Module 2: From Crystal Ball to Data Science

Ll Opening Story: The Monday Morning Crisis

It's 7:45 AM on a Monday morning in Chicago. Sarah Chen, the newly appointed Chief Analytics
Officer at MegaMart, stares at her computer screen in disbelief. The weekend sales report shows a
devastating reality: their flagship Michigan Avenue store ran out of the season's hottest item—the
new AirPods Pro—on Saturday afternoon, turning away over 300 customers. Meanwhile, their

suburban Naperville location sits on 500 units that aren't moving.

The CEQ's message pops up on Slack: "Sarah, we lost $180,000 in revenue this weekend alone.
Our traditional forecasting system predicted we'd need equal inventory at both stores. This can't

happen again. Fix this."

Sarah takes a deep breath and opens her Python notebook. "Time to show them what machine

learning can really do," she thinks.

This is where your journey begins. Sarah
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Estimated Time: 3 weeks (9 hours of class + 6 hours homework + 3 hours project) Difficulty
Level: (2/5 - Beginner Friendly)




Part 1: The Business Problem Deep Dive

Setting the Scene: MegaMart's Challenge

Before we write a single line of code, let's understand what we're really solving. MegaMart
operates 47 stores across the Midwest, each with unique characteristics:

Downtown Stores (like Michigan Avenue):

¢ High foot traffic from tourists and office workers
e Customers want the latest technology immediately
e Space is expensive ($500/sq ft/year)

e Can't hold much inventory

Suburban Stores (like Naperville):

Family-oriented shoppers

Weekend traffic spikes

Larger space available ($50/sq ft/year)

Can hold more inventory but moves slower

- Interactive Thought Exercise

Imagine you're Sarah's predecessor, armed only with Excel and 20 years of retail experience. How
would you predict next week's sales for AirPods at the Michigan Avenue store?

Traditional Approach #1: The "Gut Feel" Method

John (20-year veteran): "lt's October, new iPhone just came out,
Bulls season starting... I'd say 200 units."
Problem: John retired. His replacement has 2 months experience.

Traditional Approach #2: The "Last Year Same Week" Method

-
excel

=VLOOKUP(ThisWeek2024, SalesData2023, 2, FALSE)
Result: 187 units
Problem: Last year didn't have TikTok viral videos about AirPods




Traditional Approach #3: The "4-Week Moving Average"

-
excel

=(Week40 + Week41 + Week42 + Week43)/4
Result: 156 units
Problem: Doesn't account for the iPhone 16 launch spike

N

ul The Real Cost of Bad Predictions

Let's calculate the actual business impact:

-
python




# The Economics of Inventory Decisions
#

class InventoryEconomics:
This class helps us understand why prediction accuracy
directly impacts the bottom line

def __init__(self):
# Real numbers from MegaMart
self.product_cost =180  # What we pay Apple
self.selling_price = 249  # What customer pays
self.holding_cost_daily = 0.50 # Storage, insurance, etc.
self.stockout_penalty = 75 # Lost profit + customer dissatisfaction

def calculate_scenario(self, predicted, actual):

What happens when our prediction is wrong?

if predicted > actual:
# Overstock scenario (predicted 200, sold 150)
overstock = predicted - actual

# Money tied up in inventory
capital_tied = overstock * self.product_cost

# Storage costs for 30 days until sold
holding_costs = overstock * self.holding_cost_daily * 30

# Opportunity cost (could have invested that money)
opportunity_cost = capital_tied * 0.05 /12 # 5% annual return

total_cost = holding_costs + opportunity_cost

print(f"e OVERSTOCK SCENARIO: Predicted {predicted}, Sold {actual}")
print(f" Excess inventory: {overstock} units")

print(f" Capital tied up: ${capital_tied:,.2f}")

print(f" Monthly holding cost: ${holding_costs:,.2f}")

print(f" Opportunity cost: ${opportunity_cost:,.2f}")

print(f" ¥ Total unnecessary cost: ${total_cost:,.2f}")

elif predicted < actual:




# Stockout scenario (predicted 150, demand was 200)
stockout = actual - predicted

# Direct lost profit
lost_profit = stockout * (self.selling_price - self.product_cost)

# Customer lifetime value impact

# (Research shows 25% don't return after stockout)
customers_lost = stockout * 0.25

lifetime_value_lost = customers_lost * 1200 # Avg customer LTV

# Competitor gain (they bought elsewhere)
market_share_impact = stockout * self.stockout_penalty

total_loss = lost_profit + market_share_impact

print(f"®© STOCKOUT SCENARIO: Predicted {predicted}, Demand {actual}")
print(f" Missed sales: {stockout} units")

print(f" Lost profit: ${lost_profit:,.2f}")

print(f" Customers lost forever: {customers_lost:.0f}")

print(f" Market share impact: ${market_share_impact:,.2f}")

print(f" ¥ Total loss: ${total_loss:,.2f}")

print(f" Future revenue at risk: ${lifetime_value_lost:,.2f}")

else:
print(f” PERFECT PREDICTION! This is what we're aiming for.")
print(f" No excess inventory, no stockouts")
print(f" Maximum profit: ${(actual * (self.selling_price - self.product_cost)):,.2f}")

# Let's see what happened last weekend at MegaMart
economics = InventoryEconomics()

print("="*60)

print("Michigan Avenue Store (Downtown):")
economics.calculate_scenario(predicted=100, actual=400)
print("\n" + "="*60)

print("Naperville Store (Suburban):")
economics.calculate_scenario(predicted=500, actual=50)

\.

Output:



Michigan Avenue Store (Downtown):
© STOCKOUT SCENARIO: Predicted 100, Demand 400
Missed sales: 300 units
Lost profit: $20,700.00
Customers lost forever: 75
Market share impact: $22,500.00
@ Total loss: $43,200.00
Future revenue at risk: $90,000.00

Naperville Store (Suburban):
@ OVERSTOCK SCENARIO: Predicted 500, Sold 50
Excess inventory: 450 units
Capital tied up: $81,000.00
Monthly holding cost: $6,750.00
Opportunity cost: $337.50
& Total unnecessary cost: $7,087.50

N

M Interactive Simulation: You're the Manager

Try this hands-on exercise to feel the pain of manual forecasting:

-
python




import random
import pandas as pd
import matplotlib.pyplot as plt

class RetailSimulator:

Experience the challenge of manual forecasting

def __init__(self, player_name="Student"):
self.player_name = player_name
self.week =1
self.total_profit=0
self.history =[]

def generate_demand(self, week):

Realistic demand pattern with surprises
# Base demand
base =150

# Weekly pattern
day_of_week_factor = [0.8, 0.7, 0.7, 0.9, 1.2, 1.8, 1.6]

# Seasonal pattern
seasonal = 50 * np.sin(2 * np.pi * week / 52)

# Random events
if week == 5: # Black Friday
surprise = random.randint(200, 400)
print("y SURPRISE: Black Friday viral TikTok! Demand surged!")
elif week == 8: # Competitor sale
surprise = random.randint(-100, -50)
print("® SURPRISE: Competitor flash sale! Demand dropped!")
elif random.random() > 0.9: # Random celebrity endorsement
surprise = random.randint(50, 150)
print("» SURPRISE: Celebrity spotted with product!")
else:
surprise = random.randint(-20, 20)

demand = base + seasonal + surprise




return max(0, int(demand))

def play_week(self):

One week of the forecasting game

print(f"\n{'="*60}")

print(f"WEEK {self.week} - {self.player_name}'s Turn")
print(f"Current Total Profit: ${self.total_profit:,.2f}")

# Show recent history to help player

if len(self.history) > 0O:
recent = pd.DataFrame(self.history[-3:])
print("\nRecent History:")

print(recent[['week’, 'demand', 'vour_prediction’', 'profit']])

# Get player's prediction
while True:
try:
prediction = int(input(f"\nll How many units for Week {self.week}? "))
if 0 <= prediction <=1000:
break
else:
print("Please enter a number between 0 and 1000")
except:

print("Please enter a valid number")

# Generate actual demand
actual_demand = self.generate_demand(self.week)

# Calculate profit/loss
if prediction >= actual_demand:
# Had enough stock
units_sold = actual_demand
units_leftover = prediction - actual_demand
profit = (units_sold * 69) - (prediction * 180) - (units_leftover * 15)
print(f“ Had enough stock! Sold {units_sold}, {units_leftover} left over")
else:
# Stockout
units_sold = prediction
units_missed = actual_demand - prediction
profit = (units_sold * 69) - (units_missed * 75)
print(f”x STOCKOUT! Sold {units_sold}, missed {units_missed} sales")




print(f"Actual demand was: {actual_demand} units")
print(f"Week {self.week} profit: ${profit:,.2f}")

# Update records
self.total_profit += profit
self.history.append({
'week': self.week,
'demand': actual_demand,
'vour_prediction': prediction,
'profit': profit,
'accuracy': 100 - abs(prediction - actual_demand) / actual_demand * 100

}

self.week +=1

def show_performance(self):

Visualize how well the player did

df = pd.DataFrame(self.history)

fig, axes = plt.subplots(2, 2, figsize=(12, 8))
fig.suptitle(f"{self.player_name}'s Forecasting Performance", fontsize=16)

# Prediction vs Actual

axes[0,0].plot(df['week'], df['demand'], 'b-', label="Actual Demand’, linewidth=2)
axes[0,0].plot(df['week'], df['your_prediction'], 'r--, label="Your Prediction’, linewidth=2)
axes[0,0].fill_between(df['week'], df['demand'], df['your_prediction'], alpha=0.3)
axes[0,0].set_title('Predictions vs Reality')

axes[0,0].set_xlabel('Week")

axes[0,0].set_ylabel('Units')

axes[0,0].legend()

axes[0,0].grid(True, alpha=0.3)

# Profit over time

axes[0,1].bar(df['week'], df['profit'], color=['green' if p > 0 else 'red' for p in df['profit']])
axes[0,1].set_title("Weekly Profit/Loss')

axes[0,1].set_xlabel('Week")

axes[0,1].set_ylabel('Profit ($)')

axes[0,1].axhline(y=0, color="'black’, linestyle="'-', linewidth=0.5)

axes[0,1].grid(True, alpha=0.3)

# Accuracy trend
axes[1,0].plot(df['week'], df['accuracy'], 'go-', linewidth=2, markersize=8)




axes[1,0].fill_between(df['week'], df['accuracy'], 50, alpha=0.2)
axes[1,0].set_title('Prediction Accuracy %")
axes[1,0].set_xlabel('Week')

axes[1,0].set_ylabel('Accuracy %')

axes[1,0].set_ylim([0, 100])

axes[1,0].grid(True, alpha=0.3)

# Summary stats
axes[1,1].axis('off")
summary_text = f"""

ul Final Performance Report

Total Profit: ${self.total_profit:,.2f}

Average Accuracy: {df['accuracy'].mean():.1f}%

Best Week: {df.loc[df['profit'].idxmax(), 'week']} (${df['profit'].max():,.2f})
Worst Week: {df.loc[df['profit'].idxmin(), 'week']} (${df['profit'].min():,.2f})

Perfect Predictions: {len(df[df['accuracy'] > 95])}
Major Misses (>50% off): {len(df[df['accuracy'] < 50])}

Grade: {self.calculate_grade()}

axes[1,1].text(0.1, 0.5, summary_text, fontsize=12, verticalalignment='center"')

plt.tight_layout()
plt.show()

def calculate_grade(self):

Grade the performance
avg_accuracy = pd.DataFrame(self.history)['accuracy'].mean()
if avg_accuracy > 90:

return "A+ Y (ML Expert Level!)"
elif avg_accuracy > 80:

return "A » (Great job!)"
elif avg_accuracy > 70:

return "B & (Good, but ML can do better)"
elif avg_accuracy > 60:

return "C @ (This is why we need ML)"
else:

return "D & (Definitely need ML help!)"

# Play the game!




print("™M RETAIL FORECASTING CHALLENGE")
print("="*60)
print("You're the new inventory manager at MegaMart Chicago.")

print("Your job: Predict weekly demand for AirPods Pro.")

(
(
(
(
print("Get it right = profit. Get it wrong = loss.")
print("\nHints:")
print("- Base demand is around 150 units")
print("- Weekends are busier")
print("- Watch for surprise events!")
print("="*60)
game = RetailSimulator(player_name="Sarah")
for _in range(8):

game.play_week()

game.show_performance()

.

&0 Reflection Questions Before We Continue

After playing the simulation, answer these questions:

1. What patterns did you notice in the demand?
e Were there predictable cycles?

e How did surprises affect your strategy?
2. What information would have helped you predict better?
e Weather data?
e Social media trends?
e Competitor prices?
3. How did it feel when you got it wrong?
e The stress is real for actual managers!
¢ Imagine doing this for 500 products daily
4. What's your highest accuracy?
e Human experts average 60-70%

¢ Good ML models achieve 85-95%

Part 2: Enter Linear Regression - Your First ML Model



¥ The Story Behind Linear Regression

The year is 1805. Carl Friedrich Gauss, the "Prince of Mathematics," is trying to predict the orbit of
the dwarf planet Ceres. He invents the method of least squares, which becomes the foundation of
linear regression. Little did he know that 200 years later, we'd use his method to predict AirPods
sales!

@ Building Intuition: The Lemonade Stand Example

Before diving into MegaMart's complex data, let's understand linear regression with a simple story:

s N
python




# The Lemonade Stand Learning Lab
#

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from matplotlib.animation import FuncAnimation
from IPython.display import HTML

class LemonadeStandSimulator:
Tommy is 10 years old and runs a lemonade stand.
He noticed that temperature affects his sales.
Let's help him discover linear regression!

10

def __init__(self):
self.story_mode = True
self.tommy_observations =[]

def day_1_discovery(self):

Tommy's first observation

print("®% Day 1 - Monday, June 1st")

print("="*50)

print("Tommy sets up his lemonade stand for the first time.")
print("Temperature: 70°F (21°C)")

print("It's a mild day. Not too hot, not too cold.")

print("\n ¥ Tommy sells 10 cups of lemonade.")

print("\n~’ Tommy thinks: 'l wonder if temperature matters?'")

self.tommy_observations.append({'day': 1, 'temp': 70, 'sales': 10})

# Visualize

plt.figure(figsize=(10, 6))

plt.scatter(70, 10, s=100, color="'blue', zorder=5)

plt.annotate('Day 1\n10 cups', (70, 10), xytext=(72, 11), fontsize=10)
plt.xlim(60, 100)




plt.ylim(0, 40)

plt.xlabel('Temperature (°F)', fontsize=12)

plt.ylabel('Cups Sold', fontsize=12)

plt.title("Tommy's Lemonade Sales Journey - Day 1", fontsize=14)
plt.grid(True, alpha=0.3)

plt.show()

def day_2_pattern(self):

Tommy starts seeing a pattern

print("\n# Day 2 - Tuesday, June 2nd")

print("="*50)

print("It's a hot day! Temperature: 85°F (29°C)")

print("More people are walking by, looking thirsty.")

print("\n ¥ Tommy sells 23 cups of lemonade!")

print("\nx~’ Tommy thinks: 'Wow! Hot weather = more sales?'")

self.tommy_observations.append({'day': 2, 'temp': 85, 'sales': 23})

# Visualize the emerging pattern

plt.figure(figsize=(10, 6))

temps = [obs['temp'] for obs in self.tommy_observations]
sales = [obs['sales'] for obs in self.tommy_observations]

plt.scatter(temps, sales, s=100, color="'blue', zorder=5)
for i, obs in enumerate(self.tommy_observations):
plt.annotate(f"Day {obs['day']}\n{obs['sales']} cups",
(obs['temp'], obs['sales']),
xytext=(obs['temp']+1, obs['sales']+1),
fontsize=10)

# Draw Tommy's guess line
plt.plot([70, 85], [10, 23], 'r--', alpha=0.5, label="Tommy's guess: More heat = More sales!")

plt.xlim(60, 100)

plt.ylim(0, 40)

plt.xlabel('Temperature (°F)', fontsize=12)

plt.ylabel('Cups Sold', fontsize=12)

plt.title("Tommy's Lemonade Sales Journey - Day 2: Pattern Emerging!", fontsize=14)
plt.legend()

plt.grid(True, alpha=0.3)

plt.show()




def week_1_data(self):

After a week, Tommy has enough data to find the relationship
print("\n"? After 7 days of collecting data...")
print("="*50)

# Generate a week of data

week_data = [
{'day': 1, 'temp': 70, 'sales': 10, 'weather': 'Mild'},
{'day'": 2, 'temp': 85, 'sales': 23, 'weather': 'Hot'},
{'day": 3, 'temp': 75, 'sales': 14, 'weather': 'Nice'},
{'day": 4, 'temp': 90, 'sales': 28, 'weather': 'Very Hot'},
{'day': 5
{'day': 6

{'day': 7, 'temp': 80, 'sales': 18, 'weather': 'Warm'}

, 'temp': 65, 'sales': 7, 'weather': 'Cool'},

, 'temp': 95, 'sales': 35, 'weather': 'Scorching!'},

df = pd.DataFrame(week_data)
print("\nTommy's Notebook =] 2"
print(df.to_string(index=False))

# Calculate the relationship manually (as Tommy would)
print("\nk# Tommy does the math (with his dad's help):")
print("="*50)

# Show the calculation step by step
avg_temp = df['temp'].mean()
avg_sales = df['sales'].mean()

print(f"Average temperature: {avg_temp:.1f}°F")
print(f"Average sales: {avg_sales:.1f} cups")

# Calculate slope (simplified for understanding)

print("\nFinding the pattern (slope):")

numerator = sum((df['temp'] - avg_temp) * (df['sales'] - avg_sales))
denominator = sum((df['temp'] - avg_temp) ** 2)

slope = numerator / denominator
print(f"For every 1°F increase, sales increase by {slope:.2f} cups")
# Calculate intercept

intercept = avg_sales - slope * avg_temp
print(f"Base sales (at 0°F, theoretical): {intercept:.2f} cups")




# The equation

print(f"\n. Tommy's Discovery - The Magic Formula:")
print(f" Sales = {intercept:.2f} + {slope:.2f} x Temperature")
print(f" : = {intercept:.2f} + {slope:.2f} x ")

# Visualize with the regression line
plt.figure(figsize=(12, 6))

# Scatter plot
plt.scatter(df['temp'], df['sales'], s=150, color="blue', zorder=5, label="Actual Sales')

# Add day labels
for _, row in df.iterrows():
plt.annotate(f"Day {row['day']}\n{row['weather']}",
(row['temp'], row['sales']),
xytext=(row['temp']+1, row['sales']+1.5),
fontsize=9, alpha=0.7)

# Regression line

x_line = np.linspace(60, 100, 100)

y_line = intercept + slope * x_line

plt.plot(x_line, y_line, 'r-', linewidth=2, label=f'Prediction Line: y = {intercept:.1f} + {slope:.2f}x')

# Show predictions
for tempin [72, 88]:
predicted = intercept + slope * temp
plt.scatter(temp, predicted, s=100, color="green', marker='s', zorder=>5)
plt.annotate(f'Prediction\nat {temp}°F:\n{predicted:.1f} cups’,
(temp, predicted), xytext=(temp-5, predicted+3),
fontsize=9, color="green’,
arrowprops=dict(arrowstyle="'->', color="'green’, lw=1))

plt.xlim(60, 100)

plt.ylim(0, 40)

plt.xlabel('Temperature (°F)', fontsize=12)

plt.ylabel('Cups Sold', fontsize=12)

plt.title("Tommy's Linear Regression Discovery! & ", fontsize=14)
plt.legend(loc="upper left')

plt.grid(True, alpha=0.3)

plt.show()

return slope, intercept, df




def prediction_game(self, slope, intercept):

Tommy uses his formula to predict tomorrow's sales
print("\n®@" Prediction Time!")

print("="*50)

print("The weather forecast for tomorrow says it will be 82°F.")
print("\nTommy uses his formula:")

print(f"Sales = {intercept:.2f} + {slope:.2f} x 82")

predicted = intercept + slope * 82
print(f"Predicted sales: {predicted:.1f} cups")

print("\n? The Next Day...")
actual = predicted + np.random.normal(0, 2) # Add some random variation
print(f"Actual sales: {actual:.1f} cups")

error = abs(predicted - actual)
accuracy = 100 - (error [ actual * 100)

if accuracy > 90:
print(f”?ﬁ Amazing! Tommy was {accuracy:.1f}% accurate!")
print("His parents are so proud! & ")

elif accuracy > 80:
print(f"<¢ Good job! Tommy was {accuracy:.1f}% accurate!")
print("Much better than guessing!")

else:
print(f"& Learning experience! Tommy was {accuracy:.1f}% accurate.")
print("Still better than random guessing though!")

return predicted, actual

# Run Tommy's journey

print(" ¥ TOMMY'S LEMONADE STAND: Learning Linear Regression")
print("="*60)

print("Follow along as 10-year-old Tommy discovers the power of data!\n")

tommy = LemonadeStandSimulator()
tommy.day_1_discovery()

input("\nPress Enter to continue to Day 2...")
tommy.day_2_pattern()

input("\nPress Enter to see the full week analysis...")
slope, intercept, data = tommy.week_1_data()




input("\nPress Enter to make a prediction...")

tommy.prediction_game(slope, intercept)

£ The Science Behind Linear Regression

Now that we understand the intuition, let's see the mathematics that makes it work:

-
python




class LinearRegressionExplainer:

Deep dive into how linear regression actually works

def __init__(self):
self.history =[]

def visual_least_squares(self):

Visualize why it's called 'least squares'

# Generate sample data

np.random.seed(42)

X = np.random.rand(20) * 10

y_true=2*X+1

y_observed = y_true + np.random.randn(20) * 2

fig, axes = plt.subplots(1, 3, figsize=(15, 5))

# Plot 1: Bad fit line

bad_slope = 0.5

bad_intercept =5

y_bad = bad_slope * X + bad_intercept

axes[0].scatter(X, y_observed, color='blue’, s=50, label='Actual Data')
axes[0].plot(X, y_bad, 'r-', label=f'Bad Fit: y = {bad_slope}x + {bad_intercept}')

# Show errors
for xi, yi_obs, yi_pred in zip(X, y_observed, y_bad):
axes[0].plot([xi, xi], [yi_obs, yi_pred], 'r--', alpha=0.5, linewidth=1)
error = yi_obs - yi_pred
axes[0].add_patch(plt.Rectangle((xi-0.2, min(yi_obs, yi_pred)),
0.4, abs(error),
color="red', alpha=0.2))

total_error_bad = sum((y_observed - y_bad) ** 2)
axes[0].set_title(f'Bad Fit\nTotal Squared Error: {total_error_bad:.1f}')
axes[0].set_xlabel('X")

axes[0].set_ylabel('Y")

axes[0].legend()

axes[0].grid(True, alpha=0.3)




# Plot 2: Better fit line

better_slope = 1.8

better_intercept = 1.5

y_better = better_slope * X + better_intercept

axes[1].scatter(X, y_observed, color="'blue', s=50, label="Actual Data")
axes[1].plot(X, y_better, 'orange’, label=f'Better Fit: y = {better_slope}x + {better_intercept}')

# Show errors
for xi, yi_obs, yi_pred in zip(X, y_observed, y_better):
axes[1].plot([xi, xi], [yi_obs, yi_pred], 'orange’, alpha=0.5, linewidth=1)
error = yi_obs - yi_pred
axes[1].add_patch(plt.Rectangle((xi-0.2, min(yi_obs, yi_pred)),
0.4, abs(error),
color='orange', alpha=0.2))

total_error_better = sum((y_observed - y_better) ** 2)
axes[1].set_title(f'Better Fit\nTotal Squared Error: {total_error_better:.1f}')
axes[1].set_xlabel('X")

axes[1].set_ylabel('Y")

axes[1].legend()

axes[1].grid(True, alpha=0.3)

# Plot 3: Best fit (using sklearn)

from sklearn.linear_model import LinearRegression
model = LinearRegression()
model.fit(X.reshape(-1, 1), y_observed)

y_best = model.predict(X.reshape(-1, 1))

axes[2].scatter(X, y_observed, color='blue', s=50, label='Actual Data")
axes[2].plot(X, y_best, 'green’, linewidth=2,
label=f'Best Fit: y = {model.coef_[0]:.2f}x + {model.intercept_:.2f}')

# Show errors
for xi, yi_obs, yi_pred in zip(X, y_observed, y_best):
axes[2].plot([xi, xi], [yi_obs, yi_pred], 'green’, alpha=0.5, linewidth=1)
error = yi_obs - yi_pred
axes[2].add_patch(plt.Rectangle((xi-0.2, min(yi_obs, yi_pred)),
0.4, abs(error),
color="green’, alpha=0.2))

total_error_best = sum((y_observed - y_best) ** 2)
axes[2].set_title(f'Optimal Fit (Least Squares)\nTotal Squared Error: {total_error_best:.1f}')




axes[2].set_xlabel('X")
axes[2].set_ylabel('Y")
axes[2].legend()
axes[2].grid(True, alpha=0.3)

plt.suptitle('Why It\'s Called "Least Squares" - Minimizing the Sum of Squared Errors/,
fontsize=14, fontweight="bold")

plt.tight_layout()

plt.show()

print("\n® Key Insight:")
print("="*60)
print("Linear Regression finds the line that MINIMIZES the sum of squared errors.")
print(f"Bad Fit Error: {total_error_bad:.1f}")
print(f"Better Fit Error: {total_error_better:.1f}")
print(f"Optimal Fit Error: {total_error_best:.1f} < Smallest possible!")
(

explainer = LinearRegressionExplainer()
explainer.visual_least_squares()

\.

print("\nThis is why Gauss called it 'Least Squares' - we're finding the 'least' (minimum) 'squares' (squal

X Building Your First Real Model for MegaMart

Now let's apply this to Sarah's actual problem at MegaMart:

-
python




class MegaMartMLPipeline:
Sarah's complete ML pipeline for MegaMart
Sarah MegaMart ML

def __init__(self):
self.model = None
self.feature_names =[]
self.scaler = None

def load_and_explore_data(self):

Step 1: Load MegaMart's real sales data

print("l LOADING MEGAMART SALES DATA")
print("="*60)

# Generate realistic retail data
np.random.seed(42)
dates = pd.date_range('2023-01-01', periods=365, freq='D")

# Create complex, realistic patterns
data =]
for i, date in enumerate(dates):

# Base sales

base_sales = 10000

# Day of week effect (people shop more on weekends)
dow_effect = [0.7, 0.6, 0.6, 0.7, 0.9, 1.4, 1.3][date.dayofweek]

# Monthly seasonality (holiday shopping)
month_effect = [0.9, 0.85, 0.9, 0.95, 1.0, 1.1, 1.05, 1.0, 0.95, 1.1, 1.3, 1.5][date.month - 1]

# Weather effect (simulated temperature)
temp = 60 + 20 * np.sin(2 * np.pi * i/ 365) + np.random.randn() * 5
weather_effect =1 + (temp - 70) * 0.01 # 1% change per degree

# Marketing campaigns
is_campaign = 1if (i % 30 < 5) else 0 # 5-day campaigns monthly

campaign_effect = 1.3 if is_campaign else 1.0

# Competitor actions (random)




competitor_sale = 1 if np.random.random() > 0.9 else 0
competitor_effect = 0.8 if competitor_sale else 1.0

# Calculate final sales
sales = base_sales * dow_effect * month_effect * weather_effect * campaign_effect * competitor_effs

sales += np.random.randn() * 500 # Random noise

# Store prices (affects sales)
avg_price = 249 - (5 if is_campaign else 0) + np.random.randn() * 2

# Social media buzz (random viral events)
social_buzz = max(0, np.random.exponential(100) if np.random.random() > 0.95 else np.random.expd

data.append({

'date': date,

'sales': max(0, int(sales)),

'temperature': round(temp, 1),

'day_of_week': date.day_name(),

'month': date.month,

'is_weekend': 1 if date.dayofweek >=5 else 0,

'is_campaign': is_campaign,

'competitor_sale': competitor_sale,

'avg_price': round(avg_price, 2),

'social_buzz'": int(social_buzz),

'days_to_holiday': min(abs((date - pd.Timestamp('2023-12-25")).days),
abs((date - pd.Timestamp('2023-07-04")).days),
abs((date - pd.Timestamp('2023-11-24")).days))

}

df = pd.DataFrame(data)

print(f"® Loaded {len(df)} days of sales data")

print(f” Date range: {df['date'].min()} to {df['date'].max()}")
print(f"\nE] Data Preview:")

print(df.head(10))

print(f"\nml Sales Statistics:")

print(f"Average daily sales: ${df['sales'].mean():,.2f}")

print(f"Highest sales day: ${df['sales'].max():,.2f} on {df.loc[df['sales'].idxmax(), 'date']}")
print(f"Lowest sales day: ${df['sales'].min():,.2f} on {df.loc[df['sales'].idxmin(), 'date']}")
print(f"Standard deviation: ${df['sales'].std():,.2f}")

# Visualize patterns
fig, axes = plt.subplots(2, 3, figsize=(15, 10))




# Sales over time

axes[0,0].plot(df['date'], df['sales'], color="navy', linewidth=0.5)
axes[0,0].set_title('Sales Over Time')
axes[0,0].set_xlabel('Date')

axes[0,0].set_ylabel('Sales ($)")

axes[0,0].tick_params(axis='x', rotation=45)

# Day of week pattern

dow_avg = df.groupby('day_of week')['sales'].mean()

dow_order = ['Monday', 'Tuesday', 'Wednesday', 'Thursday', 'Friday', 'Saturday’, 'Sunday']
axes[0,1].bar(range(7), [dow_avg[day] for day in dow_order], color="steelblue")
axes[0,1].set_title('Average Sales by Day of Week')

axes[0,1].set_xticklabels(dow_order, rotation=45)

axes[0,1].set_ylabel('Average Sales ($)")

# Temperature vs Sales

axes[0,2].scatter(df['temperature'], df['sales'], alpha=0.5, s=10, color="'coral')
axes[0,2].set_title('Temperature vs Sales')

axes[0,2].set_xlabel('Temperature (°F)')

axes[0,2].set_ylabel('Sales ($)")

# Monthly pattern

monthly_avg = df.groupby(‘month')['sales'].mean()
axes[1,0].bar(monthly_avg.index, monthly_avg.values, color='green’)
axes[1,0].set_title('Average Sales by Month')
axes[1,0].set_xlabel('Month')

axes[1,0].set_ylabel('Average Sales ($)")

# Campaign effect

campaign_comparison = df.groupby('is_campaign')['sales'].mean()

axes[1,1].bar(['No Campaign', 'Campaign'], campaign_comparison.values, color=['gray’, 'gold'])
axes[1,1].set_title('Campaign Impact on Sales')

axes[1,1].set_ylabel('Average Sales ($)")

# Price vs Sales

axes[1,2].scatter(df['avg_price'], df['sales'], alpha=0.5, s=10, color="purple')
axes[1,2].set_title('Price vs Sales')

axes[1,2].set_xlabel('Average Price ($)")

axes[1,2].set_ylabel('Sales ($)')

plt.suptitle('MegaMart Sales Data Analysis', fontsize=16, fontweight="'bold")
plt.tight_layout()
plt.show()




return df

def feature_engineering(self, df):

Step 2: Create meaningful features for the model
print("\n®\ FEATURE ENGINEERING")

print("="*60)

print("Creating features that capture business patterns...")

# Create new features

df['day_sin'] = np.sin(2 * np.pi * df.index [ 7) # Weekly cycle

df['day_cos'] = np.cos(2 * np.pi * df.index [ 7)

df['month_sin'] = np.sin(2 * np.pi * df['month'] / 12) # Yearly cycle

df['month_cos'] = np.cos(2 * np.pi * df['month'] / 12)

df['price_discount'] = 249 - df['avg_price'] # Discount amount

df['temp_squared'] = df['temperature'] ** 2 # Non-linear temperature effect
df['holiday_proximity'] = 1/ (df['days_to_holiday'] + 1) # Closer to holiday = higher value

# Interaction features
df['weekend_campaign'] = df['is_weekend'] * df['is_campaign'] # Campaign on weekend
df['hot_weekend'] = df['is_weekend'] * (df['temperature'] > 80).astype(int)

# Lag features (previous day's sales)

df['sales_lag_1'] = df['sales'].shift(1)

df['sales_lag_7'] = df['sales'].shift(7) # Same day last week
df['sales_rolling_mean_7'] = df['sales'].rolling(window=7).mean()

print("\nhl Created Features:")

feature_list = [
('day_sin/cos', 'Captures weekly patterns'),
('month_sin/cos', 'Captures yearly seasonality'),
("price_discount', '"How much below regular price'),
('temp_squared', 'Non-linear temperature effects'),
("holiday_proximity', 'Urgency near holidays'),
('weekend_campaign', 'Campaign effectiveness on weekends'),
('sales_lag_1', "Yesterday's sales momentum"),
('sales_lag_7"', 'Same day last week pattern'),
('sales_rolling_mean_7', '7-day trend')

for feature, description in feature_list:
print(f" - {feature}: {description}")




# Remove rows with NaN (from lag features)
df_clean = df.dropnal)

print(f"\n Feature engineering complete!")
print(f"ml Dataset now has {len(df_clean)} samples with {len(df_clean.columns)} features")

return df_clean

def train_model(self, df):

Step 3: Train the linear regression model
print("\n& TRAINING LINEAR REGRESSION MODEL")
print("="*60)

# Select features

feature_columns = [
'temperature’, 'is_weekend', 'is_campaign', 'avg_price’,
'social_buzz', 'days_to_holiday', 'day_sin', 'day_cos',
'month_sin', 'month_cos', 'price_discount’, 'temp_squared',
'holiday_proximity', 'weekend_campaign', 'hot_weekend’,
'sales_lag_1', 'sales_lag_7', 'sales_rolling_mean_7"

X = df[feature_columns]
y = df['sales']

# Split into training and testing sets

split_point = int(len(df) * 0.8)

X_train, X_test = X[:split_point], X[split_point:]
y_train, y_test = y[:split_point], y[split_point:]

print(f"& Training set: {len(X_train)} samples")
print(f"# Test set: {len(X_test)} samples")

# Standardize features

from sklearn.preprocessing import StandardScaler
scaler = StandardScaler()

X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)

# Train the model
from sklearn.linear_model import LinearRegression




from sklearn.metrics import mean_absolute_error, r2_score
model = LinearRegression()

print("\nZ Training in progress...")
model.fit(X_train_scaled, y_train)
print(" Training complete!")

# Make predictions
train_predictions = model.predict(X_train_scaled)
test_predictions = model.predict(X_test_scaled)

# Evaluate performance

train_mae = mean_absolute_error(y_train, train_predictions)
test_mae = mean_absolute_error(y_test, test_predictions)
train_r2 = r2_score(y_train, train_predictions)

test_r2 =r2_score(y_test, test_predictions)

print("\n~ MODEL PERFORMANCE:")

print("="*60)

print(f"Training Set:")

print(f" MAE: ${train_mae:,.2f}")

print(f" R? Score: {train_r2:.4f}")

print(f" Accuracy: {100 - (train_mae/y_train.mean()*100):.1f}%")

print(f"\nTest Set (Unseen Data):")

print(f" MAE: ${test_mae:,.2f}")

print(f" R? Score: {test_r2:.4f}")

print(f" Accuracy: {100 - (test_mae/y_test.mean()*100):.1f}%")

# Feature importance
importance_df = pd.DataFrame({

'feature': feature_columns,

'coefficient': model.coef_,

'abs_coefficient': abs(model.coef_)
}).sort_values('abs_coefficient', ascending=False)

print("\nA TOP 5 MOST IMPORTANT FEATURES:")
print("="*60)
for idx, row in importance_df.head(5).iterrows():
impact = "increases" if row['coefficient'] > O else "decreases"
print(f"{row['feature']}: Every unit change {impact} sales by ${abs(row['coefficient']):.2f}")

# Visualize predictions vs actual




plt.figure(figsize=(15, 5))

# Plot 1: Time series comparison

plt.subplot(1, 3, 1)

test_dates = df.iloc[split_point:]['date']

plt.plot(test_dates, y_test.values, 'b-', label="Actual Sales', alpha=0.7)
plt.plot(test_dates, test_predictions, 'r--', label='Predicted Sales', alpha=0.7)
plt.fill_between(test_dates, y_test.values, test_predictions, alpha=0.2)
plt.title('Actual vs Predicted Sales (Test Set)')

plt.xlabel('Date')

plt.ylabel('Sales ($)")

plt.legend()

plt.xticks(rotation=45)

plt.grid(True, alpha=0.3)

# Plot 2: Scatter plot

plt.subplot(1, 3, 2)

plt.scatter(y_test, test_predictions, alpha=0.5, s=20)

plt.plot([y_test.min(), y_test.max()], [y_test.min(), y_test.max()], 'r--', lw=2)
plt.title('Predicted vs Actual Sales')

plt.xlabel('Actual Sales ($)")

plt.ylabel('Predicted Sales ($)")

plt.grid(True, alpha=0.3)

# Plot 3: Error distribution

plt.subplot(1, 3, 3)

errors = test_predictions - y_test.values

plt.hist(errors, bins=30, color="purple’, alpha=0.7, edgecolor="'black")
plt.axvline(x=0, color="red’, linestyle="--', linewidth=2)
plt.title('Prediction Error Distribution')

plt.xlabel(‘Error ($)')

plt.ylabel('Frequency"')

plt.grid(True, alpha=0.3)

plt.suptitle('Linear Regression Model Performance’, fontsize=14, fontweight="bold")
plt.tight_layout()
plt.show()

self.model = model
self.scaler = scaler

self.feature_names = feature_columns

return model, test_mae, test_r2




def business_impact_analysis(self, test_mae):

Step 4: Translate model performance to business value

print("\ni@ BUSINESS IMPACT ANALYSIS")
print("="*60)

print("Converting technical metrics to business value...")

# Current system (from our story)
current_mae = 2500 # Traditional forecasting error

print(f"\nll Forecasting Accuracy Improvement:")

print(f" Current System MAE: ${current_mae:,.2f}")

print(f" ML Model MAE: ${test_mae:,.2f}")

print(f" Improvement: ${current_mae - test_mae:,.2f} ({(current_mae - test_mae)/current_mae*100:.1f}

# Calculate financial impact
print(f"\n® Annual Financial Impact:")

# Reduced stockouts

stockout_reduction = (current_mae - test_mae) * 0.3 # 30% of improvement prevents stockouts
stockout_savings = stockout_reduction * 75 # $/5 loss per stockout

print(f" Stockout Reduction: ${stockout_savings * 365:,.2f}")

# Reduced overstock

overstock_reduction = (current_mae - test_mae) * 0.7 # /0% of improvement prevents overstock
overstock_savings = overstock_reduction * 5 # $5 holding cost per unit

print(f" Overstock Reduction: ${overstock_savings * 365:,.2f}")

# Customer satisfaction
satisfaction_improvement = (current_mae - test_mae) / current_mae * 100

print(f" Customer Satisfaction: +{satisfaction_improvement:.1f}% availability")

# Total savings
total_annual_savings = (stockout_savings + overstock_savings) * 365
print(f"\n € TOTAL ANNUAL SAVINGS: ${total_annual_savings:,.2f}")

# ROI Calculation

print(f"\n~ Return on Investment (ROI):")
ml_implementation_cost = 150000 # One-time cost
annual_ml_maintenance = 50000 # Ongoing cost

first_year_roi = (total_annual_savings - ml_implementation_cost - annual_mI_maintenance) / ml_implen|



ongoing_roi = (total_annual_savings - annual_ml_maintenance) / annual_ml_maintenance * 100

print(f" Implementation Cost: ${ml_implementation_cost:,.2f}")
print(f" Annual Maintenance: ${annual_ml_maintenance:,.2f}")
print(f" First Year ROI: {first_year_roi:.1f}%")

print(f" Ongoing Annual ROI: {ongoing_roi:.1f}%")

if first_year_roi > 0O:

print(f”\n RECOMMENDATION: Implement immediately!")

print(f" The ML system pays for itself in {12/(first_year_roi/100):.1f} months")
else:

print(f"\n&h RECOMMENDATION: Review implementation costs")

def make_tomorrow_prediction(self, df):

Step 5: Make an actual prediction for tomorrow
print("\nQ TOMORROW'S SALES PREDICTION")
print("="*60)

# Create tomorrow's features
tomorrow = pd.Timestamp.now() + pd.Timedelta(days=1)

# Get weather forecast (simulated)

tomorrow_temp = 75 + np.random.randn() * 5

# Prepare features

tomorrow_features = {
'temperature': tomorrow_temp,
'is_weekend': 1 if tomorrow.dayofweek >= 5 else 0,
'is_campaign': 0, # No campaign planned
'avg_price': 249,
'social_buzz': 50, # Average buzz
'days_to_holiday': 30, # Approximate
'day_sin': np.sin(2 * np.pi * tomorrow.dayofweek / 7),
'day_cos': np.cos(2 * np.pi * tomorrow.dayofweek [ 7),
'month_sin": np.sin(2 * np.pi * tomorrow.month / 12),
'month_cos': np.cos(2 * np.pi * tomorrow.month / 12),
'price_discount': 0,
'temp_squared': tomorrow_temp ** 2,
'holiday_proximity': 1/31,
'weekend_campaign': 0,
'hot_weekend': 1if (tomorrow.dayofweek >= 5 and tomorrow_temp > 80) else 0,
'sales_lag_1": df['sales'].iloc[-1], # Today's sales




'sales_lag_7'": df['sales'].iloc[-7], # Same day last week

'sales_rolling_mean_7": df['sales'].iloc[-7:].mean()

# Make prediction

X_tomorrow = pd.DataFrame([tomorrow_features])[self.feature_names]
X_tomorrow_scaled = self.scaler.transform(X_tomorrow)

prediction = self.model.predict(X_tomorrow_scaled)[0]

# Calculate confidence interval (simplified)

std_error = 500 # Estimated from residuals
lower_bound = prediction - 1.96 * std_error
upper_bound = prediction + 1.96 * std_error

print(f"% Date: {tomorrow.strftime('%A, %B %d, %Y')}")

print(f" » Expected Temperature: {tomorrow_temp:.1f}°F")

print(f"ml Sales Prediction: ${prediction:,.2f}")

print(f"~ 95% Confidence Interval: ${lower_bound:,.2f} - ${upper_bound:,.2f}")

print(f"\n@ RECOMMENDED INVENTORY ACTION:")

print(f" Stock Level: {int(prediction / 249)} units of high-value items")

print(f" Safety Stock: {int((upper_bound - prediction) / 249)} additional units")
print(f" Staff Scheduling: {int(prediction / 1000)} associates for tomorrow")

return prediction

# Run the complete pipeline

print("# SARAH'S MEGAMART ML PIPELINE")

print("="*80)

print("Follow Sarah as she builds her first ML model to solve MegaMart's crisis!\n")

sarah_ml = MegaMartMLPipeline()

# Step 1: Load data
input("Press Enter to load MegaMart's data...")
df = sarah_ml.load_and_explore_data()

# Step 2: Feature engineering
input("\nPress Enter to engineer features...")
df_featured = sarah_ml.feature_engineering(df)

# Step 3: Train model
input("\nPress Enter to train the Linear Regression model...")
model, test_mae, test_r2 = sarah_ml.train_model(df_featured)




# Step 4: Business impact
input("\nPress Enter to see the business impact...")
sarah_ml.business_impact_analysis(test_mae)

# Step 5: Make prediction
input("\nPress Enter to predict tomorrow's sales...")
tomorrow_prediction = sarah_ml.make_tomorrow_prediction(df_featured)

print("\n" + "="*80)
print("& CONGRATULATIONS!")
print("="*80)

(

(

(

print("Sarah successfully implemented her first ML model!")

print(f"The CEO is impressed: 'Sarah, you've saved us ${(2500-test_mae)*365*75/1000000:.1f}M annually!'
("
(
(
(
(

print("\nBut this is just the beginning... Next, we'll explore:")

print(" - Advanced techniques (Random Forests, Neural Networks)")
print(" - Real-time model updating")

print(" - A/B testing for model validation")

print(" - Deployment to production")

Part 3: Hands-On Exercise - Build Your Own Model

@ Your Mission: Beat Sarah's Model

Now it's your turn! Can you build a better model than Sarah's?

s

python




class StudentMLChallenge:

Your chance to build and improve the model!

def __init__(self, student_name):
self.student_name = student_name
self.submissions =[]
self.leaderboard = [
{'name': 'Sarah’, 'mae': 487.23, 'features': 18},
{'name': 'Previous Best', 'mae': 512.45, 'features': 12}

def load_challenge_data(self):

Load the challenge dataset

print(f"®@ ML CHALLENGE - {self.student_name}")

print("="*60)

print("Your mission: Build a model that beats Sarah's MAE of $487.23")
print("\nDataset loaded with 10,000 samples")

print("Features available:")

print(" - Basic: temperature, day_of_week, month, price")

print(" - Advanced: social_media_mentions, competitor_price, stock_level")

print(" - Create your own: Your imagination is the limit!")

# Generate challenge data
# [Implementation details...]

return challenge_data

def submit_model(self, model, features, test_mae):

Submit your model to the leaderboard
submission = {
'name': self.student_name,
'mae': test_mae,
'features': len(features),
'timestamp': pd.Timestamp.now()




self.submissions.append(submission)
self.leaderboard.append(submission)
self.leaderboard.sort(key=lambda x: x['mae'])

print("\n¥ LEADERBOARD UPDATE:")
print("="*60)
for i, entry in enumerate(self.leaderboard[:5], 1):
if entry['name'] == self.student_name:
print(f"s< {i}. {entry['name']}: ${entry['mae']:.2f} MAE ({entry['features']} features)")
else:
print(f" {i}. {entry['name']}: ${entry['mae']:.2f} MAE ({entry['features']} features)")

if test_mae < 487.23:
print(f“\ni‘g)i CONGRATULATIONS! You beat Sarah's model!")
print(f" Your model is ${487.23 - test_mae:.2f} better!")
self.generate_certificate()
else:
print(f"\n& Keep trying! You're ${test_mae - 487.23:.2f} away from beating Sarah.")
print(" Hints: Try polynomial features, more lag variables, or interaction terms!")

def generate_certificate(self):

Generate a certificate of achievement

print("\n" + "¥ "*20)

print(f" CERTIFICATE OF ACHIEVEMENT")
print(f"  {self.student_name}")

print(f" Successfully mastered Linear Regression")
print(f"  and beat the instructor's model!")
print("¥ "*20)

# Start the challenge
challenge = StudentMLChallenge(student_name="Your Name Here")
# ... Challenge implementation continues ...

Part 4: Common Pitfalls and How to Avoid Them

. The Overfitting Monster

( python



class OverfittingDemo:

Learn about the biggest danger in ML: Overfitting
ML

def __init__(self):
self.story = """
L The Tale of Two Models

Model A: Simple Sam

- Uses 5 features

- Training accuracy: 85%

- Test accuracy: 83%

- Business result: Consistent profits

Model B: Complex Carl

- Uses 100 features (including "CEQ's mood" and "Mercury in retrograde")
- Training accuracy: 99.9%

- Test accuracy: 65%

- Business result: Disaster! Ordered 10,000 umbrellas in a drought.

Moral: A model that's TOO good on training data is suspicious!

def visualize_overfitting(self):

See overfitting in action

pass

7 Module Assessment: Real-World Case Study

The Great Target Data Breach Prediction Challenge

In 2013, Target suffered a massive data breach during the holiday season. Your task: Build a model

that could have predicted the unusual sales patterns that preceded the breach.

Dataset Provided:



¢ Daily sales data from 1,800 stores
e Transaction counts

e Average transaction values

e Return rates

e Customer complaint logs
Your Mission:

1. Identify anomalous patterns
2. Build a predictive model
3. Calculate the business value of early detection

4. Present findings to the "Board of Directors" (class)
Grading Rubric:

e Model Accuracy (30%)
e Feature Engineering Creativity (25%)
e Business Impact Analysis (25%)

e Presentation Quality (20%)

@ Module Summary and Next Steps

What You've Mastered:
Technical Skills:

Built linear regression from scratch

Understood least squares optimization

Performed feature engineering

Evaluated models using business metrics
Business Acumen:

¢ Translated MAE to dollars saved
e Calculated ROI of ML implementation

¢ Made inventory recommendations



¢ Presented to stakeholders
Practical Experience:

* Worked with real retail data
¢ Dealt with seasonality and trends
e Handled missing data and outliers

¢ Deployed a working model

Your Homework Assignment:

Project: Implement Linear Regression for Your Local Business
1. Choose a local business (coffee shop, bookstore, restaurant)
2. Collect or simulate 30 days of data
3. Build a prediction model

4. Create a 1-page executive summary showing potential savings

5. Bonus: Interview the owner and present your findings!
Preview of Next Module:
Module 3: Classification - Predicting Customer Churn

Next week, Sarah faces a new crisis: MegaMart is losing customers to Amazon. Can she predict

which customers will churn and save them with targeted interventions?

You'll learn:

¢ Logistic Regression (Linear Regression's cousin)
¢ ROC curves and confusion matrices

¢ The $100M question: Is it cheaper to keep a customer or find a new one?

¥ Additional Resources for Deep Dive

Essential Readings:

1. "The Signal and the Noise" by Nate Silver
e Chapter 4: How weather forecasting improved (relevant to sales forecasting)

2. Research Paper: "Forecasting at Scale" by Facebook



e Link

e See how Facebook predicts platform usage

3. Case Study: Walmart's Hurricane Sales Prediction
e Harvard Business Review

e Pop-Tarts and hurricanes: An unexpected correlation

Coding Challenges:

1. Easy: Predict ice cream sales based on temperature
2. Medium: Forecast electricity demand with multiple weather variables

3. Hard: Build a real-time stock predictor using financial indicators

Industry Connections:
Guest Speaker Next Class:

* Jane Martinez, Senior Data Scientist at Target

e Topic: "How We Really Use ML in Retail"

Office Hours Special:

Every Thursday 3-5 PM: "Debug Your Model" sessions

Bring your code, we'll fix it together!

oA @ .
£+ Congratulations!

You've completed Module 2! You're no longer just someone who's heard of Machine Learning -
you're someone who can BUILD it, EXPLAIN it, and PROFIT from it!

Remember Sarah's journey:

e Monday: Crisis ($180,000 loss)

e Tuesday-Thursday: Built her first model

e Friday: Presented to CEO

¢ Following Monday: Promotion to Chief Analytics Officer!

Your journey can be just as transformative. Keep practicing, keep questioning, and remember:

Every big company started with someone asking, "What if we could predict this better?"



See you in Module 3, where we'll tackle classification and save MegaMart from the customer churn
crisis!

Assignment Due: Upload your Jupyter notebook with all exercises completed Next Class: October
15, 2024 Reading: Chapters 3-4 of "Introduction to Statistical Learning"

"Prediction is difficult, especially about the future. But with Linear Regression, we're getting better
at it!" - Your instructor



