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ABSTRACT

Artificial intelligence is rapidly establishing itself as a major player in the fields of
business and data analytics. We can now use artificial intelligence to not only evaluate
data but also foresee and predict the future, which can aid in making key management
and commercial choices. In our project, we're creating four of these technologies to act
as a smart business assistant. The first one, called ShopBot, is a conversational chatbot
with intelligence that will assist users of e-commerce websites in shopping and selecting
items that best fit their needs by navigating the inventory more quickly and easily. The
second one, called QueryBot, is a question-answering technology based on table pars-
ing that will assist managers in making crucial managerial decisions. The third one,
Predictor, will aid in the examination of predictive data. The fourth One is a tool for

data visualization that goes by the moniker Visualy.

Keywords: NLB NLU, Table Parsing, Chatbot, Monte Carlo, Data Mining.
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Chapter 1
Introduction

Reportbyte is an advanced business analytic and assistant system which will provide four

kind of services built with machine learning and artificial intelligence tools.

1.1 Shopbot

Shopbot is a chatbot which can be used in e-commerce sites. It is built with Rasa. Rasa is
an open-source machine learning framework for automated text and voice-based conver-
sations. Understand messages, hold conversations and connect to messaging channels and

APIs. Shopbot will help customers of E-Commerce sites to buy and recommend products.

1.2 QueryBot

QueryBot is a question answering bot built using TAPAS question answering model. Query-
Bot will help managers or financial advisors by giving key insights from a given data. User
will basically ask questions & the answer will be fetched using machine learning algorithms

and displayed.

1.3 Visualy

Visualy is a data visualization tool. Clients will have a customized dashboard and options to
choose from, how they want to visualize a portion of data from their given datasets. Various
data mining algorithms such as K-Means, KNN etc will be used to find a group of customers

with similar interest to promote a product. By using association rules, we’ll find products
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that are frequently bought together using Market Basket Analysis, Apriori algorithm so that

we can improve efficiency of offer promotion.

1.4 Predicto

Predicto is a predictive data analysis tool.It will do business analysis or market analysis
using Monte Carlo Simulation and then generate report/summary using Natural Language
Generation (NLG). Monte Carlo is a technique used to understand the impact of risk and
uncertainty in prediction and forecasting models. The T5 model, pre-trained on C4, achieves
state-of-the-art results on many NLP benchmarks while being flexible enough to be fine-

tuned to a variety of important downstream tasks.



Chapter 2

Project General Context

2.1 Problem

In today’s world where E-Commerce sites are blooming faster than before, there’s always
an increasing need for customer support and care. While many websites offer a chatbot
service nowadays to make shopping experience easier but their capability and performance
is very limited and often needs human intervention. That’s why we aim to create a chatbot
(Shopbot) built with modern machine learning and artificial intelligence based techniques
and tools that can help user by recommending and aiding while shopping in more ways

than that was possible before.

In today’s world marketing, key to success for any business is short and small. That’s why
importance of data and data analysis is getting more popular than ever before, that’s why
managers need various insights from existing data to make present and future decisions we
aim to create a question answering bot (QueryBot) that can answer question from any given

data by table parsing method and generating query by itself.

Data visualization is essential to assist businesses in quickly identifying data trends, which
would otherwise be a hassle. The pictorial representation of data sets allows analysts to
visualize concepts and new patterns. With the increasing surge in data every day, making
sense of the quintillion bytes of data is impossible without Data Proliferation, which includes

data visualization. Visualy will help in these kinds of situations.

By examining patterns in large amounts of data, predictive analytics professionals can iden-
tify trends and behaviors in an industry. These predictions provide valuable insights that
can lead to better-informed business and investment decisions. Predicto will do these for

the business leaders for betterment of their businesses.
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2.2 Objective

The purpose of business analytic is to gain a complete understanding of the "how" and
"why" of past events by identifying, collecting and analyzing key performance data, which

can improve the decision making process going forward.

Business analytic solutions make it possible to synthesize historical data across an entire
business. Applying business analytic can guide - and accelerate - business decisions and
improve performance, helping organizations deliver better customer experiences, improve

products, optimize marketing and enhance business processes.

Business analytic turns data into actionable insights that can inform strategic and tactical
decisions, such as improving business planning, understanding and enhancing customer

loyalty, and improving the performance of a contact center or help desk.

For example, Gatwick Airport uses business data to build a stronger customer experience.
By monitoring data from its own systems and social media activity, the airport can more

accurately predict passenger flow ahead of time.

Business analysis software tools, from data platforms (such as relational databases) to data
visualization (like dashboards), collectively help business stakeholders manage their busi-

ness operations more effectively.

Business analytic is an important tool for organization seeking a competitive edge in fast-
moving industries. Active data analysis for faster, better decision making is seen as crucial to
business success. Business analytic software makes it easier for nontechnical users to glean
insights from performance data. The benefits of business analytic include cost savings, re-
source allocation, process improvement, products and customer experience, and the ability
to better meet future needs. Business analytic solutions make it possible to synthesize key
data collected across an entire business, regardless of the source. This lets organizations

find the answers they need so that they can make smart decisions quickly.

2.3 Functionality

2.3.1 Shopbot

Shopbot runs using action servers that can operate independently separate from main web-
site. It can be integrated to any website irrespective of the frameworks or technology it
is built with. Whether the site runs on Python or PHP or any modern JavaScript based
frameworks it can be connected in more ways than one. First the model is built with Rasa

Framework then trained after that the trained model is served to fulfill the real time requests
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made by user.

2.3.2 Querybot

QueryBot is a service hosted in Reportbyte’s main website which takes a question from user
then feeds the input to a question answering model named tapas then it returns the answer

back to the user.

2.3.3 Visualy

Visualy is a data visualization tool. It will let the user know sales analysis overview, re-
gional product performance, customer product recommendation based on purchase history

clustering, market basket analysis.

2.3.4 Pedicto

Predicto is a sales forecasting tool. It uses Monte Carlo Simulation. Monte Carlo Simulations
are used to model the probability of different outcomes in a process that cannot easily be
predicted due to the intervention of random variables. It is a technique used to understand

the impact of risk and uncertainty in prediction and forecasting models.

2.4 Feasibility

2.4.1 Technical Feasibility

Technical feasibility evaluates the technical complexity of the expert system and often in-
volves determining whether the expert system can be implemented with state-of-the-art
techniques and tools. In the case of expert systems, an important aspect of technical fea-
sibility is determining the shell in which the system will be developed. The shell used to
develop an expert system can be an important determinant to its quality and makes it vital
to the system’s success. Although the desirable characteristics of an expert system shell will
depend on the task and domain requirements, the shell must be flexible enough to build
expert reasoning into the system effectively. It must also be easily integrated with existing
computer-based systems. Furthermore, a shell providing a user-friendly interface encour-

ages end users to use the system more frequently.
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2.4.2 Financial feasibility

Financial feasibility focuses specifically on the financial aspects of the study. It assesses
the economical viability of a proposed venture by evaluating the startup costs, operating

expenses, cash flow and making a forecast of future performance.

The project is technically and financially feasible. Parties who will use Shopbot, Querybot,
Visualy or Predicto service for the growth of their business will be charged a subscription
fee on monthly basis. Most of the tech used in this project are open source and free of
cost; Uses secure technologies on both the front-end and the back-end and any requests
sent by the users are passed by multiple middle-wares on the back-end. Fast and secure

data transaction between host website and our services will be ensured.
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Methodology

3.1 Shopbot

We used Rasa to implement the chatbot feature of Reportbyte. The bot is trained with this
NLU framework and takes appropriate actions and gives satisfactory responses to customer’s

query.

3.1.1 Rasa

Rasa [2] is an open source machine learning framework for automated text and voice-based
conversations. Understand messages, hold conversations and connect to messaging chan-

nels and APIs. Basic parts of Rasa are:

1. NLU data

2. Responses

3. Stories

4. Rules

5. Look-Up Table

6. Actions
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3.1.2 NLU Data

For an assistant to recognize what a user is saying no matter how the user phrases their
messages, we need to provide example messages from which the assistant can learn from.
We group these examples according to the idea or the goal the message is expressing, which
is also called the ‘intent’. In the code block on the right, we have added an intent called
‘greet’, which contains example messages like "Hi", "Hey", and "Good morning".

Intents and their examples are used as training data for the assistant’s Natural Language
Understanding (NLU) model.

NLU training data consists of example user utterances categorized by intent. Training ex-
amples can also include entities. Entities are structured pieces of information that can be
extracted from a user’s message. Admin can also add extra information such as regular ex-
pressions and lookup tables to admin’s training data to help the model identify intents and
entities correctly.

NLU training data is defined under the NLU key. Items that can be added under this key are:

» Training examples grouped by user intent e.g. optionally with annotated entities

nlu:
— intent: check balance
examples: |
— What‘s my [credit ]J(account) balance?
— What‘s the balance on my [credit card account]

{"entity":"account","value":"credit"}

* Synonyms

nlu:

— synonym: credit
examples: |
— credit card account

— credit account

* Regular expressions

nlu:

— regex: account_number
examples: |
—\d{10,12}
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* Lookup tables

nlu:
— lookup: banks
examples: |
— JPMC
— Comerica
— Bank of America

3.1.3 Training Examples

Training examples are grouped by intent and listed under the examples key. Usually, admin

will list one example per line as follows:

nlu:

— intent: greet
examples: |
— hey
— hi
— whats up

However, it’s also possible to use an extended format if admin have a custom NLU component

and need metadata for his examples:

nlu:
— intent: greet
examples:
— text: |
hi
metadata:
sentiment: neutral
— text: |
hey there!

The metadata key can contain arbitrary key-value data that is tied to an example and acces-

sible by the components in the NLU pipeline. In the example above, the sentiment metadata
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could be used by a custom component in the pipeline for sentiment analysis.

Admin can also specify this metadata at the intent level:

nlu:
— intent: greet
metadata:
sentiment: neutral
examples:
— text: |
hi
— text: |
hey there!

In this case, the content of the metadata key is passed to every intent example.

If admin want to specify retrieval intents, then admin’s NLU examples will look as follows:

nlu:
— intent: chitchat/ask name
examples: |
— What is your name?
— May I know your name?
— What do people call you?
— Do you have a name for yourself?
— intent: chitchat/ask _weather
examples: |
— What‘s the weather like today?
— Does it look sunny outside today?
— Oh, do you mind checking the weather for me please?

— I like sunny days in Berlin.

All retrieval intents have a suffix added to them which identifies a particular response key
for admin’s assistant. In the above example, ask name and ask weather are the suffixes.

The suffix is separated from the retrieval intent name by a ‘/’ delimiter.
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3.1.4 Entities

Entities are structured pieces of information that can be extracted from a user’s message.
Entities are annotated in training examples with the entity’s name. In addition to the entity
name, admin can annotate an entity with synonyms, roles, or groups.

In training examples, entity annotation would look like this:

nlu:
— intent: check balance
examples: |

— how much do I have on my [savings](account) account

— how much money is in my [checking]{"entity": "account"} account

— What‘s the balance on my [credit card account]

{"entity":"account","value":"credit"}

The full possible syntax for annotating an entity is:

[<entity—text>]{"entity": "<entity_name>", "role": "<role_name>",
"group": "<group_name>", "value": "<entity_synonym>"}

The keywords role, group, and value are optional in this notation. The value field refers to
synonyms. To understand what the labels role and group are for, see the section on entity

roles and groups.

3.1.5 Synonyms

Synonyms normalize admin’s training data by mapping an extracted entity to a value other

than the literal text extracted. Admin can define synonyms using the format:

nlu:

— synonym: credit
examples: |
— credit card account
— credit account

Admin can also define synonyms in-line in user’s training examples by specifying the value
of the entity:
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nlu:
— intent: check balance
examples: |
— how much do I have on my [credit card account]
{"entity": "account", "value": "credit"}
— how much do I owe on my [credit account ]

{"entity": "account", "value": "credit"}

3.1.6 Regular Expressions

Admin can use regular expressions to improve intent classification and entity extraction us-

ing the RegexFeaturizer and RegexEntityExtractor components.

The format for defining a regular expression is as follows:

nlu:

— regex: account_number
examples: |
—\d{10,12}

Here account_number is the name of the regular expression. When used as as features for
the RegexFeaturizer the name of the regular expression does not matter. When using the
RegexEntityExtractor, the name of the regular expression should match the name of the

entity admin want to extract.

3.1.7 Responses

Now that the assistant understands a few messages users might say, it needs responses it
can send back to the user.

"Hello, how can I help you?" and "what’s your email address?" are some of the responses
our assistant will use. Admin will see how to connect user messages and responses in the
next steps.

In the code block below, we have listed some responses and added one or more text options
for each of them. If a response has multiple text options, one of these options will be chosen

at random whenever that response is predicted.
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responses:
utter _greet:
— text: |
Hello! How can I help you?
— text: |
Hi!
utter_ask email:
— text: |
What is your email address?
utter_subscribed:
— text: |
Check your inbox at {email} in order to finish subscribing
to the newsletter!
— text: |
You‘re all set! Check your inbox at {email} to confirm your

subscription.

3.1.8 Stories

Stories are example conversations that train an assistant to respond correctly depending on
what the user has said previously in the conversation. The story format shows the intent of
the user message followed by the assistant’s action or response.

Admin’s first story should show a conversation flow where the assistant helps the user ac-
complish their goal in a straightforward way. Later, admin can add stories for situations
where the user doesn’t want to provide their information or switches to another topic.

In the code block below, we have added a story where the user and assistant exchange
greetings, the user asks to subscribe to the newsletter and the assistant starts collecting the
information it needs through the newsletter form. Admin will learn about forms in the next

step.

stories:

— story: greet and subscribe
steps:

— intent: greet

— action: utter_greet

— intent: subscribe
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— action: newsletter form

— active loop: newsletter form

3.1.9 Rules

Rules describe parts of conversations that should always follow the same path no matter
what has been said previously in the conversation.

We want our assistant to always respond to a certain intent with a specific action, so we use
a rule to map that action to the intent.

In the code block below, we have added a rule that triggers the newsletter form when-
ever the user expresses the intent "subscribe". We've also added a rule that triggers the
utter subscribed action once all the required information has been provided. The second

rule only applies when the newsletter form is rules:

— rule: activate subscribe form

steps:

— intent: subscribe

— action: newsletter form

— active_loop: newsletter form

— rule: submit form

condition:

— active_loop: newsletter form

steps:

— action: newsletter form

— active loop: null— action: utter subscribedactive to begin with;
once it is no longer active (active loop: null), the form

is complete.

Rules for the Conversation Start

To write a rule which only applies at the beginning of a conversation, add a conversa-

tion_start: true to the code-block’s rule:

rules:
— rule: Say ‘hello © when the user starts a conversation with

intent ‘greet®
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conversation_start: true
steps:
— intent: greet

— action: utter_greet

If a user sends a message with the intent greet later in the conversation, the rule will not
match.

Rules with Conditions

Conditions describe requirements which have to be fulfilled for a rule to be applicable. To

do so, add any information about the prior conversation under the condition key:

rules:
— rule: Only say ‘hello‘ if the user provided a name
condition:
— slot_was_set:
— user_provided name: true
steps:
— intent: greet

— action: utter_greet

Possible information that admin can include under condition includes slot_was_set events

and active_loop events.

Skip Waiting for User Input at the End of a Rule

By default, rules will wait for the next user message when finished with the last step:

rules:
— rule: Rule which will wait for user message when it was applied
steps:
— intent: greet
— action: utter_greet
# — action: action _listen
# Every rule implicitly includes a prediction for ‘action_listen *
as last step.

# This means that Rasa Open Source will wait for the next user message.
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If admin want to hand over the next action prediction to another story or rule, add wait_for_user_input:

false to admin’s rule:

rules:

— rule: Rule which will not wait for user message once it was applied
steps:

— intent: greet

— action: utter _greet

wait_for_user_input: false

This indicates that the assistant should execute another action before waiting for more user

input.

3.1.10 Actions

After each user message, the model will predict an action that the assistant should perform
next. This page gives admin an overview of the different types of actions admin can use.

There are different types of action depending on the needs.

Responses

A response is a message the assistant will send back to the user. This is the action admin
will use most often, when admin wants the assistant to send text, images, buttons or similar

to the user. start with utter and send a specific message to the user. e.g.

stories:

— story: story with a response
steps:

— intent: greet

— action: utter_greet

Custom Actions

A custom action is an action that can run any code admin wants. This can be used to make
an API call, or to query a database for example. start with action_, run arbitrary code and

send any number of messages (or none).
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stories:

— story: story with a custom action
steps:

— intent: feedback

— action: action_store feedback

Forms

Forms are a special type of custom action, designed to handle business logic. If admin
have any conversation designs where admin expects the assistant to ask for a specific set of
information, admin should use forms.

A form is a specific kind of custom action that contains the logic to loop over a set of required
slots and ask the user for this information. Admin defines a form in the forms section in his
domain. Once defined, admin should specify the happy path for a form as a rule. Admin
should include interruptions of forms or other "unhappy paths" in stories so that the model
can generalize to unseen conversation sequences. As a step in a story, a form takes the

following format:

Default Actions

Default actions are actions that are built into the dialogue manager by default. Most of these
are automatically predicted based on certain conversation situations. Admin may want to

customize these to personalize admin’s assistant.

stories:
— story: story with a form

steps:

— intent: find restaurant

— action: restaurant form # Activate the form

— active _loop: restaurant form # This form is currently active
— active _loop: null # Form complete, no form is active

— action: utter restaurant found

The action step activates the form and begins looping over the required slots. The ac-
tive_loop: restaurant_form step indicates that there is a currently active form. Much like a

slot was_set step, a form step doesn’t set a form to active but indicates that it should already
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be activated. In the same way, the active loop: null step indicates that no form should be
active before the subsequent steps are taken.

A form can be interrupted and remain active; in this case the interruption should come af-
ter the action: <form to activate> step and be followed by the active loop: <active form>

step. An interruption of a form could look like this:

stories:
— story: interrupted food

steps:

— intent: request_restaurant
— action: restaurant_form

— intent: chitchat

— action: utter_ chitchat

— active_loop: restaurant form

— active _loop: null — action: utter_slots_values

Slot Validation Actions

A slot validation action is a special type of custom action, designed to handle custom ex-
traction and/or validation of slot values. This can be used to validate slots with predefined
mappings or extract slots with custom mappings.

A slot event is specified under the key slot was_set: with the slot name and optionally the
slot’s value.

Slots act as the bots memory. Slots are set by either the default action action_extract_slots
according to the slot mappings specified in the domain, or by custom actions. They are

referenced by stories in slot_was_set steps. For example:

stories:

— story: story with a slot
steps:

— intent: celebrate bot

— slot_was_set:
— feedback value: positive

— action: utter_yay

This means the story requires that the current value for the feedback value slot be positive
for the conversation to continue as specified. Whether or not admin need to include the

slot’s value depends on the slot type and whether the value can or should influence the
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dialogue. If the value doesn’t matter, as is the case for e.g. text slots, admin can list only

the slot’s name:

stories:

— story: story with a slot
steps:

— intent: greet

— slot_was_set:
— name

— action: utter greet user_ by name

The initial value for any slot by default is null and admin can use it to check if the slot was

not set:

stories:

— story: French cuisine
steps:

— intent: inform

— slot_was_set:

— cuisine: null

3.2 Querybot

Querybot was built usng the TAPAS model which is Weakly Supervised Table Parsing via

Pre-training.

3.2.1 Tapas: Introduction

TAPAS [3] was pre-trained on a set of 6.2 million data tables extracted from Wikipedia, with
associated questions extracted from the article title, article description, table caption, and
other related text snippets. The Google team used three benchmark datasets: SQA, WTQ
and Salesforce’s WikiSQL. For SQA, TAPAS achieved 67.2% accuracy. The TAPAS model was
proposed in TAPAS: Weakly Supervised Table Parsing via Pre-training by Jonathan Herzig,
Pawel Krzysztof Nowak, Thomas Muller, Francesco Piccinno and Julian Martin Eisenschlos.
It's a BERT-based model specifically designed (and pre-trained) for answering questions
about tabular data. Compared to BERT, TAPAS uses relative position embeddings and has
7 token types that encode tabular structure. TAPAS is pre-trained on the masked language
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modeling (MLM) objective on a large dataset comprising millions of tables from English
Wikipedia and corresponding texts. For question answering, TAPAS has 2 heads on top:
a cell selection head and an aggregation head, for (optionally) performing aggregations
(such as counting or summing) among selected cells. TAPAS has been fine-tuned on several
datasets: SQA (Sequential Question Answering by Microsoft), WTQ (Wiki Table Questions
by Stanford University) and WikiSQL (by Salesforce). It achieves state-of-the-art on both
SQA and WTQ while having comparable performance to SOTA on WikiSQL, with a much
simpler architecture.

3.2.2 What is TAPAS

Answering natural language questions over tables is usually seen as a semantic parsing task.
To alleviate the collection cost of full logical forms, one popular approach focuses on weak
supervision consisting of denotations instead of logical forms. However, training semantic
parsers from weak supervision poses difficulties and in addition, the generated logical forms
are only used as an intermediate step prior to retrieving the denotation. In this book, we
present TAPAS, an approach to question answering over tables without generating logical
forms. TAPAS trains from weak supervision, and predicts the denotation by selecting table
cells and optionally applying a corresponding aggregation operator to such selection. TAPAS
extends BERT’s architecture to encode tables as input, initializes from an effective joint pre-
training of text segments and tables crawled from Wikipedia and is trained end-to-end. We
experiment with three different semantic parsing datasets and find that TAPAS outperforms
or rivals semantic parsing models by improving state-of-the-art accuracy on SQA from 55.1
to 67.2 and performing on par with the state-of-the-art on WIKISQL and WIKITQ, but with
a simpler model architecture. We additionally find that transfer learning, which is trivial in
our setting, from WIKISQL to WIKITQ, yields 48.7 accuracy, 4.2 points above the state-of-
the-art.

3.2.3 How TAPAS works

The TAPAS model is Weakly Supervised Table Parsing via Pre-training. It's a BERT-based
model specifically designed (and pre-trained) for answering questions about tabular data.
Compared to BERT, TAPAS uses relative position embeddings and has 7 token types that
encode tabular structure. TAPAS is pre-trained on the masked language modeling (MLM)
objective on a large dataset comprising millions of tables from English Wikipedia and cor-
responding texts. For question answering, TAPAS has 2 heads on top: a cell selection head
and an aggregation head, for (optionally) performing aggregations (such as counting or

summing) among selected cells. TAPAS has been fine-tuned on several datasets: SQA (Se-
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quential Question Answering by Microsoft), WTQ (Wiki Table Questions by Stanford Univer-
sity) and WikiSQL (by Salesforce). It achieves state-of-the-art on both SQA and WTQ, while
having comparable performance to SOTA on WikiSQL, with a much simpler architecture.

3.2.4 TAPAS in Depth

TAPAS is a model that uses relative position embeddings by default (restarting the position
embeddings at every cell of the table). Note that this is something that was added after
the publication of the original TAPAS paper. According to the authors, this usually results
in a slightly better performance, and allows admin to encode longer sequences without
running out of embeddings. This is reflected in the reset_position_index_per cell parameter
of TapasConfig, which is set to True by default. The default versions of the models available
in the model hub all use relative position embeddings. Admin can still use the ones with
absolute position embeddings by passing in an additional argument revision="no_reset"
when calling the .from_pretrained() method. Note that it’s usually advised to pad the inputs
on the right rather than the left.

TAPAS is based on BERT, so TAPAS-base for example corresponds to a BERT-base architec-
ture. Of course, TAPAS-large will result in the best performance (the results reported in the
paper are from TAPAS-large). Results of the various sized models are shown on the original

Github repository.

TAPAS has checkpoints fine-tuned on SQA, which are capable of answering questions related
to a table in a conversational set-up. This means that admin can ask follow-up questions
such as "what is his age?" related to the previous question. Note that the forward pass of
TAPAS is a bit different in case of a conversational set-up: in that case, admin have to feed
every table-question pair one by one to the model, such that the prev labels token type
ids can be overwritten by the predicted labels of the model to the previous question. See

"Usage" section for more info.

TAPAS is similar to BERT and therefore relies on the masked language modeling (MLM)
objective. It is therefore efficient at predicting masked tokens and at NLU in general, but
is not optimal for text generation. Models trained with a causal language modeling (CLM)
objective are better in that regard.
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3.2.5 Fine-tuning TAPAS

Basically, there are 3 different ways in which one can fine-tune TapasForQuestionAnswering,
corresponding to the different datasets on which Tapas was fine-tuned:

1. SQA: If admin is interested in asking follow-up questions related to a table, in a con-
versational set-up. For example if admin first asks "what’s the name of the first actor?"
then admin can ask a follow-up question such as "how old is he?". Here, questions do
not involve any aggregation (all questions are cell selection questions).

2. WTQ: If admin is not interested in asking questions in a conversational set-up, but
rather just asking questions related to a table, which might involve aggregation, such
as counting a number of rows, summing up cell values or averaging cell values. Admin
can then for example ask "what’s the total number of goals Cristiano Ronaldo made
in his career?". This case is also called weak supervision, since the model itself must
learn the appropriate aggregation operator (SUM/COUNT/AVERAGE/NONE) given

only the answer to the question as supervision.

3. WikiSQL-supervised: This dataset is based on WikiSQL with the model being given
the ground truth aggregation operator during training. This is also called strong su-
pervision. Here, learning the appropriate aggregation operator is much easier.

4. Admin can also experiment by defining any hyperparameters admin wants when ini-
tializing TapasConfig, and then create a TapasForQuestionAnswering based on that
configuration. For example, if admin has a dataset that has both conversational ques-
tions and questions that might involve aggregation, then admin can do it this way.

Here’s an example:

>>> from transformers import TapasConfig, TapasForQuestionAnswering

>>> # you can initialize the classification heads any way you want
>>> config = TapasConfig(num_ aggregation labels=3,
average logits per cell=True)
>>> # initializing the pre—trained base sized model with our custom
classification heads
>>> model = TapasForQuestionAnswering.from pretrained

(’google/tapas—base’, config=config)
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And here is the equivalent code for TensorFlow:

>>> from transformers import TapasConfig,

TFTapasForQuestionAnswering

>>> # you can initialize the classification heads any way you want
>>> config = TapasConfig(num_ aggregation labels=3,
average logits per_cell=True)
>>> # initializing the pre—trained base sized model with our custom
classification heads
>>> model = TFTapasForQuestionAnswering.from pretrained

(’google/tapas—base’, config=config)

What admin can also do is start from an already fine-tuned checkpoint. A note here
is that the already fine-tuned checkpoint on WTQ has some issues due to the L2-loss

which is somewhat brittle.

3.3 Visualy

3.3.1 Market Basket Analysis [1]

Data analysis allows us to obtain valuable insights while saving time and effort. Without it,

we’d be left searching for needles in the proverbial haystack of unstructured data. Thanks

to data science and advanced analytic, however, data mining is greatly simplified, so that

sifting through a large amount of data is made relatively simple. This, in turn, has a wide

range of benefits for businesses and consumers.

With data analytic, business analysts can obtain a much better understanding of what cus-

tomers need based on high-quality historical data from a plethora of data sources, allowing

them to make better-informed decisions.

In this project we apply some machine learning algorithms and techniques that will help

businesses take important decisions. Some key goals of this project are:

Sales analysis for Product promotions.
Sales analysis for Inventory management.
Product recommendations.

Market Basket Analysis for customer experience improvement.
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* Sales Forecasting using Monte Carlo Simulation

3.3.2 Apriori

The Apriori algorithm is used for mining frequent item-sets and devising association rules
from a transactional database. The parameters "support" and "confidence" are used. Support

refers to items frequency of occurrence; confidence is a conditional probability.

Items in a transaction form an item set. The algorithm begins by identifying frequent, in-
dividual items (items with a frequency greater than or equal to the given support) in the

database and continues to extend them to larger, frequent item-sets.

Fundamental concepts of the algorithm:

1. Calculate the support of item sets (of size k = 1) in the transactional database (note
that support is the frequency of occurrence of an item-set). This is called generating
the candidate set.

2. Prune the candidate set by eliminating items with a support less than the given thresh-
old.

3. Join the frequent item-sets to form sets of size k + 1, and repeat the above sets until
no more item-sets can be formed. This will happen when the set(s) formed have a

support less than the given support.

3.3.3 Algorithm

A key concept in Apriori algorithm is the anti-monotonicity of the support measure. It
assumes that all subsets of a frequent item-set must be frequent. Similarly, for any infrequent
item-set, all its super-sets must be infrequent too.

Step 1: Create a frequency table of all the items that occur in all the transactions.

Step 2: We know that only those elements are significant for which the support is greater
than or equal to the threshold support.

Step 3: The next step is to make all the possible pairs of the significant items keeping in
mind that the order doesn’t matter, i.e., AB is same as BA.

Step 4: We will now count the occurrences of each pair in all the transactions.

Step 5: Again only those itemsets are significant which cross the support threshold
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Step 6: Now let’s say we would like to look for a set of three items that are purchased

together. We will use the itemsets found in step 5 and create a set of 3 items.

lhs rhs support confidence
[1] {liguor,red/blush wine} => {bottled beer} 9.991931876 @.9847619
[2] {curd,cereals} =» {whole milk} 9.001016777 @.9090929
[3] {yogurt,cereals} => {whole milk} 0.001728521 0.8095238
[4] {butter,jam} => {whole milk} 9.001016777 @.8333333
[5] {soups,bottled beer} => {whole milk} ©.001118454 @.9166667
[6] {napkins,house keeping products} => {whole milk} ©9.091321810 @.8125000
[7] {whipped/sour cream,house keeping products} => {whole milk} ©.001220132 ©.9230769
[8] {pastry,sweet spreads} => {whole milk} 9.001016777 @.90%@%09
[9] {turkey,curd} => {other vegetables} ©.001220132 0.8000000
[1@] {rice,sugar} => {whole milk} ©.001220132 1.0000000

lift

[1] 11.235269
[2] 3.557863

(3] 3.168192
[4] 3.261374
[S] 3.587512
[6] 3.179840
(7]  3.61259
[8] 3.557863
[9] 4.134524
[10] 3.913649
Figure 3.1: Top 10 Rules Derived from the Dataset
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Figure 3.2: Item Frequency Histogram
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Graph for 20 rules
size: support (0.001 - 0.002)
color: lift (3.131 - 11,235)
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3.3.4 Sales Analysis

Most Frequently Purchased ltems
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Figure 3.4: Most Commonly Bought Items, Presuming That Each Item Was Bought in One
Unit Per Transaction
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mineral water
spaghetti
french fries
chocolate
green tea
milk

ground beef
frozen vegetables
pancakes
burgers

cake

cookies
escalope

low fat yogurt

Out of all the things that are sold in a certain time period, the graph displays the top 15 most
popular items. We can see that individuals most commonly purchase mineral water (1800
units on average), followed by eggs (1350 units), spaghetti (1300 units), and so forth.
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Least Sold Items
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Figure 3.5: Least Sold Items, Considering That Each Transaction Only Purchased One Unit
of Each Item
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napkins
cream
bramble
mashed potato
chutney
chocolate bread
dessert wine
ketchup
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babies food
sandwich

co
asparagus

This graph displays the minimum number of goods that are sold during a given time frame—15.

The least popular item, a water spray, sells for around 3 units, followed by napkins, which
sell for about 5 units, cream, which sells for about 7 units, and so on.
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Appearances in the 8 Largest Transactions

Figure 3.6: Items Appeared in the Eight Largest Transactions
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spaghetti

salmon

avocado

mineral water
milk

honey

fresh tuna
french fries

olive oil

frozen smoothie
frozen vegetables
vegetables mix
protein bar

gums

whole wheat rice

Salmon and Spaghetti have both combined to feature six times in the top eight deals.
The next four items—Avocado, mineral water, milk, and honey—appeared in the eight
largest transactions a total of five times. In the eight greatest transactions, four different
items—fresh tuna, French fries, olive oil, frozen smoothie, frozen veggies, vegetable mix,
and protein bar—appeared. Finally, gums and whole grain rice made three appearances.
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Appearances in the 8 Largest Transactions

fresh tuna

french fries
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frozen vegetables
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Figure 3.7: All Items Appeared in the Eight Biggest Transactions

Similar to the preceding image, this pie chart displays the goods that were a part of the eight
greatest transactions. The pie chart, as opposed to the preceding graph, displays all of the
objects that were involved in the eight largest transactions. The most common foods were

spaghetti and salmon, whereas the least common foods were mayonnaise, yams, eggs, etc.
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Items Commonly Bought Alone
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Figure 3.8: Lowest Value Transactions

Customers occasionally purchase pairs of products (such as tea and biscuits) or single items,
as seen in the graph. We can notice that the most frequently sold alone item is a package
of cookies. Then escalope is the third most popular food, followed by french fries in second
place, and so on.
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3.3.5 Data Mining

Distribution of Basket Sizes
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Figure 3.9: Distribution of Basket Sizes Under the Assumption that Each Item Was Purchased
Once Only in Each Transaction

In this sense, the term "basket" refers to the collection of distinctive products bought in a
single transaction.

The majority of the transactions only involved one item. In general, the frequency of basket
(transaction) transactions dropped as basket size increased.

Therefore, the graph shows that one item is the most frequently transacted in a single trans-
action, followed by two things and so on.
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Top 15 First Choices
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Figure 3.10: The Top 15 Choices (Food)

The top 15 food products according to user preference are displayed in this network dia-
gram. When purchasing food from stores outdoors, people frequently start by purchasing
these 15 foods.
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Top 15 Second Choices
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Figure 3.11: The Top 15 Second Choices (Food)

The top 15 second-place food products are displayed in this network graph. After purchasing
their first choices, people will purchase these things.
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Top 10 Third Choices

energy bar

green tea
Food
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Figure 3.12: The Top 10 Third Choices (Food)

This graph shows the top 10 third meal items. In other words, customers won’t buy these

things until they’ve bought their first and second choices.
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Figure 3.13: Sales in USD over the last 12 months

Sales for the entire year by month may be seen in the graph. Items are sold in US Dollar
units, and as can be seen, total sales are highest in month number 12, December, and lowest

in month number 1, January. The graph’s second-highest and second-lowest months are
October and September, respectively.
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Figure 3.14: Sales According to Several US States and Cities
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The graph displays the total sales in US dollars for each state. In the United States, there
are 50 states and over ten thousand cities. Ten of those cities’ sale statuses are visible. And
among the ten cities, San Francisco in the state of California has the highest total sales,
while Portland in the state of Maine has the lowest total sales. Average sales in other cities

are mild.
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Figure 3.15: Total Sales (USD) for the Day

This graph helps us understand what percentage of the overall sale occurs throughout which
hour. We can see that overall sales are at their highest between 10 AM and 12 PM and 6
PM and 8 PM, whereas total sales decline after these hours. Total sales are lowest between

3 and 4 AV, although they progressively increase with time.
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We can examine the overall volume of several products sold in various US cities from this
graph. The majority of the products in the graph—nearly 31000 units—are sold as AAA
Batteries (4-Pack). The least popular LG appliances, with little under 500 units sold each,

are the dryer and washing machine.
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Figure 3.17: Product Name in Relation to Ordered Quantity and Price

The only difference between this graph and the one before it is that every product’s price
is displayed here. We can see that typically, things with cheap prices sell the most, whilst
products with higher prices sell in less quantities. Examples are the 4-packs of AAA and AA
batteries, the Macbook Pro laptop, the LG dryer, etc.

3.3.6 Product Recommendation

Product recommendation engines analyze data about shoppers to learn exactly what types
of products and offerings interest them. Based on search behavior and product preferences,
they serve up contextually relevant offers and product options that appeal to individual

shoppers and help drive sales.

A product recommendation engine is a technology that uses machine learning and artificial
intelligence (AI) to generate product suggestions and predictive offers, such as special deals

and discounts, tailored to each customer. An effective product recommendation engine an-
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alyzes data and uses the results to create accurate, individualized customer profiles. These

profiles help the engine generate the exact kind of content or products a specific customer

might be interested in. That’s why you may get frequent follow-up emails from your favorite

brands based on recent purchases and site searches.

Product recommendation engines analyze the following types of customer data:

10.

Browser history

. Current purchasing behavior

. Feedback

Most-viewed products

. Preferences

Previous purchases
Recently viewed items
Search history
Shopping carts

Wish lists

Based on that data, the technology can surface relevant products the customer might like.

It can intelligently anticipate customer intent and include the recommended products in

marketing materials, on an app, in site searches, and on ads featured on other web pages.

Recommendation system part I: Product popularity based system targeted at new cus-

tomers

Popularity based are a great strategy to target the new customers with the most popular

products sold on a business’s website and is very useful to cold start a recommendation

engine.
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Figure 3.18: Product Rating and ProductID Indicate Product Popularity

Using product IDs, this graph displays the top-selling items out of all the products in the
dataset. This graph was produced using a technique that targets brand-new clients. This

implies that new customers are more likely to purchase a product the more well-liked it is.

Recommendation system part II: Model-based collaborative filtering system based on
customer’s purchase history and ratings provided by other users who bought items
similar items

We used SVD to implement this feature using customer purchase history.

The Singular Value Decomposition(SVD)

The Singular Value Decomposition (SVD) of a matrix is a factorization of that matrix into

three matrices. It has some interesting algebraic properties and conveys important geo-
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metrical and theoretical insights about linear transformations. It also has some important
applications in data science. In this article, we will explain the mathematical intuition be-

hind SVD and its geometrical meaning.

* Recommend items to users based on purchase history and similarity of ratings pro-

vided by other users who bought items to that of a particular customer.

* A model based collaborative filtering technique is chosen here as it helps in making
predicting products for a particular user by identifying patterns based on preferences

from multiple user data.

Recommendation system part III: When a business is setting up its E-Commerce web-

site for the first time without any product rating

For a business without any user-item purchase history, a search engine based recommen-
dation system can be designed for users. The product recommendations can be based on
textual clustering analysis given in product description. We used k-means to implement this

feature.

3.3.7 K-Means Algorithm

K-Means Clustering [4] is an Unsupervised Learning algorithm, which groups the unlabeled
dataset into different clusters. Here K defines the number of pre-defined clusters that need
to be created in the process, as if K=2, there will be two clusters, and for K=3, there will be

three clusters, and so on.

It is an iterative algorithm that divides the unlabeled dataset into k different clusters in such
a way that each dataset belongs only one group that has similar properties. It allows us to
cluster the data into different groups and a convenient way to discover the categories of

groups in the unlabeled dataset on its own without the need for any training.

It is a centroid-based algorithm, where each cluster is associated with a centroid. The main
aim of this algorithm is to minimize the sum of distances between the data point and their

corresponding clusters.

The algorithm takes the unlabeled dataset as input, divides the dataset into k-number of
clusters, and repeats the process until it does not find the best clusters. The value of k

should be predetermined in this algorithm.
The k-means clustering algorithm mainly performs two tasks:

Determines the best value for K center points or centroids by an iterative process. Assigns
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each data point to its closest k-center. Those data points which are near to the particular
k-center, create a cluster. Hence each cluster has datapoints with some commonalities, and
it is away from other clusters.

Algorithm

1. We randomly pick K (centroids). We name them c1,c2,..... ck, and we can say that ,

C =c¢1,Cyy ey C (3.1)

Where C is the set of all centroids.

2. We assign each data point to its nearest center, which is accomplished by calculating
the euclidean distance. Select random K points or centroids. (It can be other from the
input dataset).

argmin, ccdist(c;, x?) (3.2)

Where dist() is the Euclidean distance. Here, we calculate each x value’s distance
from each c value, i.e. the distance between x1-c1, x1-c2, x1-c3and so on. Then we
find which is the lowest value and assign x1 to that particular centroid. Similarly, we

find the minimum distance for x2, x3, etc.

3. We identify the actual centroid by taking the average of all the points assigned to that
cluster.

=g 2%, (3.3)

Where S; is the set of all points assigned to the ith cluster. It means the original point,
which we thought was the centroid, will shift to the new position, which is the actual
centroid for each of these groups.

4. Keep repeating step 2 and step 3 until convergence is achieved.
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Figure 3.19: Visualizing Product Clusters in Subset of Data
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3.4 Predicto

Sales forecasting is done using Monte Carlo simulation. Monte Carlo Simulations are used
to model the probability of different outcomes in a process that cannot easily be predicted
due to the intervention of random variables. It is a technique used to understand the impact
of risk and uncertainty in prediction and forecasting models.

A Monte Carlo Simulation can be used to tackle a range of problems in virtually every field
such as finance, engineering, supply chain, and science. It is also referred to as a multiple

probability simulation.

3.4.1 Monte Carlo

The basis of a Monte Carlo simulation [5] is that the probability of varying outcomes cannot
be determined because of random variable interference. Therefore, a Monte Carlo Simula-

tion focuses on constantly repeating random samples to achieve certain results.

A Monte Carlo Simulation takes the variable that has uncertainty and assigns it a random
value. The model then run and a result is provided. This process is repeated again and again
while assigning the variable in question with many different values. Once the simulation is

complete, the results are averaged together to provide an estimate.

1. A Monte Carlo simulation is a model used to predict the probability of different out-

comes when the intervention of random variables is present.

2. Monte Carlo simulations help to explain the impact of risk and uncertainty in predic-

tion and forecasting models.

3. A variety of fields utilize Monte Carlo simulations, including finance, engineering,

supply chain, and science.

4. The basis of a Monte Carlo simulation involves assigning multiple values to an uncer-
tain variable to achieve multiple results and then averaging the results to obtain an
estimate. Monte Carlo simulations assume perfectly efficient markets.
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Figure 3.20: Total Daily Sales in 4 years Span

From given data in between a range years we forecast sales for next year. It shows daily
sales data between 2014 and 2018 for a global superstore. For our purposes we will make

some changes to the raw data to better fit the problem a little better.

Total Sales with Smoothing

—— Actual Sales
. —— Actual Sales Smoothed

25K

20K

| | | [’
h ~\‘.L"'-‘n~. ’} 'M 1"%“! h

0
2015 2016 2017

2014
Order Date

Total Sales

‘Y\ W"Y ,

Figure 3.21: Total Daily Sales in 4 years Span Smoothed

Volatility is a measure of how much a value changes over time. The more volatile the more
drastic individual changes can be. Models based on high volatility tend to be less reliable.

There are big swings in daily sales between 0 and $25K.
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Figure 3.22: Distribution of Weekly Sales

For modelling purposes start off by looking at weekly sales. The weekly sales still have quite
a bit of volatility. It can be dealt with by smoothing. The red line shows smoothing on a
6 week moving average. Looking at the individual week’s smoothed sales, we can plot it
on a standard distribution to get more insight into what they look like. For instance, when
we look at the data set, the majority of the sales happen between $5K and $15K. There
are sales that happen outside these ranges but not as many. It means we can assume that
this is likely to be the case in the forecasting year as well. Based on how sales are likely
to change over the year, we can simulate what could happen over the forecast year. Each
of the weekly sales will be drawn from a probability distribution like the Distribution of
Weekly Sales above. Numbers in the middle of the distribution (around the 10K mark) will

be drawn more frequently than numbers on the sides.

Simulate Random Walks
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Figure 3.23: Simulating Random Walk 4 Times

Plotted on a graph, it gives you a unique path every time a simulation is run. In the Monte

Carlo simulation we run this process many times in order to capture predictable randomness.
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Each path is not predictable but all paths are. Above is shown simulation of random walk 4

times.

Simulations of 1,000 Random Walks
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Figure 3.24: Simulating Random Walk 1000 Times on Actual Sales Data

Like before, above is shown simulation of random walk 1000 times and it is applied on
an actual sales data. Every 1000 path is unique and it helps to capture us the predictable

randomness.
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Figure 3.25: Simulation of 2018 Sales Data
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Figure 3.26: Normal Distribution of 2018 Sales Data

From the both graphs, we can conclude that it’s highly likely that sales will be between
$530,931 and $678,475. There’s a 25% chance that sales will be less than 579,824. For
instance, there is a 25% chance that sales will be below a particular amount. If the chance

of this happening is too high, then it needs to be looked at.
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Chapter 4

Analysis And Design

4.1 Requirement Analysis

4.1.1 Functional Requirements:

Table 4.1: Login/Access Account

Requirement No.

Functional Requirements

FRO1-01

The system shall allow the users to register an account and login to
their account with matching their Email ID and password.

FR0O1-02 The system shall enable users to edit their login information and pass-
words and retrieve passwords if being forgotten.
FR0O1-03 The user can upload profile picture also.

Table 4.2: User Account

Requirement No.

Functional Requirements

FR02-01

The system will have individual user profile which will contain their
name, email, phone number, gender, age and profile picture etc.

FR02-02

The user can edit their profile information and save them.

Table 4.3: Administrator Account

Requirement No.

Functional Requirements

FR03-01

The system will have individual administrator profile which will con-
tain their name, email, phone number, gender, age and profile picture
etc.

FRO03-02

The administrator can edit their certain profile information and save
them.
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Table 4.4: Search Option in Natural Language for Users

Requirement No.

Functional Requirements

FR04-01 Users can search in natural language for specific items along with
their prices and delivery information etc.
FR04-02 The search result will show in BOT the asked query result in a natural

language form.

Table 4.5: Viewing Top Products and Top Deals

Requirement No.

Functional Requirements

FR05-01 Users can view top products or top deals by typing in the BOT in their
own way.

FR05-02 If they click on the top products, they can view all the details of the
top products.

FR05-03 If they click on the top deals, they can view all the details of the top

deals of that day.

4.1.2 Non-Functional Requirements

Table 4.6: Performance

Requirement No.

Functional Requirements

NFRO1-01 Average load time of the BOT must be less than 2 seconds.
NFRO1-02 The log in information shall be verified within five seconds.
NFRO01-03 Queries shall return results within five seconds.

NFRO1-04 The BOT should be able to do smooth searching.

Table 4.7: Security

Requirement No.

Functional Requirements

NFR02-01 Database connection close. After data use the database connection
will close.

NFR02-02 No general user can get access to update the database.

NFR02-03 The users should get up to date information and emergency contact

from the system.

Table 4.8: Portability

Requirement No.

Functional Requirements

NFRO03-01

System must run on any device of windows based operating system
; And from any web browser also.
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Table 4.9: User Friendly Interface

Requirement No.

Functional Requirements

NFR04-01

The system should have a decent interface and should provide good
experience to the users.

Table 4.10: Defects-Maintenance

Requirement No.

Functional Requirements

NFR05-01 Post Release defects of the system must not exceed 1 critical bug per
month.
NFR05-02 Post Release bug fixing should not take more than 5 hours.

4.2 Functional Analysis

Functional analysis is a methodology for analyzing the mission and performance require-
ments of a system, and translating them into discrete activities or tasks which must be

performed by the system. Determination of the system’s functionality is the first step in

obtaining a conceptual view of a system that is to be designed.
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4.2.1 ShopBot

Use-Case Diagram

ShopBot System

Choose Product

e

Check Product
Availability ShopBot Admin

Pay for Product

Fill out Necessary
Information and
Details

User

/—
Cancel Order

Vendor

Refund Credit

Figure 4.1: Use-Case Diagram for ShopBot
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4.2.2 QueryBot

Use-Case Diagram

QueryBot System

Interact with

User

Database

74
_—

See Results

Figure 4.2: Use-Case Diagram for QueryBot

QueryBot
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4.3 Dynamic Analysis

Dynamic analysis is the testing and evaluation of a program by executing data in real-time.
The objective is to find errors in a program while it is running, rather than by repeatedly
examining the code offline. By debugging a program in all the scenarios for which it is de-
signed, dynamic analysis eliminates the need to artificially create situations likely to produce
errors. Other advantages include reducing the cost of testing and maintenance, identifying

and eliminating unnecessary program components.
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Activity Diagram

Ask a Question

Else

Doesn't Recognize the question pattern

Recognize the question pattern
elp Available

Show the answer of that required question

Obtain help to ask the question again

Buy Product

View Answer/Product Make Payment

Figure 4.3: Activity Diagram for ShopBot
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Activity Diagram
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Process Data
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Figure 4.4: Activity Diagram for QueryBot

4.4 Risk Analysis

Risk analysis is part of every decision we make. We are constantly faced with uncertainty,
ambiguity, and variability. And even though we have unprecedented access to information,
we can’t accurately predict the future. Monte Carlo Simulation (also known as the Monte
Carlo Method) lets one see all the possible outcomes of one’s decisions and assess the impact

of risk, allowing for better decision making under uncertainty.

4.4.1 Monte Carlo Simulation

Monte Carlo Simulation is a computerized mathematical technique that allows people to
account for risk in quantitative analysis and decision making. The technique is used by
professionals in such widely disparate fields as finance, project management, energy, manu-
facturing, engineering, research and development, insurance, oil & gas, transportation, and

the environment.

Monte Carlo simulation furnishes the decision-maker with a range of possible outcomes and
the probabilities they will occur for any choice of action. It shows the extreme possibilities—
the outcomes of going for broke and for the most conservative decision—along with all pos-

sible consequences for middle-of-the-road decisions.

The technique was first used by scientists working on the atom bomb; it was named for

Monte Carlo, the Monaco resort town renowned for its casinos. Since its introduction in
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World War II, Monte Carlo simulation has been used to model a variety of physical and

conceptual systems.

4.4.2 How Monte Carlo Works

Monte Carlo simulation performs risk analysis by building models of possible results by
substituting a range of values—a probability distribution—for any factor that has inherent
uncertainty. It then calculates results over and over, each time using a different set of ran-
dom values from the probability functions. Depending upon the number of uncertainties
and the ranges specified for them, a Monte Carlo Simulation could involve thousands or
tens of thousands of recalculations before it is complete. Monte Carlo simulation produces

distributions of possible outcome values.

By using probability distributions, variables can have different probabilities of different out-
comes occurring. Probability distributions are a much more realistic way of describing un-

certainty in variables of a risk analysis.

Monte Carlo simulation provides a number of advantages over deterministic, or "single-point

estimate" analysis:

1. Probabilistic Results: Results show not only what could happen, but how likely each

outcome is.

2. Graphical Results: Because of the data a Monte Carlo simulation generates, it’s easy
to create graphs of different outcomes and their chances of occurrence. This is impor-
tant for communicating findings to other stakeholders.

3. Sensitivity Analysis: With just a few cases, deterministic analysis makes it difficult
to see which variables impact the outcome the most. In Monte Carlo simulation, it’s

easy to see which inputs had the biggest effect on bottom-line results.

4. Scenario Analysis: In deterministic models, it’s very difficult to model different com-
binations of values for different inputs to see the effects of truly different scenarios.
Using Monte Carlo simulation, analysts can see exactly which inputs had which val-
ues together when certain outcomes occurred. This is invaluable for pursuing further
analysis.

5. Correlation of Inputs: In Monte Carlo simulation, it’s possible to model interdepen-
dent relationships between input variables. It’s important for accuracy to represent

how, in reality, when some factors goes up, others go up or down accordingly.
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Chapter 5

Development And Testing

5.1 Frameworks and Tools

5.1.1 Django

Django [6] is a high-level Python web framework that enables rapid development of secure
and maintainable websites. Built by experienced developers, Django takes care of much
of the hassle of web development, so we can focus on writing our app without needing to
reinvent the wheel. It is free and open source, has a thriving and active community, great
documentation, and many options for free and paid-for support. We used django to built a

demo e-commerce site to demonstrate how ShopBot works with realtime database.

5.1.2 React.js

React.js [7] was released by a software engineer working for Facebook - Jordane Walke in
2011. React is a JavaScript library focused on creating declarative user interfaces (Uls)
using a component-based concept. It’s used for handling the view layer and can be used for
web and mobile apps. React’s main goal is to be extensive, fast, declarative, flexible, and

simple.

React is not a framework, it is specifically a library. The explanation for this is that React only
deals with rendering Uls and reserves many things at the discretion of individual projects.
The standard set of tools for creating an application using ReactJS is frequently called the

stack.

Our base website reportbyte is built using react.
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5.1.3 Node.js

Node.js [8] is an open-source, and a cross-platform runtime environment for developing
server-side and networking applications. Node.js applications are written in JavaScript,
and can be run within the Node.js runtime on OS X, Microsoft Windows and Linux. Node.js
also provides a rich library of various JavaScript modules which simplifies the development
of web applications using Node.js to a great extent.

The following are some of the important features that make Node.js the first choice of soft-
ware architects. We used node.js as backend framework for Reportbyte’s QueryBot service

website.

—_

. Asynchronous and Event-Driven

N

. Very Fast

w

. Single-Threaded but Highly Scalable
4. No Buffering

5. Node.js is released under the MIT license

5.1.4 Express.js

ExpressJS [9] is a web application framework that provides us with a simple API to build
websites, web apps, and back ends. With ExpressJS, we need not worry about low-level
protocols, processes, etc. Express provides a minimal interface to build our applications. It
provides us the tools that are required to build our app. It is flexible as there are numerous
modules available on npm, which can be directly plugged into Express. Express was devel-
oped by TJ Holowaychuk [10] and is maintained by the Node.js Foundation and numerous
open source contributors. We used express.js as backend framework for Reportbyte’s Query-

Bot service website.

5.1.5 Mongodb

MongoDB [11] is a cross-platform, document-oriented database that provides, high perfor-
mance, high availability, and easy scalability. MongoDB works on the concept of collection

and document. We used mongdodb Reportbyte’s QueryBot service website.

1. Database: The database is a physical container for collections. Each database gets
its own set of files on the file system. A single MongoDB server typically has multiple

databases.
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2. Collection: A collection is a group of MongoDB documents. It is the equivalent of
an RDBMS table. A collection exists within a single database. Collections do not
enforce a schema. Documents within a collection can have different fields. Typically,

all documents in a collection are of similar or related purposes.

3. Document: A document is a set of key-value pairs. Documents have a dynamic
schema. Dynamic schema means that documents in the same collection do not need
to have the same set of fields or structures, and common fields in a collection’s docu-
ments may hold different types of data.

5.1.6 Mongoose

Mongoose is an Object Data Modeling (ODM) library for MongoDB and NodeJS. It manages
relationships between data, provides schema validation, and is used to translate between

objects in code and the representation of those objects in MongoDB.

5.2 Programming Languages

5.2.1 Python

Python is an interpreted high-level general-purpose programming language. It’s design phi-
losophy emphasizes code readability with its use of significant indentation. It’s language
constructs as well as its object-oriented approach aim to help programmers write clear, log-
ical code for small and large-scale projects. Many of the frameworks and tools to complete

this project is based on python.

5.2.2 Javascript

JavaScript, often abbreviated as JS, is a programming language that conforms to the EC-
MAScript specification. JavaScript is high-level, often just-in-time compiled and multi-
paradigm. It has dynamic typing, prototype-based object-orientation and first-class func-

tions. We used many javascript frameworks for web developing part of this project.

5.2.3 HTML

Hypertext Markup Language HTML is the standard markup language for documents de-
signed to be displayed in a web browser. It can be assisted by technologies such as Cascading
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Style Sheets (CSS) and scripting languages such as JavaScript.

5.2.4 CSS

Cascading Style Sheets CSS is a style sheet language used for describing the presentation of
a document written in a markup language like HTML. CSS is a cornerstone technology of
the World Wide Web, alongside HTML and JavaScript.

5.3 Development Environment

5.3.1 VS Code

Visual Studio Code is a source code editor developed by Microsoft for Windows, Linux,
and macOS. It includes support for debugging, embedded Git control and GitHub, syntax

highlighting, intelligent code completion, snippets, and code refactoring.

5.3.2 Jupyter Notebook

Project Jupyter is a project and community whose goal is to "develop open-source software,
open-standards, and services for interactive computing across dozens of programming lan-

guages'.

5.3.3 Anaconda

Anaconda is a distribution of the Python and R programming languages for scientific com-
puting, that aims to simplify package management and deployment. The distribution in-

cludes data-science packages suitable for Windows, Linux, and macOS.

5.3.4 Google Colab

Colab notebooks allow us to combine executable code and rich text in a single document,
along with images, HTML, LaTeX and more. When we create our own Colab notebooks,
they are stored in our Google Drive account. We can easily share our Colab notebooks with

co-workers or friends, allowing them to comment on our notebooks or even edit them.
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5.3.5 Postman

Postman is an interactive and automatic tool for verifying the APIs of our project. Postman
is a Google Chrome app for interacting with HTTP APIs. It presents us with a friendly GUI
for constructing requests and reading responses. It works on the backend, and makes sure

that each API is working as intended.

5.3.6 MongoDB Atlas

The core of MongoDB Cloud is MongoDB Atlas, a fully managed cloud database for modern
applications. Atlas is the best way to run MongoDB [12], the leading modern database.
MongoDB’s document model is the fastest way to innovate, bringing flexibility and ease of

use to the database.

5.3.7 Overleaf

Overleaf is a collaborative cloud-based LaTeX editor used for writing, editing and publishing
scientific documents. It partners with a wide range of scientific publishers to provide official

journal LaTeX templates and direct submission links.

5.4 Version Control

When building software, it’s always important to track your changes. This is especially
critical when collaborating on projects where multiple people will be updating the same

code. Software that can keep track of all these changes are called Version Control.

5.4.1 Git

Git is a distributed revision control and source code management system that allows several
people to work on the same codebase at the same time on different computers and networks.
These can be pushed together, with all changes stored and recorded. It’s also possible to

roll back to an earlier state if necessary.



5.5. WEB INTERFACE

64

5.4.2 Github

At a high level, GitHub is a website and cloud-based service that helps developers store and

manage their code, as well as track and control changes to their code.

Github Desktop

GitHub Desktop is a fast and easy way to contribute to projects, and is designed to simplify
all processes and workflow in our GitHub.

5.5 Web Interface

Below is shown the front-end version of our project with necessary detailing and figures.

5.6 Shopbot

We have created a small E-Commerce site to demonstrate how shopbot works.

5.6.1 E-commerce Site (Demo)

We tried to show four major types of E-Commerce site ,

1. Grocery
2. Electronics
3. Furniture

4. Automobile
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(¥ Groco Groceries  Electronics  Furnitures  Automobiles Q

Fresh And Organic Products For You.

Eat Healthy,Live Healhty
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Meat Orange Lemon
$5000.0 $50.0 $40.0
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Add To Cart Add To Cart Add To Cart

Figure 5.1: E-Commerce Site View (Grocery) Top View

{y Groco Groceries  Electronics  Furnitures  Automobiles Q

Vegitables Fresh Fruits Dairy Products Fresh Meat

Upto 45% Off Upto 45% Off Upto 45% Off Upto 45% Off

Groco iy Contact Info Quick Links Newsletter
Groceries Ecommerce Demo o +123-456-7890 > Groceries Subscribe For Latest Updates
f v O m = Aust@EduCom 2 Electronics .-
Q 50/2 Love Road Aust, Dhaka < Furnitures

< Automobiles

Created By Reportbyte Team | All Rights Reserved

Figure 5.2: E-Commerce Site View (Grocery) Bottom View
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'@y Electro Groceries  Electronics  Furnitures  Automobiles Q w

New And Latest Techs For You.

Reliable Tech,Durable Tech

Our

Acer Msi Asus
$132000.0 $94900.0 $117000.0
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Add To Cart

Figure 5.3: E-Commerce Site View (Electronics) Top View

@ Electro Groceries  Electronics  Furnitures  Automobiles Q

. pA S
5
.=. 3 ' R
> 11\
Laptops Smart Phones Headphones Pc Components
Upto 45% Off Upto 45% Off Upto 45% Off Upto 45% Off

Electro @y Contact Info Quick Links Newsletter
Electronics Ecommerce Demo o +123-456-7890 = Groceries Subscribe For Latest Updates
f v 0 M@ & Aust@Edu.Com = Electronics your email
Q 50/2 Love Road Aust, Dhaka = Furnitures

- Automobiles

Created By Reportbyte Team | All Rights Reserved

Figure 5.4: E-Commerce Site View (Electronics) Bottom View
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Beautiful And Affordable Furnitures For
You.

Good Goods,Good Rooms

Sofa Bed Book Shelf
$42000.0 $49000.0 $13000.0
L 3 3 8 444 Tk ok ko *hkhk
——

Figure 5.5: E-Commerce Site View (Furniture) Top View

@ Furno Groceries  Electronics  Furnitures  Automobiles Q
Product Zelell-Teloly[=]
-
e
Living Room Bed Room Kitchen Wall
Upto 45% Off Upto 45% Off Upto 45% Off Upto 45% Off

Furno @ Contact Info Quick Links Newsletter

Furniture Ecommerce Demo o +123-456-7890 > Groceries Subscribe For Latest Updates

& Aust@Edu.Com => Electronics
f v o m @ your email

@ 50/2 Love Road Aust, Dhaka = Furnitures
Created By Reportbyte Team | All Rights Reserved

Figure 5.6: E-Commerce Site View (Furniture) Bottom View
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@ Moto Groceries  Electronics  Furnitures  Automobiles Q w

Cool And Expensive Cars For You.

Drive Safe,Drive Fast .

"
—
Pagani Ferrari Lamborghini
$450000000.0 $5000000.0 $65000000.0
b8 8 8 84 * Rk hlr * Rk kol

Figure 5.7: E-Commerce Site View (Automobile) Top View

@ Moto Groceries  Electronics  Furnitures ~ Automobiles Q =

Trucks suv Sports Car Electric Cars

Upto 45% Off Upto 45% Off Upto 45% Off Upto 45% Off

Moto @ Contact Info Quick Links Newsletter
Automobile Ecommerce Demo o +123-456-7890 < Groceries Subscribe For Latest Updates
f v 0 @ & Aust@EduCom < Electronics o
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< Automobiles

Created By Reportbyte Team | All Rights Reserved

Figure 5.8: E-Commerce Site View (Automobile) Bottom View
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5.6.2 Webchat Widget (Shopbot)

We implemented the bot with a chat widget which can be seen from Figure: 5.9 to Figure:
5.11

iy Groco Groceries  Electronics  Furnitures  Automobiles Q wm 2

Fresh And Organic Products For You.

Eat Healthy Live Healhty

Do You Have Orange

Yes Sir We Have This Product!

=
28
% ~ ) T 4
= = q
¥ -

A § 4 ﬁ
Meat Orange Lemon

$5000.0 $50.0 $40.0 | Type AMessage

L 2 8 8 284 b 2 8 8 284 * %k iy

o

Figure 5.9: Showing Product Availability in Shopbot Chat

@ Furno Groceries  Electronics  Furnitures  Automobiles Q w

Beautiful And Affordable Furnitures For
You.

S m
Shop Now - 5
What Is Your Return Policy

If The Product Is Damaged And
Clear Footage Of Unpackaging
Is Provied Only Then A Product
Can Be Returned.

WhatIs Your Delivery Policy

We Deliver Our Products In 7
Working Days

What Is Your Payment Policy

You Can Pay For A Product Via
Bkash Or Nagad.

Book Shelf Table Sofa | TypeAMessage
$13000.0 $47100.0 $42000.0
b 8 8 8 844 b 8 8 8 444 b 8 8 8 844 °
— )

Figure 5.10: Answering Customer Questions with Shopbot
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@ Electro

Groceries  Electronics  Furnitures ~ Automobiles

New And Latest Techs For You.

Reliable Tech,Durable Tech

Acer Msi
$132000.0 $94900.0
£ 8.8 8 41 L 8.8 8 81

Add To Cart

Add To Cart

You Can Pay For A Product Via
Bkash Or Nagad.

Show Me Your Best Products

Sony Bravia TV

Add To Cart

—

Asus -
$117000.C Tvoe A Messace s

L2 2 2 8¢

Add To Cart °

Figure 5.11: Using Shopbot to Display the Best Products in a Store

5.7 Querybot

5.7.1 Dashboard

Pages / Dashboard
Dashboard

BB reportsye

B Dashboard

Tables

$53,000 .. a

Sales Overview
than last year +20%

gillng

s
300

Active Users 200

than ast week +23%
00

We have created multiple options for you to put together and customise into pixel perfect pages.

3,6K 2m $772 82 b

, nor May o

Users Clicks Sales Items

Projects ‘ ‘

done this month +40%

‘(1 Soft UI Shopify Version

«<2 514000 &
‘\ Progress Track

«© 3000 10

Sk FixPlatform Errors

“«

Today's Users New Clients
3,200 o u +1,200 20

STORES

B sis20. (& |

— Traffic

— sales

Jul Aug sep oct Nov Dec

Orders History
thismonth +20%

O $2.400- Redesign store
09)UN720PM

O Neworder #3654323
08JUN 1220 P

O Company server payments
04)UN 3:10PM

O New card added for order #4826321
02)UN 245PM

Figure 5.12: ReportByte Daashboard View
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5.7.2 Querybot Input Area

B repertsyte

E Dashboard

Tables

gillng

sun Pl
Users Clicks
Projects

done this month +40%

companiEs
() sofc ui shopify Version
‘\ Progress Track

Fix Platform Errors

@ Launch new Mobile App
€ Add the New Landing Page

m Redesign Online Store

Ask your questions here

Question

Prie
sales

LLCeY
«©
«2
©
«<2
2

© 2021, made with W by ReportByte for a better web.

oz
Items

BUDGET

514000

3,000

Not et

520600

54,000

2,000

2 Upload New Project

Apr May Jun

AL | ONUNE  sTORES

COMPLETION

Cancelled

Aug sep oct Nov

Orders History
this month +20%

o

o

52,400 - Redesign store
09JUN7:20PM

New order #3654323
0BJUN 1220PM

Company server payments
04JUN3:10PM

New card added for order #4826321
02JUN 245PM

Unlock folders for development
18 MAY 1:30PM

New order #46282344
14MAY 330 PM

Recording.

Answer To your Query

Figure 5.13: Querybot Input Section

Querysot  shopBot  Predicto

Visualy
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5.8 Reportbyte

Main website where all the four features are implemented together.

5.8.1 Reportbyte: Landing Page

Home page will give overview of all the services reportbyte can offer. It will also represent
the project timeline.

Pages / Home .
& reportoyte a
Home
8 o Bot Bot Analytics Analytics
ShopBot n QueryBot B Visualy n Predicto n
Dashboard
ShopBot
Data Visualization
QueryBot 600
Visualy 500
Predicto 00
w0
20

Data Analysis

Reportbyte is an advanced business analytic and assistant system.lt provides product
recommendation.sales forecasting data analysis type sevices.

Figure 5.14: Landing Page

5.8.2 Reportbyte: Home Page

BB Reportsyte e
B Home 400
Dashboard 300
ShopBot 200
- Data Analysis

o

- Reportbyte is an advanced business analytic and assistant system.It provides product
isualy Feb Mar Apr May Jun Jul Aug sep Oct
recommendationsales forecasting.data analysis type sevices.

Predicto

Project Timeline
Shopbot g
Shopbot is a chatbot which can be used in e-commerce sites. Itis built with Rasa. Rasa is an open-source machine learning framework for automated text O shopbot
and voice-based conversations. Understand messages, hold conversations, and connect to messaging channels and APIs. Shopbot will help customers of E- Joverbe
Commerce sites to buy and recommend products.

O Querybot

QueryBot

QueryBotis aquestion answering bot built using TAPAS question answering model. Querybot will help managers or financial advisors by giving key insights O Visualy

from a given data. User will basically ask questions and the answer will be fetched using machine learning algorithms and displayed. o

Visualy © Pedicto

Visualy is a data visualization tool. Clients will have a customized dashboard and options to choose from, how they want to visualize a portion of data from

their given datasets © WebImplementation

Predicto

Ongoing.
Predicto is a predictive data analysis tool It will do business analysis or market analysis using Monte Carlo Simulation

© Group: 4001 @ An Advanced B

Querybot  Visual Predicto

Figure 5.15: Homepage
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5.8.3 Reportbyte: Shopbot feature

Since shopbot is used in client website we tried to show is demonstration video in main

website.

Pages / Shopbot
BB reportsyte
Shopbot
(23 Video Demonstration Al Chatbot & Tech Used
Dashboard
B svorset Ras
QueryBot
NLU
Visualy o
Predicto
Django
4 73
Ty SQLite
Watchon @voibe [ <’ °

4001 @ ReportByte: An Advanced Business Analytics System

Figure 5.16: Feature Page (Shopbot)

5.8.4 Reportbyte: Querybot feature

Here we can see how a user can ask questions from data and get answers.

BB Reportayte G50 Qg
Querybot

Ask Your Questions Here

.
shopBot which region sales most products? “
(= [

Visualy
— Answer To Your Query

predicto

Dhaka

001 @ ReportByte: An Advanced Business Analytics System

Figure 5.17: Feature Page (QueryBot)
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5.8.5 Reportbyte: Visualy feature

This page will show important sales analysis and product recommendation reports which

were generated using various machine learning algorithms.

BB Reportayte .

Visualy

Visualy

o] Visualize Your Data In A More Meaningful Way! Algorithms Used @ Machine Learning
Dashboard Data Mining.
ShopBot Apriori
Most Profitable Month or merket baskcet anslysi.
QueryBot
1e6 K-Means
a Visualy or clustering purposes.
s Sales Analysis
Predicto

Sales in USD ()

o
1 2 3 s s 9 1

Regional Analysis

Data analysis report from existing data

Profit Analysis

6 7
Month number

Commonly Bought Alone

Items Commonly Bought Alone

aght alone

Figure 5.18: Feature Page (Visualy)

5.8.6 Reportbyte: Data Loading

This page will demonstrate how user can upload their data to reportbyte and use it’s features.

iges / Dashboard
Dashboard

G Reporiayte

@ Features

Juctsfrom e-commerce sites

managersin making managerial decisions.

Liome Upload Your Data Services Offered
B pashboard Choose File | data.csv Bots

S Your Data fm"m“
QueryBot

Sheett QueryBot
Visualy ID Customer Name Ct Gender Customer AgeC i Nam Product Category Price forke

1 John Male 2 Asia MiPad 4 Tablet 25000
predicto 2 Ava Female 2 South America  Toshiba 1 T8 Hard Disk 4000 frebrie

3 Benjamin Male r NorthAmerica  NVIDAGTX 1060  GPU 20000

4 sarh Female a Africa WD Blue2T8 Hard Disk 6000 Visualy

5 Michael Male 2 South America  Ipad 8 Tablet 45000 Data analysis rep

6 John Male 2 Asia Havit H2190 Headphone 1000 predicto

7 Ronald Male r North America  Samsung GalaxyS6  Tablet 20000 J—

8 John Male 2 Ocenia NVIDAGTX 1060 GPU 20000

9 Isabella Female Ed North America  Fantech H50 Headphone 800

1050fia Female o Europe Huawei MediaPad T8 Tablet 15000

11Kim Female 31 Asia Fantech H50 Headphone 800

12Michael Male 2 South America  Lenovo Thinkpad 310 Laptop 35000

13Daniel Male 38 Asia Radeon RX 560 U 24000

14Diana Female 2 Africa Walton Antique 512 GB SSD 6700

155amuel Male 2 NorthAmerica  MsiLeopard G5 Laptop 80000

16Lucas Male 2 Ocenia Walton Antique 512 GBSSD 6700

185arah Female @ Ocenia Toshiba 178 Hard Disk 2000

19Daniel Male Y Europe WD Green 178 Hard Disk 3500

20€mily Female 31 Africa Havit H2190 Headphone 1000

2150phia Female 2 europe Acerfs Laptop 50000

226velyn Female 27 North America WD Blue 278 Hard Disk 6000

23james Male 2 South America  Toshiba 178 Hard Disk 2000

24christopher  Male 0 South America WD Green 18 Hard Disk 3500

2sjane Female w SouthAmerica  Team(X256GB  SSD 200

Figure 5.19: Data and Their Features
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5.9 Deployment

Today, there exist multiple PaaS on the internet, that gives a lot of rich environments with
NodeJS included. Sadly, most of them are paid, and those that provide the free tier services,
puts a lot of constraints on the application, such as Heroku, that we will be using to deploy
our application, it does delete all the static files on every server restart, and shuts down the
server when it does not receive any request for some time. But one of the positive points
was that we could deploy the application by linking it to the development repository on
Github.

5.9.1 Heroku

Heroku is a cloud platform as a service supporting several programming languages. One
of the first cloud platforms, Heroku has been in development since June 2007, when it
supported only the Ruby programming language, but now supports Java, Node.js, Scala,
Clojure, Python, PHP and Go.

5.10 Testing

Software Testing is a method to check whether the actual software product matches expected
requirements and to ensure that software product is Defect free. It involves execution of
software/system components using manual or automated tools to evaluate one or more
properties of interest. The purpose of software testing is to identify errors, gaps or missing

requirements in contrast to actual requirements.

Some prefer saying Software testing definition as a White Box and Black Box Testing. In
simple terms, Software Testing means the Verification of Application Under Test (AUT).
This Software Testing course introduces testing software to the audience and justifies the

importance of software testing.

5.11 Challenges

Software Development is the collective process of some computer science activities dedi-
cated to the process of developing software applications. Software Development process
proceeds according to Software Development Life Cycle (SDLC). While building the project

we had to deal with many challenges:
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1. Changing Requirements

2. Providing complete Security

3. Misinterpreted requirements

4. System and Application integration
5. Maintenance and Upgradation

6. Adapting latest Technology

7. Time limitations

8. Communication and Coordination

5.11.1 ShopBot

1. Fallback and Human Handoff
Even if one design his bot perfectly, users will inevitably say things to his assistant
that he did not anticipate. In these cases, his assistant will fail, and it’s important he

ensures it does so gracefully.

* Fallback: Although Rasa will generalize to unseen messages, some messages
might receive a low classification confidence. Using Fallbacks will help ensure
that these low confidence messages are handled gracefully, giving your assistant
the option to either respond with a default message or attempt to disambiguate
the user input.

* Two Stage Fallback: To give the bot a chance to figure out what the user wants,
you will usually want it to attempt to disambiguate the user’s message by ask-
ing clarifying questions. The Two-Stage Fallback is made to handle low NLU

confidence in multiple stages.

* Human Handoff: As part of your fallback action, you may want the bot to hand
over to a human agent e.g. as the final action in Two-Stage-Fallback, or when
the user explicitly asks for a human. A straightforward way to achieve human
handoff is to configure your messaging or voice channel to switch which host it

listens to based on a specific bot or user message.

For example, as the final action of Two-Stage-Fallback, the bot could ask the user,
"Would you like to be transferred to a human assistant?" and if they say yes, the
bot sends a message with a specific payload like e.g. "handoff to human" to

the channel. When the channel sees this message, it stops listening to the Rasa
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server, and sends a message to the human channel with the transcript of the chat

conversation up to that point.

2. Handling Unexpected Input
One thing you can count on when building a conversational assistant is that users will
say unexpected things. This page is a guide on handling unexpected input. Unex-
pected input is a deviation from the happy path that you have defined. For example:

A user walks away in the middle of a conversation about their subscription, then comes

back and says "hi!"

A user asks "Why do you need to know that?" when the bot asks for their email address.

3. Contextual Conversations

Taking context into account is often key to providing a good user experience. This
page is a guide to creating contextual conversation patterns.

In a contextual conversation, something beyond the previous step in the conversation
plays a role in what should happen next. For example, if a user asks "How many?",
it’s not clear from the message alone what the user is asking about. In the context of
the assistant saying, "You’ve got mail!", the response could be "You have five letters in
your mailbox". In the context of a conversation about outstanding bills, the response
could be, "You have three overdue bills". The assistant needs to know the previous
action to choose the next action.

To create a context-aware conversational assistant, you need to define how the con-

versation history affects the next response.

4. Reaching Out to the User
Sometimes you want your assistant to reach out to the user without the user’s prompt-
ing. For example, you might want the assistant to send a message when the user opens
the chat window, or you might want to prompt the user if they haven’t sent a message

for a while.

5.11.2 Querybot

1. Large Dataset : Since we are working with open source model only limited edition is
available to us ,whise tapas is a very powerful model and can deal with lots of data it

sometimes fails if there’s too many row and column.

2. Website Integration: Since resources about dealing with machine learning models and
web integration are scarce and transformers is a very latest concept in the world of

machine learning and artificial intelligence we had to adapt and learn.



5.11. CHALLENGES

78

5.11.3 Visualy

Since visualy is mostly dependent on data mining algorithms, the challenges of data mining
hampers it’s performance too. Transforming data into organized information is not an easy

process. There are many challenges in data mining.

Below are some of these Challenges listed and briefly explained:

1. Security and Social Challenges: Dynamic techniques are done through data assortment
sharing, so it requires impressive security. Private information about people and touchy in-
formation is gathered for the client’s profiles, client standard of conduct understanding-illicit

admittance to information and the secret idea of information turning into a significant issue.

2. Noisy and Incomplete Data: Data Mining is the way toward obtaining information
from huge volumes of data. This present reality information is noisy, incomplete, and het-
erogeneous. Data in huge amounts regularly will be unreliable or inaccurate. These issues
could be because of human mistakes blunders or errors in the instruments that measure the
data.

3. Distributed Data: True data is normally put away on various stages in distributed pro-
cessing conditions. It very well may be on the internet, individual systems, or even on the
databases. It is essentially hard to carry all the data to a unified data archive principally

because of technical and organizational reasons.

4. Complex Data: True datais truly heterogeneous, and it very well may be media data, in-
cluding natural language text, time series, spatial data, temporal data, complex data, audio
or video, images, etc. It is truly hard to deal with these various types of data and concentrate
on the necessary information. More often than not, new apparatuses and systems would

need to be created to separate important information.

5. Performance: The presentation of the data mining framework basically relies upon the
productivity of techniques and algorithms utilized. On the off chance that the techniques
and algorithms planned are not sufficient; At that point, it will influence the presentation

of the data mining measure unfavorably.
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6. Scalability and Efficiency of the Algorithms: The Data Mining algorithm should be
scalable and efficient to extricate information from tremendous measures of data in the data
set.

7. Improvement of Mining Algorithms: Factors, for example, the difficulty of data min-
ing approaches, the enormous size of the database, and the entire data flow inspire the

distribution and creation of parallel data mining algorithms.

8. Incorporation of Background Knowledge: In the event that background knowledge
can be consolidated, more accurate and reliable data mining arrangements can be found.
Predictive tasks can make more accurate predictions, while descriptive tasks can come up
with more useful findings. Be that as it may, gathering and including foundation knowledge

is an unpredictable cycle.

5.11.4 Predicto

Since predicto is a predictive data analysis tool we faced some challenges building this, those

are mentioned below:

Incompleteness

The accuracy of predictive analytics models is limited by the completeness and accuracy of
the data being used. Because the analytical algorithms attempt to build models based on

the available data, deficiencies in the data may lead to deficiencies in the model.

Correspondingly, the developed model might not encompass enough information to be able
to recognize enough sentinel predictive patterns to be of any value. For example, a customer
retention model might be built using customer service event histories and transactions, but
the most accurate prediction models might require sales and returns transactions to provide

patterns that yield value.

Data myopia

Customer profiles are engineered using guidelines based on people’s expectations, which
come with certain biases. Limitations in the range of different demographic variables in
the model may force customers to be classified in ways that are too limited. As an exam-
ple, individuals might be classified using salary averages calculated within the boundaries
of defined census tracts. However, certain urban areas may have census tract regions in
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which there are multiple discrete micro-communities with significantly different salary de-
mographics. In this case, refining the size of the area of focus for average salary will improve

the precision of the customer classification model.

Narrow-ization

This refers to what happens when the reliance on predictive analytics models to shape the
business processes that influence customer behavior creates artificial boundaries that nar-
row the range of a customer’s anticipated behaviors. In this case, there may be business
opportunities — such as product bundling or up-selling — that are not even considered be-

cause the analytics-driven business process does not expect those opportunities to arise.

Spookiness

For a long time, automated systems have been capable of simple ad tracking in which sites
drop cookies that provide information that can be accessed by partners within an ad net-
work. Systems are becoming increasingly capable of scanning customer actions within a
hierarchical semantic context to provide increased information about customer interests. A
person’s search terms coupled with product page visits may provide enough information to
make inferences about what the customer is really looking for. However, as these bits of
information are being employed to present advertisements and product placements, cus-
tomers are becoming unnerved by automated systems attempting to anticipate their intent

and influence their activities.
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5.12 Limitations

5.12.1 ShopBot

1. Named Entity Extraction
Text appears as unstructured data in several formats such as document files, spread-
sheets, web pages and social media. Any system’s ability to identify the entities within
the documents - people, places, organizations, concepts, numerical expressions (e.g.,
dates, times, currency amounts, phone numbers, etc.) as well as temporal expressions
(e.g., dates, time, duration, frequency, etc.) - enables that system to understand the
information they contain and put them to good use.

Entity extraction can provide a useful view of unknown data sets by immediately re-
vealing who and what the information focuses on - at a minimum. This enables an-
alysts to view all the names of people, companies, brands, cities, countries, and even
phone numbers in a (structured) corpus that they can use as a point of departure for

further analysis and investigation.

The system currently lack on this feature but we are working on this to improve named
entity extraction feature.

2. Unexpected Input
If a user input a misspelled product or spell nearly similar to the product he or she
is searching for, the result may or may not be correct. The accuracy of the result will
vary depending on the spelling mistake. Too much spelling mistake will not show any
result at all. We are also currently working on this feature to improve the accuracy of
the returned result based on spelling mistake.

5.12.2 QueryBot

1. Complex Query
Dealing with complex queries that involves sub-query and multi table relation is pro-
ducing lots of errors and bugs ,we are currently working on fixing those issues and
debugging the errors so that the model works properly.

5.12.3 Visualy

We used market basket analysis to impelement visualy .There were some limitations ,those

are mentioned below:
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1. Iffy correlations
Averages tend to lie. If admin is trying to duplicate a conclusion drawn on chain wide
data to merchandise a single store, admin will hit some speed bumps. An infamous
version of this pitfall in the retail world is that of the ‘beer and diapers’ correlation.
Way back before ‘big data’ (the ‘90’s), a retail company ran SQL queries against its
store data and discovered that beer was often purchased with diapers. This discov-
ery quickly caught wind, and stores started to put diapers and beer nearby on store

shelves. Naturally, sales of the two together went up.

The issue is this... Of course sales went up for the combination of items; stores were
merchandising them next to one another in a highly trafficked area. The root of the
problem is that you can’t seek out and validate correlations in data that you had a
hand in creating. Thus, although market basket analysis may help you spot a trend,

once you act on it, it’s difficult to assess the validity of the correlation.

2. No clear calls to action
Even if there’s a true link between the two products, it takes time and skill to figure

out how to act on this information.

For example, let’s say you learn that 50% of customers who buy bread buy rice within
two weeks. You could use your market basket analysis tool to have a recommendation
sent to each online shopper who bought bread within two weeks of their purchase.
But when do you send it to ensure you capitalize on the correlation? The tool can’t
tell you. And how can you use this insight in your physical stores? In a best case
scenario, your customer has an app or loyalty card that lets you track their purchases.
With that, you could send an app-based promotion for the rice. But given that most
Americans are enrolled in an average of 29 loyalty programs at once, the odds of your

message being received is low.

3. Test and learn lag times
Because there are no clear calls to action, retailers who use these solutions must ded-
icate time to A/B test any actions they take as a result of the data. But how do you
decide which correlation to A/B test? Testing even just the strongest correlations takes

enormous time and effort.

Let’s say you manage to pick a product pairing that you think will generate the most
revenue. There’s a lot of work to make the test happen. For instance, if you're going
to run an in-store cross-promotion, you’ll need to re-organize your shelves, rework
your planograms and send directives down to all stores. From there, you’ll need to
train staff on the new locations and make them aware of the promotion. You’ll then
need an adequate amount of time (weeks? months?) to test whether or not you were

right.



5.12. LIMITATIONS

Costs aside, from learning the correlations to making changes and then testing their

efficacy and using what you learned moving forward, this entire process is slow.

Clustering

We used K-means algorithm to implement some product recommendation features. Some

limitations we faced are discussed below:

1. Choosing k manually.

2. Being dependent on initial values.

3. Clustering data of varying sizes and density.
4. Clustering outliers.

5. Scaling with number of dimensions.

5.12.4 Predicto

We used Monte Carlo Simulation to implement predicto. Some limitations of Monte Carlo

are mentioned below:

1. Benchmarking
In benchmarking, we found the #1 problem was not doing Monte Carlo but instead
hoping a single number could be a proxy for the full range of uncertainty. A variation
of this problem is building a Monte Carlo Simulation but doing it poorly so that it runs
slowly. This leads to running only one Monte Carlo trail - essentially a deterministic

simulation, not Monte Carlo.

2. Interpretation of the Monte Carlo results
Truly understanding the spans of uncertainty and how multiple outcomes are related
is hard for most of us to grasp. Good visualization and thoughtful presentation is

important.

3. Speed
It is easy to create slow Monte Carlo simulations. Big simulations can be blazing fast,
but most people don’t know how to do Monte Carlo right. This includes some vendors

do Monte Carlo tools and platforms.

4. Errors in choice of input distributions
The world is not a symmetrical Gaussian sort of place. But in benchmarking, we found

many practitioners using deeply flawed inputs to describe uncertainty.
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Chapter 6

Future Work

6.1 Further Improvement of Shopbot

We plan to train the bot using more customer and sales Representative conversation data

and solve the named entity recognition problem using spacy model.

6.2 Further Improvement of QueryBot

We plan to improve tapas model by using various ensemble and deep learning techniques

such that the bot can answer more complex and complicate questions.

6.3 Further Improvement of Visualy

We are planning to use more association rule and data mining algorithms to further extend
our project. Such as Eclat and F-P Growth. Eclat algorithm stands for Equivalence Class
Transformation. This algorithm uses a depth-first search technique to find frequent item
sets in a transaction database. It performs faster execution than Apriori algorithm. The F-P
growth algorithm stands for Frequent Pattern and it is the improved version of the Apriori
Algorithm. It represents the database in the form of a tree structure that is known as a
frequent pattern or tree. The purpose of this frequent tree is to extract the most frequent

patterns.
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6.4 Further Improvement of Predicto

Predictive analytic tools are powered by several different models and algorithms that can be
applied to wide range of use cases. Determining what predictive modeling techniques are
best for customer’s company is key to getting the most out of a predictive analytics solution
and leveraging data to make insightful decisions. We plan to use more predictive data
mining techniques such as Classification Model, Clustering Model, Outliers Model, Time

Series Model to further improve the performance of this tool.
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Chapter 7
Conclusion

Business analytic provides a way for businesses to plan for the future. By modeling the
trends in a business’s sales, profits and other key metrics, these indicators can be projected
into the future. Understanding the changes that are likely to occur seasonally, annually
or on any scale allow businesses to better prepare. This may mean decreasing spending
in preparation for a slow season or investing in new marketing campaigns to compensate.
Large suppliers can use this data to predict order volume and minimize waste in their ware-

houses. Planning for future events provides a huge advantage to all businesses.

Business analytic can also enable new types of marketing campaigns. The data collected
by businesses give insights into customer behavior which helps businesses understand the
effectiveness of advertising campaigns with different audiences. Targeting audiences that
are more likely to respond to specific campaigns or products increases efficiency overall.
In addition, understanding consumer habits can help businesses improve customer reten-
tion. By identifying customers who are less likely to return, businesses can offer targeted

promotions. This provides a cost-effective way to gain customer loyalty.
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