “Show meawidget with my top 3reorderable
restaurants.”

= “Create a section for ‘Quick Weeknight
Dinners Under $S20’ from places with 4+
stars”

=  “Pin my current order status prominently at
the top.”

= “Add a ‘New & Trending Vegan’ carousel for
my area.”

= “Integrate a small notepad here for my
grocery list reminders when | browse
supermarket partners”

= “Show me restaurants offering family
bundles and highlight any with active
promotions.”

= “Give me a ‘Don't Forget!’ widget that
reminds me to add drinks or common sides
if | haven't”

& The Al, using Generative Al and ML, dynamically
reconfigures your app’s main interface based on these
natural language commands. It's not about digging
through settings; it’s about speaking your intent.

< The platform’s role shifts. It provides the Al tools and
a library of potential “widgets” or information modules.
Crucially, it then learns from what users are building. If
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many users start creating a “Healthy Lunch Specials”
widget, the platform can identify this emerging need
and potentially productize it as a standard (but still
customizable) feature for relevant cohorts. Product
managers move from “What should we design?” to
“What are users designing for themselves, and how can
we scale the best ideas?”

D Expected Outcomes:

&

Dramatically Higher Engagement & Loyalty: Users feel
a sense of ownership and co-creation, making the app
uniquely theirs.

Increased Conversion Rates: The interface is perfectly
tailored to individual discovery patterns and immediate
needs.

More Frequent Visits: The app becomes an
indispensable,personalizedtool,notjustatransactional
platform.

Reduced Churn: Why leave an experience you've
personally crafted?

Richer User Insights: The platform gains unparalleled
understanding of user needs and preferences by
observing what they build.

Accelerated Feature Innovation: The platform can
rapidly identify and productize popular user-generated
experience patterns.
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D KPIs for Success:

<& Adoption Rate of Experience Customization
Features: How many users actively shape their
interface?

< Depth of Customization: Average number of widgets/
modifications per customizing user.

<& Conversion Rate forUsers with Customized Experiences
vs. Standard.

<& Session Duration / Frequency of Visits for customizing
users.

<& User Satisfaction (CSAT/NPS) with the customization
capability.

<& Number of User-Generated “Widgets” or “Layouts” that
get productized by the platform.

< Reduction in “Feature Request” support tickets as
users can build some of their own solutions.
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So, what does all this Al magic mean for that first hungry moment
when you open the app?

It means finding what you want to eat becomes much simpler, faster,
and even a bit fun, because Al acts like your personal food helper.
It learns what you like and can show you food and restaurants it
knows you’ll enjoy. It also makes sure any deals you see are ones
that make sense for you. Searching becomes easier too, as Al
understands what you mean, whether you type, talk to the app, or
even show it a picture of something tasty. Looking ahead, Al could
even let you design your own perfect app screen, just by asking for
what you want to see.

By making this first step of finding food so much smarter and more per-
sonal, Al helps you cut through all the noise. You can discover great op-
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tions quickly and feel good about what you’re about to order. This sets
you up for a better food delivery experience, right from the very start.
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Chapter 5

Al in Evaluation: Optimizing
Choice and Presentation

it was recommended based on your past love for spicy

noodles, or perhaps a targeted promotion caught your eye.
Now you’re faced with the menu itself - the digital heart of the
restaurant’s offering. This is where the decision really happens. Is
this the right place? Does this dish really sound good? Can | get it
the way | like it? This “Evaluation” stage is critical. A clear, appealing,
and informative menu builds confidence and makes ordering easy. A
confusing, inaccurate, or inflexible menu, however, can quickly lead
to doubt, frustration, and that feeling of ‘menu anxiety’ - ultimately
causing you to back out and look elsewhere.

So, you've tapped on a restaurant that looks promising. Maybe
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Menu Evaluation Impact on Customer Decision

High Confidence

Confusing but Clear and
appealing menu informative menu
Attracts attention but may Builds trust and encourages
deter final decision. ordering with ease.
Low Clarity High Clarity
Confusing and Clear but inflexible
inaccurate menu menu
Leads to frustration and Provides clarity but limits
immediate abandonment. customization options.

Low Confidence

Use Case: Intelligent Menu Filtering,
Summarization & Structure (ML/
Generative Al)

Some menus are huge..pages and pages of appetizers, mains,
sides, drinks, desserts, each with multiple variations. Trying to
find something specific, especially if you have dietary needs like
vegetarian, gluten-free, or nut allergies, can feel like searching for
a needle in a haystack. You end up reading every item, one by one,
hoping not to miss anything. It’s time consuming and stressful.

Even without any restrictions, just understanding all the options
can feel like too much, or think about doing something simpler like
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trying to order your favorite pizza with double cheese and double
pepperoni or maybe you want to do a half-and-half pizza: one side
with pepperoni, the other with ham. Remember you are competing
against a phone call.

Al Menu Enhancement Comparison

Description

Benefit

Example

Ve

oﬁy{g

Intelligent
Filtering (ML)

N

r

é”hll

Generative
Summarization
(Generative Al)

&\

ofg

Dynamic
Categorization
(ML)

Highlights relevant
options based on
preferences

Creates concise
summaries of
lengthy dish
descriptions

Suggests smarter
groupings of menu
items

Faster discovery of
suitable dishes

Quickly grasp the
essence of a dish

Adapts menu
structure to user
needs

Hides non-vegan
items for vegan
users

Summarizes a long
description of lamb
curry

Creates "Under 500
Calories" section

If the menu isn’t set up right, it becomes frustrating. Some systems
only let you pick one topping. Others won'’t let you choose different
ingredients for each half. Small limitations like that quickly add
friction to the customer experience, Menus need to be easy to
navigate, flexible enough for real world orders, and smart enough to
handle the way people eat and not force them into a rigid system.

D Use Case Description: Al can act like a smart organizer
and interpreter for the menu:

s DE| [VERING THE FUTURE
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Intelligent Filtering (ML): Instead of just basic
checkboxes (“Vegetarian,” “Spicy”), Al uses the deeper
understanding of menu items (from the ontology we’ll
discuss later) and your known preferences (from the
360-degree view) to automatically filter and highlight
relevant options. If the system knows you’re vegan,
it can instantly hide non-vegan items or push the
vegan options right to the top, saving you the effort
of searching. It can filter by ingredients, allergens,
spice levels, or even preparation methods much more
effectively than simple keyword matching.

Generative Summarization (Generative Al): Faced
with a dish that has a paragraph-long description
listing every herb and spice? Generative Al can read
that detailed text and create a short, snappy summary
hitting the key points - “Arich, slow-cooked lamb curry
with aromatic spices and a hint of coconut milk” This
helps you quickly grasp the essence of the dish without
getting bogged down in details.

Dynamic Categorization (ML): Al can analyze all
the items on a menu and suggest smarter ways to
group them. Maybe creating an “Under 500 Calories”
section if it sees enough relevant dishes, or a “Quick
Lunches” category during weekday lunch hours. For
you specifically, it might dynamically create a “Your
Favorites” or “Recommended based on your taste”
section right at the top, making reordering or trying
something similar incredibly easy. It adapts the menu
structure to be more helpful in the moment.
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D Expected Outcomes: You find what you're looking for
much faster, especially if you have specific dietary needs.
The menu feels less cluttered and easier to understand.
You're less likely to feel overwhelmed and give up. You
might even discover relevant dishes you would have
otherwise missed.

D KPIs for Success:

& Usage Rate of Filters/Dietary Preference Settings:
Are customers actively using these smarter filtering
options?

<& Time Spent on Menu Page before adding an item:
Does intelligent presentation help users decide faster?

< Conversion Rate from Menu Page View to Item Added
to Cart: Are more people successfully finding and
adding items after viewing an Al-enhanced menu?

< Customer Feedback/Ratings on Menu Clarity: Directly
asking users how easy the menu was to navigate and
understand.

Use Case: Al-Driven Menu Customization
and Flexibility (ML/Rules Engines)

This is a big one. You see that delicious-looking sandwich, but you
hate pickles. Oryou want that pizza but wish you could get pepperoni
on one half and mushrooms on the other. Or maybe you really love
extrahot sauce and wantto add three packets, not just the single one
the app allows. When the digital menu offers fewer customization
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options than you could get by simply calling the restaurant, it feels
restrictive and frustrating. Often, these limitations aren’t because
the restaurant can’t do it, but because the online menu system is
too rigid to handle the request easily.

Al-Driven Menu Customization Cycle

Understand
Options

Al analyzes menu items
and options.

Gather Feedback Handle Quantities

Al collects customer
feedback.

Al manages quantities of
add-ons.

Adapt Products

Al suggests menu
adaptations.

Al presents options
logically.

Al identifies popular
combinations.

D Use Case Description: Al, working with more flexible menu
databases (ontologies that understand relationships like
‘toppings’ or ‘sauces’), can make online customization
much smarter and more intuitive:
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Understanding Options: Instead of just listing “Sauce,”
the system understands there are multiple sauces,
perhaps with limits (e.g., “Choose up to 3”). ML can
analyze popular combinations to suggest defaults
(“Most people add Ranch”) while still allowing you to
easily select others.

Handling Quantities: Allowing you to specify “double”
or “triple” for certain add-ons (like espresso shots or
salami), within reasonable limits set by the restaurant.

Conditional Logic: Enabling options like “Half and Half”
toppings by presenting the choices logically.

Learning Patterns: If many people use the “Special
Instructions” box to ask for “no pickles,” the Al can flag
this to the platform/restaurant, suggesting they add
“Pickles: Yes/No” as a standard customization option
to make it easier for everyone and reduce potential
kitchen errors from missed instructions.

Smart Product Adaptation and Feedback Loop (ML
+ Generative Al): Al can also help when customers
want flexibility, like ordering a half-and-half pizza (half
pepperoni, half ham), or double toppings. If the menu
doesn’t allow it, you can give feedback, and the Al can
adapt it real-time. It can also recommend how the
restaurant should adapt product options to allow those
combos and even suggest optimal product structures
that offer flexibility without complicating operations.
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The goal is to replicate the flexibility of ordering in person or over
the phone, guided by intelligence to keep the options clear and
manageable.

D Expected Outcomes: You feel more in control of your order,
getting it exactly how you like it. Restaurants potentially
see higher average order values as customers add more
paid customizations. Fewer mistakes happen in the
kitchen because instructions are captured clearly through
structured options rather than easily missed free-text
notes. The online experience feels less like a compromise.

D KPIs for Success:

<& Usage Rate of Customization Options: Are customers
taking advantage of the increased flexibility?

< Average Number of Add-ons/Modifiers per Order:
Does better customization lead to more items being
added?

< Reduction in “Special Instructions” field usage
for standard modifications: Are people using the
structured options instead?

<& Customer Satisfaction scores related to order
customization flexibility.
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Use Case: Sentiment Analysis of Reviews
for Actionable Insights (Generative Al)

Those star ratings are useful, but they don’t capture the nuances.
A restaurant might have 4 stars, but why? Are people raving about
the food but complaining about delivery speed? Or is the delivery
fast but the portion sizes tiny? Reading through dozens of individual
reviews to find out takes time.

Sentiment Analysis Cycle for Restaurant Reviews

Measure Impact

Evaluate the effectiveness
of summaries.

Provide Feedback

Offer summaries to users
for decision-making.

s DE| [VERING THE FUTURE

Gather customer

feedback from various

sources.

Summarize
Insights

Create concise
summaries of key
findings.

Identify Themes

Extract common topics
from reviews.

Gauge Sentiment

Determine the emotional
tone of each theme.
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04

D Use Case Description: As mentioned briefly in discovery,
Generative Al can read and understand all those written

reviews automatically. It goes beyond just stars:

1\

Identifies Key Themes: It can figure out what aspects
people are talking about most often - common topics
might be “portion size,” “
“packaging,”
pickup).

” o«

spiciness,” “delivery speed,

” «

value for money,” “staff friendliness” (for

”

Gauges Feeling (Sentiment): It determines if the
comments about each topic are generally positive,
negative, or neutral.

Provides Summaries: Instead of you reading 50 reviews,
Generative Al can present a quick summary right on
the menu page: “Highlights: Customers frequently
praise the ‘generous portions’ and ‘authentic flavors’
Concerns: Some mention ‘inconsistent delivery times’
during peak hours.” This gives you a much richer, more
balanced picture to help you decide if this restaurant
aligns with what’'s important to you (maybe you
prioritize taste over speed, or vice-versa).

D Expected Outcomes: You can make a more informed
decision based on specific aspects that matter to you. You
get a bettersense of the typical experience beyond just the
average star rating. Trust increases because the platform
seems to be offering transparent, detailed insights.

D KPIs for Success:
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<& User Interaction with Summarized Review Insights:
Do people click to expand these Al summaries? Do
they spend time reading them?

<& Correlation between positive review sentiment
themes and order conversion: Do restaurants with
Al-highlighted positive attributes (that match a user’s
potential interest) see higher conversion?

< Customer Feedback on the helpfulness of review
summaries: Asking users if they found the summaries
useful in making their decision.

Use Case: Al-Enhanced Food Photography,
Video, and Visual Consistency (ML/
Generative Al)

Let’s face it, that blurry, poorly lit photo of a mystery dish isn’t doing
anyone any favors. We absolutely judge food by its appearance,
especially online where we can't smell or taste it first. Bad
photos, or worse, no photos at all, make it hard to feel confident
ordering something. Even if a restaurant has photos, they might
be inconsistent in style, lighting, or quality, making the menu look
unprofessional.

m—DE | |\/ERING THE FUTURE 85



I i \PTER 5

Al-Enhanced Food Photography and Visual Consistency

( Auto-Improving Existing Photos @@3] - - [@\ Ensuring Consistency ]
Brightness Adjustment . Style Matching
Contrast Enhancement QE%J ~- Quality Level
Al-Enhanced
Food
Adding Video EH@ - Photography
Short Clips - - Realistic Representation
Effective Display - - lllustrative Labeling

D Use Case Description: Al can step in to significantly
improve the visual appeal of menus:

<& Auto-Improving Existing Photos (ML): Al tools can
analyze existing photos and automatically adjust
brightness, contrast, sharpness, and even remove
distracting backgrounds to make the food look more
appealing and professional, even if the original photo
wasn’t great.

<& Ensuring Consistency (ML): Al can look at all the photos
on a menu and flag ones that don’t match the general
style or quality level, helping maintain a consistent look
and feel.

<& Creating Images (Generative Al): What about dishes
with no photo at all? Generative Al could potentially
create a realistic looking (though clearly labeled
as illustrative) image based on the dish’s name,
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description, and ingredients. This ensures every item
has some visual representation, reducing uncertainty.

< Adding Video: Generative Al can create and optimize
short video clips (imagine seeing steam rising from
soup or cheese pulling on a pizza slice) for quick loading
and effective display within the menu, making the food
seem even more enticing than a static photo. How
about the hero image of the menu, in the top header,
instead of a static image of a burger, imagine a video of
that burger in the grill!

D Expected Outcomes: Menus look much more professional
and appealing. Customers feel more confident ordering
dishes when they can see a good representation.
Conversion rates likely increase, especially for visually
driven items. Restaurants benefit from a better online
presentation, even if they don't have professional
photography resources.

D KPIs for Success:

< Conversion Rate Lift on items with enhanced/added
visuals: Comparing order rates before and after visual
improvements.

< A/B Testing results: Directly testing if users prefer
menus with Al-enhanced photos or videos compared
to standard ones.

< Reduction in customer complaints related to
misleading visuals: Ensuring photos accurately
represent the dishes.

8/
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By intelligently shaping how menu information is structured,
customized, validated through reviews, and visually presented, Al
tackles the core challenges of the evaluation stage. It transforms the
potentially confusing and frustrating process of menu browsing into
a clearer, more informative, and confidence-inspiring experience,
making it much more likely that the customer will find exactly what
they want and eagerly hit that “Add to Cart” button.

Use Case: Al-Generated Subscriptions
and Smart Reordering for Grocery and Pet
Needs (ML/Generative Al)

In food delivery, it’s not just about hot meals anymore. Grocery
items—like milk, snacks, or pet food—are becoming a big part of the
experience. Some of these items are bought regularly, yet customers
still need to manually search and reorder them every time. That’s

friction.
Al solutions for grocery and pet reordering
Al-Driven A
o g Customization Smart Reorder
Characteristic Subscription .
: with Natural Nudges
Builder
Language
Personalized Custom box creation Timely reorder
subscription plan via text reminders
Al Type ML/Generative Al Generative Al ML
Automated recurring Simplified, custom Reduced mental
J’i%) Customer Benefit orders orders load
#R.!, Platform Benefit Increased repeat Larger basket size Lower churn
SR orders
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Take dog food, for example. If you're buying the same bag every two
weeks, why not make it smarter? Let the system help.

D Use Case Description: Al can help create smart
subscriptions for recurring items:

<& Al-Driven Subscription Builder (ML/Generative Al):
The platform canlearn fromyourordering habits oreven
let you describe what you need. For example: “| have a
medium-sized dog, needs grain-free food, and | usually
order once every two weeks” Al can then generate a
personalized subscription plan, pre-filled with the right
product, right quantity, and right cadence.

<& Pack Customization with Natural Language
(Generative Al): Instead of clicking through filters, you
could simply write: “| want a box with 2kg of dry food,
treats for training, and eco-friendly poop bags.” The Al
builds that box for you, adds it to a recurring order, and
lets you fine-tune later.

< Smart Reorder Nudges (ML): If you're not ready for
a full subscription, Al can still nudge you at the right
time “Looks like you’re running low on dog food, want
to reorder?” It reduces the mental load and keeps the
experience helpful, not annoying.

D Expected Outcomes: Customers don’t have to remember
to reorder essential items. It saves time, adds convenience,
and builds stronger loyalty. For the platform, it increases
repeat orders, drives basket size, and lowers churn for
grocery and pet-related categories.
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D KPIs for Success:

D Subscription adoption rate: % of users converting regular
purchases into subscriptions.

D Increase in reorder frequency: Are customers sticking to their
subscription schedules?

D Customer satisfaction (CSAT/NPS): for the subscription feature.
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Chapter 6

Al in Action: Streamlining
Orders and Maximizing
Value

menu, customized your perfect meal, and now your digital
shopping cartis full. It’s time for the final step: confirming the
order and making the payment. This ‘Action’ stage feels like it should
be the simplest part, but any friction here.. a confusing checkout
process, a surprise fee, a glitchy payment system, can be incredibly

You’ve navigated the sea of choices, carefully evaluated the

frustrating, potentially causing you to abandon everything at the
last second. Artificial Intelligence works behind the scenes during
this crucial phase to ensure the process is as smooth, transparent,
and secure as possible. It also looks for smart, discreet ways to
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potentially enhance the ordering experience, benefiting both you
and the restaurant, without getting in the way.

Streamlining Order Process

g
5 Make Payment >

4 Confirm Order

Customize
3 Meal

= 2 Evaluate Menu

1 Navigate
Choices

Use Case: Automated Upselling and Cross-
selling Engines (ML)

From the platform’s and restaurant’s perspective, encouraging
customers to add just one more small item... a drink, a side dish, a
dessert, can significantly boost revenue and profitability over time.
The challenge is doing this effectively online. A generic, poorly timed
pop-up (“Don’t forget our amazing Cheesecake!”) can feel irritating
and interrupt the flow. Irrelevant suggestions (“Add a salad” when
you've ordered three pizzas) are simply ignored. The key is to suggest
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items that genuinely complement what the customer has already
decided to buy, with the objective of being helpful rather than pushy.

Al-Powered Upselling Boosts Revenue

Review
Customer
History

Compare
Similar Orders

Discover popular

item pairings Recall past purchase

preferences

Suggest
Relevant Iltems

Analyze Cart
Contents

Al-Driven
Recommendations

Display subtle, Identify missing
helpful complementary
recommendations items
Low average order Higher revenue,
value happy customers

D Use Case Description: This is where Machine Learning
applies its pattern-recognition skills to your current
shopping cart and past behavior. The Al analyzes:

< What’sinyour cart: Are you ordering a main course but
no drink? Are you buying multiple entrees, suggesting a
group meal where an appetizer might fit?

< Your history: Do you usually order a soda with your
burger, but forgot this time?

< What similar customers do: Do people who order this
specific curry often also order naan bread?
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Based on this analysis, the Al generates highly relevant suggestions,
usually presented in a subtle way just before you finalize the order. It
might be a small section titled “Complete Your Meal?” showing icons
for fries or a popular drink if you ordered a sandwich, or “Pairs well
with..” suggesting garlic bread if you have pasta in your cart. It learns
which suggestions work best in which contexts, constantly refining
its approach. It’s the digital equivalent of a good waiter gently asking,
“Would you like a side of rice with that?” rather than just pushing the
specials of the day.

D Expected Outcomes: Customers discover relevant add-
ons they might have missed. The average amount spent
per order (Average Order Value or AOV) increases. Sales
of profitable items like drinks and sides go up. When
done well, customers might even appreciate the helpful
reminder or suggestion.

D KPIs for Success:

<& Upsell/Cross-sell Take Rate: When a suggestion is
shown, what percentage of the time does the customer
add it to their cart?

<& Increase in Average Order Value (AOV): Measuring the
overall impact on how much customers spend per
order.

< Revenue Generated from Suggested Items: Tracking
the direct sales contribution of items added via these
Al suggestions.
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Use Case: Streamlined Checkout and
Payment Fraud Detection (ML)

The checkout page itself needs to be crystal clear. You need to
see exactly what you're paying for.. the food, the delivery fee, any
service charges, taxes and the final total, along with the estimated
delivery time. Any confusion or unexpected costs discovered here
can cause hesitation. At the same time, the platform needs to
protect itself and its customers from fraudsters trying to use stolen
credit cards or create fake accounts to get free food. Making the
payment process easy for good customers while making it hard for
bad actors. Blocking a legitimate customer’s payment by mistake
(a ‘false positive’) is highly frustrating, but letting fraud slip through
costs the platform real money (in chargebacks and lost goods).

Al-Powered Streamlined and Secure Checkout

Real-Time

Risk Scoring Analysis

Calculate risk score

rapidly Analyze transaction

signals instantly

Step-Up
Authentication

Add friction only
when warranted

Streamline checkout
user experience

Frustrating Seamless
Checkout Payment

Confusing, risky, and Fast, secure, and
slow trustworthy
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D Use Case Description: Al tackles both sides of this coin:

%

Streamlining the Interface (ML-informed UX): While
not purely Al decision-making, insights from ML about
common user paths and preferences can inform the
design of the checkout flow. Maybe it intelligently pre-
selects your most frequently used payment method
or highlights the delivery address you use most often,
saving you a click or two.

Real-Time Fraud Detection (ML): As you hit “Place
Order,” Machine Learning models instantly analyze
tens of signals associated with the transaction: Is this
a new account? Is the order value unusually high? Is the
device or IP address associated with previous fraud?
Is the delivery address far from the billing address?
Is the velocity of orders from this account unusual?
The Al calculates a risk score in milliseconds. Most
transactions (low risk) sail through instantly. If the score
is very high, the transaction might be automatically
blocked, or you might be asked for a credit card
challenge -SCA: Strong Customer Authentication. If it’s
somewhere in the middle, the system might trigger an
extra security step, like sending a code to your phone
(two-factor authentication), asking for the card’s CVV
code again, or requiring a CAPTCHA. This “step-up
authentication” adds a tiny bit of friction only when
suspicion is warranted, making it harder for fraudsters
while keeping the process smooth for many legitimate
customers.

D Expected Outcomes: Most customers experience a fast,
seamless payment process. The platform significantly
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reduces losses from fraudulent orders and chargebacks.
Customer trust increases because they feel their payment
information is secure. Fewer legitimate customers have
their transactions incorrectly blocked.

D KPIs for Success:

D Checkout Abandonment Rate: How many people start
the checkout process but don’t complete it? A lower rate
suggests a smoother process.

D Payment Success Rate: What percentage of payment
attempts go through successfully?

D Fraud Chargeback Rate: What percentage of transactions
are later disputed as fraudulent by the cardholder? Al aims
to minimize this.

D False Positive Rate: How often are legitimate transactions
flagged or blocked by the fraud detection system?
Minimizing this is crucial for customer satisfaction. How
many of them complained to support or sent feedback.

Use Case: Al Assistants for Order
Modification (Generative Al/ML)

You've added everything to your cart, you're reviewing it one last
time before paying, and suddenly you realize you wanted diet coke,
not regular, or you decided you do want that side of fries after all.
Going back through the menu screens to find the item again, modify
it,and return to the cart can feel clumsy, especially on a small phone
screen. Sometimes it’s easier to just place the order as-is and be
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slightly unhappy or even abandon the whole thing if the change
feels too complicated.

Streamlining Order Modification with Al

Instant Cart
Updates

Cart updates happen
instantly

Natural
Language Input

Confirmation
and Payment

Understands plain
language requests

Proceed to payment
seamlessly

Al-Powered Cart
Assistant

\
/
V
Clumsy Cart
Adjustments
Difficult last-minute Easy and intuitive
order changes adjustments

D Use Case Description: Imagine having a quick chat
option right there in your cart summary. Powered by
Conversational Al, you could simply type or say: “Change
my drink to diet coke,” or “Add one order of regular fries,”
or “Actually, remove the onion rings” The Al assistant
understands your request in plain language, confirms the
change (“Okay, I've swapped the Coke for Diet Coke and
added fries. Your new total is..”), updates the cart instantly,
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and lets you proceed to payment without ever leaving
the checkout screen. It makes those last-minute tweaks
incredibly easy and intuitive.

D Expected Outcomes: Customers find it much easier
to make final adjustments to their order. Fewer people
abandon their carts because making a change felt too
difficult. The overall checkout experience feels more
convenient and less rigid. There might even be fewer
order errors resulting from customers trying to manually
navigate back and correct things.

D KPIs for Success:

& Usage Rate of the Al modification feature: Are
customers finding and using this chat assistant in the
cart?

<& Task Completion Rate via Al Assistant: When
customers try to make a change via the Al, how often
is it successful?

< Reduction in Cart Abandonment during the checkout
phase: Does easier modification lead to more
completed orders?

<& User Satisfaction ratings for the order modification
process.

By intelligently optimizing these final steps, Al ensures the
momentum built during discovery and evaluation isn’'t lost at the
finish line. It makes adding complementary items feel natural,
ensures payments are both smooth and secure, and allows for
effortless last-minute adjustments. This transforms the ‘Action’
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stage from a potential bottleneck into a seamless confirmation,
setting the stage for the next phase: the eager anticipation of the
delivery itself.









Chapter 7

Al in Delivery and
Consumption: Precision in
the Last Mile

shift. The choices are made, the payment processed. Now, all

your attention focuses on one key question: “When will my
food get here?” This period, stretching from the kitchen firing up the
order to the rider ringing your doorbell, is often the most emotionally
charged part of the entire food delivery experience. Hunger cramps
might be kicking in, plans might depend on the food arriving on
time, and uncertainty breeds impatience. A late delivery, cold food,
or confusing communication can quickly erase the goodwill built up
duringasmooth ordering process.Artificial Intelligenceisincreasingly
vital during this “last mile,” working to inject accuracy, transparency,

That moment after you hit “Confirm Order” marks a distinct
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and proactive problem solving into the complex logistics, aiming to
transform the waiting period from one of potential anxiety into one
of informed, managed anticipation.

Al Revolutionizing Food Delivery: From Order to Door

Kitchen

Preparation
Order is fired up in the

kitchen

Order Confirmation

Customer hits "Confirm
Order

A

Real-time Tracking Delivery Dispatch

Al provides live updates
on delivery progress

o\
o

Rider picks up the order

Rider rings the doorbell

Use Case: Predictive Estimated Time of
Arrival (ETA) Calculations (ML)

We've all experienced it: the app says 30 minutes, but an hour
later, you’re still waiting. Or maybe it says 60 minutes, which feels
discouragingly long. An inaccurate Estimated Time of Arrival (ETA)
is perhaps the single most common source of frustration in food
delivery. If it's too optimistic, it leads to disappointment. If it’s too
pessimistic, it might cause you to order from somewhere else.
Customers need ETAs they can trust to plan their time and manage
their hunger. Simple calculations based just on distance don’t cut it
because they ignore all the real-world complexities involved.
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Accurate ETA with Machine Learning

Real-World Travel
Time

Analyze traffic, weather,

) and routes
Multi-Order

Complexity

Calculate extra time for
stops

Rider Availability

Estimate rider

assignment time
Learned Patterns

Recognize slower
delivery patterns

l‘\

SN ©)¢
oY Na >
Y AN /

— 1/
Inaccurate ETA
Estimates
Frustration and potential Predict specific order Increased trust and
order loss prep time customer satisfaction

D Use Case Description: Machine Learning models are
good at predicting ETAs and they can be trained from
millions of past deliveries and consider numerous factors
simultaneously:

< Actual Restaurant Prep Time: Instead of a generic
guess, the Al uses historical data (and ideally real-time
updates from the kitchen, as we discussed in Chapter
10) to predict how long this specific order from this
specific restaurant will likely take at this busy time of
night.
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<& Rider Availability: How long will it likely take to find and
assign a nearby rider? This varies greatly depending on
the time and location.

< Real-World Travel Time: The Al analyzes current traffic
conditions (using live data feeds), typical travel speeds
on the specific roads needed, delays caused by traffic
lights or construction, weather conditions (rain slows
everyone down!), and whether the rider is on a bike,
scooter, or car.

<& Multi-Order Complexity (Batching): If your rider is
picking up or dropping off another order along the
way, the Al calculates the extra time involved for those
additional stops.

<& Learned Patterns: The Al knows that Friday evenings
are generally slower than Tuesday afternoons, or that
deliveries near the stadium take longer on game nights.

It crunches all this data to generate a much more realistic ETA. And
importantly, it keeps learning. Every completed delivery provides
feedback that helps the Al refine its future predictions, constantly
improving its accuracy.

D Expected Outcomes: The ETA you see in the app is much
more likely to be accurate and reliable. This reduces your
anxiety while waiting. You're less likely to need to contact
support asking, “Where’s my order?”. You build more trust
in the platform’s estimates. Riders also benefit because
dispatch timings become more accurate.
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D KPIs for Success:

<& ETA Accuracy Rate: This is key. How often does the
food arrive within a reasonable window (e.g., +/- 5 or
+/- 10 minutes) of the predicted time? The goal is to
maximize this percentage.

<& Customer Satisfaction Scores (CSAT) related to
delivery time: Do customers rate their satisfaction
higher when ETAs are accurate?

< Reduction in Customer Support Contacts regarding
delivery status: Fewer “Where is my order?” calls or
chats indicate ETAs are more reliable.

Use Case: Real-Time Delivery Updates and
Proactive Issue Notification (ML)

Even the best Al predictions can’'t account for everything. A
sudden accident closes a major road, a restaurant gets hit with
an unexpected rush and falls behind, a rider gets a flat tire. When
delays happen, the worst thing is being left in the dark, watching the
clock tick past the original ETA with no explanation. Silence breeds
frustration and makes customers feel ignored.
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Real-Time Delivery Update Cycle

Monitor Order
Progress

Al tracks delivery using
real-time data.

Offer Goodwill
Gesture

Al identifies deviations
from ETA.

Al provides discount for
significant delays.

Manage Customer

Expectations Al calculates new

Al sets realistic estimated arrival time.

expectations.

Send Proactive
Notification

Al informs customer of
delay.

D Use Case Description: Al systems don’t just predict the
initial ETA; they continuously monitor the order’s progress
against that prediction. Using real-time GPS data from the
rider's app, potential updates from the restaurant, and
live traffic information, the Al can detect when things are
starting to go off track. If it calculates that the new, updated
ETA will be significantly later than originally promised (say,
more than 10 minutes), it doesn’t wait for you to notice
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and get annoyed. Instead, it can automatically trigger a
proactive notification:

< A message pops up in your app: “Looks like things
are running a bit late due to heavy traffic. Your new
estimated arrival time is now [New Time]”

<& Or perhaps: “The restaurant is currently busier than
expected. We've updated your ETA to [New Time] and
are working to get your order to you soon.”

This simple act of informing you before you get frustrated changes
the dynamic. It shows the platform is aware, acknowledges the
delay, and manages your expectations. Sometimes, for significant
delays, the Al might even be programmed to automatically offer a
small credit or discount on a future order as a goodwill gesture.

D Expected Outcomes: Customer frustration during delays
is significantly reduced because they feel informed
and acknowledged. Fewer angry calls or chats flood the
support lines. Trust in the platform is maintained, or even
enhanced, by the proactive communication, even when
things go wrong. It turns a negative event into a managed
situation.

D KPIs for Success:

<& Customer Satisfaction Scores (CSAT) for delayed
orders: Comparing satisfaction levels between orders
where proactive notifications were sent versus those
where they weren’t.
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< Reductionin Support Contact Rate for delayed orders:
Proactive updates should mean fewer customers
needing to chase information.

< Open Rate/Engagement Rate with delay notification
messages: Are customers seeing and acknowledging
the updates?

Use Case: Optimizing Delivery Handoffs
(Geofencing, Smart Lockers) (ML/loT)

Al-Enhanced Delivery Handoff Cycle

Geofencing Activation

Al sets a virtual boundary for
. . arrival alerts.
Customer Notification

Al informs the customer of
delivery completion.

Al-Enhanced
Delivery

Arrival Notification
Al sends alerts when the rider
enters the geofence.

Al verifies delivery with image
recognition. Smart Locker

Assignment

Al assigns a locker for secure
delivery.

The very last step - the actual handover of the food from the rider
to you - can sometimes be surprisingly tricky. In a large apartment
building, finding the right entrance or navigating the buzzer system
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can take time. In a busy office complex, coordinating a quick meetup

point can be difficult. If you're waiting curbside, how do you know

exactly when the rider is pulling up? These small frictions at the final
moment can add delay and annoyance for both you and the rider.

D Use Case Description: Al can help streamline this final

interaction:

<& Precise Arrival Alerts (Geofencing): Using the rider’s

exact GPS location, the Al can set up a virtual boundary
(a ‘geofence’) around your address. When the rider
crosses this boundary, typically meaning they are just a
minute or two away, the system automatically triggers
a notification to your phone: “Your rider is arriving now!”
or “Please meet your rider outside.” This helps you be
ready at the right moment, minimizing wait time for
everyone.

<& Smart Locker Coordination (loT Integration): In places

like large offices, university campuses, or modern
apartment buildings equipped with smart delivery
lockers, Al can manage the handoff seamlessly. When
the rider arrives, the system assigns an available locker,
the rider deposits the food, and the Al instantly sends
you a notification with the locker number and an
access code (or enables app-based unlocking). This
provides a secure, convenient, and often contact-free
way to receive your order, especially useful if you can’t
meet the rider immediately.

Delivery  Verification Assistance (Al/lmage
Recognition): To combat “delivery not received”
claims, Al can assist verification. The driver app could
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prompt riders to capture an image (e.g., of the food at
the doorstep with the building number visible) or use
precise geolocation tagging upon drop-off. Al image
recognition could potentially validate elements in
the photo (like matching the door number) providing
objective evidence of delivery completion. Doing this
of course after trying to reach out to the customer and
automating the outreach to customers.

D Expected Outcomes: Faster and more efficient handoffs
between rider and customer. Less time wasted waiting
at the door or curbside. Increased convenience through
options like smart lockers. Reduced disputes about
whether a delivery was completed correctly, thanks to
better verification methods.

D KPIs for Success:

< Handoff Time: Measuring the time from when the
rider is marked as “arrived” at the location to when the
delivery is confirmed as complete.

<& Adoption Rate and User Satisfaction with Smart Locker
options.

<& Reduction in Customer/Rider Support issues related to
the final handover step.

<& Reduction in ‘Delivery Not Received’ claims, especially
when Al-assisted verification is used.

In essence, during the delivery phase, Al acts as the ultimate air
traffic controller and proactive communicator. It provides the most
accurate predictions possible, keeps the customer informed when
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reality deviates from the plan, and smooths out the final, crucial
moments of the handoff. By managing expectations and ensuring
reliability during this waiting period, Al plays a critical role in making
sure the entire food delivery experience concludes on a positive and

satisfying note.

Verify Delivery

Al verifies delivery with
image or location

Initiate Customer
Contact

Al initiates contact if
customer is unreachable

Al-Driven Food Delivery Cycle

Predict Delivery
Time

Al estimates arrival time

Al alerts for course or
stop deviations

Update Status
Automatically

Al updates delivery status
using geofences

Detect Anomalies

Al identifies issues like
ghost orders

Platforms are now building smart guardrails to manage the messy
realities of real-world deliveries:
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Automated status changes using geofences: When a rider
walks into the restaurant, the status changes to “Arrived at
restaurant” When they leave, it switches to “On the way.”
No need for manual updates—location data does the work.

Ghost order detection: If a rider is working for two apps at
the same time or making unapproved stops, Al can flag it
and notify the platform.

Course deviation alerts: If a rider deviates off course or
stays in one spot too long, you can trigger a check-in..
maybe something’s wrong, or they’re taking another job.

Customer unreachable workflows: If the rider arrives
but the customer doesn’t come out, the platform can
automatically try multiple ways to reach them—chat, push
notification, SMS, and even an automated call.

And this is key: instead of showing just a regular phone
number, imagine the screen saying: “Call from your
delivery driver (Order #1234)” right inside the app. This
kind of in-app call with a branded screen significantly
increases the chance the customer picks up.

Proof of delivery with image or location tagging: If all
attempts to reach the customer fail, the app can prompt
the rider to take a photo of the food (clearly showing the
door or building number) and mark the order as delivered.
Al can help verify the image or match the drop-off location
to reduce false claims.
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The goal here isn’t to monitor for the sake of it...it’s to increase trust,
reduce uncertainty, and make sure every part of the last mile is as
smooth as possible.

Because at the end of the day, if the food doesn’t arrive on time, at
the right place, and with clear communication along the way—none
of the earlier magic matters.
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Chapter 8

Al in Post-Delivery
Engagement: Cultivating
Loyalty and Insights

customer, the immediate need has been met. But for the

food delivery platform and its restaurant partners, this
post-delivery moment is far from the end of the story. It’s a critical
point for understanding satisfaction, encouraging future orders,
and transforming a one-off transaction into a relationship. Did
the customer enjoy the food? Was the delivery smooth? Are they
likely to order again? How can we encourage them to choose us
next time hunger strikes? Simply hoping they remember you isn’t a
strategy. Artificial Intelligence provides the tools to actively engage
customers after the delivery, personalize communications, make

The meal is finished, the packaging cleared away. For the
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loyalty programs more compelling, and systematically gather and
learn from their feedback, ensuring the connection continues long
after the plates are empty.

Building Customer Loyalty with Al

Encourage Future
Orders
Use insights to prompt repeat

orders and build lasting
relationships.

Gather Customer
Feedback

Collect and analyze customer =
feedback to improve services.

Enhance Loyalty
Programs

&B Make loyalty programs more

attractive and rewarding.

Personalize
Communications

Tailor messages to individual
customer preferences.

Use Case: Smart Re-engagement
Campaigns Based on Behavior (ML & 360
View)

Sending the same generic “We miss you!”email or promotion to every
customer is inefficient and often ineffective. Someone who orders
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like clockwork every Friday night doesn’t need the same message
as someone who only ordered once six months ago during a special
promotion, or someone who consistently orders budget-friendly
meals versus a high-spending ‘foodie’. To effectively encourage
repeat business, communication needs to be relevant to the
individual customer’s history, preferences, and current engagement
level.

Smart Re-engagement Campaigns Based on Behavior

[ 360-Degree Customer View J . (ﬂ[{\:} Segment-Specific Strategies ]
Customer History - - ‘ ‘ - - High-Value Loyal Customers
Preferences -1 L‘E | - Price-Sensitive Users
Engagement Level -~ ) ’ '~- At-Risk Customers
Smart Re-
engagement N
Campaigns
(@ Machine Learning ]
Personalized Notifications -+ - - Predicting Future Behavior
Tailored Offers - -’ '~ Identifying Churn Risk

D Use Case Description: This is where the power of the
360-degree customer view (Chapter 3) combined with
Machine Learning. Al models analyze each customer’s
unique patterns and segment them dynamically:

< Predicting Future Behavior: Al can predict not only ifa
customer is likely to order again, but potentially when
and what they might order. It can identify customers
at high risk of ‘churning’ (stopping using the platform)
based on subtle changes in their behavior (e.g., ordering
less frequently, browsing but not buying, lower ratings).
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<&

Personalized Timing and Content: Instead of blasting
emails on Tuesdays, the Al might trigger a personalized
notification or offer for you on Thursday evening,
knowing that’'s when you often start thinking about
weekend takeout. The content is tailored too. If you
frequently order Thai food, it might highlight a new
Thai restaurant or a special offer on green curry. If you
haven’t ordered in months, it might offer a specific
incentive to return.

Segment-Specific Strategies: The Al automatically
sends different campaigns to different segments.
High-value loyal customers might get exclusive early
access to new features or partner restaurant openings.
Price-sensitive users might receive notifications
about specific deals or happy hour promotions. At-
risk customers receive carefully crafted win-back
offers designed to address potential reasons for their
disengagement.

D Expected Outcomes: Customers feel understood, not
spammed. Marketing messages become more relevant
and effective, leading to higher reorder rates. Fewer
customers drift away unnoticed. Marketing budgets are
used more efficiently, targeting the right people with the
rightincentive. Loyalty increases because the engagement
feels personalized.

D KPIs for Success:

\

Customer Retention Rate / Churn Rate: Is the platform
keeping more customers over time, especially within
key segments?
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<& Reactivation Rate of Lapsed Customers: How
successful are targeted campaigns at bringing back
customers who haven’t ordered recently?

<& Order Frequency / Time Between Orders: Are
customers ordering more often, particularly those
receiving personalized engagement?

<& Conversion Rate of re-engagement communications:
Are personalized emails or notifications leading to
orders?

Use Case: Al-Powered Feedback Analysis
and Routing (ML/Generative Al)

After an order, platforms often ask for feedback - star ratings for
the food and delivery, maybe a written comment. This feedback
is incredibly valuable, but manually reading and categorizing
thousands of reviews or support comments is a monumental task.
How can platforms quickly identify trends, spot recurring problems,
and get actionable feedback to the specific restaurant or internal
team that needs to see it?
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Al-Driven Feedback Analysis Cycle

>~ Gather customer reviews and
(Q o \ comments

\
= \

— \

Implement Changes

Apply feedback insights to

improvements \ .
\\\ ’\ Analyze Sentiment
\

‘ \ Determine positive, negative,
\\ lul | or neutral sentiment

Al Feedback \\ Q

Analysis

Summarize Insights

Create concise summaries
for action

Identify Topics

Recognize specific topics in
feedback
Detect Trends

Spot emerging issues or trends

Tag and Route

Assign feedback to relevant teams

D Use Case Description: Generative Al acts like an army of
tireless analysts reading every piece of feedback:

< Understanding Sentiment and Topics: Al automatically
determines if feedback is positive, negative, or neutral.
More importantly, it identifies the specific topics being
discussed (e.g., “food quality,” “portion size,” “delivery
speed,” “packaging,” “rider attitude,” “menu accuracy”).

< Automated Tagging and Routing: Based on the topic
and sentiment, the Al can tag the feedback and
automatically routeit. Areview about a specific dish can
be flagged for the restaurant’s dashboard. A complaint
about a consistently late rider can be routed to the
logistics or rider management team. Feedback about
app usability goes to the product team. This ensures
the right people see the relevant information quickly.
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<& Trend Detection: By analyzing feedback volume over
time, Al can spot emerging issues or trends. Is there
a sudden spike in complaints about cold food from a
particulararea? Are multiple users suggesting the same
new feature? This provides an early warning system.

< Summarizing for Action (Generative Al): For busy
account managers or operational teams, Generative
Al could potentially create concise summaries of all
feedback received for a specific restaurant or about a
specific recurring issue over the past week, highlighting
the key themes and sentiment without requiring them
to read dozens of individual comments.

D Expected Outcomes: Problems are identified and
addressed much faster. Restaurants receive direct,
actionable feedback about their food and service. Internal
teams (logistics, product, support) get valuable, structured
input for improvements. Platforms gain a real-time
understanding of customer satisfaction drivers and pain
points across the entire ecosystem.

D KPIs for Success:

<& Timetoidentifyandactonemergingissueshighlighted
by feedback analysis.

< Reduction in recurring complaints after feedback has
been routed and presumably acted upon.

<& Satisfaction scores from restaurants/internal teams
regarding the usefulness of the feedback insights
provided by Al.
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<& Evidence of product/operational changes directly
linked to insights derived from Al feedback analysis.

Use Case: Gamified Loyalty Programs with
Personalized Challenges (ML)

Traditional loyalty programs (“earn 1point for every dollar spent”) can
feel a bit bland and often don’t strongly influence behavior beyond
rewarding existing habits. Adding elements of fun, challenge, and
personalization can make loyalty programs much more engaging
and effective at driving specific actions.

Gamified Loyalty Programs with Personalized Challenges

éfj Use Case Description ]
barticioation Rato -2 2 ;
e - - Tailored Goals
Completion Rate - - Gamified | )
! Loyalty - Variety Encouragement
Order Frequency/Spend -1 \

Programs ~- Frequency Nudges
Customer Feedback - -

([;f? Expected Outcomes J

~ - Active Engagement
]

r - Behavior Encouragement
1
\

~- Personalized Reward
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D Use Case Description: Instead of a one-size-fits-all
program, Al analyzes your individual ordering patterns
and preferences to create personalized “challenges” or
“missions” within the loyalty framework:

<& Tailored Goals: If you almost always order Italian food,
the Al might challenge you: “Try a dish from our ‘Top
Rated Mexican’ category this week and earn 50 bonus
points!” If you rarely order drinks, it might offer: “Add a
beverage to your next 3 orders to unlock a free dessert”

< Variety Encouragement: “Order from 3 different
restaurants this month to achieve ‘Explorer’ status!”

< Frequency Nudges: “Place 2 lunch orders between
Tuesday and Thursday for extra rewards.”

The Al tracks your progress towards these unique goals automatically
and instantly rewards you upon completion. It turns loyalty from
passive point collection into an interactive, personalized game.

D Expected Outcomes: Customers are more actively
engaged with the loyalty program. The program
successfully encourages desired behaviors (like trying
new cuisines, ordering more frequently, or increasing order
value). Customers feel a greater sense of accomplishment
and personalized reward. The platform differentiates itself
with a more dynamic and fun loyalty offering.

D KPIs for Success:

< Loyalty Program Active Participation Rate: How many
eligible customers are engaging with challenges?
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<& Challenge Completion Rate: What percentage of
personalized challenges are successfully completed
by users?

< Incremental Order Frequency/Spend: Do loyalty
program members participating in challenges order
more often or spend more than comparable non-
participants?

<& Customer Feedback/Satisfaction scores related to the
gamified loyalty program.

By intelligently managing this post-delivery phase, Al helps transform
a completed transaction into the beginning of a continuous cycle.
It listens to feedback at scale, engages customers personally based
on their unique behavior, and fosters loyalty through dynamic,
rewarding experiences. This ensures that the effort invested in
acquiring a customer and delivering their first meal pays dividends
through repeat business and valuable, ongoing insights.









Chapter 9

Al in Menu Management
and Pricing: The Dynamic
Digital Offering

e've established that getting the menu right initially is
Wcrucial, ensuring quality, structuring it logically. But in the

fast-paced food world, a menu isn’'t a static document;
it’s a living entity. Prices change, ingredients run out, new dishes
are introduced, customer tastes evolve, and competitors adjust
their strategies. Managing this effectively across a digital platform,
ensuring the online menu is always accurate, appealing, and
competitively priced, is a relentless task. Manual updates are prone
to errors and delays. Static pricing misses’ opportunities. Simply
listing items without understanding their performanceis flying blind.
Artificial Intelligence offers the tools to manage this complexity
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proactively, turning the digital menu into a truly dynamic offering
that adapts to market conditions, optimizes for profitability, and
continuously improves based on data-driven insights.

Transforming Menus with Al

= e g Data Collection
=0 e Q
Gathering real-time market and customer
K / data

Processing data to identify trends and
opportunities

@é) Dynamic Pricing

Adjusting prices based on demand and
competition

@ Menu Optimization

Updating menu items to align with customer
preferences

Use Case: Automated Menu Digitization,
Ontology Creation & Enhancement

While crucial for onboarding (as discussed earlier), the need for
efficient menu updates is ongoing. Restaurants constantly tweak

dishes, add seasonal specials, or adjust recipes. Manually updating
these changes across potentially multiple platforms is tedious.
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Furthermore, maintaining a structured understanding of the menu
(an ontology - knowing that ‘pepperoni’is a ‘topping’ which is a type
of ‘ingredient’ used on ‘pizza’ which is a ‘main course’) is vital for
sophisticated features like filtering, recommendations, and accurate

analysis, but building and maintaining this structure manually is
complex.

DATE TIME

DATE TIME

STRING

WEATHER

has_review

CUISINE

write_review has fweather

isSpecializedin

RANGE MIN
RESTAURANT STRING

PRICE RANGE >
isServedin
Serves

PERSON
RANGE MAX

isLocatedin

FLOAT

STRING

LOCATION

Category
STRING STRING
STRING

D Use Case Description: Al continues to play a role beyond
initial setup:

<& Streamlined Updates: Tools allowing restaurants to
quickly update item descriptions, photos, or prices
using simple interfaces, with Al potentially suggesting
improvements (e.g., “Consider adding ‘spicy’ to this
description based on ingredients”) or checking for
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consistency. Integration with restaurant POS systems
via APIs allows many changes to flow automatically.

Ongoing Ontology Management (ML): As new items
are added, ML algorithms can automatically suggest
appropriate tags (vegan, gluten-free, appetizer) and
classifications within the menu structure, ensuring the
ontology remains up-to-date and robust. This powers
accurate filtering and analysis over time.

Continuous Enhancement Suggestions (Generative
Al/ML): Al can periodically review menusand proactively
suggest enhancements - identifying items still missing
photos, suggesting description rewrites for clarity or
appeal, or recommending category reorganizations
based on best practices or performance data.

Expected Outcomes: Faster and more accurate menu
updates. Reduced effort required from restaurants to
maintain their digital presence. Richer, more structured
menu data over time. Continuous improvement of menu
quality and presentation through Al suggestions.

KPIs for Success:

\

1\

Frequency and Speed of Menu Updates.
Reduction in errors found in subsequent Menu Audits.

Completeness and Richness of Menu Ontology tags
over time.

Adoption rate of Al-suggested menu enhancements.
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Use Case: Al-Powered Menu Auditing for
Quality and Completeness

Quality isn’t a one-time check. Errors can be introduced with any
update. Prices might become misaligned with in-store menus,
descriptions might become outdated, or customization options
might break. Regularly ensuring the entire live menu adheres to
quality standards is essential for customer trust and operational

smoothness.

Al-Driven Menu Management

Characteristic

Streamlined
Updates

H

Ontology
Management

Enhancement
Suggestions

q%{i Expected Outcomes

6@’ KPIs for Success

Quickly update items

using simple
interfaces

Faster, accurate

effort

updates; error
reduction

updates; reduced

Frequency/speed of

ML algorithms

suggest appropriate

tags and
classifications

Richer, structured

data over time

Completeness/richness

of ontology tags

Al reviews menus
and suggests
proactive
enhancements

Continuous
improvement of
menu quality

Adoption rate of Al
suggestions

D Use Case Description: The Al auditing system runs
continuously or periodically. It constantly scans live menus

for:

< Price Discrepancies: Flagging significant differences
between online prices and known benchmarks or
previous versions.
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<& Broken Customizations: |dentifying options that lead
to errors or impossible combinations.

<& Content Violations: Screening for prohibited text or
images that might have slipped through.

<& Consistency Issues: Checking that bundled deals
accurately reflect the pricing and availability of
individual components.

This ongoing automated audit acts as a safety net, catching errors
quickly after they are introduced.

D Expected Outcomes: Sustained high level of menu
accuracy and quality. Faster detection and correction
of errors introduced during updates. Reduced customer
complaints related to incorrect menu information.
Increased confidence in the reliability of the platform’s
menus.

D KPIs for Success:
<& Number of Errors Detected per Audit Cycle.
& Time-to-Correction for detected errors.

<& Trend in Customer-Reported Menu Errors (should
decrease).
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Use Case: Dynamic Pricing Strategies
Based on Demand, Supply & Competition

Today, most food delivery platforms operate on a sell price—what
the customer pays. But very few have visibility into margins or the
actual cost of the food they sell, especially at scale. That’s changing.
Platforms are starting to move toward a buy rate model—where
instead of calculating a margin on top of a restaurant’s listed price,
the platform negotiates or sets a fixed buy price per item or per
product category. That buy price becomes the platform’s true cost.

Dynamic Pricing Strategies in Food Delivery

[ Dynamic Pricing Factors %Sf}\ .~

Increased Revenue

: P i
Demand -+ i i ;
Ti D i ' i r- Smoother Demand Curves
Ime ot Day -~ ' ' 4 .
Wesith I " ! r - Improved Competitiveness
eather - ' p :
c —— ' Q,SQ . ~- Optimized Inventory Utilization
ompetition - -

Dynamic

Inventory Levels -~

- Pricing -
' Strategies ‘—[ KPlIs for Success]

[ Buy Rate Model @Q]—"

- - RevPASH
:r— Profit Margin

Negotiated Buy Price -- o
[ Order Volume Distribution

True Cost -~ .
~- Price Competitiveness Index

Now that the platform knows its cost, it can start using dynamic
pricing—adjusting the customer-facing price based on demand,
time of day, weather, competition, or inventory levels. It can also
optimize on behalf of the restaurant by guaranteeing a minimum

s DE| [VERING THE FUTURE 137



I HPTER 9

income per product and then working to maximize the upside
when possible.

In restaurants, this concept already exists—it’'s called happy hour.
But online, we rarely see it used in a smart, structured way. Al makes
it possible to bring this logic to food delivery in real time.

D Use Case Description: Machine Learning models can
analyze real-time signals and make pricing adjustments
dynamically, based on several factors:

¢ Demand-Based Adjustments: Slightly increasing
prices during peak demand periods or for exceptionally
popular items.

& Off-PeakIncentives: Offering small, targeted discounts
during historically slow times to stimulate orders.

<& Competitor Monitoring: Adjusting prices within set
boundaries to remain competitive based on real-time
data from competitor platforms (where ethically and
technically feasible).

< Inventory-Based Pricing: Potentially offering slight
discounts on items nearing expiration or using surplus
ingredients.

These changesare controlled by guardrails—restaurants orplatforms
can set minimum pricing thresholds, define operating windows, and
allow or block specific types of adjustments.

D Expected Outcomes: Increased overall revenue and
profitability. Smoother demand curves (fewer extreme
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peaksandtroughs).Improved ability to react to competitive
pricing moves. Optimized utilization of inventory.

D KPIs for Success:

& Revenue per Available Seat Hour (RevPASH) or
equivalent Revenue per Visitor/Order.

<& Profit Margin per Order / per Item.
<& Order Volume distribution throughout the day/week.

Price Competitiveness Index.

Use Case: Menu Performance Analysis and
Optimization Suggestions

Simply knowing sales volume isn’t enough. Restaurants need
actionable insights. Which dishes attract customers to the menu
but don’t get ordered (high views/clicks, low conversion)? Which
items are reliable profit drivers? Which customization options are
most popular? Understanding this “menu engineering” aspect is key
to refining the offering.
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Achieving Menu Optimization

/\7| Increased Profitability

6 =9 Achieve higher profits through optimized
menu offerings.

5 j/. Data-Informed Decisions
l Make strategic changes based on Al insights.

ﬁ Customization Insights
Analyze popular add-ons to suggest new menu items.
@ Profitability Mapping

Combine sales and cost data to categorize menu items.

— Conversion Analysis

|
Track user progression to identify drop-off points. J

D Use Case Description: Al dashboards and reports provide
much deeper insights than traditional sales summaries:

<& Conversion Funnel Analysis: Tracking user progression
for each item: how many viewed it -> added to cart
-> ordered. Identifying drop-off points highlights
problems (e.g., poor description, confusing options,
unappealing photo, high price).
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<& Profitability Mapping: Combining sales data with
food cost data (if provided by the restaurant) to map
items on a classic menu engineering matrix (Stars,
Plowhorses, Puzzles, Dogs).

< Customization Insights: Analyzing which optional
add-ons or modifiers are most frequently chosen,
suggesting potential new standard menu items or
bundles.

< Al-Generated Recommendations: Based on
this analysis, the Al provides specific, actionable
suggestions directly to the restaurant manager via their
portal: “Consider promoting your ‘Chicken Tikka Masala’
(high profit, low volume) with better placement or a
temporary discount,” or “Your ‘Vegetable Samosas’ are
viewed often but rarely added to cart - try improving
the photo or description.”

D Expected Outcomes: Restaurants make smarter, data-
informed decisions about menu changes, promotions,
and pricing. Profitability increases by focusing on high-
performing items and improving underperformers. The
menu becomes better aligned with what customers want
and are willing to pay for.

D KPIs for Success:

< Improvement in Conversion Rates for items targeted
by Al recommendations.

< Shift in sales mix towards more profitable items
(‘Stars).
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<& Restaurant adoption rate of Al-driven optimization
suggestions.

<& Overall Menu Profitability trends.

Use Case: Managing Paused Products and
Availability Intelligently

When a restaurant runs out of avocados for their popular toast, they
need to quickly mark it as unavailable online to avoid disappointing
customers. Forgetting to do this—or forgetting to unpause it
when avocados are back—can directly impact sales and customer
satisfaction.

Most of the time, though, running out of avocado isn’t just about one item.
Avocado might be used in five or six different dishes—salads, sandwiches,
toasts, bowls. Pausing each one manually, especially when they appear in
combos or different categories, is error-prone and takes time.

The bigger problem? If you pause everything with avocado, you might end
up with half your menu offline.

Instead, the system should allow smarter handling—like flagging all
affected products and letting you choose:
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Enhancing Restaurant Operations with Al

Easy Pausing
Interface

Simple tools for quick item
unavailability management.

Automated
Reminders
Notifications for timely item

reactivation or pause
extension.

Consistency Checks

Al-Driven Ensures logical pausing of
Restaurant related menu items.

Management

Al optimizes restaurant
operations for better
efficiency and customer
satisfaction.

Predicts stockouts to prompt
proactive inventory checks.

Smart Substitutions
Suggests real-time

alternatives for unavailable
items.

Proactive Merchant
Support

Alerts trigger support for
better planning and
management.

D Do you want to hide the item entirely?

D Or keep it available, but show a note like “Temporarily

served without avocado”?
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This gives customers the same kind of flexibility they’'d expect in a
real restaurant. You don’t lose the sale, and the customer doesn’t get
frustrated. It's about matching the digital experience to real-world
service—clear communication, smart substitutions, and keeping as

D Or offer a replacement ingredient, like “Served with
hollandaise sauce and two eggs instead”?

much of the menu available as possible.

D Use Case Description: Al makes managing availability

smarter:

\

Easy Pausing Interface: Simple tools for restaurants
to quickly mark items or even specific ingredients
as temporarily unavailable, potentially setting an
expected reactivation time (“Pause avocados until
tomorrow 10 AM”).

Automated Reminders: Sending notifications to the
restaurant shortly before a scheduled reactivation
time, prompting them to confirm availability or extend
the pause.

Consistency Checks (Al Audit): Automatically checking
if pausing an individual item (like ‘Fries’) should also
logically pause combo meals that include it, preventing
impossible orders or offering substitutions for those
‘Fries’.

Predictive Stockout Alerts (ML): Advanced systems
could analyze sales velocity and historical data to
predict when anitemis likelyto run out soon, prompting
the restaurant to check inventory proactively.
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<& Smart Substitutions (ML/Generative Al): When an
ingredient or dish is unavailable, the platform can
suggest real-time alternatives. For example: “We're
out of avocado, but you can still get the toast with
hollandaise sauce and two eggs.” “Fries are out—would
you like a side salad instead?” These suggestions can be
shown directly to the customer, or even automatically
applied based on preferences, helping keep the sale
and maintain a good experience.

<& Integration Point (Proactive Merchant Support): Alerts
about frequently paused best-sellers can trigger
outreach from account managers or support staff to
help you better plan.

D ExpectedOutcomes:Online menus moreaccuratelyreflect
real-time kitchen inventory. Fewer orders are cancelled or
modified due to unexpected stockouts. Customers have
a more reliable ordering experience. Restaurants lose less
revenue from items mistakenly left paused.

D KPIs for Success:

< Reduction in Order Cancellations/Modifications due to
unavailable items.

<& Accuracy of ‘paused’ status (measured via spot checks
or feedback).

<& Frequency/Duration of items remaining paused beyond
expected restock times.

By embedding Al into the ongoing management of menus and
pricing, platforms move beyond static listings towards dynamic,
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intelligent digital storefronts. This continuous optimization loop -
driven by data analysis, automated quality checks, smart pricing
adjustments, and proactive availability management - helps
restaurants maximize their performance online, directly benefiting
their bottom line while simultaneously providing a more reliable and
satisfying experience for the customer.









Chapter 10

Al in Order Processing
and Kitchen Operations:
Syncing Supply and
Demand

he order is confirmed, the digital menu has done its job, and

I now the signal flashes onto a screen or prints out on a ticket
in the bustling environment of the restaurant kitchen. This

is where the digital request meets the physical reality of chopping
boards, hot pans, and busy chefs. Especially during peak hours - the
Friday night dinner rush, the Sunday brunch surge - the kitchen can
become a pressure cooker. Managing a constant stream of incoming
orders, each with unique items and specific customizations,ensuring

everything is cooked correctly, timed perfectly, and packaged
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properly, all while minimizing waste and keeping staff stress
levels manageable, is an immense operational challenge. Artificial
Intelligence is increasingly finding its way into the kitchen, not to
replace cooks, but to act as an intelligent orchestrator - helping to
manage the flow, predict demand, optimize resources, and ensure
consistency and efficiency from the moment an order arrives until
it’s ready for the rider.

Al's Role in Kitchen Efficiency

Order o
Confirmation %@ RY v Digital Menu

Demand

8 8 Resource
Prediction ﬂ!!& — @ — @y optimitzation
Consistency and ] .
Efficiency Cﬁ\% - ¢— [z} Waste Reduction

Staff Stress

Management ﬁ R |

Use Case: Intelligent Order Batching and
Routing to Kitchens

In many kitchens, orders simply appear on a screen in the sequence
they arrive. But is that always the most efficient way to cook? If

three separate orders all require grilled chicken, preparing them
sequentially might be slower than grilling all the chicken at once.
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In larger kitchens, especially ‘ghost kitchens’ preparing food for
multiple virtual brands simultaneously, or restaurants with distinct
preparation stations (like a separate pizza oven, fryer station, and
salad bar), simply processing orders linearly can create bottlenecks
at one station while another sits idle.

Al Optimizes Kitchen Order Flow

Batching

Smart Routing Orders

Direct items to

stations Group similar tasks

together

Intelligent Order
Management

Multi-Brand
Coordination

Analyze contents,

Efficiently use rep times
shared resources pIp
Kitchen
Bottlenecks
Uneven workload, Faster prep,
slower preparation increased

throughput

D Use Case Description: Imagine an Al system acting like an
expert kitchen chef or air traffic controller for food orders.
As orders come in, Machine Learning algorithms analyze:

<& Order Contents: What specific items are needed?
<& Prep Times: How long does each item typically take?

< Required Stations/Equipment: Does this need the
fryer, the grill, the oven?
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<& Current Station Load: How busy is each station right
now?

<& Driver Status: When is the driver arriving, how much
time do | have?

Based on this, the Al can intelligently group or direct orders:

D Batching: It might digitally group tasks - “Grill chicken for
orders #123, #125, and #128 together”

D Smart Routing: In a multi-station setup, it might send
the pizza component of an order to the pizza station and
the salad component to the salad station simultaneously,
coordinating timing so they finish together.

D Multi-Brand Coordination: In a ghost kitchen, it ensures
orders for ‘Burger Brand A’and ‘Salad Brand B’ are prepared
efficiently using shared resources without getting mixed

up.

The goal is to smooth out the workflow, maximize the use of
equipment, and minimize unnecessary waiting or movement within
the kitchen.

D Expected Outcomes: Food gets prepared faster overall
(reduced Kitchen Ticket Time). The kitchen can handle
more orders per hour (increased throughput), especially
during peaks. Workload is more evenly distributed across
different kitchen stations, reducing bottlenecks. Efficiency
increases, particularly in complex kitchen setups.
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D KPIs for Success:

<& Average Order Preparation Time (Kitchen Ticket
Time): Measuring the time from order acceptance to
‘ready for pickup’.

< Kitchen Throughput Rate: How many orders can the
kitchen successfully process per hour?

<& Station Utilization Rates: Identifying if stations are
consistently overloaded or underused.

<& OrderAccuracy Rate: Ensuring that intelligent batching
or routing doesn’t lead to mistakes in assembling
orders.

Use Case: Demand Forecasting for
Inventory and Staffing

Nothing frustrates customers more than ordering a favorite dish
only to be told it’s sold out. For restaurants, running out of a key
ingredient during a busy service means lost sales and unhappy
customers. On the flip side, over-ordering perishable ingredients
leads to costly food waste. Similarly, having too few staff during
an unexpected rush leads to chaos, long prep times, and stressed
employees, while having too many staff during a slow period wastes
labor cost. Guessing based on last week’s sales often isn’t accurate
enough.
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Al-Driven Demand Forecasting in Food Delivery

ol ?
[Smarter Decisions 3@‘3}\\

Inventory Management - -

Staffing Optimization - -’ ‘~- Current Order Velocity

( Contextual Factors J S

% KPIs for Success

T
|

r - Ingredient Stockout Rate

Weather Forecasts - -
Local Events - - Al-Driven - - Food Waste Percentage
Demand - - Labor Cost Ratio
Forecasting '

'~ Forecast Accuracy

Holidays - -

Platform Promotions - -’

[ Expected Outcomes }’/ B {@{g Deep Historical Data ]

Reduced Stockouts -w: i— - Hourly Sales Analysis
Minimized Food Waste 4 ‘<~ Item-Specific Trends
Efficient Labor Use - -’

D Use Case Description: Machine Learning models are much
better at predicting short-term demand because they can
analyze many more factors than a human manager easily
can:

<& Deep Historical Data: Analyzing sales patterns not just
by day, but by hour, and even by specific item.

<& Contextual Factors: Incorporating data like weather
forecasts (people order differently in rain vs. sunshine),
local events (a big game nearby often means more
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pizza and wings), holidays, and even platform-wide
promotions.

< Real-Time Signals: Factoring in current order velocity
across the platform in that area.

The Al uses this data to generate highly accurate forecasts: “Based
onthe forecast for sunny weatherand the local festival this Saturday,
we predict a 30% increase in demand for cold drinks and shareable
appetizers between 6 PM and 9 PM” This forecast then allows the
restaurant to make smarter decisions about:

< Inventory: Ordering the right amount of fresh
ingredients - enough avocados for the weekend brunch
rush, but not so many they spoil by Monday.

<& Staffing: Scheduling the appropriate number of cooks,
assemblers, and front-of-house staff (if applicable) to
handle the predicted volume smoothly.

D Expected Outcomes: Fewer instances of popular items
being “sold out” Significant reduction in food waste
and spoilage costs. More efficient use of labor budget,
matching staff levels to actual need. Kitchens are better
prepared for busy periods, potentially reducing stress and
errors.

D KPIs for Success:

< Ingredient Stockout Rate / Item Availability Rate: How
often are items unavailable due to missing ingredients?

< Food Waste Percentage: Tracking the amount or cost
of discarded food.

135



I ' /\PTER 10

<& Labor Cost as a Percentage of Revenue: Optimizing
staffing levels should improve this ratio.

<& Accuracy of Demand Forecast vs. Actual Orders.

Use Case: Optimizing Kitchen Workflows
and Preparation Time Prediction

Knowing precisely how long this specific order will take to prepare is
vital. It’s the foundation for the delivery ETA shown to the customer
and for timing the rider dispatch perfectly. A generic “15 minutes”
estimate for all main courses ignores the reality that a complex
curry takes longer than a simple stir-fry, and everything takes longer
when the kitchen is swamped. Beyond prediction, there might be
inefficiencies in how the kitchen operates - maybe the layout causes
delays, or a certain sequence of tasks is inherently slow.
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Al-Driven Kitchen Workflow Optimization

Order Received

Dynamic Prep Time
Prediction

Workflow Analysis
Feedback Integration
ETA Calculation
Rider Dispatch
Process
Optimization

KPI Monitoring

D Use Case Description: Al tackles both prediction and
process optimization:

< Dynamic Prep Time Prediction (ML): This goes beyond
the general demand forecast. For each individual order
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%

coming in, an ML model predicts its specific prep
time based on: the items ordered (complexity, known
individual cook times), the current load in the kitchen
(how many other orders are active, how busy specific
stations are), and from feedback from the restaurant
staff (they can speak to the tablet and say “we are busy,
need 10 additional minutes for order 123, and 345”. The
feedback goes directly into the ETA calculation and
rider dispatch system.

Workflow Analysis (ML/Process Mining): By analyzing
timestamps from different stages of order preparation
(order accepted cooking started assembly started

ready for pickup), Al tools can identify where orders
consistently slow down. Perhaps the data reveals a
bottleneck always occurs between 7 PM and 8 PM, or
that orders containing both grilled items and complex
salads take disproportionately long. This analysis
can pinpoint inefficiencies that can be given to the
restaurant owners.

D Expected Outcomes: Much more accurate prep time
predictions for individual orders, leading to better ETAs
and rider timing.

D KPIs for Success:

\

%

Accuracy of Predicted Prep Time vs. Actual Prep Time
for individual orders.

Average Order Preparation Time (Kitchen Ticket Time) -
looking for reductions over time.
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<& Measurable reduction in delays attributed to specific
identified bottlenecks after changes are implemented.

Use Case: Al-Powered Food Waste
Reduction Initiatives

Food waste is a major headache for restaurants - it’'s costly and
environmentally unfriendly. While better forecasting helps reduce
waste from over-ordering, there are often other opportunities to
minimize spoilage of ingredients already on hand.

Al-Powered Food Waste Reduction in Restaurants

[ Identifying At-Risk Inventory %} ~ - {%L Suggesting Targeted Actions ]
Sales Data Analysis - - r - Mushroom Pizza Special
Inventory Level Monitoring - -’ ‘- Chef's Vegetable Soup
Al-Powered
- - Food Waste ~
[ Expected Outcomes °'3} ‘ Reduction S

- Surprise Bags

s

Reduced Food Waste —w:

Enhanced Brand Image - -’ '~ Optimal Pricing

[ KPIs for Successj

 _ Measured Reduction in Food
! Waste

'~ Profitability of Promotions

D Use Case Description: Al can provide intelligence to
actively manage potential waste:
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<& Identifying At-Risk Inventory: Analyzing sales data and
inventory levels (especially if linked to smart fridges or
POS inventory tracking), Al can identify ingredients
that are selling slowly and nearing their expiration date.

< Suggesting Targeted Actions: Based on this, the Al
could recommend specific actions to the restaurant
manager via their portal: “Sales of mushrooms have
been slow this week, and stock is high. Consider running
a ‘Mushroom Pizza Special’ tomorrow,” or “Suggest
highlighting the ‘Chef’s Vegetable Soup’ which uses
carrots and celery nearing end-of-life”

< Powering “Surplus” Features: Platforms offering
features like “Surprise Bags” (popularized by Too Good
To Go) containing surplus food can use Al to better
predict daily surplus amounts and potentially even
suggest optimal pricing or contents for these bags
based on available ingredients.

D Expected Outcomes: Less food thrown away due to
spoilage. Reduced food costs for the restaurant. Potential
new revenue from selling discounted surplus items.
Enhanced brand image among eco-conscious consumers.

D KPIs for Success:

<& Measured Reduction in Food Waste (tracking discard
logs by weight or estimated value).

<& Profitability/Sales volume of promotions or special
items designed to move surplus stock.
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& Sales and customer feedback for specific waste-
reduction initiatives like Surprise Bags.

By embedding Al into the daily flow of the kitchen, platforms can do
much more than optimize logistics or customer experience—they
can help restaurants run leaner, waste less, and earn more. Al acts
like a smart co-pilot: predicting demand more accurately, spotting
overstocked or underused ingredients, suggesting promotions, and
even helping repackage surplus food for last-minute sales.

One of the biggest missed opportunities in this space is the model
pioneered by Too Good To Go, which now handles over 100 million
surplus food orders a year—mostly through simple pickups at
restaurants and grocery stores. What’s striking is that these are
the same restaurants and shops already listed on food delivery
platforms.

This is a model that, frankly, food delivery platforms should have
owned. With their reach, customer base, and inventory insights,
they were in the best position to help restaurants move surplus,
reduce waste, and attract new types of customers—all while doing
something that’s environmentally and financially smart.

If platforms embrace this space, they’re not just solving a waste
problem.They’re unlocking a new segment of users, giving restaurant
partners another revenue stream, and strengthening the ecosystem
in a way that’s sustainable and deeply aligned with customer values.






Chapter 11

Al in Dispatch and Logistics:
Creating the Intelligent
Fleet

if it's ice cream!). The digital order has become a physical

reality, ready for its journey. This next phase - getting the
food from the restaurant counter to the customer’s hands - is the
domain of logistics, arguably the most complex and visible part of
the entire food delivery operation. It involves managing a large, often
independent fleet of riders scattered across the city, matching them
precisely with waiting orders, guiding them through unpredictable
traffic and incomplete addresses, and ensuring the whole process
happens as quickly and efficiently as possible. Simple proximity-
based assignment (“send the nearest rider”) is inadequate. Artificial

The freshly cooked meal sits waiting, radiating heat (or chilling,
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Intelligence is the indispensable brain behind modern delivery
logistics, performing a constant, high-speed calculation to optimize
every dispatch, every route, and every interaction, transforming a
potentially chaotic fleet into a sophisticated, data-driven “intelligent
fleet”

Al-Driven Delivery Optimization Cycle

Collect Data Receive Order

Data from delivery is collected for
analysis.

Digital order is received and
processed.

Deliver Order Al in Delivery Match Rider

Logistics Al matches order with the best

Rider delivers the order to the
rider.

customer.

Optimize Route

Al calculates the most efficient

Al guides rider through traffic and
route.

addresses.

Use Case: Predictive Analytics for Rider
Demand and Supply Balancing (ML)

Imagine rush hour on a rainy Friday night - orders flood in, but
not enough riders are online or in the right areas. Customers face
long waits just for their order to be assigned, ETAs stretch out, and
some orders might even go unfulfilled. On the other hand, on a
slow Tuesday afternoon, too many riders might be logged in, with
few orders available, leading to low earnings and dissatisfaction.
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Keeping the number of active riders (supply) perfectly matched
with the number of incoming orders (demand), geographically and
temporally, is a challenge for both customer satisfaction and rider
retention.

Balancing Rider Supply with Demand

Compare demand with
rider supply

Trigger incentives in
needed areas

Estimate rider
. .. . availability patterns
Predictive Analytics

Display demand (ML)

heatmaps in-app
I 48 >
(m)

Demand-Supply

Mismatch
Imbalance hurts Predict order density by Happy customers and
customer experience zone riders

D Use Case Description: Machine Learning models can
forecast the overall order volume but also where and when
riders will be heeded most:

< Granular Demand Forecasting: Analyzing historical
order data, time of day, day of week, weather forecasts
(rain often boosts delivery demand), local events
(concerts, games mean concentrated demand),
and active promotions, the Al predicts expected
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order density in specific neighborhoods or zones for
upcoming hours.

Predicting Rider Supply: Analyzing historical rider login
patterns, responses to past incentives, and current
rider locations, the Al estimates likely rider availability.

Identifying Imbalances: By comparing predicted
demand with predicted supply, the Al identifies areas
likely to be underserved (too many orders, not enough
riders) or overserved.

Automated Incentive Management: Based on
imbalances, the Al can automatically trigger dynamic
incentives - offering surge pricing (“Boost pay”) or
bonuses (“Complete 3 deliveries in Zone X between
6-8 PM for an extra $10”) specifically in areas needing
more riders. This intelligently directs incentive spend
where it's most needed to balance the marketplace.

Informing Riders: The rider app can display Al-driven
heatmaps or notifications indicating areas with high
current or predicted demand, empowering riders to
position themselves strategically to maximize their
earnings potential.

D Expected Outcomes: Fewer long waits for customers
before a rider is assigned. Higher rider earnings due to less
idle time and targeted incentives. More reliable service
during peak demand periods. More efficient use of the
platform’s incentive budget. A more stable and predictable
marketplace for both riders and customers.
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D KPIs for Success:

<& Average Rider Wait Time (time between available and
assigned).

<& Rider Utilization Rate (percentage of online time active
on deliveries).

< Customer Wait Time for Rider Assignment.
< Rider Earnings per Hour.

Effectiveness of Incentive Spend (how much extra
supply did $X in incentives generate?).

< Rate of Unfulfilled Orders due to lack of rider availability.

Use Case: Dynamic and Optimized Rider
Routing (Eco-Routes, Traffic Aware)

Getting from restaurant A to customer B quickly isn’t just about the
shortest distance. Cities have complex webs of traffic jams, one-
way streets, unexpected construction, traffic lights, and varying
speed limits. A rider blindly following a basic map might get stuck in
traffic, take inefficient turns, or waste time backtracking, especially if
handling multiple orders (batching). Furthermore, there’s increasing
pressure to operate more sustainably, reducing fuel consumption
and emissions.
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Al-Driven Delivery Optimization Cycle

Measure Performance Integrate Real-Time

Track KPIs like delivery time and Traffic
fuel coneumption; \ Collect live traffic data for current

\ conditions.
\
| Predict Traffic Patterns

| Use historical data to anticipate

Provide routes optimized for /‘ future traffic.

fuel efficiency.

Optimize Batching z N

Routes

Plan efficient routes for multiple oim Factor in various restrictions like
deliveries. one-way streets.

D Use Case Description: Al-powered routing engines create
hyper-optimized paths for each specific delivery:

<& Real-Time Traffic Integration: Constantly pulling live
traffic data to identify and route around congestion,
accidents, or road closures as they happen.

<& Predictive Traffic Patterns: Using historical data to
anticipate typical traffic conditions at different times
of day (e.g., avoiding a notoriously bad intersection
during evening rush hour even if it looks clear right now).

<& Complex Constraint Handling: Understanding and
factoring in one-way streets, turn restrictions, bridge
tolls, bike-only paths, vehicle restrictions (e.g., trucks
on certain roads), and optimal parking locations near
destinations.
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Intelligent Batching Routes: Calculating the most
efficient sequence and route for picking up and
dropping off multiple orders, minimizing total
travel time and distance traveled. This is a complex
optimization problem (a variation of the Traveling
Salesperson Problem) where Al excels.

Eco-Routing Options: Providing riders (or setting
as a platform default) the option to choose routes
optimized for fuel/energy efficiency. This might involve
routes with smoother speed profiles, fewer hills (for
bikes/scooters), or minimal idling time, potentially
reducing emissions and operating costs.

Expected Outcomes: Faster delivery times for customers.
Riders complete more deliveries per hour, increasing their
earnings potential. Reduced fuel or battery consumption,
leading to lower operating costs for riders and lower
environmental impact for the platform. More accurate
ETAs, as travel time predictions improve.

KPIs for Success:

<

Average Delivery Time (Travel Component): Measuring
the time from pickup to drop-off.

< Deliveries Completed per Rider per Hour.

< Fuel/Energy Consumption per Delivery.

<& Adherence Rate: How often do riders follow the Al-

suggested optimized route? (Analyzing deviations
helps refine the routing algorithms).

Carbon Footprint Reduction



I ' \PTER 11

Use Case: Al-Powered Rider Onboarding
and Performance Management Support

Getting new riders equipped and performing efficiently quickly is
vital for network health. Providing consistent, personalized feedback
to thousands of independent contractors to help them improve their
efficiency (e.g., navigation skills, pickup/drop-off speed, acceptance
strategy) is challenging to do manually at scale.

Achieving Rider Efficiency with Al

Improved Rider Efficiency

%@; Riders become more efficient and effective in
their roles.

Targeted Training

Al suggests specific training modules based on
performance gaps.

Personalized Feedback

Al provides tailored insights to riders via the app.

Performance Analytics

Al analyzes rider data to identify areas for improvement./
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D Use Case Description: Al assists throughout the rider
lifecycle with a focus on operational efficiency:

<& Performance Analytics & Feedback (ML): Al analyzes
individual rider data - comparing their delivery times,
route efficiency, idle time, and acceptance patterns
against benchmarks for similar riders in the same area.
It can then generate personalized insights delivered
via the app: “Tip: Accepting more orders during the
6-8 PM peak in Zone Y could increase your earnings,” or
“Improving navigation accuracy in the downtown area
could reduce your average delivery time”

& Targeted Training for Efficiency (ML): Based on
identified performance gaps (e.g., consistently slow
travel timesin certain areas), the Al can suggest specific
training modules on navigation strategies or efficient
batching techniques.

D Expected Outcomes: Riders become more efficient
faster. Overall network efficiency improves as individual
rider performance increases. Riders feel supported with
personalized, data-driven guidance on how to maximize
their earnings and effectiveness.

D KPIs for Success:

< Improvement trends in key Rider Performance Metrics
(e.g., delivery time, deliveries per hour) after receiving Al
feedback/training.

<& Correlation between engagement with performance
feedback and actual performance improvements.
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Use Case: Logistics Fraud Detection
(Rider/Restaurant Collusion) (ML)

The logistics system itself can be exploited. Riders might manipulate
GPS data to falsely inflate mileage or trigger surge pricing. In some
cases, riders might collude with restaurants to fake orders or pickups
to collect delivery fees without performing the work. These activities
directly cost the platform money and undermine the integrity of the
network.

D Use Case Description: Machine Learning models are
trained to detect suspicious patterns in the vast stream
of logistics data:

< Location Spoofing Detection: |dentifying impossible
jumps in GPS location, discrepancies between reported
location and device sensors, or use of known GPS
spoofing tools.

< Anomalous Trip Patterns: Flagging trips with unusually
long durations for the distance, excessive detours
without traffic justification, or repeated interactions
between specific riders and restaurants that deviate
significantly from the norm.

<& Pickup/Drop-off Verification:  Analyzing  GPS
coordinates at pickup and drop-off points, comparing
them against expected locations, and potentially
flagging deliveries marked complete far from the
customer’s address.
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<& Collusion Network Analysis: Using graph analysis
techniques to identify potentially collusive rings of
riders and restaurants exhibiting suspicious linked
behaviors or driver that they interact (who was close
to who).

Logistics Fraud Detection Process

Identify Suspicious ?
Patterns o
Flag Anomalous Trip Al
Patterns
Analyze Collusion
Networks
Flag for Investigation

—~ Detect Location
o/\ Spoofing

Verify Pickup/Drop-
off
Assign Risk Scores
Prevent Fraud
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The Al assignsrisk scores, automatically flagging the most suspicious
activities for investigation by human fraud analysts.

D Expected Outcomes: Early detection and prevention of
various forms of logistics fraud. Reduction in financial
losses associated with fake deliveries, GPS manipulation,
or collusion. Maintaining a fairer marketplace for honest
riders and restaurants. Deterrence of future fraudulent
behavior.

D KPIs for Success:

& Value of Fraud Prevented/Detected (estimated
financial impact).

<& Reduction in specific types of fraudulent activities
(e.g., GPS spoofing incidents).

<& Accuracy of Fraud Flags (minimizing investigations into
legitimate activities).

The intelligent fleet, powered by Al, is the dynamic core of modern
food delivery. By optimizing the delicate balance of supply and
demand, charting the most efficient paths through complex
environments, supporting riders effectively, and protecting the
system from fraud, Al ensures that the crucial physical journey of
the food is as smart, swift, and reliable as the digital interface that
initiated it.









Chapter 12

The Agentic Future:
Reimagining Food Delivery
with Autonomous Al Agents

acts as a powerful assistant, analyst, and optimizer within the

existing framework of food delivery operations, augmenting
human capabilities and streamlining processes. But what happens
when Al evolves from simply assisting to actively doing? This leads us
to the concept of Agentic Al - a future where networks of specialized
software agents, are empowered with specific goals and a degree
of autonomy, could potentially manage significant portions of the
food delivery ecosystem themselves. This isn’t science fiction about
robots taking over; rather,it’s about envisioning a more sophisticated
level of automation where Al agents can perceive situations, reason

U ntil now, we've primarily explored how Artificial Intelligence
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about objectives, plan actions, and execute them, potentially
collaborating with each other and escalating to humans only when
necessary. This agentic approach promises a future platform that is
not just optimized, but potentially self-optimizing, self-healing, and
capable of handling complexity at an unprecedented scale.

Al's role in food delivery: from
assistance to full autonomy

ol T Al Autonomy

\_/
Independently acts
Agentic Al to achieve goals
Analyzes and
e e suggests
Assistive Al improvements
v
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Defining Agentic Al: Beyond Assistance to
Action

The key difference lies in initiative and execution. An assistive Al
might analyze traffic and suggest a new route to a rider. An agentic
Al, tasked with the goal of “ensure fastest possible delivery within
safety constraints,” might autonomously monitor traffic, calculate
the optimal route, push it to the rider’s navigation, detect a sudden
road closure, recalculate a new route, inform the customer of
the potential delay, and log the event, all without direct human
command for each step.

This doesn’t mean eliminating humans entirely. Human oversight,
strategic direction, ethical judgment, and handling sensitive
situations remain relevant. Think of it less as replacing the
orchestra conductor and more as empowering each section (violins,
percussion, brass) with highly skilled, Al-powered “lead players”
who can manage their section’s performance against the overall
score, only needing the conductor’s intervention for major shifts or
complex interpretations.

Let’s speculate on how specialized Al agents could evolve from the

use cases we've discussed, taking on more autonomous roles across
the platform:
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Customer-Facing Agents: The Proactive

Concierge and Problem Solver

180

D Personal Order Agent: This agent evolves from simply

providing recommendations to proactively managing
a customer’s food needs. It learns deep preferences,
anticipates routine orders (“Looks like it’s Tuesday, you
usually order Salad X around this time. Shall | get that
started?”), handles complex conversational orders (‘I
want pizza, half veggie, half pepperoni, light cheese on the
veggie side, and add that garlic dip you recommended last
time”), negotiates substitutions if items are unavailable
(“Restaurant Y is out of Diet Coke, but they have Coke
Zero or sparkling water. Which would you prefer?”) and
seamlessly completes the transaction.

Autonomous Resolution Agent: Building on automated
claims processing, this agent could handle a wider range
of issues proactively. Detecting a high probability of a
missing item (based on restaurant data or past issues),
it might autonomously issue a partial credit before the
customer complains. Analyzing delivery delays against
historical data and customer value, it could proactively
offer tiered compensation (e.g.,small credit for minor delay,
larger credit or re-order option for significant delay) based
on predefined business rules, only escalating to humans
for complex disputes or high-value refunds requiring
judgment.

D Loyalty & Engagement Agent: This agent doesn’t just

present personalized challenges, it actively manages the
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customer’s loyalty journey. It might proactively combine
offers (“You have enough points for a free drink, and
Restaurant Z has a 15% off deal today. Interested?”), solicit
targeted feedback (“You rated the delivery speed low last
time; how was it today?”), or even manage restaurant
reservations requested through the platform.

Customer-Facing Agents in Action

®o Personal
& Order Agent

Proactive Autonomous Loyalty &
@) Order Resolution £\ Engagement
Management Agent Agent
V.
Complex Proactive
S Offer
0= Order. lssue . Combination
Handling Detection

<

n Targeted
— Feedback

Negotiation
ﬂ ot Issue
Resolved?

Substitutions No

Yes

% Transaction g2 Partial Credit ~\. Escalation to (%% Restaurant
Completion ® |ssued < Human Reservation
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Merchant-Facing Agents: The Automated
Operational Co-Pilot

D PredictiveOperations&InventoryAgent:Thisagentmoves

beyond simply forecasting demand. It could potentially
integrate with supplier systems to autonomously generate
suggested ingredient orders based on predicted need and
current stock levels (requiring merchant approval). It might
dynamically adjust menu item availability in real-time
based on predictive stockout alerts or even optimize staff
schedules and communicate suggested adjustments to
the restaurant manager’s scheduling tool.

Dynamic Menu & Pricing Agent: Evolving from suggesting
price changes, this agent could, within strict pre-
set boundaries and rules defined by the merchant,
autonomously make micro-adjustments to pricing based
on real-time demand, competitor moves, and even
ingredient cost fluctuations. It could automatically A/B
test Al-generated photos or descriptions for menu items
and implement the winning versions.

Automated Compliance & Support Agent: This agent
could continuously audit the merchant’'s menu and
operational metrics against platform standards,
automatically flagging non-compliance issues, providing
links to corrective actions in the knowledge base, and
handling routine support queries about platform usage
or policy via conversational Al, escalating only complex
issues. It could also autonomously manage the KYC and
onboarding document verification process.
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Merchant-Facing Agents Flowchart

Predictive
Operations &
&3 Inventory
Agent
I
) |
3 E/IyennaumSI(C = In.t egrate .
(()D Pricing g- with Supplier
Agent Systems
Automated
@ Compliance A/B Test
& Support Menu ltems
Agent
I
! J
Handle
@g Audit Menu @ Routine
and Metrics =’ Support
Queries
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Rider-Facing Agents: The Autonomous On-
the-Road Partner

D Autonomous Dispatch & Logistics Agent: This agent
takes over much of the dispatch decision-making. Based
on maximizing network efficiency, minimizing ETAs, and
adhering to rider fairness protocols, it autonomously
assigns orders, calculates optimal multi-stop routes,
pushes navigation updates, monitors progress, and
potentially even manages dynamic incentives in real-time
based on localized supply/demand imbalances, requiring
human intervention primarily for strategic oversight or
handling major disruptions.

D Proactive Safety & Assist Agent: Instead of just sending
alerts, this agent might detect indicators of rider fatigue
(based on hours worked, delivery patterns) and proactively
suggest taking a break. If a rider deviates significantly
off-route or stops unexpectedly for too long without
explanation, the agent could initiate an automated check-
in (“Everything okay?”) and escalate to human safety
support if there’s no response or cause for concern. It
could autonomously handle routine requests for route
clarification or address verification.

D Automated Earnings & Admin Agent: This agent could
autonomously calculate and process rider earnings,
handle standard disputes based on trip data and policy,
answer complex queries about incentive structures
conversationally,and manage routine administrative tasks
like document renewal reminders and verification.
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Autonomous Agents in Rider Support
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Platform Agents: Orchestrating the
Ecosystem Intelligently

D Ecosystem Balancing Agent: Operating at a macro level,

this agent constantly monitors the health of the entire
three-sided marketplace - customer demand patterns,
restaurant availability and performance, rider supply and
efficiency. It autonomously adjusts parameters like base
delivery fees, incentive levels across different zones, or
even the ranking given to certain restaurants in search
results, aiming to maintain optimal balance, efficiency,
and profitability for the entire platform according to high-
level business strategy.

Autonomous Fraud & Security Agent: Continuously
scanning all platform activity, this agent identifies and
autonomously acts upon sophisticated fraud patterns in
real-time - blocking suspicious transactions, suspending
potentially compromised accounts (customer, merchant,
or rider), adapting detection algorithms to new threats,
and flagging complex cases for human investigation.

Self-Healing Operations Agent: Monitoring platform
infrastructure performance, this agent could potentially
predict system failures or bottlenecks and autonomously
trigger preventative actions like scaling resources, re-
routing traffic, or activating backup systems to maintain
service stability.
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Platform Agents Orchestration
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Challenges and Considerations for an
Agentic Food Delivery Future

This vision of a highly automated, agent-driven ecosystem is
compelling, but the path there is complex and requires careful
navigation:

D Orchestration Complexity: How do you ensure hundreds
or thousands of specialized Al agents, each pursuing
their own goals, collaborate effectively and don’t create
unintended negative interactions or conflicts? Designing
robust coordination mechanisms is critical.

D Trust, Reliability & Error Handling: Agents taking
autonomous actions need to be exceptionally reliable. How
are errors handled? What are the falloack mechanisms?
Building trust in agent decisions, both internally and
externally, is essential.

D Explainability & Auditability: When an Al agent decides
(e.g., sets a price, issues a refund, dispatches a rider), it
needs to be possible to understand why it made that
decision, especially for audits, dispute resolution, or
debugging. “Black box” agents are problematic.

D Ethical Governance & Human Oversight: Defining the
ethical boundaries for agent autonomy is paramount.
Where should humans always remain in the loop? How is
bias monitored and mitigated in agent decision-making?
Robust governance frameworks are non-negotiable.

D Cost & Scalability: Developing and operating such
sophisticated agent networks requires significant
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investment in Al expertise, computational power, and
infrastructure.

D Security Risks: Autonomous agents represent powerful
tools; securing them against malicious actors who might
try to exploit or manipulate them is a critical security
challenge.

The transition to an agentic future will likely be incremental.
Platforms will start by granting more autonomy to Al in well-defined,
lower-risk areas, gradually expanding capabilities as the technology
proves reliable and the governance frameworks mature. However,
contemplating this agentic paradigm pushes us to think beyond
simply optimizing current processes and towards fundamentally
reimagining how a complex ecosystem like food delivery could be
intelligently orchestrated, offering a glimpse into a potentially far
more efficient, responsive, and adaptive future.
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Chapter 13

Al Transforming Customer
Support: Scaling Empathy
and Efficiency

moment of truth. It often happens when something has

already gone wrong - the order is significantly late, an item
is missing, the food quality is disappointing, or there’s an issue
with billing. In these moments of frustration, a smooth, quick, and
empathetic support experience can save the situation, potentially
even strengthening customer loyalty. On the other hand, a slow,
unhelpful, orinconsistent support interaction can solidify a negative
perception and lead directly to churn. The challenge for food delivery
platforms is immense: how to provide high-quality, responsive
support at a massive scale, 24/7, while managing costs effectively?

For many customers, the interaction with support is the
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Increasingly, Artificial Intelligence is becoming the answer, not by
replacing humans entirely, but by handling the sheer volume of
routine inquiries, empowering human agents with better tools, and
ensuring greater consistency in resolutions.

Al's Role in Customer Support

Handling
Routine
Inquiries
Al helps optimize
operational costs in Al manages
support common customer
questions efficiently
Ensuring Empowering

Consistency Human Agents

Al provides tools to
enhance human
support capabilities

Al ensures uniform
support experiences
across interactions

Challenges: Scalability, Response Times,
Consistency, Compensation Variations

The traditional human-agent-only support model faces inherent
limitations in the high-volume, real-time world of food delivery:

D Scalability: Handling millions of orders means potentially
hundreds of thousands of support inquiries, especially
during peak times or widespread issues (like major weather
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events). Scaling human teams to meet this fluctuating
demand instantly is operationally complex and expensive.

D Response Times: Customers expect near-immediate
answers, especially via chat or in-app support. Long wait
times significantly increase frustration.

D Consistency: Different human agents might interpret
policies differently, offer varying levels of assistance, or
have inconsistent knowledge, leading to uneven customer
experiences.

D Compensation Variations (The Human Factor): A
critical pain point, often noted internally by platforms,
is inconsistency in refunds and compensation. One
agent, perhaps feeling more empathetic or less strict
on policy, might offer a full refund for a slightly delayed
order, while another might offer only a small credit for a
similar situation. This variability feels unfair to customers,
confuses restaurants who see differing adjustments, and
makes cost management difficult. Agents might have
different “bars” for compensation based on their mood,
workload, or interpretation of guidelines.

Al steps into this challenging environment with solutions designed
to address these specific issues, aiming for a blend of automated
efficiency and enhanced human effectiveness.
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Breaking Down Support Challenges in Food Delivery

O Scalability

Difficulty scaling support
teams for fluctuating order
volumes.

Customers expect immediate
responses, causing
frustration with delays.

Challenges in Food
Delivery Support

Inherent limitations in
traditional food delivery
support models.

Consistency

Inconsistent policy
interpretation leads to uneven
customer experiences.

Compensation
Variations

Inconsistent compensation
practices create unfairness
and cost management
issues.
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Use Case: Al-Powered Chatbots & IVRs for
First-Level Support & Triage

A huge portion of support contacts revolve around the same basic
questions: “Where’s my order?”, “Can | cancel my order?”, “Why
is something missing? Or the substation should be..”, “My item
is damaged”, “My food arrived cold”. Automating these frees up
human capacity significantly.

D Use Case Revisited (Focus on Scale & Availability): As
detailed earlier, Al chatbots (text-based) and intelligent
IVRs (phone-based) act as the tireless front line. They
are available instantly, 24/7, handling massive volumes
simultaneously. Theyaccessreal-time orderdatato provide
status updates, answer FAQs drawn from a constantly
updated knowledge base, and guide users through simple
troubleshooting steps. Their ability to instantly handle the
high volume of simple, repetitive queries is perhaps their
single biggest contribution to scaling support operations
cost-effectively while improving initial response times for
customers. They also efficiently triage issues, gathering
necessary information before handing off to a human
if needed, ensuring the human agent has context
immediately.
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Al-Powered Chatbots & IVRs for Support

6@ Customer
Contact

e Al
1[0
[él Chatbot/lVRJ

Isita
common
question?

[C@) ZLOS\\,,IVCL?. ] [E& Triage Issue ]

< Gather
[@ Information]

Hand Off to
[;9‘ Human
Agent
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Use Case: Agent Assist Tools (Knowledge
Retrieval, Response Suggestion)

When a human agent is needed, making them as efficient and
effective as possible is key. Agents waste precious time searching
for information across different systems or trying to recall complex
policies while the customer waits. Providing inconsistent orincorrect
information further damages the experience.

D Use Case Revisited (Focus on Agent Empowerment &
Consistency): Al acts as the agent’s assistant. Integrated
into their console, Al tools proactively surface the
customer’s entire history (orders, past contacts), relevant
real-time order data, and pertinent knowledge base
articles or policy snippets based on the conversation’s
context. Generative Al can suggest standardized, policy-
compliant responses to common queries, which the agent
can use directly or customize. This dramatically reduces
research time, ensures consistency in messaging and
policy application,and helps newer agents get up to speed
faster. It empowers agents to focus on understanding the
customer’s specific situation and providing empathetic
solutions, rather than struggling to find basic information.
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Al-Powered Agent Assistance Cycle

Focus on Customer Access Customer
Needs History
Agent concentrates on Al retrieves customer's past

understanding and addressing interactions and data.

customer issues.

Deliver Consistent Al Agent Assist Provide Real-Time
Service Data

Agent provides uniform and
accurate information.

Al offers current order and
transaction details.

i Suggest Responses
Agent tailors responses to fit the

Al generates policy-compliant
customer's needs.

response options.

Use Case: Al-Driven Compensation &
Refund Consistency

The inconsistency in compensation and refunds mentioned earlier
is a major problem. It erodes customer trust (“My friend got a full
refund for the same issue!”) and makes financial forecasting difficult.
Relying solely on human judgment within broad guidelines often
leads to this variability.
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Al-Driven Consistency in Compensation

Automated

Decision/Suggestion Policy Engine

Apply predefined

Suggest
platform rules

compensation for
borderline cases

R Al-Driven Policy
Explainability
Analyze issue,
history,

circumstances

Log reasoning for
transparency

G%L_s-\

Inconsistent
Compensation

Erodes customer Fair treatment, clear
trust and forecasting audit trail

D Use Case Description: This is a prime area for Al to enforce
consistency and fairness based on predefined rules. An Al
engine, combining ML analysis with configurable business
logic, can assess compensation requests objectively:

< Data Inputs: It analyzes the severity of the issue (e.g.,
minutes delayed, value of missing item), the customer’s
order history and value (is this a loyal high-spender
or a first-time user with a history of complaints?),
potentially the restaurant’s recent performance record,
and the specific circumstances (e.g., was there a city-
wide storm causing widespread delays?).
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<&

<&

Policy Engine: It applies predefined rules set by the
platform (e.g., “Delay over 30 mins on orders >$50 =
S5 credit,” “Missing main course = full item refund + SX
credit,” “Verified fraud risk = no refund”).

Automated Decision/Suggestion: For clear-cut cases
within policy, the Al can automatically process the
appropriate refund or credit. For borderline cases, or
where policy allows discretion, it can suggest a specific
compensation amount to the human agent, along with
the reasoning based on the rules and data analyzed
(“Suggest S3 credit based on 22-minute delay and
customer’s silver loyalty tier”).

Explainability: Crucially,the Al'sreasoning(basedonthe
programmed rules) can be logged and easily explained
to both the customer (“You received a credit due to the
delay exceeding our 20-minute service standard”) and
the restaurant partner (“This order received a partial
refund due to a customer-reported missing side dish,
consistent with policy X”), promoting transparency and
reducing disputes arising from perceived unfairness.

D Expected Outcomes: Drastically improved consistency
in refund and compensation decisions across all agents
and interactions. Fairer treatment of customers based

on

objective criteria and policy. Reduced potential for

agent bias or overly generous/strict compensation. Clear
audit trail and explainability for compensation decisions,
simplifying disputes with customers or restaurants. Better
control and predictability overcompensation costs.
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D KPIs for Success:

<& Compensation Variance: Measuring the range of
compensation amounts offered for similar types of
issues across different agents/interactions (should
decrease significantly).

< Dispute Rate: Reduction in disputes from customers
or restaurants regarding compensation amounts.

<& Compensation Cost as % of Revenue: Better control
and potential reduction.

< Agent Adherence Rate to Al-suggested compensation
(if applicable).

Use Case: Sentiment Analysis for
Escalation and Quality Monitoring

When customers are angry or frustrated, how fast you recognize it—
and how well you respond—can make or break the relationship. Many
contacts may sound similar on the surface, but some are red flags for
churn or legal escalation. Identifying these high-risk conversations
in real time allows platforms to act quickly, recover the situation,
and prevent long-term damage. On top of that, tracking sentiment
across thousands of conversations can show which issues are
growing, where agents need more support, and how customers feel
about the overall experience.
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Sentiment Analysis Cycle for Customer Support

Coach Agents Analyze Interactions

Improve agent skills with real
examples.

NLP models analyze tone, sentiment,
and phrases.

Identify Systemic
Issues

Detect Negative
Sentiment

Use sentiment data to find
problems.

Identify frustration signals

Sentiment Analysis and keywords.

Trigger Alerts

Send real-time alerts to
supervisors.

Assign conversations to
senior agents.

Offer Compensation NG

Provide pre-approved compensation Automatically prioritize high-risk
options. tickets.

D Use Case Description: Natural Language Processing (NLP)
models continuously analyze tone, sentiment, and key
phrases across all support interactions—whether chat,
email, or voice transcripts.

<& Al can detect signals of deep frustration (e.g., repeated
complaints, phrases like “I want a refund, “this is
unacceptable,” or “'m never ordering again”), emotional
language, or escalation keywords (“lawyer,” “legal
action,” “social media”).

<& When it detects a highly negative conversation, it can:

= Trigger real-time alerts to a supervisor or
escalation team.

= Automatically prioritize the ticket in the
support queue.

202 DELIVERING THE FUTURE s——



AI TRANSFORMING CUSTOMER SUPPORT: SCALING EMPATHY AND EFFICIENCY

=  Offer pre-approved compensation
workflows (like issuing credits or discounts
without needing manager approval).

= Route the conversation to a senior agent
or retention specialist to manage service
recovery.

<& Over time, sentiment scores across all conversations
can be used to:

» |dentify systemic issues (e.g., if sentiment drops
for a specific restaurant, location, or feature).

» Help QA teams focus reviews on the worst-rated
interactions.

» Coachagentsusingrealexampleswhere customer
sentiment turned positive—or went off track.

D Expected Outcomes:

<& Faster intervention in high-risk support cases,
improving chances of customer recovery.

Lower churn rate from highly dissatisfied customers.

Improved service consistency by routing edge cases to
experienced agents.

<& Higher focus and efficiency in quality assurance
efforts—QA reviews what matters most.

<& Better coaching for agents based on actual customer
emotion, not just rules.
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D KPIs for Success:

<& Churn Rate Reduction for escalated cases: Are
customers who trigger sentiment alerts more likely to
return when handled proactively?

<& Time to Escalation Intervention: How quickly are
flagged conversations acted upon?

<& Sentiment Recovery Rate: Percentage of flagged
interactionswhere sentimentimproves afterescalation.

<& CSAT/NPS Lift for customers involved in escalated
conversations.

<& QAEfficiency: % of reviewed conversations that match
high-risk sentiment profiles.

Foundational Communication: Leveraging
In-App SDKs for Enhanced Interactions
and Cost Efficiency

Effective communication is the lifeblood of a seamless food
delivery experience, connecting customers, riders, restaurants, and
support teams. However, the underlying infrastructure for these
interactions is often a source of significant operational cost and
experiential friction. Traditionally, platforms have relied on third-
party services like Twilio for basic number masking to facilitate
calls between parties (e.g., rider and customer). While functional
for privacy, this approach is expensive, offers limited flexibility
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for richer interactions, and provides minimal data for improving
service quality or resolving disputes.

Communication System Comparison

- Traditional
Characteristic In-App SDKs
Telephony
High Lower
—o-
-o— Control Limited Enhanced
—o0-
Customization Limited Enhanced
@‘@ Security Basic Improved
| Data Minimal Rich
EE} Features Limited Enhanced
E@‘ Support Interactions Streamlined Contextual
o i -
f@r Rider Cu§tor!1er Basic Transformed
O £ Communication
:; Language Barriers Present Reduced
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There’s a clear strategic imperative and opportunity to modernize
this critical infrastructure by moving towards integrated, in-app
calling and messaging capabilities, often powered by cloud-
native tools like the AWS Chime SDK. This isn’t just a technical
upgrade; it’s a foundational shift that can dramatically reduce
telephony costs (potentially by up to 70%), provide greater
control and customization, and, most importantly, unlock a new
generation of smarter, Al-enhanced interactions across the
entire ecosystem. While the direct benefits for rider-customer
communicationaresignificant (as detailedin Chapter15),the decision
to implement such an SDK is often driven by its profound impact
on customer support operations, overall platform efficiency, and
the ability to build a more trustworthy and secure communication
environment.

D The Core Challenge & Strategic Solution:

<& High Costs & Limited Features of Traditional
Telephony: Briefly reiterate the expense and limitations
of relying solely on external masking services.

<& The Shift to In-App SDKs: Introduce AWS Chime SDK
(or similar) as the modern, integrated solution that
brings communication capabilities natively into the
platform’s applications (customer, rider, merchant, and
support tools).

D Platform-Level Benefits & Support Transformation:

<& Significant Cost Reduction: Directly address the
financial incentive - substantial savings on per-minute
call charges and SMS fees.
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<& Enhanced Control & Customization: The platform
owns the experience, allowing for deeper integration
with other systems and Al features.

< Improved Security, Accountability & Dispute
Resolution:

= Call/Chat Recording (with consent): Invaluable
for quality assurance, agent training, and
objectively investigating support claims (e.g., “the
driver was rude,” “support agent promised X”).
This directly aids support in resolving issues fairly

and efficiently.

= Al-Powered Guardrails & Moderation: Automated
detection of inappropriate language, attempts to
circumvent platform policies (e.g., “cancel here, I'll
deliver for cash”), or fraudulent communication
patterns across all interaction points, not just
rider-customer. This protects the integrity of the
platform and reduces support escalations.

<& Streamlined Support Interactions:

» BrandedIn-App Calling for Support: When support
needs to call a customer or rider, a branded
call screen (“Call from FoodDeliveryPlatform
Support”) increases answer rates and trust.

= Contextual Data for Agents: SDK integration can
provide support agents with richer context about
communication attempts or issues related to an
order.
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D Enabling Smarter Ecosystem-Wide Interactions (Leading
to Reduced Support Load):

< Transforming Rider-Customer Communication:

= Branded In-App Calling: As you described, “Call
from your delivery driver (Order #1234)” instantly
builds trust and boosts pickup rates, reducing
delivery failures and subsequent support
contacts.

= Automated & Geofenced Messaging: Smart, pre-
written messages (e.g., “I'm arriving—please meet
me outside”) triggered by geofencing reduce
the need for manual calls and keep customers
informed, preventing “where is my order?” queries.

= Al-Assisted Delivery Verification: (Briefly
mention, as it’s detailed in Ch15) Features like
image capture at drop-off, facilitated by the SDK,
drastically reduce “item not received” claims, a
major driver of support volume.

< Facilitating Restaurant-Rider/Support
Communication: (New point) The same SDK can
enable more efficient in-app communication channels
between restaurants and riders (e.g., for order readiness
updates) or restaurants and dedicated merchant
support, reducing reliance on personal phone numbers
or less integrated channels.

< Real-Time Translation: (Keep this) Al-powered
translation within in-app chat/messaging breaks
down language barriers between any two parties
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(customer-rider, customer-support where agents
might be multilingual), preventing misunderstandings
and improving first-contact resolution.

D Overall Impact:

D This shift to a native communication SDK, enhanced
by Al, builds a more transparent, secure, and efficient
communication fabric for the entire platform. It directly
reduces operational costs, empowers support teams
with better tools and data, and proactively minimizes
friction points that would otherwise lead to support
tickets.

D Expected Outcomes:
< Significant reduction in telephony operational costs.

<& Higher call answer rates for essential communications
(customer-rider, support-user).

< Improved first-contact resolution rates in support due
to better data and tools.

< Reduced volume of “delivery not received” claims and
communication-related disputes.

<& Loweroverall support load due to proactive information
and smoother automated interactions.

<& Fewer delivery failures due to language barriers or poor
communication.

<& Enhanced platform integrity and user trust.

D KPIs for Success:
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Telephony Cost Reduction (% savings vs. third-party
number masking).

Overall Support Ticket Volume Reduction (especially
for communication-related issues).

Call Answer Rate Increase (for branded in-app calls
across different use cases).

Incident Resolution Time for communication-related
support tickets.

Guardrail Violation Detection Rate (e.g, flagged
inappropriate messages).

Translation Usage Rate and impact on successful
deliveries/support interactions involving different
languages.

Reduction in “Delivery Not Received” claim rates.









Chapter 14

Al Revolutionizing Merchant
Support: From Reactive to
Proactive Partnership

marketplace. Their diverse offerings attract customers, and

their operational efficiency directly impacts the quality of
service. However, supporting this vast network - ranging from global
fast-food chains with sophisticated IT systems to single-location
family-run businesses - is incredibly complex. Merchants often face
significant friction points: long onboarding processes, difficulty
updating menus accurately, lack of clear communication from the
platform, struggles understanding performance data, and reactive
support that only engages when problems have already escalated.
Traditionalaccount managementand support models often struggle

Restaurants and merchants are the heart of the food delivery
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to provide the tailored, timely, and proactive assistance needed.
Artificial Intelligence is stepping into this gap, offering powerful
tools to streamline onboarding, automate quality checks, provide
contextual support, deliver personalized performance insights, and
ultimately foster a more collaborative and successful partnership
between platforms and their merchants.

Al Revolutionizing Merchant Support

Foster
5 Collaborative
Partnership

/\\ Deliver
@ ) 4 Personalized
v Insights

y

Ve

Provide
3 Contextual
Support
2 Automate
Quality Checks

1 Streamline
Onboarding
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Use Case: Al-Powered Merchant
Onboarding & KYC Automation (Intelligent
Document Processing)

Getting a new restaurant signed up, verified (Know Your Customer
- KYC processes), and their initial menu digitized and published can
be a slow and long process, involving manual document checks,
data entry, and back-and-forth communication. Delays here mean
lost revenue opportunities for both the restaurant and the platform.

Al-Powered Merchant Onboarding Process

Al Chatbot Guidance Onboarding
Completion

Merchant Sign-Up

Automated Menu

Intelligent Document Digitization
Processing
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D Use Case Description: Al can significantly accelerate and
streamline onboarding:

<& Intelligent Document Processing (IDP): Al models
trained to recognize and extract information from
various document types (contracts, business licenses,
health permits, bank statements) can automate much
of the data extraction and verification required for KYC
and account setup. This reduces manual data entry
errors and speeds up validation.

<& Al Chatbot Guidance: Conversational Al agents can
guide new merchants through the entire onboarding
workflow step-by-step, answering common questions
about requirements, procedures, or required
documentation in real-time, 24/7.

< Automated Menu Digitization: As discussed previously,
Al tools can ingest initial menu information (from PDFs,
photos, or even competitor websites with permission)
and automatically structure it, tag items, and flag areas
needing clarification or better visuals, dramatically
reducing the initial setup time.

D Expected Outcomes: Significantly faster onboarding
times for new merchants. Reduced manual effort and
associated costs for platform onboarding teams. Improved
data accuracy from automated extraction. A smoother,
less frustrating initial experience for new partners.

D KPIs for Success:

<& Time to Onboard Merchant (from initial sign-up to
first live order).
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<& Onboarding Completion Rate (reduction in drop-offs
during the process).

< Accuracy Rate of automated document processing.

<& Merchant satisfaction scores with the onboarding
process.

Use Case: Proactive Merchant Monitoring
& Alerting (Inc. Holiday Validation, Stock
Management, Closure Notifications)

Relying on merchants to report problems or inefficiencies is often
too late. Platforms possess vast amounts of data that can signal
potential issues - declining ratings, increasing prep times, frequently
unavailable items, or even unexpected closures - often before
the merchant fully recognizes the trend or its impact. Proactive
intervention is key to preventing service degradation and lost sales.

s DE| [VERING THE FUTURE 217



I - \PTER 14

Proactive Merchant Monitoring and Alerting System

éq Data
Q Collection

ML Model
Analysis

Operational E f/}gsz arnant = Holiday/Closure
= Health Alerts Alertsg @ validation

@g Alert
Delivery
Merchant
Action
—

—]
Improved
e Customer

Experience
-

—
® Reduced

A Lost Sales
Y

e
Enhanced
Data

Accuracy
-9

., Stronger
[th% Platform

Perception
-
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D Use Case Description: Building on the general concepts
discussed before, ML models continuously monitor the
Merchant 360 data, triggering specific, actionable alerts:

< Operational Health Alerts: “Your average order prep
time increased by 15% last week during dinner service.”
“Customer ratings mentioning ‘food quality’ have
dropped.”

& Stock Management Alerts: “Your top-selling ‘Spicy
Tuna Roll’ has been paused for 3 days. Please update
availability if back in stock” “Predictive analysis
suggests you may run low on avocados by Saturday
brunch based on current sales velocity.”

< Holiday/Closure  Validation: Cross-referencing
operating hours with public holidays or using external
data sources (Google Maps), Al can prompt merchants:
“Public holiday next Monday. Please confirm your
opening hours” If a restaurant appears unexpectedly
closed (e.g., riders report it, orders go unaccepted), Al
can trigger automated notifications to customers with
pending orders and potentially pause the restaurant
temporarily, improving transparency.

These alerts are delivered via the merchant portal, email, or push
notification, providing timely nudges for corrective action.

D Expected Outcomes: Early detection of operational issues,
allowing restaurants to fix them before they significantly
impact customers. Reduced lost sales from unmanaged
stockouts orunexpected closures.Improved data accuracy
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regarding restaurant availability. Stronger perception of
the platform as a helpful operational partner.

D KPIs for Success:

<& Reduction in negative customer feedback related to
proactively flagged issues (e.g., prep time, stockouts).

<& Improvement in specific merchant operational metrics
following alerts.

<& Accuracy of automated closure detection/holiday
validation.

<& Merchant engagement rate with proactive alerts.

Use Case: Merchant 360 View for
Contextual Support

As stressed before, support interactions lacking context are
inefficient and frustrating for merchants. When restaurant owners
need explain their situation from scratch or get answers that feel
generic and disconnected from their real issues, it wastes time and
erodes trust.
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Enhancing Merchant Support with 360 View

Performance
Comparison

Compares against similar
businesses

Support Tickets
Account Manager
Notes

Records past support
interactions

Provides personalized
insights

Operational Metrics

Gathers ratings and reviews Measures efficiency and

accuracy

Menu Status

Monitors menu changes Promotions

and performance Manages active marketing

campaigns

Sales Trends

Tracks revenue and order
patterns

D Use Case Description: When a merchant reaches out—
whether through Al or human support—the system can
instantly surface a 360-degree view of their business. This
includes:

& Sales trends

< Menu status and recent changes
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<& Active promotions and ad spend
<& Customer ratings and feedback

<& Operational metrics like prep time, acceptance rate,
order accuracy

<& Past support tickets
< Notes from their account manager
<& Performance compared to similar restaurants nearby

All of thisallows the supportagent (or Al assistant)to provide tailored,
relevant responses. For example, if a restaurant is underperforming
on conversion, the agent can highlight menu optimization tips. If
ad spend is high but return is low, they can recommend changes in
audience targeting.

At the center of this experience is a standardized Restaurant
Performance Score—an Al-calculated composite metric that helps
both the platform and the restaurant track overall health and value
contribution.

Restaurant Performance Score: A Smarter
Way to Prioritize Value

This score is more than just order volume. It's designed to reflect the
overall value a restaurant brings to the platform—not only in short-
term revenue, but in profitability, quality, and long-term potential.

Key components of the score include:
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D Total Revenue Generated: This includes not just
commission, but the total order value, average basket size,
and product diversity. A restaurant with fewer high-value
orders might be more profitable than one with lots of low-
margin ones.

D Advertising Investment: A restaurant that invests in in-
app ads shows higher commitment and growth potential.
This should be factored in as a signal of partnership
strength and marketing intent.

D Menu-to-Order Conversion Rate: This measures how
effectively a restaurant’s menu turns traffic into orders.
A complex or poorly structured menu might lower
conversion,and traffic should be routed toward merchants
that perform better with similar volume.

D Reorder Rate: This shows how often customers come
back. High reorder rates are a strong signal of customer
satisfaction and quality. Prioritizing these restaurants
helps boost loyalty and organic growth.

This score helps not only with support personalization, but also
with merchant ranking, promo eligibility, ad incentives, and even
proactive outreach by account managers.

D Expected Outcomes:

<& Faster, more relevant support interactions for
merchants

Increased trust in the platform’s support team

Higher overall merchant satisfaction and retention
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<& Better prioritization of support resources and account
management efforts

<& Clearer signals for internal teams to know which
merchants to help grow

D KPIs for Success:
<& First Contact Resolution Rate for merchant support
Average Handling Time for merchant tickets

Merchant Satisfaction (MSAT) with supportinteractions

SR IR

Adoption of Restaurant Performance Score in internal
tooling

& Revenue and Reorder Rate Growth for merchants
receiving targeted support based on the 360 views.

Use Case: Al-Powered Self-Service Portals
and Knowledge Bases (Generative Al/ML)

Merchants often need quick answers to common operational
questions like:

D “How do | update my bank details?”
D “Where can | see my last payout?”
D “How does the commission work?”

D “Any tips for better food photos?”

224 DELIVERING THE FUTURE s——



AIREVOLUTIONIZING MERCHANT SUPPORT: FROM REACTIVE T0 PROACTIVE PARTNERSHIP (I NS

A static FAQ or help center with keyword-based search usually
doesn’t cut it. When answers are hard to find, merchants give up
and contact support—even for simple issues.

Transforming Merchant Self-Service with Al

Semantic Search Ca T & Generative Al

Assistants
Content = \\K/\ 3 Self-Service
Management @3’ 7 @ A C% Resolution Rate
Search Success 2 4 Reduction in
Rate @& == — Ticket Volume

Time Spent per f-’ﬁ A S Knowledge Base
Query @ Zz» (Coverage Gaps

D Use Case Description: Al transforms self-service from a
static document library into a dynamic, conversational
experience.

< SemanticSearch helps merchantsfindtherightcontent
even if they don’t phrase the question perfectly.

<& Generative Al Assistants can answer questions in
natural language using data from a knowledge base,
product documentation, or even personalized account
info (like “What was my payout last week?” or “How
many orders did | complete yesterday?”).
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<& Al can automatically detect outdated or missing
content in the knowledge base by analyzing what
merchants are searching for and not finding—then
suggest updates to content managers or even draft
content using generative Al.

D Expected Outcomes:

<& Merchants get answers faster without opening support
tickets.

<& Support teams see reduced load from repetitive, low-
complexity questions.

< Knowledge content stays relevant, accurate, and more
aligned with what merchants ask.

D KPIs for Success:

<& Self-Service Resolution Rate: % of merchant questions
resolved without contacting support.

<& Search Success Rate: % of queries that return useful,
clicked results.

<& Reduction in Ticket Volume for FAQ-type issues.

<& Time Spent per Query on the portal (should decrease
over time).

<& Knowledge Base Coverage Gaps Identified and Closed.
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Use Case: Chatbots/Al Assistants for
Merchant Queries (Generative Al/ML)

Even beyond simple FAQs, merchants often need help with account-
specific tasks or more guided walkthroughs—especially after hours
or during peak times when human agents may not be available.

Al Chatbots for Instant Merchant Support

Operational
Metric
Explanations

Explain key performance
indicators

Guided
Walkthroughs

Step-by-step process
guidance

Troubleshooting
Assistance

Help with integration
problems

Account-Specific

Implement Al Answers

Seamless Chatbots

Escalation Quickly answer specific
account queries
Transfer complex issues

to humans

Merchant Support 24/7 Availability Efficient
Bottleneck Instant support, always Merchant Support
Slow, limited support accessible Fast, consistent, 24/7

access support

D Use Case Description: Al chatbots embedded in the
merchant portal serve as the first line of interactive
support, available 24/7. They can:
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<& Answer account-specific questions like “What was my
latest invoice?” or “Why was my last order canceled?”

<& Walk merchants through processes: “Show me how
to add a limited time offer” or “Pause a product until
tomorrow.”

<& Explain operational metrics: “Why is my prep time
score low?” or “How do | improve my conversion rate?”

<& Troubleshoot integration issues: “'m having trouble
syncing my POS—what should | check?”

<& Seamlessly escalate to human agents when the issue
is complex, passing full chat history and context to
avoid repetition.

D Expected Outcomes:

& Faster resolution of merchant issues, even outside
business hours.

<& Less dependency on live support for repetitive or
transactional tasks.

& Higher merchant satisfaction through instant,
consistent support.

<& Reduced operational cost for support teams.
D KPIs for Success:

<& Containment Rate: % of issues fully handled by the
chatbot without needing escalation.

<& Merchant Satisfaction (CSAT)with chatbotinteractions.
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< Resolution Time Reduction compared to human-only
support flow.

<& Escalation Accuracy: % of cases correctly handed off
with proper context.

< Chatbot Usage Rate over total support interactions.

Use Case: Integrated Communication
Tools:

Sometimes, resolving an issue requires direct communication or
visual guidance. For example, a merchant struggling with a menu

update feature might need more than just text instructions. They
might need to quickly contact support or even show their screen.
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Integrated Communication Cycle

Merchant Needs
Support

Merchant encounters an
issue requiring
assistance.

Measure

Satisfaction Initiate

Communication
Evaluate merchant
satisfaction to improve
support.

Merchant uses one-click
support to contact help.

Resolve Issue @ \
Merchant successfully
resolves the issue with \\ Support agent initiates
support. e screen sharing for visual
guidance.

Provide Real-Time
Guidance

Agent offers visual
instructions and
solutions.

D Use Case Description: Platforms can enhance merchant
tools (like the order management tablet/pad) with
integrated communication features, potentially powered
or facilitated by Al:

<& One-Click Support/Driver Contact: Buttons directly
on the order management interface allowing the
restaurant to instantly initiate a call or chat with rider
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support, customer support, or potentially the assigned
driver.

< Al-Facilitated Screen Sharing: For complex technical
support or guidance on using platform tools,
authenticated support agents could initiate secure
screen-sharing sessions directly through the merchant
portal, allowing them to see the merchant’s screen
and provide real-time, visual instructions. Al could
potentially analyze the shared screen to offer faster
diagnostics or relevant help articles to the support
agent.

D Expected Outcomes: Faster resolution of urgent
operational issues (e.g., contacting a delayed driver). More
effective technical support and guidance through visual
interaction. Reduced merchant frustration by making help
more accessible directly within their workflow.

D KPIs for Success:
<& Usage rate of integrated communication features.

< Time to Resolution for issues handled via integrated
chat/call/screen share.

<& Merchant satisfaction scores with the accessibility
and effectiveness of these tools.
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Use Case: Maximizing Restaurant
Online Time (Monitoring & Intervention
Strategies)

A restaurant being unexpectedly offline during scheduled operating
hours is detrimental. Customers are disappointed, potential orders
are lost and assigned riders waste time traveling to a closed location
(incurring costs for the platform if cancellations result). Ensuring
restaurants maintain consistent online availability is crucial for
marketplace health.

Maximizing Restaurant Online Time with Al

[ Root Cause Analysis Eﬂr&}\ ’,{5(9 Impact on KPIs ]

Order Volume Correlation - - - - Driver Efficiency
1 ]
\

Staffing Level Analysis - -’ -- Bad Order Rate

[ Consistency Monitoring %]~ ,—(Qg Proactive Outbound Calls J

Scheduled vs. Actual Hours - - Holiday Availability

- -
==

Maximizing
Restaurant
Online Time

Frequent Offline Periods - - ~- Current Open Status

1 '
] '
1 [

- “{L?Q Automated Check-ins/Nudges J

T T

Extreme Peak Analysis - - - - Automated Reminders

Temporary Closure Risk - -’ ' Status Confirmation
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D Use Case Description: Al plays a key role in monitoring and
managing restaurant uptime:

< Consistency Monitoring: Al tracks a restaurant’s actual
online hours against their scheduled hours, flagging
frequent or unexplained offline periods.

< Proactive Outbound Calls: Al can trigger calls directly
to the restaurant to check if they will be open tomorrow
on a holiday or if they are currently open today.

<& Predictive Offline Risk: Analyzing patterns (e.g,
restaurants that frequently go offline briefly during
extreme peaks), Al might predict which restaurants are
at risk of temporary closure due to being overwhelmed.

< Automated Check-ins/Nudges: If a restaurant is offline
during scheduled hours, Al can trigger automated
reminders or check-in prompts (“Are you currently
open? Please confirm your status”).

<& Root Cause Analysis: Correlating offline periods
with other data (e.g., order volume, staffing levels if
available, support tickets) can help identify reasons for
downtime.

<& Impact on KPIs: Directly linking restaurant offline time
to negative impacts on KPIs like Driver Efficiency (due
to cancellations at closed restaurants) and Bad Order
Rate (customer cancellations/compensations) helps
quantify the problem and justify interventions.

D Expected Outcomes: Increased consistency of restaurant
availability during scheduled hours. Reduced number of
rider cancellations due to unexpectedly closed restaurants.
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Lower costs associated with these cancellations.Improved
customer experience due to reliable restaurant availability.
Better data to inform discussions with restaurants about
maintaining consistent operations.

D KPIs for Success:

<& Restaurant Uptime Percentage (Actual Online Hours /
Scheduled Online Hours).

<& Rate of Rider Cancellations attributed to “Restaurant
Closed.”

<& Bad Order Rate reduction linked to improved
restaurant availability.

<& Driver Efficiency improvements correlated with
reduced wasted trips.

Use Case: Automated Performance
Reporting (ML)
Merchants need clear, consistent, and trustworthy data about how

they’re performing on the platform. Without it, it’s hard to improve
or even know what'’s going wrong.
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Achieving Enhanced Merchant Performance

/ D Increase the Restaurant Performance Score over time.

Decrease reliance on support for basic performance
inquiries.

Enable merchants to make more informed
decisions based on data.

Build merchant trust in the platform's data

©
:@: and recommendations.
g0

~ &

Integrate Al to automate and
standardize performance reporting.

D Use Case Description: Al standardizes and automates
performance reporting by calculating and updating key
operational and commercial metrics in real time. This
includes:

<& Total sales and commission revenue
Menu-to-order conversion rates
Average ratings and order accuracy

Prep times and cancellation rates

R R R

Reorder rates and customer satisfaction
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A composite Restaurant Performance Score, designed to reflect
overall business impact—not just volume, but profitability, ad
investment, and growth potential

These metrics are presented in intuitive dashboards inside the
merchant portal, giving restaurant owners an at-a-glance view of
their business health. Al can also help with quality assurance by
flagging issues like outdated menus, missing product images, or
unusually long prep times.

D Expected Outcomes:
<& More informed decision-making by merchants

<& Increased trust in  the platform’s data and
recommendations

<& Earlydetectionofperformanceissuesandopportunities

<& Less dependency on support for basic performance
questions

D KPIs for Success:
<& Merchant engagement with dashboards (usage rate)

<& Reduction in support tickets related to performance
metrics

<& Improvement in Restaurant Performance Score over
time

<& Increase in adoption of recommended improvements

236



Al REVOLUTIONIZING MERCHANT SUPPORT: FROM REACTIVE TO PROACTIVE PARTNERSHIP I SN

Use Case: Al-Driven Recommendations for
Menu Optimization and Growth

Helping restaurants grow is good forthe platform and the ecosystem.

But generic advice doesn’t work—each restaurant is different. That’s
where Al comes in.

Achieving Restaurant Growth with Al

The platform becomes a trusted

7 Ecosystem Growth
growth partner.

Restaurants are more satisfied with

6 Higher Satisfaction
the platform.

Restaurants trust the platform
more.

4 N Performance

Improvement

Restaurants see better
performance through changes.

Restaurants apply Al-suggested

3 Implementation
changes.

Recommendations

Al provides targeted suggestions
for improvement.

” Personalized

1 H Data Analysis

Al analyzes restaurant data against
benchmarks and trends.

D Use Case Description: Al acts as a personalized growth
consultant, analyzing each restaurant’s data against
competitor benchmarks, local market trends, and the
restaurant’s historical performance.
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Recommendations are delivered directly through the merchant

<& Based on this, the platform can suggest targeted,
actionable improvements:

<& “Your pricing on appetizers is 15% above average for
this area—consider adjusting to stay competitive.”

<& “Adding lunch combos could increase weekday orders
by ~10% based on demand trends nearby.”

< “Many customers search for ‘vegan’ and land on your
menu but don’t order. Try adding clearly labeled vegan
options’”

portal, and over time, Al learns which types of suggestions each
restaurant responds to and adapts accordingly.

D Expected Outcomes:
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<& Better restaurant performance through targeted
changes

Increased trust in platform guidance
Higher merchant satisfaction and retention

<& Greater alignment between restaurant offerings and
customer demand

KPIs for Success:
<& Adoption rate of Al-suggested changes

<& Impact of changes on conversion, revenue, and reorder
rate

<& Merchant satisfaction (MSAT) with recommendations
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& Long-term retention and growth of participating
merchants

By weaving Al into the fabric of merchant support and operations,
platforms can move from being just marketplaces to becoming
true growth partners. Proactive monitoring, intelligent automation,
personalized business advice, and seamless communication tools
help restaurants run smoother, improve faster, and make better
decisions.

This shift builds a stronger, more trusted, and higher-quality
ecosystem—one where restaurants succeed, customers get better
experiences, and the platform becomes the place to grow.
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Chapter 15

Al Empowering Rider
Support: Real-Time
Assistance for the Road

he riders are the physical manifestation of the delivery

I promise, the crucial link connecting the restaurant’s kitchen
to the customer’s doorstep. Their efficiency, reliability, safety,

and overall satisfaction are fundamental to the smooth operation
and reputation of the entire platform. However, supporting a large,
distributed, and often independent workforce presents unique
challenges. Riders operate in a dynamic, unpredictable environment,
needing instant help with on-the-road issues, clear information
about earnings, efficient onboarding, and proactive safety guidance.
Traditional call centers or email support often lack the immediacy

and context required. Artificial Intelligence is increasingly stepping
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into this role, providing scalable, real-time support, personalized
guidance, and enhanced communication tools directly within
the rider’s workflow, aiming to make their experience safer, more
efficient, and more rewarding.

Enhancing Rider Support with Al

Rewarding Experience
Al enhances rider satisfaction

and motivation.

Improved Safety

Al proactively guides riders to
ensure safer operations,

Enhanced

Communication
(( {] Al facilitates better
interaction between riders
and the platform.

Personalized
Guidance

Al offers tailored advice to
improve rider performance.

o] Real-Time Assistance

e
rql)o Al provides immediate help
O = for on-the-road issues.
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Use Case: Smarter Ways for Riders and

Customers to Connect

Good communication between riders and customers is key for a
smooth delivery. Riders often need to let customers know they’re
close, especially if the drop-off spot is tricky to find. The platform
also needs sure ways to know the delivery was completed correctly.
Simple app messages or regular phone calls don’'t always do the

best job and can be costly.

Enhancing Delivery Communication with Al

Fewer Delivery
Disputes
Decreases

complaints and

refunds for
undelivered items

Reduced Rider
Waiting Time
Minimizes time

riders spend waiting
for customers

Reduces time taken
for delivery
exchange

s DE| [VERING THE FUTURE

Automatic
"Arriving Soon"
Alerts

Notifies customers
of rider's proximity

Smart Help for
Non-
Responsive
Customers
Initiates automated
responses for

unanswered
deliveries

Easy Delivery
Proof with Al
Provides verification

of delivery through
GPS and photos
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D Use Case Description:

D By

using the platform’s advanced in-app communication

tools (which we talk more about in Chapter 13), Al can help
riders and customers connect in smarter ways:

%

Automatic “Arriving Soon” Alerts: When the rider gets
close to the customer’s address, Al uses their phone’s
GPS to automatically send a message like, “Your rider
is 2 minutes away!” This helps the customer be ready.

Smart Help When Customers Don’t Respond: If a rider
arrives and the customer isn’t there or doesn’t answer,
Al can start an automatic process. First, it might send
a few in-app messages like, “I'm here with your order.
Please reply in the next 2 minutes” If there’s still no
answer, it could trigger an automated call. The app
then guides the rider on what to do next, following the
platform’s rules for undeliverable orders. This saves
the rider from waiting around or making lots of calls
themselves.

Easy Delivery Proof with Al: To help with issues like “|
never got my food,” the app can ask the rider to show
proof of delivery. This might mean the app uses GPS
to check they’re at the right address. Then, it could ask
the rider to take a photo of the food at the customer’s
door. Al can even help check if the photo shows the
right house number. This creates a clear, automatic
record that the delivery was made.

D Expected Outcomes:
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<& Deliveries handed over to customers more quickly and
smoothly because of better alerts.

< Riders spending less time waiting for customers who
aren’t responding.

< Fewerarguments and refunds for“delivery not received”
because there’s clear proof.

<& (The platform might also save money on phone call
costs, as explained in Chapter 13).

D KPIs for Success:
& Faster handoff times from rider to customer.
<& Less time riders spend waiting for customers.

< Fewer “delivery not received” complaints and lower
refund costs for these issues.

& Good feedback from riders and customers about how
helpful these communication features are.

Use Case: Al Assistants for Real-time
On-the-Road Issues (Troubleshooting,
Navigation)
Traffic jams, confusing apartment complexes, unexpected road
closures, app glitches - riders face numerous real-time challenges.

Needing to stop and call a support line is often inefficient and delays
deliveries. Instant, contextual help directly within the app is crucial.

s DE| [VERING THE FUTURE 245



I ' \PTER 15

D Use Case Description: The Al assistant (chatbot or voice-
enabled) becomes the rider’s immediate go-to resource
within the app. It leverages real-time data (GPS, order
status, traffic feeds) and platform knowledge to provide
instant support: suggesting alternative routes around
sudden congestion, providing specific tips for navigating
known difficult addresses (“For Apartment 12B, use the
side entrance and dial code #555”), walking through
troubleshooting steps for common app errors, or quickly
accessing emergency contact procedures. It handles the
common, predictable issues instantly, allowing riders to
resolve problems and get back on track faster.

Use Case: Automated Onboarding and
Training Modules (ML/Generative Al)

Efficiently getting new riders signed up, trained on safety protocols
and app usage, and ready to take deliveries is vital for maintaining
network capacity, especially in high-turnover gig economies.
Scalable, consistent, and engaging training is key.
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Al-Driven Rider Onboarding Process
< fca
@ @ é Document Verification
l/\ ) Al verifies rider documents

éA Personalized Training
Al delivers tailored training modules

Riders engage with interactive quizzes

me
%

Al monitors rider performance

D UseCaseDescription: Al streamlines the entire onboarding
and learning process. Chatbots guide new riders through
sign-up and document verification (potentially using
IDP - Intelligent Document Processing- as discussed for
merchants). Interactive, Al-powered training modules
deliver personalized content based on vehicle type or
location. Gamified quizzes reinforce learning, and Al can
track progress, suggesting further modules based on
performance or common early-stage errors observed
in their delivery data. This provides a flexible, self-paced
learning environment accessible 24/7.
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Use Case: Proactive Safety Alerts and
Guidance (ML)

The safety and well-being of riders are paramount. Proactively
warning riders about potential hazards - severe weather, high-
accident zones, unsafe conditions reported by other riders - can
help prevent incidents and demonstrate the platform’s duty of care.

D Use Case Description: Al analyzes weather data, traffic
reports, historical accident data, and potentially real-time
community reports to generate targeted safety alerts
delivered via the rider app. This could include warnings
about icy roads, notifications about unusual police activity
in an area, reminders about safe riding practices during
peak hours, or even suggestions for safer routes, especially
during night-time deliveries.

Use Case: Personalized Communication
and Engagement (ML)

Keeping a large, independent workforce informed and engaged
requires more than generic broadcasts. Personalized communication

makes riders feel valued and helps them optimize their own work
patterns and earnings.
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Unveiling Personalized Communication Strategies

Performance
Summaries

Incentive

Personalized o
Information

Communication

Tailored messages
enhance rider
engagement and
satisfaction.

App Feature
Updates

D Use Case Description: Al tailors communications based
on individual rider data. This includes personalized
performance summaries (“You completed 15% more
deliveries this week!”), targeted information about
incentives relevant to their location and usual working
hours (“Earn an extra S5 perdelivery in downtown tonight!”),
updates on app features most relevant to their vehicle
type, or even community highlights pertinent to their area.
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Use Case: Streamlined Earnings Queries
and Support (Generative Al/ML)

Confusion or delays regarding earnings are a major source of friction
and dissatisfaction for gig workers. Providing clear, accurate, and
immediate answers to questions about pay calculations, bonuses,
tips, and payout schedules is essential for building trust.

Al-Driven Earnings Support for Gig Workers

Identify Earnings
Query

Al Assistant
Accesses Data

Provide Personalized
Answers

Resolve Simple
Queries

Escalate Complex
Issues

Improve Rider
Experience

Strengthen Logistics
Network
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D Use Case Description: An Al assistant within the app
provides instant, personalized answers to most earnings-
related queries. By accessing the rider’s secure payment
and trip history, it can explain exactly how earnings for
a specific period were calculated, clarify the status of
payouts, explain bonus structures, and answer FAQs
about fees or tip policies. Only complex discrepancies or
disputes requiring investigation are escalated to human
support teams, significantly reducing the volume of
routine payment queries.

Empowering riders through Al-driven support is not just about
improving their individual experience; it’s about strengthening the
entire logistics network. By providing instant assistance, proactive
safety guidance, personalized communication, and efficient tools,
Al helps create a rider community that is safer, more informed, more
efficient, and ultimately, more likely to remain engaged with the
platform.This focus onriderwell-being and operational effectiveness
is critical for ensuring the reliable, high-quality delivery service that
customers expect.
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Chapter 16

Data as a Product:
Monetizing Food Delivery
Insights

its menu, or a rider completes a delivery, data is generated.

We've spent the previous chapters exploring how Artificial
Intelligence leverages this data internally to optimize operations,
personalize experiences, and improve support across the
ecosystem. But the story doesn’t end there. This vast, constantly
refreshing ocean of data, reflecting real-time consumer behavior,
operational patterns, and hyperlocal market trends, holds immense
value not just for the platform itself, but for a wide range of external
businesses. Recognizing this value and strategically transforming
aggregated, anonymized insights into marketable data products

E very time a customer searches for sushi, a restaurant updates
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represents a significant, and often untapped, avenue for growth
and diversification for food delivery platforms. It’s about shifting
perspective - seeing data not just as operational exhaust, but as a
potentially high-margin product line.

Cycle of Data Monetization in Food Delivery

Market Application Data Generation

Products are used by external

Data is created through customer
businesses.

interactions.

Product Development Data Aggregation

Insights are transformed into
marketable products.

Data is collected and
organized.

Data Anonymization

Valuable insights are derived

Data is processed to protect
from data.

privacy.

The Strategic Value of Aggregated,
Anonymized Food Delivery Data

What makes this data so uniquely valuable to others, particularly
players in the Consumer-Packaged Goods (CPG), advertising, market
research, and even financial sectors?

D Unparalleled Granularity: Delivery platforms capture
purchase data at the “basket level” - they know precisely
which specific items (down to the flavor, size, and add-
ons) are bought together. Did someone order Diet Coke
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with their pizza, or bottled water? Did they add a specific
brand of ice cream for dessert? This level of detail about
co-purchase behavior and specific product choices
is incredibly difficult for brands to obtain elsewhere,
especially across a wide range of restaurants and retailers.

D Hyperlocal & Real-Time Relevance: This purchase data
is inherently tied to micro-locations (neighborhoods,
postcodes) and specific times. A CPG brand can see not
just that their soda is popular, but where it’s most popular
right now, or how demand shifts dramatically during a
local sporting event or a sudden heatwave. This real-time,
hyperlocal pulse is far more actionable than traditional
monthly sales reports.

D High-Intent Signals: An order placed on a delivery app
represents a strong, immediate purchase intent, often
just minutes or hours before consumption. This behavioral
data is a powerful predictor of short-term demand and
consumer preferences compared to less direct signals like
website clicks or survey responses.

D Bridging Online & Offline: Food delivery data captures
a digital interaction leading to real-world, physical
consumption. This provides unique insights that are
relevant for both online marketing strategies and offline
decisions related to retail stocking, restaurant menu
planning, or CPG product development.

The maturity of the market, with platforms now sitting on years
of historical data and restaurants operating increasingly digitally,
makes this opportunity particularly potent now. Brands are hungry
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for the kind of real-world, basket-level insights that delivery
platforms possess.

Core Data Assets for Monetization

Core Data Assets and Monetization Plays

—

0-0 3
Anonymized
Operational
Patterns
Trends related to

delivery times and
route density.

Audience
Segments for
Off-Platform

Advertising
Target anonymized
segments through
privacy-preserving
integrations.

| ———

296

=

Anonymized
Behavioral
Segments

Insights into
purchasing patterns

of anonymized user
groups.

)

(s

Sponsored
Placements &
Contextual Ads
Premium placement

within discovery
flows for brands.

M~ @000 |

o

Menu &
Assortment
Optimization

Insights

Data on menu items

that perform best.

~ ]

Hyperlocal
Trend Data

Demand surges for
product categories
in neighborhoods.

—

A

Market &
Category Trend
Reports
Aggregated insights

into what's selling
and where.

=

Aggregated
Merchant
Insights
Data on menu trends

and operational
benchmarks.
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It is critical to reiterate that responsible data monetization should
not involve selling individual user data or Personally Identifiable
Information (PII).

1. Aggregated Basket Analysis: Trends showing which types
of items (e.g., specific cuisines, beverages, snacks, desserts)
are frequently purchased together in certain areas or at
certain times, or alongside specific types of main courses.

2. Anonymized Behavioral Segments: Insights into the
characteristics and purchasing patterns of different
anonymized user groups (e.g., “weekend luxury buyers,’
“weekday budget lunchers,” “vegan cuisine explorers”)
without revealing individual identities.

3. Hyperlocal Trend Data: Anonymized heatmaps or reports
showing demand surges for specific product categories
(e.g., “ice cream,” “energy drinks,” “vegan meals”) in specific

neighborhoods, correlated with time, weather, or local

events.

” «

4. Aggregated Merchant Insights: Anonymized data on
menu trends, pricing strategies, popular categories, or
operational benchmarks (like average prep times) across
different cuisine types or geographical areas.

5. Anonymized  Operational Patterns: High-level,
anonymized trends related to delivery times, route density,
or common friction points in certain zones or times.
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Monetization Plays: Turning Insights into
Revenue Products

Platforms can develop various data products:

D Sponsored Placements & Contextual Ads (Performance
Marketing):

<& Product: Offering brands premium placement within
relevant discovery flows (e.g., a beverage brand
appearing prominently when a user orders pizza)
or contextually triggered ads (e.g., an ice cream ad
appearing during a heatwave).

<& Value: High-intent targeting at the point of decision.
Charges typically based on performance (CPM, CPC, or
Cost Per Acquisition).

D Market & Category Trend Reports:

<& Product: Regularly published reports or interactive
dashboards providing aggregated insights into what'’s
selling, where, when, and potentially at what price
points, filterable by cuisine, category, and geography.

<& Value: Fresh, granular market intelligence for CPG
brands, market researchers, consultants, and financial
analysts. Usually sold via subscription tiers or as one-
off purchases.

D Hyperlocal Demand Signals / Retail Execution Insights:

<& Product: Providing anonymized data feeds or alerts to
CPG field teams highlighting areas with unusually high
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or low sales velocity for their products, or potential
out-of-stock situations based on platform ordering
patterns.

<& Value: Actionable intelligence to optimize retail
stocking, local promotions, and field sales efforts.
Often sold via subscription or per-insight fees.

D Audience Segments for Off-Platform Advertising:

<& Product: Allowing advertisers to target anonymized
segments (defined by purchasing behavior, eg,
“frequent purchasers of energy drinks”) through
privacy-preserving integrations with ad networks
or data clean rooms. Crucially, this does not expose
individual user data to the advertiser. Secure hashing or
other privacy-enhancing technologies are essential.

<& Value: Enables highly relevant ad targeting based on
proven purchase history, increasing advertiser ROI.
Usually charged based on audience size (CPM) or usage.

D Menu & Assortment Optimization Insights:

<& Product: Providing data to restaurants or CPG
companies on which menu items, categories, or
product attributes perform best in certain contexts,
driving higher conversion or AOV. Being able to tell CPG
such as Coca Cola, we have “15% of restaurant do not
sell your products online but they do list it on their
menu”, “20% of pizzerias do not sell 1.5L format”.

< Value: Data-driven guidance for menu engineering,
new product development, and assortment planning.
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Can be sold as reports, consultancy, or integrated into
platform analytics tools.

Advanced Opportunities: Pushing the Envelope

Looking further ahead, more sophisticated data products could
emerge:

D Real-Time Demand APIs for Supply Chain: Providing
anonymized, predictive demand feeds to CPGs or
distributors to optimize their own production and logistics.

D Competitive Intelligence = Benchmarks: Offering
anonymized benchmarks allowing restaurants or brands
to see how their pricing, popularity, or customer ratings
compare to relevant, aggregated competitor sets within
their specific market and category.

D Sustainability & Sourcing Insights: Aggregating data
related to restaurants using sustainable packaging or
sourcing local ingredients (if tracked) to provide insights
for eco-conscious brands or consumers.
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Chapter 17

Strategic Imperatives and
the Road Ahead

The journey we've taken through these chapters reveals
Artificial Intelligence not as a futuristic novelty, but as a
present-day force already reshaping customer expectations,
operationalrealities,and competitive dynamics.We've seenits power
to personalize discovery, streamline ordering, optimize logistics,
enhance support, unlock data insights, and even envision futures
orchestrated by autonomous agents. The potential is undeniable.
Yet, simply acknowledging this potential or testing it in isolated Al
projects is insufficient. Truly harnessing the transformative power of
Al and navigating the path ahead successfully requires a deliberate,

holistic, and strategic approach.

s DE| [VERING THE FUTURE 263



I ' /\PTER 17

SUETIETIIEY
pue Bunioyuow
shonuiuo)

$]00} |V UO oeqpas)
uolj0s AjpAnoY

sonfjeue
pue bupjoen
1snqo. uswa|dwy

s|eob ssauisnq
Yum sidy ubily

JusWaUYaI pue
uol1BJISUOWAP dN[BA

sweiboud Buijsal
pue Buypisdn

|V pue suewny
10} sajol e

Ayjiqeurejdxa pue
S99BJISIUI SAINNIU|

9|doad Bunlemodws
uo snoo4

salyjiqeded uewny
Jo uonejuswbny

Abajens eyep
ojul pajelbayul |y

Aoeaud ejep
pue suol}eIapIsuod
[ed1yig

|0J1u0D
$S800B ‘spiepuels
‘diysIsumo Jes|)

19sse olbajens
9100 e Se ejeQq

juswabeuew
pue AQyubajul eleq

Abajens ssauisng
ojul pajelbaul |y

uoneuswadxa
pue Ayjibe aseiquig

uoIeIoge||0d Wea)
|euonouNy-sS0I)

s|eA9| 1saybiy
ay1 1e suoidwey)

Abajelis pue ainynd
|leuonezjuebipo

A6arens ﬂwu.o

Kby ﬁw

AB1suis .O/n.ﬂ

uorsiA [N

uoneid} B
10 Burinseapy

uoneioqe|j0d
[V-uewnH

Ajend
3 90UBUIDAO0D)
eleq

ainmyn) Apeay
-Iv Buipjing

ansualoeRIRYy)

$S929NS |y J0} saAnesadw) s16ajens

DELIVERING THE FUTURE m——

264



STRATEGIC IMPERATIVES AND THE ROAD AHEAD (N

Building an Al-Ready Culture and Strategy:
Beyond the Tech

Perhaps the most crucial imperative lies beyond the algorithms
themselves - it’s about fostering an organizational culture and
embedding Al into the core strategy.

D VisionaryLeadership: Al transformation needs champions
at the highest levels. Executives must understand Al’s
strategic implications, articulate a compelling vision for
how it will create value (for customers, merchants, riders,
and the business), allocate necessary resources, and foster
an environment where innovation is encouraged.

D Cross-Functional Synergy: Al thrives on connected data
and integrated processes. Breaking down traditional
departmental silos (Marketing vs. Ops vs. Support vs.
Tech) is essential. Teams need to collaborate, share
data (responsibly), and work towards common Al-driven
objectives. Think “Ecosystem 360,” not just departmental
KPlIs.

D Embracing Agility and Experimentation: The Al field
evolves rapidly. What seemed cutting-edge yesterday
might be standard tomorrow. Organizations need to
adopt agile methodologies, be willing to experiment with
new approaches, learn quickly from both successes and
failures (viewing failures as learning opportunities), and
have mechanisms to rapidly scale successful pilots across
the organization. Rigid, long-term plans are less effective
than adaptable strategies.
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D Al as Strategy, Not Just Tech: Al initiatives shouldn’t be
relegated solely to the IT department. They must be deeply
integrated into the overall business strategy. How does Al
strengthen our competitive moat? How does it enable
new business models (like data monetization)? How does
it improve our core value proposition? These strategic
questions must guide Al investment and deployment.

The Unwavering Importance of Data
Governance and Quality: Fueling the
Engine

Al models are voracious consumers of data. Their performance,
reliability, and fairness are entirely dependent on the quality and
integrity of the data they are fed.

D Data as a Core Asset: Elevating data from an operational
byproduct to a core strategic asset is fundamental. This
means investing consistently in the data infrastructure,
integration tools, and processes needed to build and
maintain that unified, 360-degree view.

D Rigorous Governance: Establishing clear ownership,
definitions, standards, and access controls for data across
the organization is non-negotiable. Who ensures metric
consistency? Who validates data quality? Who manages
data privacy compliance? Robust data governance
provides the framework for trustworthy Al.
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D Ethical Data Stewardship: As Al delves deeper into
personal behavior and operational details, ethical
considerations become paramount. Adhering strictly
to privacy regulations (GDPR, CCPA, etc.), implementing
robust anonymization and security protocols, being
transparent with users about data usage, and constantly
evaluating fairness are essential for maintaining trust - the
currency upon which the entire digital ecosystem relies.

Fostering Human-Al Collaboration Across
the Ecosystem: Augmentation is Key

The narrative of Al often defaults to job replacement, but the more
immediate and impactful reality, especially in a complex service
industry like food delivery, is collaboration.

D Designing for Augmentation: Focus Al initiatives on
empowering people. How can Al make support agents
more effective and empathetic? How can it give restaurant
managers actionable insights they can easily use? How
can it provide riders with tools that make their job safer
and more efficient? The goal should be to enhance human
capabilities, not just automate tasks.

D Intuitive Interfaces & Explainability: Al-driven insights
must be understandable and accessible to the humans
who need to act on them. This requires investing in user-
friendlyinterfacesand prioritizing Almodelsthat offersome
degree of explainability (allowing users to understand why

s DE| [VERING THE FUTURE 267



I ' /\PTER 17

the Al made a particular recommendation or prediction).
Black boxes breed mistrust and delay adoption.

D Clarifying Roles (Human-in-the-Loop): Define where Al
assists, where it recommends, and where final decisions
remain firmly in human hands. This is especially critical
for complex, sensitive, or highly variable situations
where human judgment, empathy, or ethical reasoning is
irreplaceable.

D Upskilling and Reskilling: As Al takes over routine tasks,
the skills required from the workforce will evolve. Training
programs are needed not only to teach people how to use
new Al tools but also to develop complementary skills
like critical thinking, complex problem-solving, emotional
intelligence, and managing Al systems.

Measuring ROl and Continuously Iterating:
Proving Value, Driving Improvement

Al initiatives require investment, and demonstrating their value is
crucial for ongoing buy-in and resource allocation.

D Align KPIs with Business Goals: Don’t measure Al success
purely on technical metrics (e.g., model accuracy). Define
KPIs that directly link Al deployment to tangible business
outcomes - improved Customer Satisfaction (CSAT),
reduced Average Handle Time (AHT) in support, increased
Average Order Value (AOV), lower rider churn, reduced Bad
Order Rate, improved Driver Efficiency, higher Menu Quality
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Scores, successful fraud prevention rates, etc. (leveraging
the specific KPIs discussed throughout the book).

Rigorous Measurement: Implement robust tracking and
analytics to measure these KPIs accurately, comparing
performance before and after Al implementation, and
using control groups or A/B testing whenever possible to
isolate Al’s true impact.

Closing the Feedback Loop: Actively solicit feedback on Al
tools and outputs from internal users (agents, managers,
riders) and monitor customer reactions. This qualitative
feedback, combined with quantitative performance data,
is vital for identifying areas for improvement.

Embrace Iteration: Al models are not “set it and forget
it” They need ongoing monitoring for performance drift,
regular retraining with fresh data, and refinement as
business needs or data patterns change. Treat Al systems
as living products that require continuous improvement
and adaptation.
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Chapter 18

Conclusion: Delivering
the Intelligent Future,
Responsibly

e’ve followed the full journey—starting from a customer’s
Wcraving, through menu discovery, ordering, kitchen

prep, delivery, and finally into post-delivery support.
At every step, Al has shown its potential to solve real problems:
simplifying decisions, personalizing the experience, improving
accuracy, reducing waste, and making operations more efficient.
Whether through machine learning, generative Al, or the promise of
autonomous agents, intelligence is becoming the central nervous
system of food delivery.
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The future belongs to platforms that don’t just use Al to cut costs
or automate tasks, but to truly enhance the full value chain. That
means helping customers find exactly what they want, improving
menus, supporting kitchens and couriers, resolving issues faster,and
unlocking value from the massive data flowing through the system.
Al is no longer about speed or scale alone—it's about working
smarter, not just harder.

But this future isn’t automatic. Success with Al requires more than
justdeploying technology. It demands a solid data foundation,a clear
ethical approach,and a culture ready to collaborate, experiment,and
adapt.ltmeansbuilding systemsthat support—notreplace—humans
and committing to train people to thrive alongside intelligent tools.
It also means keeping trust at the core: protecting privacy, being
fair to riders and merchants, and maintaining transparency even as
automation grows.

Requirements for Successful Al Implementation

2)57% 3) (&)
A=A
A clear ethical A culture ready to
approach is crucial collaborate,
for responsible Al experiment, and
deployment. adapt is essential.
Ethical Collaborative
Approach Culture

H/_/H/_/
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The balance is delicate—move fast but stay responsible. Push
personalization but respect privacy. Automate, but always with
human oversight. The platforms that get this right will build more
than just faster apps—they’ll build stronger ecosystems, more loyal
customers, and long-term value.

This transformation is already happening. The tools exist. The
opportunity is clear. What matters now is action. The winners in
food delivery will be those who treat Al not as a side project, but
as a strategic pillar. Not as hype, but as a core enabler of better
customer, restaurant, and courier experiences. The intelligent future
is here—and it’s time to deliver it, one order at a time.
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