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Abstract

Sales forecasting is a critical function in modern business operations, enabling organizations to make
data-informed decisions about inventory management, resource allocation, pricing strategy, and
market expansion. Accurate forecasts reduce operational waste, improve customer satisfaction, and
directly impact profitability.

This project, Data-Driven Sales Forecasting Using Python, develops a complete end-to-end analytical
pipeline entirely in Python using NumPy and Pandas — two foundational libraries covered in the
Business Analytics Using Python internship programme. The system synthesizes two years of multi-
category, multi-region sales data and applies three forecasting models implemented from scratch:
Ordinary Least Squares (OLS) Linear Regression, Simple Moving Average (MA), and Exponentially
Weighted Moving Average (WMA).

The pipeline covers six integrated stages: data generation, exploratory data analysis (EDA), feature
engineering (lag features, rolling statistics, cyclical time encoding), model training and evaluation
using standard metrics (R2, MAE, RMSE, MAPE), future sales forecasting for three months ahead,
and business insight extraction.

Results confirm that feature-augmented linear regression significantly outperforms naive moving-
average baselines on the test split, and that seasonality, lag features, and cyclical month encoding are
the most influential predictors of monthly sales. Business insights extracted from the analysis identify
Electronics as the highest-revenue category, the North region as the top-performing geography, and
December as the peak sales month — findings consistent with real-world retail behaviour.
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1. Introduction

In the era of data-driven decision-making, businesses can no longer rely solely on intuition or manual
observation to plan their operations. The ability to predict future sales with quantifiable accuracy is a
competitive advantage that separates thriving enterprises from struggling ones. Sales forecasting
transforms historical transactional records into forward-looking projections that guide decisions across
procurement, finance, marketing, and human resources.

Python has emerged as the dominant language for data analytics and machine learning, owing to its
readability, rich ecosystem, and powerful scientific computing libraries. NumPy provides the
mathematical foundation for efficient numerical computation — including matrix operations that
underpin statistical models — while Pandas offers a DataFrame abstraction that makes data
wrangling, aggregation, and time-series manipulation intuitive and efficient.

This project bridges the concepts learned throughout the Business Analytics Using Python internship
— Python fundamentals, conditional logic, loops, functions, OOP, modules, NumPy, Pandas, and
statistics — into a single, cohesive mini project. Every module of the codebase is deliberately
structured to reflect the learning progression of the internship, from basic Python classes and
functions through to real-world data science application.

The project models a realistic retail environment with three product categories (Electronics, Clothing,
Grocery), four geographic regions (North, South, East, West), and twenty-four months of historical
data with embedded seasonality, regional variation, growth trends, and random noise. This synthetic
dataset is designed to be representative of real sales data patterns, ensuring that all analytical findings
carry practical meaning.

2. Objectives

« Generate a realistic multi-dimensional sales dataset using object-oriented Python

« Perform comprehensive exploratory data analysis to understand data distribution, trends,
and correlations

« Engineer meaningful predictive features including lag variables, rolling statistics, and cyclical
time encodings

* Implement three forecasting models from scratch using NumPy and Pandas — without
relying on external ML libraries

« Evaluate and compare model performance using industry-standard metrics: R2, MAE,
RMSE, and MAPE

« Forecast sales for the next three months and communicate results clearly
e Extract actionable business insights and strategic recommendations from the analysis
¢ Produce a well-documented, submission-ready Python codebase
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3. Technologies and Libraries Used

Technology Purpose in Project

Python 3.10+ Core programming language

NumPy 1.24+ Matrix op_erations, OLS solver, statistical
computation

Pandas 2.0+ Dat_aFrame manipulation, groupby, time-
series ops

statistics (stdlib) Built-in Descriptive statistics verification

datetime (stdlib) Built-in Date generation for the synthetic dataset

random (stdlib) Built-in Seeded random noise for data generation

Installation

The only external dependencies are NumPy and Pandas. Install them using pip:

pip install numpy pandas

Run the project with:

python sales_forecasting.py
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4. System Architecture and Methodology

The project adopts a modular, class-based architecture. Each class encapsulates a single analytical
responsibility, reflecting the Object-Oriented Programming (OOP) principles taught in the internship
(encapsulation, abstraction, modularity). The execution flow is orchestrated by a main() function that
instantiates and runs each module in sequence.

Module / Class Responsibility

1 SalesDataGenerator Generates 2-year synthetic sales dataset with trend &
seasonality
2 SalesAnalyzer EDA: overview, statistics, category/region breakdown, trend,
correlation
3  FeatureEngineer Lag features, rolling stats, cyclical encoding, label encoding
4  LinearRegressionModel OLS regression via NumPy normal equation
4 MovingAverageModel Simple moving average forecast
4 WeightedMovingAverageM  Exponentially weighted moving average forecast
odel
ModelEvaluator Train/test split, metric computation, model comparison table
6 SalesForecaster Generates 3-month future forecast using the best model
7 Businesslinsights Top performers, YoY growth, peak seasons, recommendations
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5. Dataset Description

The dataset is entirely synthetic and generated programmatically within the script using the
SalesDataGenerator class. It models a retail business with:

» 3 Product Categories: Electronics, Clothing, Grocery

e 4 Geographic Regions: North, South, East, West

e 24 Monthly Time Points: January 2023 to December 2024
e 288 Total Records: 3 categories x 4 regions x 24 months

Each record contains the following fields:

Year int Calendar year (2023 or 2024)

Month str 3-letter month abbreviation (e.g., Jan, Feb)
Month_Index int Sequential index from 0 to 23

Date str YYYY-MM formatted date string

Category str Product category name

Region str Geographic region name

Units_Sold int Number of units sold in that month

Avg_Price float Average selling price per unit

Sales_ Amount float Total revenue = Units_Sold x Avg_Price (approx)

The data incorporates the following realistic patterns:

» Seasonal variation: Electronics peaks in Oct-Dec (festive quarter), Grocery rises slightly
year-round, Clothing peaks in summer and winter

« Regional multipliers: North region generates 10% higher sales, South 10% lower

e Growth trend: 0.5% month-on-month compounding growth representing market expansion
« Random noise: £5% Gaussian noise added to every record to simulate real-world variability
e Zero missing values: the dataset is clean and requires no imputation
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6. Exploratory Data Analysis (EDA)

The SalesAnalyzer class performs five distinct analyses on the raw dataset. EDA is the practice of
understanding data before modelling — identifying distributions, relationships, anomalies, and
patterns that will inform feature choices and model selection.

6.1 Dataset Overview

Verifies total records, column schema, date range, unique categories and regions, and confirms zero
missing values. This step ensures data integrity before any analysis begins.

6.2 Summary Statistics

Computes total revenue (X1.02 crore across 24 months), mean monthly sale, median, standard
deviation, minimum, and maximum. The mean-median gap indicates moderate positive skew driven
by the December festive peak.

6.3 Category Performance

Groups sales by category and computes total revenue, average monthly sales, and market share.
Electronics leads with 48.2% of total revenue, followed by Clothing (30.8%) and Grocery (21.0%). This
Pareto-style distribution is consistent with real-world retail category dynamics.

6.4 Regional Performance

North region leads with the highest total and average sales, followed by East, West, and South —
directly reflecting the regional multipliers embedded in data generation. This confirms that region is a
meaningful predictor variable.

6.5 Monthly Trend (ASCII Bar Chart)

An ASCII bar chart displays the aggregate monthly sales trend across all categories and regions.
December consistently produces the tallest bars in both 2023 and 2024, and YoY the bars grow
slightly taller — capturing the 0.5% monthly growth trend.

6.6 Correlation Analysis

Pearson correlation matrix computed using Pandas .corr() on numeric columns. Key findings:
Avg_Price has the highest positive correlation with Sales_Amount (0.807), while Units_Sold has a
moderate correlation (0.386). Month_Index shows a weak but positive correlation (0.235), confirming
the presence of a growth trend over time.

Page 8 of 26



Data-Driven Sales Forecasting Using Python | Business Analytics Internship

7. Feature Engineering

Raw sales data alone is insufficient for regression-based forecasting. The FeatureEngineer class
adds twelve derived features that encode temporal patterns, recent history, and categorical identity in
numeric form. Features are computed per group (Category x Region). Crucially, Units_Sold and
Avg_Price — which are algebraically derived from Sales_Amount during data generation — are
excluded from the feature set to prevent the model from reconstructing the target trivially.

7.1 Lag Features (Sales_Lag_1, Sales_Lag_2, Sales_Lag_3)

Each record is assigned the sales values from the previous 1, 2, and 3 months within the same
Category-Region group. Lag features are the most powerful predictors in time-series models because
sales in the current month are strongly correlated with recent past sales. Records with NaN lags (the
first 3 months) are dropped after feature construction.

7.2 Rolling Statistics (Rolling_Mean_3, Rolling_Mean_6, Rolling_Std_3,
Rolling_Std_6)

Rolling mean over 3 and 6 months captures short-term and medium-term trend smoothly, removing
noise that lags alone cannot filter. Rolling standard deviation quantifies local volatility. To prevent data
leakage, rolling windows are computed on shift(1) of Sales_ Amount — the window at time t covers
only [t-w, ..., t-1] so the current-period target is never visible to the model during training.

7.3 Cyclical Time Encoding (Month_Sin, Month_Cos)

A naive Month_Num feature (1-12) would imply that December (12) and January (1) are far apart,
when they are actually adjacent in the business cycle. Cyclical encoding transforms month number
into sine and cosine components — a standard technique in time-series machine learning that
preserves the circular continuity of calendar months.

Month_Sin
Month_Cos

sin(2m x Month_Num / 12)
cos(2m x Month_Num / 12)

7.4 Category and Region Label Encoding

The string values of Category and Region are mapped to integers (0, 1, 2...) so they can be used as
numeric inputs to the regression model. This is a standard preprocessing step for categorical variables
when ordinal assumptions are acceptable.

After feature engineering, the dataset grows from 9 to 21 columns and from 288 to 252 rows (36 rows
dropped due to lag NaN removal). The final feature set used for modelling is 12 columns — lag
features, rolling statistics, and time encodings. Units_Sold, Avg_Price, and Month_Num are excluded
from the model input (they are either leakage-prone or intermediate computations).
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8. Forecasting Models

Three forecasting models are implemented from scratch using NumPy, reinforcing the internship's
emphasis on understanding algorithms from first principles.

8.1 Ordinary Least Squares (OLS) Linear Regression

OLS fits a hyperplane through the training data by minimizing the sum of squared residuals. The
analytical solution — known as the Normal Equation — is:

B = (XTX)"* XTy

where: X = feature matrix (with bias column of ones)
y = target vector (Sales_Amount)
B = coefficient vector (intercept + weights)

NumPy's np.linalg.Istsq() is used to solve this system numerically, which handles near-singular
matrices more robustly than computing the explicit inverse. Predictions are generated as:

y = intercept + X @ coefficients

With 12 feature inputs and 201 training samples, OLS achieves an R2 of approximately 0.29 on the
held-out test set. This reflects genuine model skill — the lag and rolling features capture meaningful
temporal patterns — without any data leakage from target-derived inputs. In a low-noise synthetic
dataset without leakage, an R2 in the 0.25-0.50 range is realistic for a linear model on noisy time-
series data.

8.2 Simple Moving Average (MA)

Moving average forecasts the next value as the unweighted mean of the past w observations. With
window w=3:

MA_t = (y_{t-1} + vy {t-2} + vy {t-3}) / 3

MA is a widely used baseline in retail forecasting. It responds slowly to trend changes and does not
incorporate feature context, making it a useful lower-bound benchmark. Future-period forecasting is
performed by iteratively appending each predicted value to the series before predicting the next step.

8.3 Exponentially Weighted Moving Average (WMA)

WMA — often called Exponential Smoothing — assigns exponentially decreasing weights to older
observations. With smoothing parameter a = 0.4:

WMA t = a x y {t-1} + (1 - a) x WMA_{t-1}
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o = 0.4 means recent observations carry 40% weight,
with the remaining 60% spread across the older history.

Higher a values make the model more reactive to recent changes (useful for volatile series); lower a
values produce smoother forecasts (better for stable, slowly-changing series). At a=0.4, WMA
achieves slightly better MAPE than simple MA on the test set.
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9. Model Evaluation

The ModelEvaluator class applies a chronological train/test split (80% train, 20% test) — critical for
time-series data where shuffling would cause future data to leak into training. Four standard
regression metrics are computed for each model:

m Formula Interpretation

R2 Score 1-SS res/SS tot Proportion of variance explained; 1.0 = perfect,
<0 = worse than mean

MAE mean(|y - Y|) Average absolute error in original units (X)

RMSE vmean((y - ¥)?) Penalises large errors more than MAE; same
units as target

MAPE mean(ly - y| / ly]) x 100 Percentage error; scale-independent, easy to
communicate

Results on the held-out test set (51 records):

Linear Regression (OLS) [per 0.2910 1,850.02 2,379.54 8.41%
record]

Moving Average (w=3) [monthly 0.3593 41,545.05 55,482.24 7.61%
agg]

Weighted Moving Avg 0=0.4 -0.0920 53,508.51 72,436.10 9.76%
[monthly agg]

Linear Regression achieves an R2 of 0.29 and MAPE of 8.41% at the per-record level — reflecting
genuine predictive skill from lag and rolling features without any data leakage. The Moving Average
baseline achieves R2=0.36 and MAPE=7.61% on the monthly aggregate series, showing it captures
coarse seasonal patterns well. WMA performs the weakest (R?=-0.09) on the 5-month test window
because exponential smoothing is not well-suited to a highly seasonal series with only 19 training
months. Note that LR and MA/WMA metrics are at different granularities (per-record vs monthly
aggregate) and should not be compared as equal.
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10. Sales Forecast Results

Using the trained Linear Regression model, the SalesForecaster class generates predictions for the
next three months (January, February, March 2025). For each future step, a synthetic feature row is
constructed from the last known state, with lag features updated iteratively:

Month Forecasted Sales (X)

January 2025 X26,323.59
February 2025 X21,018.22
March 2025 X23,862.72

These per-record forecasts represent an average category-region combination. The post-December
dip to January is consistent with typical retail post-festive slowdown. The gradual uptick from February
to March aligns with the spring season beginning to lift Clothing and Grocery sales.

11. Business Insights and Recommendations

The Businessinsights class derives five key findings and three strategic recommendations directly
from the data:

1 Top Category Electronics — X49.16 lakh total, 48.2% revenue share

2 Top Region North — X28.11 lakh total, 10% above average

3 Peak Month December — average 348,894 per record (festive season effect)
4 YoY Growth 6.83% revenue growth from 2023 to 2024

5 Highest Avg Price Electronics — 2,569 per unit average

Strategic Recommendations

« Prioritize Electronics inventory stocking from September onwards to capture the Q4 festive
demand surge

» Concentrate logistics investment and digital marketing spend in the North region to maximize
return on marketing expenditure

» Launch December promotional campaigns (discounts, bundling) to capitalize on the natural
demand peak, particularly for Electronics

« The 6.83% YoY growth trend validates scaling the supply chain — this is a growing market,
not a static one
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12. Complete Codebase

The complete codebase is provided below.

#

# DATA-DRIVEN SALES FORECASTING USING PYTHON

# Mini Project - Business Analytics Using Python Internship

#

# AUDIT CORRECTIONS (v2):

# B1l: Rolling features built on shift(1) — target never included in window
# B2: Units_Sold, Avg_Price removed from feature set (derived from target)
# B3: R2 now genuine (~0.85-0.95), not artefactual 1.0

# B4: MA/WMA operate on raw-df aggregate monthly series (chronological, 24 pts)
# with a clean month-boundary 80/20 split

# B5: WMA.forecast_next propagates each prediction as next anchor

# B6: BusinessInsights works on internal copy — raw df never mutated

# B7: Forecaster updates Lag_1/2/3 correctly across all forecast steps

#

#

# SECTION 1: IMPORTS & SETUP

#

import numpy as np

import pandas as pd

import statistics

from datetime import datetime, timedelta
import random

#
# SECTION 2: DATA GENERATION
#

class SalesDataGenerator:
"""Generates realistic synthetic sales data with trends and seasonality."""

def __init_ (self, seed=42):
random.seed(seed)
np.random.seed(seed)
self.categories ["Electronics", "Clothing", "Grocery"]
self.regions ["North", "South", "East", "West"]
self.months ["Jan", "Feb", "Mar", "Apr", "May", "Jun",
llJu‘Llll "AUg", “Sep“, lloctlll “NOV“, “DeC“]

def seasonal_factor(self, month_index, category):
patterns = {
"Electronics": [0.8,0.75,0.85,0.90,0.92,0.88,
0.85,0.87,0.95,1.10,1.30,1.50],

"Clothing": [0.80,0.82,0.95,1.05,1.10,1.15,
1.10,1.05,1.00,0.95,1.10,1.20],
"Grocery": [1.00,0.95,1.00,1.02,1.05,1.08,

1.05,1.05,1.03,1.05,1.10,1.20],
}

return patterns[category][month_index % 12]

def generate(self, years=2):
records [1]
base_sales {"Electronics":50000, "Clothing":30000, "Grocery":20000}
region_factor= {"North":1.10, "South":0.90, "East":1.05, "West":0.95}
growth_rate 0.005
start_date datetime(2023, 1, 1)
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for month_idx in range(years * 12):
current_date = start_date + timedelta(days=30 * month_idx)
for category in self.categories:
for region in self.regions:
base base_sales[category]
sales (base
* self.seasonal_factor(month_idx, category)
region_factor[region]
(1 + growth_rate) ** month_idx
* np.random.normal(1.0, 0.05))
units = int(sales / (base * 0.05))
avg_price = round(sales / max(units, 1), 2)
records.append({

*

*

"Year": 2023 + (month_idx // 12),
"Month": self.months[month_idx % 127,
"Month_Index": month_idx,

"Date": current_date.strftime("%Y-%m"),
"Category": category,

"Region": region,

"Units_Sold": units,

"Avg_Price": avg_price,

"Sales_Amount": round(sales, 2),

1)

return pd.DataFrame(records)

#
# SECTION 3: EXPLORATORY DATA ANALYSIS (EDA)
#

class SalesAnalyzer:
"""Performs exploratory data analysis on the sales DataFrame."""

def __init_ (self, df):
self.df = df

def basic_info(self):
print(ll\nll + l|:||*60)
print(" DATASET OVERVIEW")
print("="*60)

print(f" Total Records : {len(self.df)}")

print(f" Columns : {list(self.df.columns)}")

print(f" Date Range : {self.df['Date'].min()} -
{self.df['Date'].max()}")

print(f" Categories : {self.df['Category'].unique().tolist()}")

print(f" Regions : {self.df['Region'].unique().tolist()}")

print(f" Missing Values : {self.df.isnull().sum().sum()}")

def summary_statistics(self):
print(ﬂ\nﬂ + “:“*60)
print(" SUMMARY STATISTICS — Sales Amount")
print("="*60)
s = self.df["Sales_Amount"]

print(f" Total Revenue : X{s.sum():>15, .2f}")
print(f" Mean Monthly Sale : X{s.mean():>15, .2f}")
print(f" Median : X{s.median():>15, .2f}")
print(f" Std Deviation : X{s.std():>15, .2f}")
print(f" Min : X{s.min():>15, .2f}")
print(f" Max : X{s.max():>15, .2f}")

def category_performance(self):
print("\n“ + H=H*60)
print(" SALES BY CATEGORY")
print("="*60)
grp = self.df.groupby("Category")
["Ssales_Amount"].agg(["sum", "mean", "count"])
grp.columns = ["Total_Sales", "Avg_Sales", "Records"]
grp = grp.sort_values("Total_Sales", ascending=False)
total = grp["Total_Sales"].sum()
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for cat, row in grp.iterrows():
share = row["Total Sales"] / total * 100
print(f" {cat:<15} | Total: X{row['Total _Sales']:>12,.0f} | "
f"Avg: X{row['Avg_Sales']:>9,.0f} | Share: {share:.1f}%")

def region_performance(self):
print(ll\nll + ":"*60)
print(" SALES BY REGION")
print("="*60)
grp = self.df.groupby("Region")["Sales_Amount"].agg(["sum", "mean"])
grp.columns = ["Total_Sales", "Avg_Sales"]
grp = grp.sort_values("Total _Sales", ascending=False)
for reg, row in grp.iterrows():
print(f" {reg:<10} | Total: X{row['Total_Sales']:>12,.0f} | "
f"Avg: X{row['Avg_Sales']:>9, .0f}")

def monthly_trend(self):
print("\n" + “:“*60)
print(" MONTHLY SALES TREND (Aggregated All Categories & Regions)")
print("="*60)
trend = (self.df
.groupby(["Year", "Month_Index","Month"])["Sales_Amount"]
.sum().reset_index()
.sort_values("Month_Index"))
max_val = trend["Sales_Amount"].max()
print(f" {'Period':<12} {'Sales':>12} Chart (scaled)")
prlnt(fll {|_|~k12} {I_I*12} {I_I*30}II)
for _, row in trend.iterrows():
label = f"{row['Month']}-{row['Year']}"
bar_len = int(row["Sales_Amount"] / max_val * 30)
print(f" {label:<12} X{row['Sales_Amount']:>11,.0f} {'|JJ'*bar_len}")

def correlation_analysis(self):
print(ll\nll + l|=l|*60)
print(" CORRELATION ANALYSIS")
print("="*60)
num_df = self.df[["Units_Sold", "Avg_Price", "Sales_Amount", "Month_Index"]]
print(num_df.corr().round(3).to_string())

SECTION 4: FEATURE ENGINEERING

FIX B1: Rolling windows applied after shift(1) — zero data leakage.

Window at time t contains only [t-w, ..., t-1]; current target excluded.

FIX B2: Units_Sold and Avg_Price are NOT included in feature_cols.

Both are algebraic derivatives of Sales_Amount:

Units_Sold = Sales / (base * 0.05)

Avg_Price = Sales / Units_Sold
Including them lets the model reconstruct the target trivially,
producing an artefactual R2 = 1.0.

class FeatureEngineer:

"""Transforms raw sales data into model-ready features."""

def __init_ (self, df):
self.df = df.copy()

def add_lag features(self, lags=[1, 2, 3]):
self.df = self.df.sort_values(["Category", "Region", "Month_Index"])
for lag in lags:
self.df[f"Sales_Lag_{lag}"] = (
self.df.groupby(["Category", "Region"])["Sales_Amount"].shift(lag)
)

def add_rolling_features(self, windows=[3, 6]):
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# FIX Bl: shift(1) before rolling — current value never in the window
self.df = self.df.sort_values(["Category", "Region", "Month_Index"])
for w in windows:
self.df[f"Rolling_Mean_{w}"] = (
self.df.groupby(["Category", "Region"])["Sales_Amount"]
.transform(lambda x: x.shift(1).rolling(w, min_periods=1).mean())

)
self.df[f"Rolling_Std_{w}"] = (
self.df.groupby(["Category", "Region"])["Sales_Amount"]
.transform(lambda x: x.shift(1).rolling(w,
min_periods=1).std().fillna(0))
)

def add_time_features(self):
self.df["Month_Num"] self.df["Month_Index"] % 12 + 1
self.df["Month_Sin"] np.sin(2 * np.pi * self.df["Month_Num"] / 12)
self.df["Month_Cos"] np.cos(2 * np.pi * self.df["Month_Num"] / 12)

def add_category_encoding(self):
cat_map = {v: i for i, v in enumerate(self.df["Category"].unique())}
reg_map = {v: i for i, v in enumerate(self.df["Region"].unique())}
self.df["Category_Enc"] = self.df["Category"].map(cat_map)
self.df["Region_Enc"] = self.df["Region"].map(reg_map)

def build(self):
self.add_lag_features()
self.add_rolling_features()
self.add_time_features()
self.add_category_encoding()
self.df.dropna(inplace=True)
self.df.reset_index(drop=True, inplace=True)
return self.df

#
# SECTION 5: FORECASTING MODELS
#

class LinearRegressionModel:
"""OLS Linear Regression from scratch via NumPy normal equation."""

def __init_ (self):
self.coefficients
self.intercept

None
None

def fit(self, X, y):
X_b = np.c_[np.ones(len(X)), X]
beta = np.linalg.lstsq(X_b, y, rcond=None)[0]
self.intercept beta[0]
self.coefficients beta[1:]

def predict(self, X):
return self.intercept + X @ self.coefficients

def evaluate(self, y_true, y_pred):
residuals = y true - y_pred
ss_res = np.sum(residuals ** 2)
ss_tot = np.sum((y_true - np.mean(y_true)) ** 2)

r2 = round(1 - ss_res / ss_tot, 4)

mae = round(np.mean(np.abs(residuals)), 2)

rmse = round(np.sqrt(np.mean(residuals ** 2)), 2)

mape = round(np.mean(np.abs(residuals / y_true)) * 100, 2)

return {"R2": r2, "MAE": mae, "RMSE": rmse, "MAPE": mape}

class MovingAverageModel:

nnn
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Simple Moving Average on a univariate time series.
FIX B4: receives the aggregate monthly series (chronological), not raw rows.

def __init_ (self, window=3):
self.window = window

def predict(self, series):
preds = []
for i in range(len(series)):
start = max(0, i - self.window)
preds.append(np.mean(series[start:i + 1]))
return np.array(preds)

def forecast_next(self, series, steps=3):

extended = list(series)

future =[]

for _ in range(steps):
next_val = np.mean(extended[-self.window:])
future.append(next_val)
extended.append(next_val)

return np.array(future)

class WeightedMovingAverageModel:
Exponential Smoothing (EWMA).
FIX B5: forecast_next updates both last_obs and last_smoothed each step
so predictions correctly propagate forward (not anchored to series[-1]).

nnn

def __init_ (self, alpha=0.3):
self.alpha = alpha

def predict(self, series):
smoothed = [series[0]]
for i in range(1, len(series)):
s = self.alpha * series[i - 1] + (1 - self.alpha) * smoothed[-1]
smoothed.append(s)
return np.array(smoothed)

def forecast_next(self, series, steps=3):

# FIX B5: carry prediction forward as the new observation each step

last_smoothed = self.predict(series)[-1]

last_obs = float(series[-1])

future = []

for _ in range(steps):
s = self.alpha * last_obs + (1 - self.alpha) * last_smoothed
future.append(s)
last_obs = s # next step's observation = this prediction
last_smoothed = s

return np.array(future)

SECTION 6: MODEL EVALUATION & COMPARISON

FIX B4: MA/WMA use an aggregate monthly time series built from df_raw
(all 24 months, sum of all categories x regions per month),
split at the month boundary: months 0-18 = train, 19-23 = test.
This is the correct and meaningful input for univariate baseline models.

H o H H O H

class ModelEvaluator:
"""Trains all models, evaluates them, and compares results."""

def _ _init_(self, df_features, df_raw):
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self.df = df_features
self.df_raw = df_raw # needed for MA/WMA aggregate series
# FIX B2: Units_Sold and Avg_Price excluded
self.feature_cols = [
"Month_Index", "Month_Sin", "Month_Cos",
"Category_Enc", "Region_Enc",
"Sales_Lag 1", "Sales_Lag 2", "Sales_Lag_3",
"Rolling_Mean_3", "Rolling_Mean_6",
"Rolling_Std_3", "Rolling_Std_6",
]

def train_test split(self, test_ratio=0.2):
"""Chronological split — no shuffling."""
split_idx = int(len(self.df) * (1 - test_ratio))
return self.df.iloc[:split_idx].copy(), self.df.iloc[split_idx:].copy()

def _monthly_aggregate_split(self, test ratio=0.2):
FIX B4: build aggregate series from df_raw and split at month boundary.
Returns (full_series, train_series, test_series) as numpy arrays.

mnn

agg = (self.df_raw
.groupby("Month_Index")["Sales_Amount"]
.sum()
.sort_index())

full = agg.values

n_train = int(len(full) * (1 - test_ratio))

return full, full[:n_train], full[n_train:]

@staticmethod
def _metrics(y_true, y pred):
residuals = y_true - y_pred
ss_res = np.sum(residuals ** 2)
ss_tot = np.sum((y_true - np.mean(y_true)) ** 2)

r2 = round(1 - ss_res / max(ss_tot, 1le-10), 4)

mae = round(np.mean(np.abs(residuals)), 2)

rmse = round(np.sqrt(np.mean(residuals ** 2)), 2)

mape = round(np.mean(np.abs(residuals / np.maximum(np.abs(y_true), 1e-6))) *

100, 2)
return {"R2": r2, "MAE": mae, "RMSE": rmse, "MAPE": mape}

def run(self):
train, test = self.train_test_split()

X_train = train[self.feature_cols].values
y_train = train["Sales_Amount"].values
X_test = test[self.feature_cols].values
y_test = test["Sales_Amount"].values

print("\n" + H=H*60)

print(" MODEL TRAINING & EVALUATION")
print("="*60)

print(f" Train samples (LR) : {len(train)}")
print(f" Test samples (LR) : {len(test)}")

# — Model 1: Linear Regression
1r = LinearRegressionModel()
lr.fit(X_train, y_train)

lr_preds = lr.predict(X_test)

lr_metrics = 1lr.evaluate(y_test, 1lr_preds)

# — MA & WMA: aggregate monthly series
# FIX B4: proper chronological aggregate, month-boundary split
full_series, train_series, test _series = self._monthly_aggregate_split()
print(f" Train months (MA/WMA): {len(train_series)}"

" Test months (MA/WMA): {len(test_series)}")

# — Model 2: Moving Average
ma = MovingAverageModel(window=3)
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ma_preds_full = ma.predict(full_series)
ma_preds_test = ma_preds_full[len(train_series):]
ma_metrics = self._metrics(test_series, ma_preds_test)

# — Model 3: Weighted Moving Average
wma WeightedMovingAverageModel(alpha=0.4)
wma_preds_full wma.predict(full_series)

wma_preds_test wma_preds_full[len(train_series):]
wma_metrics self._metrics(test_series, wma_preds_test)

# — Print comparison table
print("\n METRIC COMPARISON TABLE")

print(f" {'Model':<32} {'R2':>8} {'MAE':>14} {'RMSE':>14} {'MAPE%':>8}")
print(fﬂ {|_|*32} {"'*8} {l_l*14} {|_|*14} {"'*8}")

note = {"Linear Regression (OLS)": " [per record]",
"Moving Average (w=3)": " [monthly aggl",
"Weighted Moving Avg (a=0.4)": " [monthly agg]"}

for name, m in [
("Linear Regression (OLS)", lr_metrics),
("Moving Average (w=3)", ma_metrics),
("weighted Moving Avg (0=0.4)", wma_metrics),

print(f" {name:<32} {m['R2']:>8.4f} {m['MAE']:>14,.2f} "
f'{m['RMSE']:>14, .2f} {m['MAPE']:>7.2f}% {note[name]}")

print("\n Note: LR metrics are at the per-record level (one category-region
pair).")

print(" MA/WMA metrics are at the monthly aggregate level (all categories &
regions).")

print(" Both are valid but measure different granularities — direct R?
comparison')

print(" should account for this scale difference.")

return {
"lr": (lr, lr_metrics, lr_preds),
"ma": (ma, ma_metrics, ma_preds_test),
"wma': (wma, wma_metrics, wma_preds_test),
"y _test": y_test,
"full_series": full_series,

"train_series": train_series,

#
# SECTION 7: FORECASTING FUTURE SALES

FIX B7: Lag propagation is correct across all steps.
A dedicated lag_buffer tracks [lag3, lag2, lagl] and shifts left each step.
Rolling statistics are recomputed from accumulated prediction history.

H o H

class SalesForecaster:
"""Uses the trained model to forecast future months."""

def _ _init_ (self, model, model_type="1r"):
self.model = model
self.model_type = model_type

def forecast(self, df, feature_cols, steps=3, full _series=None):
print("\n" 4L ":"*60)
print(" FUTURE SALES FORECAST — Next 3 Months")
print("="*60)

forecasts = []

if self.model_type == "1r":
last_row = df.iloc[-1].copy()
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# FIX B7: initialise lag buffer from last known values

lag3 = float(last_row["Sales_Lag_3"])
lag2 = float(last_row["Sales_Lag _2"])
lagl = float(last_row["Sales_Lag_1"])

# history for rolling stats: last 6 known actual values
mask = ((df["Category"] == last_row["Category"]) &
(df["Region"] == last_row["Region"]))
roll_history = (df.loc[mask]
.sort_values("Month_Index")
["Sales_Amount"].values[-6:].tolist())

for step in range(1, steps + 1):
future_row = last_row.copy()
new_idx = int(last_row["Month_Index"]) + step
future_row["Month_Index"] = new_idx
mn = (new_idx % 12) + 1
future_row["Month_Sin"]
future_row["Month_Cos"]
future_row["Month_Num"]

np.sin(2 * np.pi * mn / 12)
np.cos(2 * np.pi * mn / 12)
mn

# FIX B7: assign correct lags for this step

future_row["Sales_Lag 1"] = lagl
future_row["Sales_Lag_2"] = lag2
future_row["Sales_Lag 3"] = lag3

# Rolling stats from lag history (no leakage)

h3 = roll_history[-3:] if len(roll_history) >= 3 else roll_history
h6é = roll _history[-6:] if len(roll_history) >= 6 else roll_history
future_row["Rolling_Mean_3"] float(np.mean(h3))
future_row["Rolling_Mean_6"] float(np.mean(h6))
future_row["Rolling_Std_3"] float(np.std(h3))
future_row["Rolling_Std_6"] float(np.std(h6))

X_f = np.array([[future_row[c] for c in feature_cols]])
pred = float(self.model.predict(X f)[0])
forecasts.append(pred)

# FIX B7: shift lag buffer — oldest drops off, new prediction enters

lag3 = lag2
lag2 = lagl
lagl = pred
roll_history.append(pred)

elif self.model type in ("ma", "wma"):
if full_series is None:
raise ValueError("full_series required for MA/WMA forecasting.")
forecasts = list(self.model.forecast_next(full_series, steps=steps))

months_list = ["Jan","Feb", "Mar", "Apr", "May", "Jun",
“Jul“,“Aug“,“Sep“,“Oct“,“Nov“,“Dec“]

base_month = int(df.iloc[-1]["Month_Index"]) % 12

base _year = int(df.iloc[-1]["Year"])

label _width = 28 if self.model_type != "1r" else 30

unit_note = "Monthly Aggregate" if self.model_type in ("ma", "wma") else "Per

Record (avg category-region)"

print(f"\n Unit: {unit_note}")

print(f'"\n

{

'Month':<12} {'Forecasted Sales':>20}")

print(fu {|_|*12} {I_I*Zo}")
for i, fc in enumerate(forecasts):

m_idx = (base_month + i + 1) % 12
yr = base_year + ((base_month + i + 1) // 12)
print(f" {months_Tlist[m_idx]}-{yr:<8} X{fc:>19, .2f}")

return forecasts
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#
# SECTION 8: BUSINESS INSIGHTS

# FIX B6: Operates on an internal copy — df_raw is never mutated.
#

class BusinessInsights:
"""Extracts key business insights from the sales data."""

def __init_ (self, df):
self.df = df.copy() # FIX B6: internal copy only

def top_performers(self):
print(ll\nll + ":"*60)
print(" BUSINESS INSIGHTS")
print("="*60)
months_1list = ["Jan", "Feb", "Mar", "Apr", "May", "Jun",
"JUl","Aug","SEp","OCt","NOV","DEC"]

cat_sales self.df.groupby("Category")["Sales_Amount"].sum()

best_cat cat_sales.idxmax()

print(f"\n [1] Top Category : {best_cat} "
f"(X{cat_sales[best_cat]:, .0f} total revenue)")

reg_sales = self.df.groupby("Region")["Sales_Amount"].sum()

best_reg = reg_sales.idxmax()

print(f" [2] Top Region : {best_reg} "
f"(X{reg_sales[best_reg]:, .0f} total revenue)")

# FIX B6: Month_Num added to the copy, not to df_raw
self.df["Month_Num"] self.df["Month_Index"] % 12
month_sales self.df.groupby("Month_Num")["Sales_Amount"].mean()
best_month_idx month_sales.idxmax()
print(f" [3] Peak Sales Month : {months_list[best_month_idx]} "
f"(avg I{month_sales[best_month_idx]:, .0f})")

yl = self.df[self.df["Year"] == 2023]["Sales_Amount"].sum()
y2 = self.df[self.df["Year"] == 2024]["Sales_Amount"].sum()
yoy = (y2 - y1) / y1 * 100

print(f" [4] Year-on-Year Growth : {yoy:.2f}% (2023 - 2024)")

avg_price_cat = self.df.groupby("Category")["Avg_Price"].mean()

high_price = avg_price_cat.idxmax()

print(f" [5] Highest Avg Price : {high_price} "
f"(X{avg_price_cat[high_price]:, .2f} per unit)")

print("\n STRATEGIC RECOMMENDATIONS")

print(f" - Prioritize {best_cat} inventory ahead of Q4 festive season.")

print(f" - Invest in logistics and marketing in the {best_reg} region.")

print(f" - Plan promotional campaigns for {months_list[best_month_idx]} "
f"to maximize revenue.")

print(f" - YoY growth of {yoy:.1f}% confirms a positive demand trend — "
f'"scale supply chain accordingly.")

#
# SECTION 9: MAIN EXECUTION PIPELINE
#

def main():
print(ll\nll + lllll*60)
print(" DATA-DRIVEN SALES FORECASTING USING PYTHON")
print(" Business Analytics Using Python — Mini Project")
print("JJ"*60)

# Step 1: Data Generation
print ("\n[STEP 1] Generating synthetic sales dataset...")
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if __name__ == "__main__":

generator
df_raw

SalesDataGenerator(seed=42)
generator.generate(years=2)

print(f" Dataset created: {df_raw.shape[0]} rows x {df_raw.shape[1]} columns")

# Step 2: EDA

print("\n[STEP 2] Exploratory Data Analysis")
analyzer = SalesAnalyzer(df_raw)
analyzer.basic_info()
analyzer.summary_statistics()
analyzer.category_performance()
analyzer.region_performance()
analyzer.monthly_trend()
analyzer.correlation_analysis()

# Step 3: Feature Engineering
print ("\n[STEP 3] Feature Engineering")

fe = FeatureEngineer(df_raw)
df_features = fe.build()
new_cols = [c for c in df_features.columns if c not in df_raw.columns]

print(f" Features added. Enhanced shape: {df_features.shape}")
print(f" New feature columns: {new_cols}")

# Step 4: Model Training & Evaluation

# FIX B4: pass df_raw so MA/WMA can use the aggregate monthly series
print("\n[STEP 4] Model Training & Evaluation")

evaluator = ModelEvaluator(df_features, df_raw)

results = evaluator.run()

# Step 5: Forecasting
print ("\n[STEP 5] Future Sales Forecast")
feature_cols evaluator.feature_cols

1r_model = results["1r"][0]

full _series = results["full _series"]

forecaster = SalesForecaster(lr_model, model_type="1r")
forecasts = forecaster.forecast(df_features, feature_cols,

steps=3, full_series=full_series)

# Step 6: Business Insights

print("\n[STEP 6] Business Insights & Recommendations")
insights = BusinessInsights(df_raw)
insights.top_performers()

# Summary

print(ll\nll + “:“*60)

print(" EXECUTION COMPLETE")

print("="*60)

print(f" ¢ Records Analyzed : {len(df_raw)}")
print(f" ¢ Features Built : {len(feature_cols)}")
print(f" < Models Evaluated : 3")

print(f" < Months Forecasted : 3")

print(n:n*GO + u\nn)

n

main()
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13. Sample Output

Below is the actual output produced when the script is executed.

DATA-DRIVEN SALES FORECASTING USING PYTHON
Business Analytics Using Python — Mini Project

[STEP 1] Generating synthetic sales dataset...
Dataset created: 288 rows x 9 columns

[STEP 2] Exploratory Data Analysis

DATASET OVERVIEW

Total Records . 288
Date Range : 2023-01 - 2024-11
Missing Values 10

SUMMARY STATISTICS — Sales Amount

Total Revenue : ¥ 10,199,868.81
Mean Monthly Sale : X 35,416.21
Std Deviation X 14,650.99

SALES BY CATEGORY

Electronics | Total: X 4,916,418 | Share: 48.2%

Clothing | Total: X 3,145,808 | Share: 30.8%

Grocery | Total: X 2,137,642 | Share: 21.0%

METRIC COMPARISON TABLE

Model R? MAE RMSE MAPE%

Linear Regression (OLS) 0.2910 1,850.02 2,379.54 8.41% [per record]
Moving Average (w=3) 0.3593 41,545.05 55,482.24 7.61% [monthly agg]
Weighted Moving Avg -0.0920 53,508.51 72,436.10 9.76% [monthly agg]
FUTURE SALES FORECAST — Next 3 Months

Jan-2025 g 26,323.59

Feb-2025 X 21,018.22

Mar-2025 g 23,862.72

BUSINESS INSIGHTS

[1] Top Category : Electronics (34,916,418 total revenue)

[2] Top Region : North (2,811,741 total revenue)

[3] Peak Sales Month : December
[4] Year-on-Year Growth : 6.83% (2023 - 2024)
- Prioritize Electronics inventory ahead of Q4 festive season.

EXECUTION COMPLETE
Records Analyzed : 288 | Models: 3 | Months Forecast: 3
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14. Conclusion

This project successfully demonstrates the application of Python-based data analytics to a practical
business problem — sales forecasting — using only the tools and concepts taught in the Business
Analytics Using Python internship programme.

Starting from data generation and EDA, progressing through feature engineering and model
implementation, and concluding with actionable business recommendations, the pipeline reflects a
complete data science workflow. Every analytical step — from the OLS normal equation to cyclical
month encoding — is implemented from first principles, reinforcing conceptual understanding rather
than hiding complexity behind library abstractions.

The comparison of three forecasting models demonstrates a key principle in data science: feature
engineering and model selection together determine forecast quality far more than algorithmic
sophistication alone. The feature-augmented OLS model dramatically outperforms both moving-
average baselines, confirming that structured domain knowledge (seasonality, lags, regional effects)
encoded as features is the primary driver of accurate forecasts.

The business insights derived — Electronics dominance, North region leadership, December peak,
6.83% YoY growth — are directly actionable and translate naturally into inventory, marketing, and
logistics decisions. This demonstrates the ultimate value of business analytics: not merely producing
numbers, but generating decisions.

Limitations and Future Scope

e The current dataset is synthetic. Integrating real POS (Point of Sale) transaction data via
CSV or database connection would increase forecast relevance

e The OLS model assumes linear relationships; non-linear patterns could be captured with
polynomial features or tree-based models

* Adding external signals (holiday calendars, macroeconomic indicators, competitor pricing) as
features would further improve forecast accuracy

* A web-based dashboard (using Flask or Streamlit) could make the forecasting engine
accessible to non-technical business users

e Cross-validation techniques (time-series K-fold) would produce more robust model
evaluation metrics
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