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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import matplotlib.ticker as mtick
from scipy import stats

from scipy.optimize import brentq
import warnings
warnings.filterwarnings('ignore')

# Set plotting style

plt.style.use('seaborn-vO_8-whitegrid')
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rcParams['figure.figsize']
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# Define color palette
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1 Executive Summary

! Investment Opportunity

This analysis presents a structured securitization opportunity for Lending Bank’s 2015 consumer
loan vintage. The transaction offers:

o Total Pool Size: $6.42 billion in consumer loans

o Weighted Average Coupon: 12.94%

o Expected Annual Loss: 0.79%

e Recommended Structure: 4-tranche ABS with 4% equity retention

The December 2015 market environment—characterized by the Federal Reserve’s first rate increase
since 2006—presents an opportune moment for this transaction. With Fed Funds at 0.25-0.50% and
tight ABS spreads, investor demand for consumer credit exposure remains strong.

2 Reference Pool Characteristics

2.1 Portfolio Overview

# 2015 Loan Portfolio Data by Grade
portfolio_data = pd.DataFrame ({
'Grade': ['A', 'B', 'C', 'D', 'E', 'F', 'G'],
'"Volume': [1077417350, 1676097950, 1777831825, 999154850, 645584850, 197226225, 44267125],
'Loan_Count': [73335, 117606, 120567, 62654, 34948, 9817, 2167],
'Default_Rate': [0.00146, 0.00349, 0.00683, 0.01338, 0.01771, 0.02964, 0.03276],
'Interest_Rate': [6.954, 10.035, 13.320, 16.769, 19.316, 23.635, 26.815],
'Recovery_Rate': [0.0164, 0.0237, 0.0152, 0.0132, 0.0196, 0.0160, 0.0156],
'Rating Equivalent': ['AAA', 'AA', 'A', 'BBB', 'BB', 'B', 'CCC']
b

# Calculate derived metrics

portfolio_datal['LGD'] = 1 - portfolio_datal['Recovery_Rate']
portfolio_datal['Expected_Loss'] = portfolio_datal['Default_Rate'] * portfolio_data['LGD']
portfolio_datal'Volume Pct'] = portfolio_datal['Volume'] / portfolio_datal'Volume'].sum()
portfolio_datal['Avg _Loan_Size'] = portfolio_datal['Volume'] / portfolio_datal['Loan_Count']

# Display summary
total_volume = portfolio_datal'Volume'].sum()
total_loans = portfolio_datal['Loan_Count'].sum()

print (£f"Total Portfolio Volume: ${total_volume:,.O0f}")
print (f"Total Number of Loans: {total_loans:,}")
print (f"Average Loan Size: ${total_volume/total_loans:,.2f}")



Total Portfolio Volume: $6,417,580,175
Total Number of Loans: 421,094
Average Loan Size: $15,240.26

fig, axes = plt.subplots(l, 2, figsize=(14, 5))

# Volume by Grade
colors = [COLORS['AAA'], COLORS['A'], COLORS['secondary'], COLORS['BBB'],
COLORS['warning'], COLORS['danger'], '#8e44ad']

axl = axes[0]

bars = axl.bar(portfolio_datal['Grade'], portfolio_datal['Volume'] / 1e9, color=colors, edgecolo
axl.set_xlabel('Loan Grade')

axl.set_ylabel('Volume ($ Billions)')

axl.set_title('Loan Volume by Grade', fontweight='bold')

# Add value labels
for bar, vol in zip(bars, portfolio_datal['Volume']):
height = bar.get_height ()
axl.annotate(f'${vol/1e9:.2f}B",
xy=(bar.get_x() + bar.get_width() / 2, height),
xytext=(0, 3), textcoords="offset points",
ha='center', va='bottom', fontsize=9)

# Pie chart for composition

ax2 = axes[1]

wedges, texts, autotexts = ax2.pie(portfolio_datal['Volume_ Pct'],
labels=portfolio_datal['Grade'],
autopct="%1.1f%%",
colors=colors,
explode=[0.02]*7,
startangle=90)

ax2.set_title('Portfolio Composition by Grade', fontweight='bold')

plt.tight_layout ()
plt.show()
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Figure 1: Portfolio Composition by Loan Grade

2.2 Key Portfolio Metrics

GF

E

display_df = portfolio_datal[['Grade', 'Volume', 'Loan_Count', 'Default_Rate',
'Interest_Rate', 'LGD', 'Expected_Loss']].copy()

display_df['Volume'] = display_df['Volume'].apply(lambda x: f"${x/1e6:,.1f}M")

display_df['Loan_Count'] = display_df['Loan_Count'].apply(lambda x: f"{x:,}")

display_df ['Default_Rate'] = display_df['Default_Rate'].apply(lambda x: f£"{x*100:.2f}%")

display_df ['Interest_Rate'] = display_df['Interest_Rate'].apply(lambda x: f"{x:.2f}J%")

display_df['LGD'] = display_df['LGD'].apply(lambda x: f"{x*100:.1£f3}%")

display_df ['Expected_Loss'] = display_df['Expected_Loss'].apply(lambda x: f£"{x*100:.3f}%")

display_df.columns = ['Grade', 'Volume', 'Loans', 'Default Rate', 'Interest Rate', 'LGD', 'Exp

display_df

Table 1: Loan Portfolio Summary by Grade

Grade Volume Loans Default Rate Interest Rate LGD  Expected Loss
0 A $1,077.4M 73,335  0.15% 6.95% 98.4% 0.144%
1 B $1,676.1M 117,606 0.35% 10.04% 97.6% 0.341%
2 C $1,777.8M 120,567 0.68% 13.32% 98.5% 0.673%
3 D $999.2M 62,654  1.34% 16.77% 98.7% 1.320%
4 E $645.6M 34,948  1.77% 19.32% 98.0% 1.736%
5 F $197.2M 9,817 2.96% 23.64% 98.4% 2.917%
6 G $44.3M 2,167 3.28% 26.82% 98.4% 3.225%

2.3 Weighted Average Calculations

The weighted average metrics for the portfolio are calculated as follows:



1 Mathematical Framework

Weighted Average Coupon (WACQC):

> (Vixry)
WAC = Zi
Zi:l ‘/7,

Weighted Average Expected Loss:

" (V; x PD; x LGD,)
portfolio — = Zn

i=1 1

EL

Where: - V; = Volume of grade ¢ - r; = Interest rate of grade ¢
- PD, = Probability of default for grade i - LGD, = Loss given default for grade ¢

# Calculate weighted averages
weights = portfolio_datal['Volume'] / portfolio_datal'Volume'].sum()

wac = np.sum(weights * portfolio_datal['Interest_Rate'])
weighted_default = np.sum(weights * portfolio_datal['Default_Rate'])
weighted_lgd = np.sum(weights * portfolio_datal['LGD'])

weighted_el = np.sum(weights * portfolio_datal['Expected_Loss'])

print ("=" * 60)

print ("WEIGHTED AVERAGE PORTFOLIO METRICS")

print ("=" * 60)

print (f"\nTotal Portfolio Volume: ${total_volume:>20,.0f}")
print (f"Total Number of Loans: {total_loans:>20,}")

print (f"\nWeighted Average Coupon (WAC): {wac:>19.2f}%")

print (f"Weighted Average Default Rate: {weighted_default*100:>19.3f}%")
print (f"Weighted Average LGD: {weighted_1gd*100:>19.2f}%")
print (f"Weighted Average Expected Loss: {weighted_el*100:>19.3f}%")
print (f"\nWeighted Average Maturity (WAM): {3.8:>19.1f} years")
print("=" * 60)

# Store for later use
portfolio_metrics = {

'total_volume': total_volume,

wac': wac,
'weighted_default': weighted_default,
'weighted_lgd': weighted_lgd,
'weighted_el': weighted_el,

'wam': 3.8

WEIGHTED AVERAGE PORTFOLIO METRICS




Total Portfolio Volume: $ 6,417,580,175

Total Number of Loans: 421,094
Weighted Average Coupon (WAC): 12.947,
Weighted Average Default Rate: 0.805%
Weighted Average LGD: 98.22%,
Weighted Average Expected Loss: 0.792%
Weighted Average Maturity (WAM): 3.8 years

2.3.1 Verification of Expected Loss Calculation

print ("Expected Loss Verification by Grade:")

print("-" * 70)

print (£"{'Grade':<8} {'Volume ($M)':<15} {'PD':<10} {'LGD':<10} {'EL':<10} {'Contribution':<12
print("-" * 70)

total_el_contribution = 0O
for _, row in portfolio_data.iterrows():
contribution = row['Volume'] * row['Default Rate'] * row['LGD']
total_el_contribution += contribution
print (f"{row['Grade'] :<8} ${row['Volume']/1e6:>12,.1f} {row['Default_Rate']*100:>8.3f}), {r

print("-" * 70)

print (£"{'TOTAL':<8} ${total_volume/le6:>12,.1f} {' 'x26} ${total_el_contribution/le6:>10,.2f}
print (f"\nPortfolio Expected Loss Rate: {total_el_contribution/total_volumex*100:.4£f}%")

print (f"Annual Expected Dollar Loss: ${total_el_contribution/portfolio_metrics['wam']:,.0f}")

Expected Loss Verification by Grade:

Grade Volume ($M) PD LGD EL Contribution
A $ 1,077.4 0.146% 98.4%  0.14367% $ 1.55M

B $ 1,676.1 0.349Y 97.6%  0.3407% $ 5.71M

C $ 1,777.8 0.683% 98.5% 0.6726% $ 11.96M

D $ 999.2 1.338Y% 98.7% 1.3203% $ 13.19M

E $ 645.6 1.771% 98.0% 1.7363% $ 11.21M

F $ 197.2 2.964Y, 98.4%  2.9166% $ 5.75M

G $ 44 .3 3.276Y% 98.4%  3.2249% $ 1.43M
TOTAL $ 6,417.6 $ 50.80M

Portfolio Expected Loss Rate: 0.7915%
Annual Expected Dollar Loss: $13,367,753



3 Interest Rate Environment

3.1 Federal Reserve Policy Context

@ December 2015 Rate Environment

On December 16, 2015, the Federal Reserve raised the federal funds rate to 0.25% - 0.50%,
marking the first rate increase since 2006. This ended the zero interest rate policy (ZIRP) era.

# Rate environment data
rates_data = {

'Instrument': ['Fed Funds Rate', '2Y Treasury', '3Y Treasury', 'bGY Treasury',

'10Y Treasury', 'AAA ABS Spread', 'BBB ABS Spread'l],

'Rate_bps': [25, 100, 130, 175, 225, 45, 180],

'Category': ['Policy', 'Treasury', 'Treasury', 'Treasury', 'Treasury', 'Spread', 'Spread']
b
rates_df = pd.DataFrame(rates_data)

fig, ax = plt.subplots(figsize=(12, 6))

colors_map = {'Policy': COLORS['danger'], 'Treasury': COLORS['primary'], 'Spread': COLORS['suc
bar_colors = [colors_map[cat] for cat in rates_df['Category']]

bars = ax.barh(rates_df['Instrument'], rates_df['Rate_bps'], color=bar_colors, edgecolor='whit

ax.set_xlabel('Rate (basis points)')
ax.set_title('December 2015 Interest Rate Environment', fontweight='bold', fontsize=14)
ax.axvline(x=25, color=COLORS['danger'], linestyle='--', alpha=0.5, label='Fed Funds')

# Add value labels
for bar, rate in zip(bars, rates_df['Rate_bps']):
width = bar.get_width()
ax.annotate (f'{rate} bps ({rate/100:.2f}%)"',
xy=(width, bar.get_y() + bar.get_height()/2),
xytext=(5, 0), textcoords="offset points",
ha='left', va='center', fontsize=10)

# Legend

from matplotlib.patches import Patch

legend_elements = [Patch(facecolor=COLORS['danger'], label='Policy Rate'),
Patch(facecolor=COLORS['primary'], label='Treasury Yields'),
Patch(facecolor=COLORS['success'], label='ABS Spreads')]

ax.legend(handles=legend_elements, loc='lower right')

plt.tight_layout ()
plt.show()
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Figure 2: Interest Rate Environment and Spread Analysis

3.2 Benchmark Rate Calculations

For pricing our tranches, we use the following benchmark rates:

# Benchmark rates for December 2015
benchmark rates = {
'Fed_Funds': 0.25,
'Treasury_3Y': 1.30,
'Treasury_5Y': 1.75,
'LIBOR_3M': 0.53,
'Swap_3Y': 1.45,
'Swap_5Y': 1.85

print ("Benchmark Rates (December 2015)")
print ("=" * 50)
for name, rate in benchmark rates.items():
print (f"{name.replace('_', ' '):<25} {rate:>8.2f})")

Benchmark Rates (December 2015)

Fed Funds 0.25%
Treasury 3Y 1.30%
Treasury 5Y 1.75%
LIBOR 3M 0.53%
Swap 3Y 1.45%
Swap 5Y 1.85%



4 Tranche Structure Design

4.1 Credit Enhancement Methodology

The tranche structure is designed to achieve target ratings based on expected and stressed loss
scenarios.

1 Subordination Calculation

Required Subordination for Rating:

Srating - ELstressed X (1 + Bufferrating)
Where: - S

rating = Subordination level required for target rating - EL g, ¢s5.q = Expected loss
under stressed scenario - Buf fer,,.;,, = Rating agency buffer (AAA: 4x, A: 2.5x, BBB: 1.5x)
Tranche Attachment/Detachment Points:

o Attachment Point = Where losses begin to impact the tranche
e Detachment Point = Where tranche is fully wiped out
e Thickness = Detachment - Attachment

# Define tranche structure

tranche_structure = pd.DataFrame ({
'"Tranche': ['A (Senior)', 'B (Mezzanine)', 'C (Junior)', 'D (Equity)'l],
'Rating': ['AAA', 'A', 'BBB', 'NR'],
'"Attachment': [0.20, 0.10, 0.04, 0.00],
'Detachment': [1.00, 0.20, 0.10, 0.04],
'Coupon_bps': [180, 325, 550, Nonel, # None for equity (residual)
'Spread_bps': [60, 195, 420, None]

b

# Calculate sizes

tranche_structure['Thickness'] = tranche_structure['Detachment'] - tranche_structure['Attachme:
tranche structure['Size'] = tranche_structure['Thickness'] * total_ volume
tranche_structure['Size_Pct'] = tranche_structure['Thickness'] * 100

print ("TRANCHE STRUCTURE DEFINITION")
print("=" * 80)
print (£"{'Tranche':<18} {'Rating':<8} {'Attach':<10} {'Detach':<10} {'Thickness':<12} {'Size (
print("-" * 80)
for , row in tranche structure.iterrows():
print (f"{row['Tranche'] :<18} {row['Rating']:<8} {row['Attachment']*100:>7.1£f}), {row['Detac!
print("-" * 80)
print (£"{'TOTAL':<18} {'':<8} {'0.0%':>10} {'100.0%"':>10} {'100.0%':>12} ${total_volume/1le6:>1:

TRANCHE STRUCTURE DEFINITION

10



Tranche Rating Attach Detach Thickness Size ($M)

A (Senior) AAA 20.0% 100.0% 80.0% $ 5,134.1M
B (Mezzanine) A 10.0% 20.0% 10.0% $ 641.8M
C (Junior) BBB 4.0% 10.0% 6.0% $ 385.1M
D (Equity) NR 0.0% 4.0% 4.0% $ 256.7M
TOTAL 0.0% 100.0Y% 100.0% $ 6,417.6M

4.2 Visual Representation of Capital Structure

fig, ax = plt.subplots(figsize=(10, 8))

# Create stacked horizontal bar

tranches = ['D (Equity)\nNR', 'C (Junior)\mBBB', 'B (Mezzanine)\nA', 'A (Senior)\nAAA']
sizes = [4, 6, 10, 80] # percentages

colors = [COLORS['Equity'], COLORS['BBB'], COLORS['A'], COLORS['AAA']]

# Create the waterfall

left = 0

bars = []

for i, (tranche, size, color) in enumerate(zip(tranches, sizes, colors)):
bar = ax.barh(0, size, left=left, height=0.5, color=color, edgecolor='white', linewidth=2)
bars.append (bar)

# Add label in center of bar

center = left + size/2

ax.text(center, 0, f'{tranche}\n{sizel}%', ha='center', va='center',
fontsize=11, fontweight='bold', color='white' if i < 3 else 'white')

left += size

ax.set_x1im(0, 100)

ax.set_ylim(-0.5, 0.5)

ax.set_xlabel('Cumulative Percentage of Capital Structure', fontsize=12)

ax.set_title('ABS Capital Structure\n(Losses absorbed from left to right)', fontsize=14, fontw
ax.set_yticks([])

# Add attachment point markers

attachment_points = [0, 4, 10, 20]

for ap in attachment_points:
ax.axvline(x=ap, color='black', linestyle='--', alpha=0.5, linewidth=1)
ax.text(ap, -0.4, f'{ap}%', ha='center', va='top', fontsize=9)

ax.text (50, 0.35, '« First Loss Last Loss ', ha='center', fontsize=10, st;
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plt.tight_layout ()
plt.show()
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Figure 3: ABS Capital Structure - Subordination Waterfall

4.3 Subordination Level Analysis

fig, ax = plt.subplots(figsize=(10, 6))

tranches_plot = ['AAA', 'A', 'BBB', 'Equity']
subordination
tranche_sizes

[80, 10, 6, 4]

x = np.arange(len(tranches_plot))
width = 0.35

12

[20, 10, 4, 0] # Credit enhancement percentages

100



barsl = ax.bar(x - width/2, subordination, width, label='Subordination (Credit Enhancement)',
color=COLORS['primary'], edgecolor='white')
bars2 = ax.bar(x + width/2, tranche sizes, width, label='Tranche Size',

color=COLORS['secondary'], alpha=0.7, edgecolor='white')

ax.set_ylabel ('Percentage of Pool (%)')

ax.set_xlabel ('Tranche')

ax.set_title('Credit Enhancement vs Tranche Size', fontweight='bold')
ax.set_xticks(x)

ax.set_xticklabels(tranches_plot)

ax.legend ()

# Add value labels
for bar in barsli:
height = bar.get_height()
ax.annotate(f'{height}/', xy=(bar.get_x() + bar.get_width()/2, height),
xytext=(0, 3), textcoords="offset points", ha='center', va='bottom', fontsize=
for bar in bars2:
height = bar.get_height()
ax.annotate (f'{height}’,', xy=(bar.get_x() + bar.get_width()/2, height),
xytext=(0, 3), textcoords="offset points", ha='center', va='bottom', fontsize=

ax.set_ylim(0, 100)

plt.tight_layout ()
plt.show()
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Credit Enhancement vs Tranche Size
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Figure 4: Credit Enhancement by Tranche

5 Cash Flow Analysis

5.1 Waterfall Structure

i Cash Flow Priority (Payment Waterfall)

Senior Fees - Trustee, servicer, and administrative fees
Class A Interest - AAA tranche interest payment
Class B Interest - A tranche interest payment

Class C Interest - BBB tranche interest payment
Principal Payments - Sequential by seniority
Residual - Equity tranche receives excess spread

SO WD =

# Cash flow waterfall analysis
servicing_fee = 0.0050 # 50 bps
trustee_fee = 0.0002 # 2 bps

# Calculate available cash flows

gross_yield = wac / 100 # Convert to decimal

net_yield = gross_yield - servicing fee - trustee_fee
expected_loss_annual = weighted_el / portfolio_metrics['wam']

14



available_for_tranches = net_yield - expected_loss_annual

print ("CASH FLOW WATERFALL ANALYSIS")

print("=" * 60)

print (f"\n{'Gross Portfolio Yield (WAC):':<40} {gross_yield*100:>10.2f}%")
print(£"{'Less: Servicing Fee:':<40} {-servicing_fee*100:>10.2f}%")

print (f"{'Less: Trustee/Admin Fee:':<40} {-trustee_feex100:>10.2f}%")

print("-" * 60)

print (f"{'Net Portfolio Yield:':<40} {net_yield*100:>10.2f}%")

print (f"{'Less: Expected Annual Losses:':<40} {-expected_loss_annual*100:>10.3f}%")
print("-" * 60)

print(£"{'Available for Distribution:':<40} {available_for_tranches*100:>10.2f}%")
print("=" * 60)

CASH FLOW WATERFALL ANALYSIS

Gross Portfolio Yield (WAC): 12.94Y,
Less: Servicing Fee: -0.50%
Less: Trustee/Admin Fee: -0.02%
Net Portfolio Yield: 12.42Y%
Less: Expected Annual Losses: -0.208%
Available for Distribution: 12.22%

5.2 Tranche Interest Payments

# Calculate annual interest payments by tranche
tranche_payments = []

for _, row in tranche_structure.iterrows():
size = row['Size']
if row['Rating'] != 'NR': # Not equity

coupon = rowl['Coupon_bps'] / 10000 # Convert bps to decimal
annual_interest = size * coupon
tranche_payments.append ({
'"Tranche': row['Tranche'],
'Rating': row['Rating'],
'Principal': size,
'Coupon': coupon,
'Annual_TInterest': annual_interest
b

else:

15



tranche_payments.append ({
'"Tranche': row['Tranche'],
'Rating': row['Rating'],
'Principal': size,
'Coupon': None,
'Annual_TInterest': None # Residual

b
payments_df = pd.DataFrame(tranche_payments)

# Calculate total interest payments to rated tranches
total_rated_interest = payments_df [payments_df['Rating'] != 'NR']['Annual_ Interest'].sum()

# Available for equity

total_available = total_volume * available_for_tranches

equity_residual = total_available - total_rated_interest

equity_size = tranche_structure[tranche_structure['Rating'] == 'NR']['Size'].values[0]
equity_yield = equity_residual / equity_size

print ("\nTRANCHE INTEREST PAYMENTS (ANNUAL)")

print("=" * 80)

print (£"{'Tranche':<18} {'Principal':<18} {'Coupon':<12} {'Annual Interest':<18}")
print("-" * 80)

for _, row in payments_df.iterrows():
if row['Rating'] != 'NR':
print (f"{row['Tranche']:<18} ${row['Principal']/1e9:>12.2f}B {row['Coupon']*100:>10.2f
else:
print (f"{row['Tranche']:<18} ${row['Principal']l/1e9:>12.2f}B {'Residual':>12} ${equity

print("-" * 80)

print (£"{'TOTAL AVAILABLE':<18} ${total_volume/1e9:>12.2f}B {'':<12} ${total_available/le6:>14
print ("=" * 80)

print (£"\nEquity Tranche Implied Yield: {equity_yield*100:.1f}%")

TRANCHE INTEREST PAYMENTS (ANNUAL)

Tranche Principal Coupon Annual Interest
A (Senior) $ 5.13B 1.80% $ 92.4M
B (Mezzanine) $ 0.64B 3.25% $ 20.9M
C (Junior) $ 0.39B 5.50% $ 21.2M
D (Equity) $ 0.26B Residual $ 649 .5M
TOTAL AVAILABLE $ 6.42B $ 783.9M

16



Equity Tranche Implied Yield: 253.0%

5.3 Cash Flow Visualization

fig, ax = plt.subplots(figsize=(12, 7))

# Prepare data
categories = ['Gross\nYield', 'Fees', 'Expected\nLoss', 'AAA\nInterest', 'A\nInterest',
'BBB\nInterest', 'Equity\nResidual']

gross = total_volume * gross_yield
fees = total_volume * (servicing fee + trustee_fee)
exp_loss = total_volume * expected_loss_annual

aaa_int = payments_df [payments_df['Rating'] == 'AAA']['Annual_Interest'].values[0]
a_int = payments_df [payments_df['Rating'] == 'A']['Annual_ Interest'].values[0]
bbb_int = payments_df [payments_df ['Rating'] == 'BBB']['Annual_Interest'].values[0]

values = [gross/le6, -fees/le6, -exp_loss/le6, -aaa_int/le6, -a_int/1e6, -bbb_int/le6, -equity

# Colors
colors = [COLORS['success'], COLORS['warning'], COLORS['danger'],
COLORS['AAA'], COLORS['A'], COLORS['BBB'], COLDRS['Equity']]

# Running total for waterfall

running_total = [0]

for i, val in enumerate(values[:-1]):
running_total.append(running_total[-1] + val)

# Plot
bottom = 0
for i, (cat, val, color) in enumerate(zip(categories, values, colors)):
if 1 ==
ax.bar(cat, val, color=color, edgecolor='white', linewidth=1.5)
bottom = val
else:

if val < O:
ax.bar(cat, abs(val), bottom=bottom + val, color=color, edgecolor='white', linewid
bottom = bottom + val

else:
ax.bar(cat, val, bottom=bottom, color=color, edgecolor='white', linewidth=1.5)
bottom = bottom + val

ax.axhline(y=0, color='black', linewidth=0.5)

ax.set_ylabel ('Annual Cash Flow ($ Millions)')
ax.set_title('Cash Flow Waterfall Analysis', fontweight='bold', fontsize=14)
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# Add value labels
for i, (cat, val) in enumerate(zip(categories, values)):
y_pos = running_totall[i] + val/2 if i > O else val/2
label = f'${abs(val):,.Of}M'
ax.annotate(label, xy=(i, y_pos), ha='center', va='center', fontsize=9, fontweight='bold',

plt.tight_layout()
plt.show()

Cash Flow Waterfall Analysis
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Figure 5: Annual Cash Flow Distribution

6 Risk Analysis

6.1 Scenario Analysis

A\ Stress Testing Framework
We analyze tranche performance under multiple loss scenarios:

o Base Case: Expected losses based on 2015 vintage performance
e Mild Stress: 2x base case default rates

o Moderate Stress: 5x base case default rates (recession scenario)
» Severe Stress: 10x base case default rates (2008-like crisis)
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# Define scenarios

scenarios = pd.DataFrame ({
'Scenario': ['Base Case', 'Mild Stress', 'Moderate Stress', 'Severe Stress', 'Crisis'],
'"PD_Multiplier': [1.0, 2.0, 5.0, 10.0, 20.0],
'LGD_Assumption': [0.95, 0.95, 0.95, 0.95, 0.95]

b

# Calculate losses for each scenario
base_pd = weighted_default
base_lgd = weighted_lgd

scenarios['Portfolio_PD'] = scenarios['PD_Multiplier'] * base_pd
scenarios['Expected_Loss'] = scenarios['Portfolio_PD'] * scenarios['LGD_Assumption']
scenarios['Loss_Dollars'] = scenarios['Expected_Loss'] * total_volume

# Determine tranche impacts
def tranche_impact(loss_pct, attachment, detachment):
"""Calculate loss absorbed by a tranche given portfolio loss percentage"""
if loss_pct <= attachment:
return 0.0 # No loss to this tranche
elif loss_pct >= detachment:
return 1.0 # Tranche fully wiped
else:
return (loss_pct - attachment) / (detachment - attachment)

# Calculate impacts for each tranche in each scenario
for tranche_name, attach, detach in [('Equity', 0.00, 0.04), ('BBB', 0.04, 0.10),
('A', 0.10, 0.20), ('AAA', 0.20, 1.00)]:
scenarios[f'{tranche_name} Loss'] = scenarios['Expected_Loss'].apply(
lambda x: tranche_impact(x, attach, detach)

print ("SCENARIO ANALYSIS - LOSS PROJECTIONS")

print ("=" * 90)

print (£"{'Scenario':<20} {'PD Mult':<10} {'Port Loss %':<12} {'Loss ($M)':<15} {'Status':<25}"
print ("-" * 90)

for _, row in scenarios.iterrows():
status = " Equity Absorbs" if row['Expected_Loss'] < 0.04 else \
" BBB Impaired" if row['Expected_Loss'] < 0.10 else \
" A Impaired" if row['Expected_Loss'] < 0.20 else " AAA TImpaired"
print (f"{row['Scenario']:<20} {row['PD_Multiplier']:>6.1f}x {row['Expected_Loss']*100:>10.

print("=" * 90)

SCENARIO ANALYSIS - LOSS PROJECTIONS
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Scenario PD Mult Port Loss % Loss ($M) Status
Base Case 1.0x 0.76% $ 49M Equity Absorbs
Mild Stress 2.0x 1.53% $ 98M Equity Absorbs
Moderate Stress 5.0x 3.82% $ 245M Equity Absorbs
Severe Stress 10.0x 7.65% $ 491M BBB Impaired
Crisis 20.0x 15.30% $ 982M A Impaired
fig, ax = plt.subplots(figsize=(12, 6))

x = np.arange(len(scenarios))

width = 0.2

# Plot each tranche's
.bar(x
.bar (x
.bar(x
.bar (x

ax
ax
ax
ax

ax.
.set_ylabel('Tranche Principal Loss (%)')
ax.

ax

ax.

ax

ax.
.set_ylim(0, 110)

ax

- 1.5%width,
- 0.5*width,
+ 0.5*width,
+ 1.5%width,

loss

scenarios['Equity_Loss']*100, width, label='Equity (0-4%)', color=COLORS
scenarios['BBB_Loss']#*100, width, label='BBB (4-10%)', color=COLORS['BBB
scenarios['A Loss']*100, width, label='A (10-20%)', color=COLORS['A'])
scenarios['AAA Loss']#100, width, label='AAA (20-100%)', color=COLORS['A

set_xlabel('Scenario')

set_title('Tranche Loss by Stress Scenario', fontweight='bold', fontsize=14)
set_xticks(x)

legend ()

.set_xticklabels(scenarios['Scenario'], rotation=15)

# Add horizontal line at 100%
ax.axhline(y=100, color='red', linestyle='--', alpha=0.5, label='Full Principal Loss')

plt.tight_layout ()
plt.show()
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Figure 6: Tranche Loss Distribution by Scenario

6.2 Value at Risk (VaR) Analysis

i VaR Methodology

Parametric VaR assuming normal distribution:

VaR,=p+o- -0 1(a)
Expected Shortfall (CVaR):
$(@ (o))
ey

Where: - 1 = Expected portfolio value - o = Portfolio volatility (standard deviation) - ®~! =
Inverse standard normal CDF - ¢ = Standard normal PDF

ES,=p+o-

# VaR calculation
portfolio_value = total_volume

volatility = 0.15 # 15J, annual volatility assumption
time_horizon = 1 # 1 year

# Calculate VaR at different confidence levels
confidence_levels = [0.90, 0.95, 0.99]
var_results = []

for cl in confidence_levels:

z_score = stats.norm.ppf(cl)
var = portfolio_value * volatility * z_score * np.sqrt(time_horizon/252) # Daily
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var_annual = portfolio_value * volatility * z_score # Annual

# Expected Shortfall
pdf_at_z = stats.norm.pdf(z_score)
es_annual = portfolio_value * volatility * (pdf_at_z / (1 - cl))

var_results.append ({
'Confidence': cl,
'VaR_Daily': var,
'VaR_Annual': var_annual,
'ES_Annual': es_annual

b

var_df = pd.DataFrame(var_results)

print ("VALUE AT RISK ANALYSIS")

print("=" * 70)

print (f"Portfolio Value: ${portfolio_value:,.0f}")

print (f"Assumed Volatility: {volatility*100:.1f}%")

print(£"Time Horizon: 1 Year")

print("-" * 70)

print (£"{'Confidence':<15} {'VaR (Annual)':<20} {'ES (Annual)':<20} {'J/, of Portfolio':<15}")
print("-" * 70)

for _, row in var_df.iterrows():
print (£"{row['Confidence']*100:.0£f}%{"'"':<12} ${row['VaR_Annual']/1e6:>14,.1f}M ${row['ES_A;

print("=" * 70)

VALUE AT RISK ANALYSIS

Portfolio Value: $6,417,580,175
Assumed Volatility: 15.0%
Time Horizon: 1 Year

Confidence VaR (Annual) ES (Annual) % of Portfolio
90% $ 1,233.7M $ 1,689.4M 19.22%
95% $ 1,583.4M $ 1,985.6M 24.67%
999 $ 2,239.4M $ 2,565.6M 34.90%

fig, ax = plt.subplots(figsize=(12, 6))

# Generate distribution
mean_return = 0
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std_return = volatility
x = np.linspace(-0.5, 0.5, 1000)
y = stats.norm.pdf(x, mean_return, std_return)

ax.fill_between(x, y, alpha=0.3, color=COLORS['primary'])
ax.plot(x, y, color=COLORS['primary'], linewidth=2)

# Mark VaR levels
var_95 = stats.norm.ppf(0.05) * std_return # Left tail
var_99 = stats.norm.ppf(0.01) * std_return

ax.axvline(x=var_95, color=COLORS['warning'], linestyle='--', linewidth=2, label=f'VaR 957 ({v:
ax.axvline(x=var_99, color=COLORS['danger'], linestyle='--', linewidth=2, label=f'VaR 997, ({va

# Shade tail
ax.fill _between(x[x < var_99], y[x < var_99], alpha=0.5, color=COLORS['danger'])
ax.fill_between(x[(x >= var_99) & (x < var_95)], y[(x >= var_99) & (x < var_95)], alpha=0.3, c

ax.set_xlabel ('Annual Return (%)')

ax.set_ylabel('Probability Density')

ax.set_title('Portfolio Return Distribution with VaR', fontweight='bold', fontsize=14)
ax.legend()

# Format x-axis as percentage
ax.xaxis.set_major_formatter(mtick.PercentFormatter(1.0))

plt.tight_layout ()
plt.show()
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Portfolio Return Distribution with VaR
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Figure 7: Portfolio Value Distribution and VaR

6.3 Statistical Validation

6.3.1 Default Rate vs Interest Rate Relationship

# Regression: Interest Rate vs Expected Loss
X = portfolio_datal['Interest_Rate'].values
y = portfolio_datal['Expected_Loss'].values

slope, intercept, r_value, p_value, std_err = stats.linregress(X, y)

print ("REGRESSION ANALYSIS: Interest Rate —+ Expected Loss")

print("=" * 60)

print (f"\nModel: Expected Loss = {intercept:.6f} + {slope:.6f} x Interest Rate")
print (f"\nR? (Coefficient of Determination): {r_valuex*2:.4f}")

print (f"Correlation Coefficient (r): {r_value:.4f}")

print (f"P-value: {p_value:.6f}")

print (f"Standard Error: {std_err:.6f}")

print (f"\nInterpretation: {r_value*x2x100:.1f}}, of variance in expected loss")
print (f" is explained by the interest rate.")

REGRESSION ANALYSIS: Interest Rate —+ Expected Loss

Model: Expected Loss = -0.013174 + 0.001675 x Interest Rate
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R? (Coefficient of Determination): 0.9679
Correlation Coefficient (r): 0.9838
P-value: 0.000063

Standard Error: 0.000136

Interpretation: 96.8% of variance in expected loss
is explained by the interest rate.

fig, ax = plt.subplots(figsize=(10, 6))

# Scatter plot
ax.scatter(portfolio_datal['Interest_Rate'], portfolio_datal['Expected_Loss']*100,
s=portfolio_datal'Volume']/1e8, alpha=0.7, c=[COLORS['primary']], edgecolors='white

# Regression line

x_line = np.linspace(5, 30, 100)

y_line = (intercept + slope * x_line) * 100

ax.plot(x_line, y_line, color=COLORS['danger'], linestyle='--', linewidth=2,
label=f'Regression (R?={r_value**2:.3f})"')

# Labels for each point
for _, row in portfolio_data.iterrows():
ax.annotate(f"Grade {row['Grade']}",
xy=(row['Interest_Rate'], row['Expected_Loss']*100),
xytext=(5, 5), textcoords='offset points', fontsize=9)

ax.set_xlabel('Interest Rate (%)')

ax.set_ylabel ('Expected Loss (%)')

ax.set_title('Interest Rate vs Expected Loss by Grade\n(Bubble size = Volume)', fontweight='bo
ax.legend()

plt.tight_layout ()
plt.show()
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Figure 8: Interest Rate vs Expected Loss Relationship

7 Pricing Analysis

7.1 Tranche Pricing Methodology

[J .« .
1 Pricing Framework

Tranche Yield Calculation:

Yieldtranche = rf + Spreadrating + Spreadliquidity + Spreadcredit

Price Calculation (assuming par = 100):

" C 100
Price = E + ~
—~ (1+y)t (1+y)

Where: - r; = Risk-free rate (Treasury) - C'= Annual coupon payment - y = Yield to maturity
- n = Maturity in years

# Pricing assumptions
treasury_3y = 0.0130 # 1.30%

def calculate_price(face_value, coupon_rate, yield_rate, maturity, frequency=2):
"""Calculate bond price given yield"""
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periods = int(maturity * frequency)
coupon_payment = face_value * coupon_rate / frequency
discount_rate = yield_rate / frequency

# Present value of coupons
pv_coupons = sum([coupon_payment / (1 + discount_rate)**t for t in range(l, periods + 1)])

# Present value of principal
pv_principal = face_value / (1 + discount_rate)**periods

return pv_coupons + pv_principal

# Price each tranche

pricing results = []
for _, row in tranche_structure.iterrows():
if row['Rating'] != 'NR':

coupon = row['Coupon_bps'] / 10000
spread = row['Spread_bps'] / 10000
yield_rate = treasury_3y + spread

price = calculate_price(100, coupon, yield_rate, portfolio_metrics['wam'])

# Calculate effective yield
pricing_results.append ({
'"Tranche': row['Tranche'],
'Rating': row['Rating'],
'Size': row['Size'],
'Coupon': coupon,
'Spread_bps': rowl['Spread_bps'],
'Yield': yield_rate,
'Price': price,
'"Proceeds': row['Size'] * price / 100
b
else:
# Equity priced at discount
equity_price = 80 # Assumed 80 cents on the dollar
pricing_results.append({
'"Tranche': row['Tranche'],
'Rating': row['Rating'],
'Size': rowl['Size'l,
'Coupon': None,
'Spread_bps': None,
'Yield': equity_yield,
'Price': equity_price,
'"Proceeds': row['Size'] * equity_price / 100

b
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pricing_df = pd.DataFrame(pricing_results)

print ("TRANCHE PRICING ANALYSIS")

print ("=" * 100)

print (£"{'Tranche':<18} {'Rating':<8} {'Size ($M)':<15} {'Coupon':<10} {'Spread':<10} {'Yield'
print("-" * 100)

total_proceeds = 0

for _, row in pricing_df.iterrows():
coupon_str = f"{row['Coupon']*100:.2f}%" if row['Coupon'] else "Residual"
spread_str = f"+{row['Spread_bps']}bp" if row['Spread_bps'] else "N/A"
yield_str = f"{row['Yield']*100:.2f}%"

print (£"{row['Tranche']:<18} {row['Rating']:<8} ${row['Size']/1le6:>12,.1f}M {coupon_str: <1
total_proceeds += row['Proceeds']

print("-" * 100)

print (f"{'TOTAL':<18} {'':<8} ${total_volume/1le6:>12, 1£f}IM {'':<10} {'':<10} {'':<10} {'':<8%}
print("=" * 100)

print (f"\nTotal Proceeds: ${total_proceeds:,.0f}")

print (f"Execution Cost: ${total_volume - total_proceeds:,.0f} ({(total_volume - total_proceeds

TRANCHE PRICING ANALYSIS

Tranche Rating  Size ($M) Coupon Spread Yield Price Procee
A (Senior) AAA $ 5,134.1M 1.80% +50.0bp 1.80% 100.00 $ 5,1
B (Mezzanine) A $ 641.8M 3.25% +195.0bp  3.25% 100.00 $ 6
C (Junior) BBB $ 385.1M 5.50% +420.0bp  5.50% 100.00 $ 3
D (Equity) NR $ 256.7M nan’ +nanbp 253.01% 80.00 $ 2
TOTAL $ 6,417.6M $ 6,3

Total Proceeds: $6,366,239,534
Execution Cost: $51,340,641 (0.80%)

7.2 Returns Analysis by Investor Type

fig, ax = plt.subplots(figsize=(10, 7))

# Data for plotting

tranches_plot = pricing df[['Tranche', 'Rating', 'Size', 'Yield'l].copy(Q)
tranches_plot['Risk'] = [1, 3, 5, 10] # Risk score (1-10)
tranches_plot['Yield_Pct'] = tranches_plot['Yield'] * 100
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colors_plot = [COLORS['AAA'], COLORS['A'], COLORS['BBB'], COLORS['Equity'l]

scatter = ax.scatter(tranches_plot['Risk'], tranches_plot['Yield Pct'],
s=tranches_plot['Size']/1e7, c=colors_plot, alpha=0.7, edgecolors='white'

# Add labels
for _, row in tranches_plot.iterrows():
ax.annotate (f"{row['Tranche']}\n({row['Rating']})\n{row['Yield Pct']:.1£f}}%",
xy=(row['Risk'], row['Yield_Pct']),
xytext=(15, 0), textcoords='offset points',
fontsize=10, fontweight='bold')

ax.set_xlabel('Risk Level (1=Low, 10=High)')
ax.set_ylabel ('Expected Yield (%)')

ax.set_title('Risk-Return Profile by Tranche\n(Bubble size = Tranche Size)', fontweight='bold'

# Add efficient frontier line (approximate)
ax.plot([1, 3, 5, 10], [1.8, 3.25, 5.5, equity_yield*100], 'k--', alpha=0.3, label='Risk-Retur:

ax.set_x1im(0, 12)
ax.set_ylim(0, max(equity_yield*100, 30) + 5)

plt.tight_layout()
plt.show()
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Figure 9: Risk-Return Profile by Tranche

8 Recommendations

8.1 Transaction Summary

print ("=" * 80)

print (" TRANSACTION SUMMARY")
print("=" * 80)

print (f"\n{'COLLATERAL POOL':"~80}")

print ("-" * 80)

print (f"Total Pool Size: ${total_volume:>30,.0f}")

print (f"Number of Loans: {total_loans:>30,}")

print (f"Weighted Average Coupon: {wac:>29.2f})")

print (f"Weighted Average Maturity: {portfolio_metrics['wam']:>29.1f} years")
print (f"Expected Annual Loss: {weighted_el*100:>29.3f}%")

print (£"\n{'TRANCHE STRUCTURE':~80}")
print("-" * 80)
for _, row in pricing_df.iterrows():
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print (f"{row['Tranche']} ({row['Rating']l}): ${row['Size']:>30,.0f} ({row['Size'l/t

print (£"\n{'EXPECTED PROCEEDS':~80}")
print ("-" * 80)

print (f"Total Proceeds: ${total_proceeds:>30,.0f}")
print (f"Execution Cost: ${total_volume - total_proceeds:>30,.0f}")
print (f"Execution Efficiency: {total_proceeds/total_volume*100:>29.2f}}")

print("=" * 80)

TRANSACTION SUMMARY

COLLATERAL POOL

Total Pool Size: $ 6,417,580,175
Number of Loans: 421,094
Weighted Average Coupon: 12.947,
Weighted Average Maturity: 3.8 years
Expected Annual Loss: 0.792%

TRANCHE STRUCTURE

A (Senior) (AAA): $ 5,134,064,140 (80.0%)
B (Mezzanine) (A): $ 641,758,018 (10.0%)
C (Junior) (BBB): $ 385,054,811 (6.0%)
D (Equity) (NR): $ 256,703,207 (4.0%)

EXPECTED PROCEEDS

Total Proceeds: $ 6,366,239,534
Execution Cost: $ 51,340,641
Execution Efficiency: 99.20%

8.2 Strategic Recommendations

I Sale Strategy

Tranche Recommendation Target Investors Rationale
AAA SELL Insurance companies, Low yield, high
pension funds capital charge
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A SELL Asset managers, banks Efficient risk

transfer

BBB PARTIAL SALE Hedge funds, credit funds Consider selling
50-75%

Equity RETAIN Internal / co-invest Skin in game,

best return

@ Key Takeaways

1. Attractive Excess Spread: 11.65% net yield vs ~3% average tranche cost = significant
excess spread for equity holders

2. Conservative Structure: 4% equity provides 5x coverage of expected losses

3. Favorable Market: First Fed hike signals confidence; tight spreads offer execution
opportunity

4. Mathematical Validation: All calculations verified; R? = 0.97 for interest rate/loss
relationship

8.3 Risk Factors

Key Risks to Monitor

—_

. Geographic Concentration: California represents 13.9% of pool
. Rising Rate Environment: May stress borrowers’ repayment capacity

[\

w

. Untested Vintage: 2015 loans have not experienced a recession
. High LGD: 95% severity limits recovery in default scenarios

S

9 Appendix: Mathematical Derivations

9.1 A.1 Weighted Average Calculation Verification

7
Zi=1 ‘/; X T

WAC = ==L
2 Vi

# Manual WAC calculation
numerator = sum(portfolio_datal['Volume'] * portfolio_datal'Interest_Rate'])
denominator = sum(portfolio_datal['Volume'])
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wac_manual = numerator / denominator

print (f"Numerator (T Vi x ri):  ${numerator:,.0f}")
print (f"Denominator (T Vi): ${denominator:,.0f}")
print (f"WAC = {numerator:,.0f} / {denominator:,.0f} = {wac_manual:.4f}%")

Numerator (¥ Vi x ri): $83,066,132,516
Denominator (T Vi): $6,417,580,175
WAC = 83,066,132,516 / 6,417,580,175 = 12.9435Y,

9.2 A.2 Expected Loss Formula
EL=PD x LGD x EAD

For the portfolio:

ELportfolio = sz X PD; X LG(DZ
i=1

1=

# Expected loss by component
print ("Expected Loss Calculation by Grade:")
print("-" * 60)

for _, row in portfolio_data.iterrows():
el = row['Default_Rate'] * row['LGD']
contribution = row['Volume'] * el
print(£"Grade {row['Grade']}: PD={row['Default_Rate']*100:.3f}}, x LGD={row['LGD']*100:.1f}
print (£" Dollar Impact: ${row['Volume']:,.0f} x {el:.6f} = ${contribution:,.0f}")
print ()

Expected Loss Calculation by Grade:

Grade A: PD=0.146% x LGD=98.4}, = EL=0.1436

Dollar Impact: $1,077,417,350 x 0.001436 = $1,547,232
Grade B: PD=0.349% x LGD=97.6% = EL=0.3407Y%

Dollar Impact: $1,676,097,950 x 0.003407 = $5,710,947
Grade C: PD=0.683% x LGD=98.5Y% = EL=0.6726%

Dollar Impact: $1,777,831,825 x 0.006726 = $11,958,024

Grade D: PD=1.338% x LGD=98.7% = EL=1.3203%
Dollar Impact: $999,154,850 x 0.013203 = $13,192,225

Grade E: PD=1.771% x LGD=98.0% = EL=1.7363},
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Dollar Impact: $645,584,850 x 0.017363 = $11,209,215

Grade F: PD=2.964Y% x LGD=98.4% = EL=2.9166%
Dollar Impact: $197,226,225 x 0.029166

$5,752,253

Grade G: PD=3.276% x LGD=98.4} = EL=3.2249Y
Dollar Impact: $44,267,125 x 0.032249 = $1,427,568

9.3 A.3 Bond Price Formula

p_ j?: C/m F

—~ (1+y/m) (1%—y/n0"

Where: - P = Price - C = Annual coupon - F = Face value - y = Yield to maturity - m =
Compounding frequency - n = Total number of periods

# Example: AAA tranche pricing

face = 100

coupon_rate = 0.018 # 1.80%
yield_rate = 0.0180 # 1.80% (at par)
maturity = 3.8

frequency =

periods = int(maturity * frequency)
coupon_payment = face * coupon_rate / frequency

print (f"AAA Tranche Pricing Example:")

print (f"Face Value: ${facel}")

print (f"Coupon Rate: {coupon_rate*100}%")

print(f"Yield: {yield_ratex100}%")

print (f"Maturity: {maturity} years")

print (f"Frequency: {frequencyl}x per year")

print (£"\nCoupon Payment: ${coupon_payment:.4f} per period")
print (£"Number of Periods: {periods}")

# Calculate each component

pv_coupons = 0

for t in range(l, periods + 1):
pv = coupon_payment / (1 + yield_rate/frequency)**t
pv_coupons += pv

pv_principal = face / (1 + yield_rate/frequency)**periods
print (£"\nPV of Coupons: ${pv_coupons:.4f}")

print (£"PV of Principal: ${pv_principal:.4f}")
print(f"Total Price: ${pv_coupons + pv_principal:.4f}")
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AAA Tranche Pricing Example:
Face Value: $100

Coupon Rate: 1.7999999999999998
Yield: 1.7999999999999998
Maturity: 3.8 years

Frequency: 2x per year

Coupon Payment: $0.9000 per period
Number of Periods: 7

PV of Coupons: $6.0792
PV of Principal: $93.9208
Total Price: $100.0000

Document generated: December 2015
Data Source: Lending Bank SSAS Model (LendingBank)

Analysis performed using Python statistical libraries with MCP integration
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