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Abstract—Exploratory Data Analysis (EDA) forms a
foundational stage of the data analytics workflow,
allowing practitioners to surface patterns, trends,
relationships,  anomalies, and  other  defining
characteristics of a dataset. In practice, however, carrying
out EDA by hand calls for considerable subject-matter
familiarity, coding skill, and time, which puts effective
data analysis out of reach for many non-technical users.
This paper introduces Autolnsight, an Al-driven
framework built to streamline and speed up both
exploratory data analysis and the communication of its
results through data storytelling. The system
automatically cleans and prepares incoming data, flags
data-type and quality problems, computes descriptive
statistics, chooses fitting visualizations, and surfaces
notable patterns and anomalies across structured
datasets.

Autolnsight further applies Al-based natural language
generation to convert these analytical outputs into short,
easy-to-read narratives, helping users grasp not just what
the data shows but why certain trends or relationships
matter.

By pairing automated analytical methods with
visualization and language-driven storytelling, the
framework delivers a complete, start-to-finish data
exploration experience. Cutting down on repetitive
manual work and presenting findings in an approachable
form allows Autolnsight to raise analytical efficiency,
interpretability, and accessibility for technical and non-
technical users alike. The proposed approach illustrates
how Al-assisted EDA combined with automated
storytelling can serve as a practical foundation for data-
driven decision-making.

Index Terms—Artificial Intelligence, Exploratory Data
Analysis, Data Science, Data Visualization, Automated
Data Analysis, Data Storytelling, Anomaly Detection,
Natural Language Generation.
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I. INTRODUCTION

The fast pace of digital transformation has led to an
explosion in the amount of structured and semi-
structured data being generated every day. Businesses
gather data from transactions, websites, sensors, social
platforms, healthcare systems, schools and universities,
financial services, and many other channels. As a result,
analysts and decision-makers regularly work with
datasets spanning dozens or even hundreds of columns
and anywhere from thousands to millions of records.
While such datasets hold considerable value, pulling
useful knowledge out of raw data remains a difficult
and time-consuming undertaking.

Among the stages of the data science lifecycle,
Exploratory Data Analysis stands out as one of the most
critical. Originally introduced as a structured way to
make sense of data before any formal modelling begins,
EDA gives analysts a way to understand a dataset’s
shape and behaviour ahead of applying more advanced
statistical or machine-learning techniques. It typically
covers data cleaning, statistical summarization,
visualization, correlation checks, distribution analysis,
and anomaly identification. Because the insights
produced at this stage feed directly into later decisions
such as which features to use, which model to choose,
and how to shape business strategy the depth and rigor
of EDA has a direct bearing on how successful a data-
driven project turns out to be.

Conventional EDA relies heavily on the skill of the
person performing it. An analyst typically has to look
through the dataset, decide which preprocessing steps
are needed, pick suitable statistical methods, build
charts, interpret the outcomes, and put together a report.
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When a dataset runs into hundreds of columns or
millions of rows, this process can take a long time, and
the resulting analysis tends to vary in quality depending
on the analyst’s experience, statistical grounding, and
familiarity with good visualization practice. Given the
same dataset, two different analysts might reach
different conclusions or notice different patterns a
source of inconsistency in what should, ideally, be a
repeatable and objective exercise.

In parallel, advances in artificial intelligence especially
in natural language generation and large language
models have opened up new ways to close the gap
between raw numerical analysis and human
understanding. Instead of confronting an analyst with
rows of tables and charts, an intelligent system can now
interpret the underlying statistical evidence and put it
into plain language, much as a human analyst would
when briefing a non-technical stakeholder. This ability,
generally known as data storytelling, plays a central
role in bringing analytics within reach of a wider
audience.

Autolnsight, the framework proposed in this paper,
tackles these problems by automating the major steps of
EDA and pairing them with Al-driven data storytelling.
Rather than expecting the user to carry out every
analytical operation by hand, the system inspects the
dataset on its own and produces the relevant statistical
summaries, visualizations, anomaly flags, correlations,
and natural-language insights. It is built to work as a
single end-to-end pipeline: once a dataset is uploaded,
the user receives, within a short processing window, a
structured analytical report that is both explained in
words and supported visually.

The overarching goal is to build an easy-to-use platform
that lets both technical and non-technical users make
sense of their data quickly, without needing to write
analysis scripts, pick statistical tests, or manually
choose chart types. The rest of the paper is structured as
follows. Section 1l surveys related automated-analysis
tools; Section Ill lays out the problem statement;
Section 1V lists the objectives; Sections V through 1X
cover the existing system, the proposed system, its
architecture, and its methodology; Section X describes
the Al-based storytelling component in detail; Section
X1 walks through an illustrative case study; and the
sections that follow address the technologies used,
applications, evaluation, expected results, a comparison
with existing tools, limitations, future scope, and the
conclusion.
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Il. RELATED WORK

As datasets have grown in size and complexity,
automated exploratory data analysis has become an
increasingly active area of interest. A number of open-
source and commercial tools already automate portions
of the EDA pipeline, and examining them helps situate
the contribution made by Autolnsight.

A. Automated Profiling Libraries

Python-based libraries such as pandas-profiling (now
continued under the name ydata-profiling) and
Sweetviz can automatically produce descriptive
statistics, missing-value breakdowns, and distribution
plots for tabular data. They do a good job of generating
a thorough statistical snapshot, but the output is usually
a static report of charts and figures rather than an
explanation phrased in natural language that a non-
technical reader could immediately follow.

B. Interactive Visual Analysis Tools

D-Tale and Lux offer interactive, spreadsheet-style
interfaces for exploring pandas Data Frames and can
suggest visualizations based on the type of column
being examined. Business-intelligence platforms like
Tableau and Microsoft Power Bl let users assemble
dashboards through drag-and-drop interaction. Despite
their power, these tools still leave it to the user to decide
which charts are worth building and how to read the
patterns that emerge, so the analytical workload
ultimately rests on the user.

C. Automated Machine Learning Platforms

AutoML frameworks are largely concerned with
automating model selection, hyperparameter tuning,
and pipeline construction, rather than the exploratory
stage that precedes modelling. A handful of AutoML
platforms do include basic data-profiling steps, but their
main focus continues to be delivering a trained model
rather than helping a human reader understand the
dataset itself.

D. Natural Language Generation for Data

A separate line of research, often referred to as data-to-
text generation, has looked at turning tables and
statistics into narrative summaries for domains such as
weather forecasting, sports reporting, and financial
disclosures. However, applying this kind of natural-
language generation specifically to the outputs of EDA
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correlations, outliers, distribution  shapes, and
categorical comparisons has received comparatively
little attention, and it is precisely this gap that
Autolnsight sets out to address.

Table VII, given later in Section XV, sets out how
Autolnsight differs from these representative categories
of tools along three dimensions: automated
visualization selection, anomaly detection, and natural-
language storytelling.

I1l. PROBLEM STATEMENT

Carrying out exploratory data analysis in the traditional
way demands a substantial amount of manual effort and
statistical know-how. For any single dataset, an analyst
has to repeatedly work through a series of non-trivial
questions, among them:

e Which columns need preprocessing, and in which
order the cleaning steps should be carried out.

e How missing values ought to be treated — by
deletion, imputation, or flagging — based on how
much data is missing and the pattern it follows.

e Which statistical measures make sense to compute
for each column, depending on its data type and
distribution.

¢ Which type of chart best suits each variable or pair of
variables, so as to avoid misleading or uninformative
visuals.

e Which relationships among variables are both
statistically and practically significant enough to be
worth reporting.

o Which data points are likely genuine anomalies rather
than ordinary variation.

e How the resulting findings should be conveyed to
stakeholders who may lack a statistical background.

These questions can be daunting and slow for
inexperienced users, and even seasoned analysts find it
tedious and error-prone to repeat the same process
across numerous datasets, or across the many columns
of a single wide dataset. Manual EDA also fails to scale
well: a dataset with fifty numerical columns already
implies as many as 1,225 possible pairwise correlations
far beyond what a human analyst could realistically
examine one at a time.

What is therefore needed is an intelligent system

capable of inspecting a dataset on its own, carrying out

the core EDA operations, choosing meaningful
visualizations, detecting important patterns, prioritizing
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the most relevant findings from an otherwise
combinatorically large search space, and turning the
analytical results into clear natural-language
explanations — all without compromising statistical
accuracy.

IV. OBJECTIVES

Autolnsight is built around the following core

objectives:

1. Automate the entire exploratory data analysis
workflow, from the initial file upload through to a
finished analytical report.

2. Support structured datasets supplied as CSV or
Excel (XLSX/XLS) files without requiring the user
to manually specify schema details.

3. Automatically recognize column data types,
including numerical, categorical, boolean, and
datetime fields.

4. Detect missing values and duplicate records, and
summarize how extensive they are and how they are
distributed.

5. Compute descriptive statistics for each column,
matched to its inferred data type.

6. ldentify potential outliers and anomalies through
statistically grounded techniques.

7. Examine correlations and other relationships
between variables, ranking them by strength and
relevance.

8. Automatically choose appropriate visualizations
based on data type, cardinality, and analytical intent.

9. Produce natural-language insights that can always
be traced back to the specific statistic behind them.

10.Assemble an automated analytical report that
combines narrative text, tables, and charts.

11.Cut down the time EDA takes compared with a fully
manual workflow.

12.Make data analysis approachable for non-technical
users who lack programming or statistical expertise.

13.Preserve transparency by exposing the underlying
statistics behind every generated insight, allowing
findings to be independently checked.

V. EXISTING SYSTEM

Under a conventional data-analysis workflow, users
typically rely on tools such as spreadsheets,
programming languages, notebooks, or business-
intelligence platforms.
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A representative workflow looks like this:

Dataset — Data Cleaning — Statistical Analysis —
Visualization — Interpretation — Report

Most of these steps have to be carried out by hand.
Within a spreadsheet-based workflow, that generally
means writing formulas for summary statistics by hand,
building pivot tables manually to look at categorical
breakdowns, and inserting charts one at a time.

In a code-based workflow using a language such as
Python or R, the analyst must write and re-run scripts
for every new column or hypothesis; this is more
flexible, but it still assumes the analyst already knows
which questions to ask of the data.

A. Limitations of the Existing System

e Heavy reliance on the analyst’s own expertise in
statistics, programming, and visualization design.

o Analysis that takes a long time, especially for wide
datasets with many columns.

e Chart types chosen by hand, which can result in
inappropriate or misleading visualizations.

o A steep barrier for beginners without a background in
statistics or programming.

e Considerable processing effort and computing
resources needed when large datasets are handled in
an ad hoc manner.

e No automatic translation of insights into natural
language, leaving interpretation entirely up to the
reader.

o Reports usually assembled by hand, requiring the
analyst to pull together findings, charts, and narrative
separately.

e The risk that important patterns go unnoticed simply
because the analyst never thought to look for them.

VI. PROPOSED SYSTEM

Autolnsight is conceived as a platform that automates
both EDA and data storytelling.

Its proposed workflow runs as follows:

Dataset Upload — Data Validation — Data
Preprocessing — Statistical Analysis — Pattern
Detection — Visualization — Al Data Storytelling —
Report Generation

Once a dataset is uploaded, the system examines it
automatically and decides which analysis fits its
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characteristics. If, for instance, the data includes
numerical columns such as Age, Salary, Experience, or
Purchase Amount, the system can compute descriptive
statistics on its own and produce histograms, box plots,
and correlation analyses.

When categorical columns such as Department,
Gender, Product, or Location are present, it can
generate frequency distributions and bar charts instead.
Datetime columns, once identified, trigger time-series-
oriented analysis such as trend lines and checks for
seasonality.

One of the guiding design principles behind
Autolnsight is that every automated decision, whether
it concerns data-type inference or visualization choice,
should remain explainable and reversible. Users can
always inspect the raw statistics that underlie a given
chart or insight, and can override the system’s inferred
data type whenever its guess turns out to be wrong. In
this way, the human analyst stays involved as a
reviewer rather than being taken out of the process
altogether.

VII. SYSTEM ARCHITECTURE

The Autolnsight framework breaks down into the major
components described in the subsections that follow.

A. Dataset Upload Module

Datasets can be uploaded in CSV, XLSX, or XLS
format. Before any processing begins, the system
validates the uploaded file — confirming a valid file
signature, a non-empty structure, and a header row that
can be parsed. If a file fails this check, it is rejected with
a descriptive error message instead of being silently
forwarded to later stages.

B. Data Type Inference Module

Before computing any statistics, the module classifies
each column into one of several categories: numerical
(continuous or discrete), categorical (nominal or
ordinal), boolean, datetime, or text/identifier. This
classification combines the column’s declared data type
with heuristic checks, such as the ratio of unique values
to total rows; a column made up mostly of unique
strings is treated as an identifier rather than a
categorical variable and is left out of frequency-based
analysis, which prevents the system from generating an
uninformative chart with hundreds of bars.
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C. Data Preprocessing Module

This module flags missing values, duplicate records,
mismatched data types, empty columns, constant-value
columns, and implausible values (such as a negative age
or a date that falls outside a reasonable range). Instead
of quietly modifying the data itself, the system produces
a preprocessing summary for the user, so that whatever
cleaning operation the user decides to apply remains
transparent and auditable.

D. Statistical Analysis Module

For numerical columns, the system works out the mean,
median, mode, minimum, maximum, variance,
standard deviation, quartiles, range, skewness, and
kurtosis. For categorical columns, it computes
frequency counts, the mode, and the number of distinct
categories. Together, these statistics give an initial
picture of the dataset and are fed directly into the
pattern-detection and visualization stages that follow.

Skewness, which measures the asymmetry of a
distribution, is calculated as:

Skew =E [(X—w) %] / & )

A skewness value close to zero points to a roughly
symmetric distribution, while a positive or negative
value signals a right- or left-skewed distribution,
respectively. This figure directly determines whether
the generated narrative reports the mean or the median
as the more representative measure of central tendency.

E. Outlier Detection Module
The system identifies potentially unusual observations
using statistical techniques such as the Interquartile
Range (IQR), calculated as:

IOR =03 = 01 )
with the lower and upper boundaries given by:
Lower Bound = Q1 — 1.5(IQR) 3)
Upper Bound = Q3 + 1.5(IQR) 4)

Any value falling outside these boundaries can be
flagged as a potential outlier. For distributions that are
approximately normal, the system can also apply the Z-
score method as a complementary check:
Z=(x—w/o ()
Observations whose |Z| exceeds a configurable
threshold commonly set at 3 are flagged accordingly.
Combining 1QR- and Z-score-based detection lets the
system cross-validate outlier flags: an observation
caught by both methods is reported with greater
confidence than one flagged by only one, which in turn
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reduces the chance of false positives appearing in the
natural-language narrative.

F. Correlation Analysis Module

Relationships between numerical variables are
analyzed using correlation measures. For linear
relationships, the system relies on the Pearson
correlation coefficient:

r=_Cov(X,Y)/ (X - oY) (6)

Here, Cov(X, Y) denotes the covariance between the
two variables, and 6X and oY are their respective
standard deviations. The resulting value ranges from —1
to +1: values near +1 point to a strong positive
relationship, and values near —1 point to a strong
negative one. When a relationship might be monotonic
without being linear, or when one of the variables is
ordinal, the system can also compute the Spearman rank
correlation, which applies the same Pearson formula to
the ranked values of X and Y instead of their raw
values, making it more resistant to outliers and to non-
linear but still monotonic trends.

For a wide dataset with n numerical columns,
evaluating every pairwise combination means
computing n(n—1)/2 correlations. Instead of reporting
all of them, Autolnsight ranks the pairs by the absolute
strength of their correlation and only surfaces those
above a configurable relevance threshold (for example,
[r]| > 0.5), keeping the generated narrative focused on the
relationships most likely to matter.

G. Automated Visualization Module

Visualization choices in Autolnsight are driven by
column type and analytical context, summarized in
Table 1. The underlying logic follows a step-by-step
decision procedure: it starts by checking the data type
of the column, or pair of columns, in question; for
categorical columns it then checks cardinality (the
number of distinct values) to decide between a full bar
chart and a grouped ‘top-N plus other’ bar chart; and
finally, it checks whether a datetime column is
involved, in which case a line chart is preferred over a
scatter plot for showing trends.

TABLE I. VISUALIZATION SELECTION
MAPPING

Data Type / Analysis

Suggested Visualization

Numerical distribution Histogram

Bar Chart

Categorical frequency
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Numerical relationship | Scatter Plot

Outlier analysis Box Plot
Correlation (multi- | Heatmap
variable)

Time-based data Line Chart

Category comparison Grouped Bar Chart

Categorical VS.
Numerical

Box Plot by Group

H. Al Data Storytelling Module

This module is one of Autolnsight’s core components.
Rather than simply presenting numerical output, it turns
notable analytical findings into natural-language
statements for instance, “The analysis indicates a strong
positive relationship between advertising expenditure
and sales,” or “The Sales column contains several
unusually high observations that may require further
investigation.” Its job is to turn technical analytical
results into explanations that are easy to follow, and it
is described more fully in Section X.

I. Report Generation Module

An automated report is generated that brings together a
dataset overview, a data-quality summary, statistical
analysis, visualizations, correlations, outliers, key
insights, and recommendations. This report takes the
form of a structured document (HTML or PDF),
making it easy to share with stakeholders who may not
have direct access to the Autolnsight platform.

VIII. SYSTEM WORKFLOW AND ALGORITHMS

This section sets out the processing pipeline more
formally, using pseudocode for the two modules that
are most central algorithmically: outlier detection and
visualization selection. Expressing them as explicit
algorithms makes clear how the automated decisions
described in narrative form in Section VII are actually
computed.

A. Outlier Detection Algorithm
Algorithm 1: DetectOutliers(column)
Input: numerical column values V
Output: set of flagged indices F

1: Q1 « 25th percentile of V

2: Q3 « 75th percentile of V

3:IQR « Q3 — QI
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4: lower < Q1 — 1.5 x IQR

5:upper < Q3 + 1.5 x IQR

6: p < mean(V); 6 « std(V)

7:F «— {}

8: for each value x at index i in V:

9: iqr_flag « (x <lower) OR (x > upper)

10 z—x—w/o

11: z flag«|z|>3

12: ifiqr flag AND z flag: confidence «<— "high"

13: elseif igr_flag OR z_flag: confidence < "low"
14: else: continue

15: F < F U {(i, X, confidence)}

16: return F

It is this dual-flag confidence scheme, shown in lines
12-13, that lets the storytelling module (Section X) tell
the difference between stronger phrasing such as
“contains several unusually high observations” (high
confidence) and more hedged wording such as “a small
number of values fall outside the typical range” (low
confidence).

B. Visualization Selection Algorithm

Algorithm 2: SelectVisualization(col_a, col_b)
Input: one or two columns with inferred types
Output: chart type C

1:if col_b is null:

if type(col_a) = numerical: C « Histogram

3: else if type(col_a) = categorical:

4.  if cardinality(col _a)> 15: C « Top-N Bar Chart
5 else: C « Bar Chart

6: else if type(col_a) = datetime: C < Line Chart
7

8

9

s else:
if both numerical: C < Scatter Plot

. else if one categorical, one numerical: C < Box Plot
by Group
10:  else if one datetime, one numerical: C <« Line
Chart
11: else: C < Grouped Bar Chart
12:return C

IX. METHODOLOGY

Autolnsight’s methodology follows the sequential

stages set out below:

1. Dataset Upload — the user submits a CSV or Excel
file.

2. Dataset Validation the system checks file format,
row and column counts, whether the dataset is
empty, column names, and data types.
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3. Data Profiling a profile is generated covering dataset
dimensions, numerical and categorical columns,
missing values, duplicates, and unique values.

4. Data Preprocessing problematic data is flagged, and
suitable preprocessing operations can optionally be
applied.

5. Statistical Analysis descriptive statistics are
computed for numerical and categorical variables
alike.

6. Anomaly Detection potential outliers are detected
through statistical techniques, formalized in
Algorithm 1.

7. Relationship Analysis correlations and other
relationships between variables are analyzed and
ranked by strength.

8. Visualization Selection appropriate charts are
chosen automatically based on data characteristics,
formalized in Algorithm 2.

9. Data Story Generation key analytical findings are
turned into natural-language insights.

10.Report Generation — the major findings are pulled
together into an automated analytical report.

In practice, Stages 5 through 9 need not run strictly
one after another: statistical analysis, anomaly
detection, and relationship analysis can all execute in
parallel across columns, since each operates
independently on its own column or column pair. This
parallel execution is one reason automated EDA can be
considerably faster than a manual, sequential review
carried out by a human.

X. AI-BASED DATA STORYTELLING

Within Autolnsight, artificial intelligence is applied
mainly to interpretation and data storytelling. The Al
component takes structured analytical output — a
column summary such as Sales: Mean = 45,200,
Maximum = 98,000, Minimum = 12,000 — together
with correlation values such as Advertising vs. Sales =
0.87, and works from there.

From figures like these, the system can produce an
accessible insight along the lines of: “Advertising
expenditure and sales show a strong positive
relationship, suggesting that higher advertising
investment is associated with higher sales in this
dataset.” In other words, the Al layer functions as an
interpretation engine sitting between the numerical
analysis and the human-readable explanation, rather
than as a source of new numerical claims of its own.
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A. Grounded Generation

One of the central design constraints is that the
language model handling the storytelling is never
allowed to make up numbers on its own. It is instead
given a structured summary of statistics that have
already been computed — means, correlation
coefficients, outlier counts, category frequencies —and
instructed to phrase these figures in prose without
changing them. This grounding is essential for
reliability: because the underlying statistics come
deterministically from the statistical analysis module,
the narrative layer’s job is restricted to wording and
prioritization rather than computation.

B. Insight Ranking

A wide dataset can easily yield dozens of statistically
valid observations, so before generating any text, the
storytelling module ranks candidate insights. This
ranking takes into account correlation strength, outlier
confidence (computed as in Algorithm 1), and the share
of missing or duplicate data in the relevant columns,
ensuring the final report highlights the handful of
findings most likely to matter to the reader instead of
exhaustively listing every statistic that was computed.

C. Illlustrative Narrative Examples

Where traditional EDA is largely limited to numbers
and charts, Autolnsight goes a step further by
explaining what those results actually mean. For
example, given an average customer age of 36.5 years
spanning a range of 18 to 72, the system might generate
the story: “The customer population has an average age
of approximately 37 years, with ages ranging from 18
to 72.” In a similar way, a correlation of 0.82 between
experience and salary would lead the system to
produce: “Experience and salary demonstrate a strong
positive relationship in the analyzed dataset.” This
makes it far easier for users without a strong statistical
background to follow what the analysis is actually
saying.

XI. ILLUSTRATIVE CASE STUDY

To show how Autolnsight behaves from start to finish,
this section works through a hypothetical retail sales
dataset with 10,000 rows and columns for Order Date,
Product Category, Region, Advertising Spend, and
Sales.
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A. Step 1 — Profiling

Autolnsight infers Order Date to be a datetime column,
Product Category and Region to be categorical, and
Advertising Spend and Sales to be numerical. It reports
124 missing values, concentrated mostly in the Region
column, along with 18 fully duplicated rows.

B. Step 2 — Statistical Summary

For the Sales column, the system computes a mean of
45,200, a maximum of 98,000, a minimum of 12,000,
and a moderately positive skew — indicating that a
handful of high-value transactions are pulling the mean
above the median.

C. Step 3 — Outlier and Correlation Detection

Running Algorithm 1 against the Sales column flags 37
transactions as high-confidence outliers, each one
exceeding both the IQR-based upper bound and a Z-
score of 3. Applying the correlation module to
Advertising Spend and Sales produces a Pearson
coefficient of 0.87, which clears the 0.5 relevance
threshold and is therefore included in the report.

D. Step 4 — Visualization

Following Algorithm 2, the system chooses a line chart
for Sales plotted against Order Date, a scatter plot for
Advertising Spend versus Sales, a box plot for Sales
grouped by Product Category, and a bar chart for
transaction counts broken down by region.

E. Step 5 — Narrative Output

From this, the storytelling module produces statements
such as: “Advertising expenditure and sales show a
strong positive relationship (r = 0.87), suggesting that
higher advertising investment is associated with higher
sales,” and “The Sales column contains 37 unusually
high observations that may warrant further
investigation.” Both statements can be traced directly
back to the statistics computed in Steps 2 and 3,
illustrating the grounded-generation principle set out in
Section X.

XIl. TECHNOLOGIES USED
One possible implementation of Autolnsight could
draw on the following technologies:

e Programming Language: Python
o Data Processing: Pandas, NumPy
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¢ Visualization: Matplotlib, Seaborn, Plotly

¢ Machine Learning: Scikit-learn

e AI/NLP: Natural Language Processing, Large
Language Model API or locally hosted language
model

e Web Framework: Streamlit or Flask

e File Processing: OpenPyXL, Pandas

¢ Report Generation: ReportLab

XIIl. APPLICATIONS

The Autolnsight framework lends itself to a number of
fields, each with its own domain-specific analytical
priorities.

A. Business Analytics

Organizations can use it to examine sales, revenue,
customer behaviour, marketing campaigns, and product
performance. Automated correlation analysis between
marketing spends and revenue, for instance, can help
marketing teams quickly spot which campaigns are tied
to measurable results.

B. Healthcare Analytics

The framework can help explore patient datasets,
laboratory results, medical statistics, and hospital
records — for example, by summarizing the
distribution of vital signs or flagging unusual lab values
for manual review. That said, its use in healthcare
should be regarded strictly as analytical support rather
than clinical diagnosis, and any Al-generated statement
needs to be checked by a qualified professional before
it is acted on.

C. Education

Educational institutions can use it to look at student
performance, attendance, exam results, and course
outcomes — for example, spotting courses whose grade
distributions are unusually bimodal, a pattern that may
point to a mismatch between course difficulty and
student preparation.

D. Finance

In finance, datasets covering transactions, revenue,
expenses, and customer behaviour can be explored,
with outlier detection helping to flag unusual
transactions early on for closer review.
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E. E-Commerce

For e-commerce, the framework can analyze product
sales, customer purchases, reviews, orders, and product
categories, helping merchandising teams see which
categories are growing, shrinking, or showing unusual
seasonal behaviour.

XIV. PERFORMANCE EVALUATION

Autolnsight’s performance can be assessed along
several quantitative and qualitative dimensions.

A. Processing Time

Measure how long the system takes to process datasets
of varying sizes, usually reported as a function of row
and column count, since both influence the cost of per-
column statistics and pairwise correlation computation.

B. Statistical Accuracy

Check automatically computed statistics against trusted
statistical software or hand-calculated values to confirm
that the underlying computation layer is numerically
correct.

C. Visualization Accuracy

Assess whether the chosen visualization fits the
underlying data type, using the decision rules in
Algorithm 2 as the benchmark.

D. Anomaly Detection Performance

Test how well the system detects deliberately
introduced or otherwise known outliers, with precision
and recall computed as:

Precision =TP / (TP + FP) @)

Recall = TP / (TP + FN) (8)

Here TP, FP, and FN stand for true positive, false
positive, and false negative outlier flags, measured
against a labelled evaluation set. The F1-score, the
harmonic mean of precision and recall, then gives a
single combined measure:

F1 =2 - (Precision - Recall) / (Precision + Recall) (9)

E. Insight Quality
Users can score the generated insights on accuracy,
relevance, clarity, and usefulness, typically via a Likert-
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scale survey completed after reviewing a generated
report.

F. Report Generation Time

Track how long it takes to produce a complete
analytical report, from the point statistical analysis
finishes to delivery of the final formatted document.

XV. EXPECTED RESULTS

Once a dataset has been uploaded, Autolnsight is
expected to present a dashboard with a dataset
summary, illustrated in Table Il for the case study
described in Section XI.

TABLE Il. SAMPLE DATASET SUMMARY

Metric Value
Rows 10,000
Columns 12
Numerical Columns 7
Categorical Columns 5
Missing Values 124
Duplicate Rows 18
High-Confidence 37
Outliers

Relevant Correlations 3
(r/=0.5)

Beyond the statistical summary, the system
automatically produces visualizations histograms, bar
charts, scatter plots, box plots, correlation heatmaps,
and line charts, as appropriate.

Al-generated insights present the key findings as
natural-language statements, and the final automated
report brings together the dataset summary, data-quality
assessment, statistics, charts, anomalies, correlations,
Al-generated insights, and recommendations.

XVI. COMPARISON WITH EXISTING TOOLS

Table 111 situates Autolnsight against the representative
tool categories discussed in Section I, focusing on
three capabilities that are central to its design:
automated  visualization  selection,  statistically
grounded anomaly detection, and natural-language data
storytelling.

TABLE I1l. COMPARISON WITH REPRESENTATIVE EXISTING TOOLS

Tool / Category Auto Visualization Anomaly Detection NL Storytelling
Profiling libraries (e.g., ydata-profiling) Partial Basic No
Interactive tools (e.g., D-Tale, Lux) Yes Limited No
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BI Platforms (e.g., Tableau, Power BI) Manual Add-on No
AutoML platforms No No No
Autolnsight (proposed) Yes Dual-method, ranked | Yes, grounded

This comparison is meant as a qualitative positioning
exercise rather than a formal benchmark; a direct
quantitative comparison would require running every
tool against the same evaluation datasets under identical
conditions, which is left as proposed future empirical
work.

XVII. ADVANTAGES OF THE PROPOSED
SYSTEM

Relative to the traditional, manual EDA workflow,

Autolnsight offers a number of advantages:

1. Automation — cuts down repetitive manual work at
every stage of the pipeline.

2. Time Saving — produces a complete analysis in a
fraction of the time a manual review would take.

3. Beginner Friendly — needs only limited statistical
knowledge to interpret the output.

4. Automated Visualization — picks suitable charts
based on explicit, auditable rules.

5. Anomaly Detection — surfaces unusual
observations using cross-validated statistical
methods.

6. Natural-Language Insights — explains findings in
simple, grounded language.

7. Report Generation — assembles structured
analytical reports without manual effort.

8. Scalability — extends to larger datasets through
parallel processing across columns.

9. Reusable Framework — adapts to different domains
with minimal reconfiguration.

10.Improved Accessibility — makes data analysis
easier for experts and non-experts alike.

XVIII. LIMITATIONS

Despite the automation it provides, Autolnsight is not

without its limitations:

1.The quality of automatically generated insights
depends on the quality of the dataset itself; poorly
collected or biased data will result in biased
narratives.

2.Correlation does not imply causation, so the
generated language has to be carefully worded to
avoid suggesting causal claims that aren’t warranted.
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3.0utlier detection can produce false positives,
particularly with distributions that are naturally
heavy-tailed.

4.Because it is rule-based, visualization selection may
not always match the user’s specific analytical
objective, since no fixed rule set can anticipate every
use case.

5. Al-generated explanations should still be checked
against the underlying statistics, particularly in high-
stakes domains such as healthcare or finance.

6.Extremely large datasets may need further
optimization or distributed processing to keep
processing time within acceptable limits.

7.Some domain-specific interpretation calls for expert
knowledge that a general-purpose storytelling
module simply cannot provide.

8. The current design is built around structured, tabular
data and does not extend to unstructured or semi-
structured sources such as free text or images.

XIX. FUTURE SCOPE

Autolnsight can be extended in several directions to add
more advanced capabilities.

A. Predictive Analytics

The system could be extended to automatically build
machine-learning models for classification, regression,
and forecasting, pushing the platform from purely
descriptive analysis toward predictive analysis.

B. Automated Feature Engineering

The system could automatically surface useful features
and transformations — for example, binning skewed
numerical columns or encoding categorical columns
with high cardinality.

C. Advanced Anomaly Detection

Future versions could bring in Isolation Forest, Local
Outlier Factor, autoencoders, and clustering-based
anomaly detection to complement the IQR- and Z-
score-based methods described in Algorithm 1 —
especially for multivariate anomalies that univariate
techniques simply cannot catch.
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D. Natural-Language Querying

Users could pose questions such as “Which product
generated the highest revenue?” or “Show me the
strongest relationships in this dataset,” with the system
automatically analyzing the data and answering them
effectively  extending the grounded-generation
approach from Section X into an interactive, question-
answering mode.

E. Interactive Al Assistant

An integrated chatbot could let users converse with
their dataset in natural language, keeping track of
context across a series of follow-up questions.

F. Multi-Source Data Analysis

Future versions could extend beyond the current
CSV/Excel-only ingestion module to support SQL
databases, APIs, JSON, cloud storage, and real-time
data streams.

G. Domain-Specific Storytelling

The system could tailor its explanations to specific
domains — business, healthcare, education, finance,
retail, and manufacturing — adjusting vocabulary and
emphasis to match each domain’s conventions.

XX. CONCLUSION

This paper has presented Autolnsight, an Al-based
approach to automating exploratory data analysis and
data storytelling. Traditional EDA requires users to
inspect datasets by hand, perform statistical
calculations, spot anomalies, choose visualizations, and
interpret the results. The proposed framework
automates these activities through an integrated
pipeline made up of data validation, preprocessing,
statistical analysis, anomaly detection, correlation
analysis, automated visualization, and natural-language
data storytelling.

Autolnsight’s central contribution lies in its ability to
turn raw datasets into understandable analytical stories
while keeping every generated statement traceable to a
specific, deterministically computed statistic. Rather
than stopping at tables and charts, the system explains
important  trends, relationships, and unusual
observations in natural language. This lowers the
technical barrier around data analysis and makes
analytical insight more accessible to students,
researchers, business users, and other non-technical
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audiences, as the case study in Section XI and the
comparative positioning in Section XV both illustrate.
Going forward, the framework can be strengthened
further with predictive analytics, natural-language
querying, more advanced anomaly detection,
automated machine learning, and domain-specific Al
assistants. In sum, Autolnsight shows what becomes
possible when Artificial Intelligence, Data Science,
Automated EDA, Data Visualization, and Natural
Language Generation are brought together to build an
intelligent, next-generation data analysis platform.
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