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Preface

The Strategies in this book is a glimpse of the Mega Backtrader Strategy Pack — a collection
of over 250 ready-to-use strategies for your algorithmic trading with a 900+ pages manual.

The Mega Backtrader Strategy Pack gives you 250+ fully-tested Python strategies —
adaptive filters, mean reversion, momentum, volatility breakouts, machine learning models &
more — all ready to deploy in Backtrader.

Why Traders Love This Pack

Instant Impact — Deploy strategies and start testing today

Zero Guesswork — Every strategy is documented, tested, and ready-to-run

Future-Proof — Lifetime updates included

Proven Variety — Adaptive, mean-reversion, momentum, volatility, and ML-driven models
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What's Inside
.4 250+ Strategies across multiple categories:

Adaptive Filters — Kalman, Hilbert, TRIX, Guppy MMA

Mean Reversion — Bollinger, Keltner, pair trading, RSI/Stoch
Momentum & Trend — MACD, ADX, Donchian, MA ribbons
Volatility — ATR breakouts, Bollinger squeeze, VIX correlation

Specialized ML & Advanced — HMM, decision trees, isolation forest, Hurst exponent

You Get

Python .py scripts for direct Backtrader use

PDF manuals detailing logic, parameters, and best practices
@ Get Instant Access — Download Today, Trade Tonight

Get it here

Chapter 1 — Introduction to Trading & Finance
Concepts

Trading is both an art and a science.
While intuition and experience can help, modern trading — especially algorithmic trading — is
grounded in data, mathematics, and disciplined execution.

This chapter covers the core concepts, terminology, and quantitative measures that will
form the foundation for the strategies and Backtrader implementations you'll see later in this
book.

1.1 What is Trading?

Trading is the act of buying and selling assets to profit from price movements.
Markets where trading takes place include:

Stock Market — Shares of companies like Apple, Tesla.

Foreign Exchange (Forex) — Currency pairs like EUR/USD, GBP/JPY.
Commodities — Raw materials like gold, oil, wheat.

Cryptocurrencies — Digital assets like Bitcoin, Ethereum.

Bonds — Debt securities issued by governments or corporations.
Indices — Market benchmarks like the S&P 500 or NASDAQ 100.
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Algorithmic trading uses computer programs to execute trades based on predefined rules, often
faster and more consistently than human traders.

1.2 Market Participants
Knowing who you are trading against helps you understand market behavior:

Retail Traders — Individual traders managing their own accounts.

Institutional Investors — Hedge funds, pension funds, asset managers.

Market Makers — Firms that provide liquidity by posting continuous bid and ask prices.
High-Frequency Traders (HFTs) — Algorithms exploiting microsecond opportunities.

Institutions often have scale and speed advantages, but retail traders can be nimble, focus on
niche markets, and use automation to level the playing field.

1.3 Understanding OHLCV Data

Trading platforms and APIs represent price movements with OHLCV data:

Term Definition Example

Open (O) Price at which the period starts BTC opens at $29,500 at 09:00

High (H) Highest price reached in the period BTC peaks at $29,700

Low (L) Lowest price reached in the period BTC dips to $29,400

Close (C) Price at the end of the period BTC closes at $29,650

Volume (V) Total traded quantity in the period 120 BTC traded between 09:00-09:05
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What is OHLCV? One candlestick explained
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In Backtrader, OHLCV data is loaded into data feeds and accessed as:

self.data.open[0]
self.data.high[0]
self.data.low[0]
self.data.close[0]
self.data.volume[0]
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1.4 Returns: Measuring Price Changes

Returns are the percentage change in price from one period to the next.

1.4.1 Simple Return

Example:
If yesterday’s close was $30,000 and today’s close is $31,000:

31,000 — 30, 000
30, 000

(2
ry = In
! P

Log returns are preferred in many quantitative models because they are time-additive.

= 0.0333 (3.33%)

t:

1.4.2 Logarithmic Return

Python example:

import numpy as np
log_return = np.log(price_today / price_yesterday)

1.5 Volatility: Measuring Risk

Volatility is the magnitude of price fluctuations over time.
High volatility means larger and more frequent price swings.

1.5.1 Standard Deviation

\/zzuR - R)?
n—1
Where:

R; = individual returns
R = average return
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n = number of periods

Return Distribution with Mean and Standard Deviation
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Python example:

import numpy as np
volatility = np.std(returns)

1.5.2 Value at Risk (VaR)

Value at Risk estimates the maximum expected loss over a given period at a certain
confidence level.

Parametric VaR formula:
VaRg5% = R — 20950

Where z; 95 ~ 1.65 for 95% confidence.

6/209


af://h3-11

Algorithmic Trading From Beginner to Advanced

Value a_t Ris_k (VaR) on R_eturn Distribution
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Python example:

from scipy.stats import norm
confidence = 0.95
VaR_95 = mean_return - norm.ppf(confidence) * volatility

1.6 Key Risk and Performance Metrics

Metric Formula / Definition Why It Matters

Win Rate Winning trades / Total trades Measures strategy accuracy
Sharpe Ratio (R—Ry)/o Risk-adjusted performance
Sortino Ratio (R — Ry) /0 doun Penalizes only downside volatility

Max Drawdown Largest % drop from equity peak Measures worst historical loss

Profit Factor Gross profit / Gross loss >1.5 is desirable
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1.7 Order Types

Market Order — Executes immediately at best price.

Limit Order — Executes only at or better than a set price.

Stop Loss — Closes position when price hits loss threshold.
Stop-Limit Order — Triggers limit order after stop price reached.

Example in Backtrader:

self.buy(exectype=bt.Order.Market)
self.sell(exectype=bt.Order.Limit, price=target_price)

1.8 Types of Trading Strategies

Trend Following

Goal: Trade in the direction of the prevailing trend.
Example: Buy when 50-day MA crosses above 200-day MA.

Mean Reversion

Goal: Bet that price will revert to its average.
Example: Buy when RSI < 30, sell when RSI > 70.

Breakout

Goal: Enter when price breaks above resistance or below support.
Example: Buy on breakout above 20-day high.

Momentum

Goal: Buy assets with strong performance, sell underperformers.
Example: Rank assets by past 3-month returns.

1.9 Timeframes in Trading
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Timeframe Style Holding Period
1Tm—-15m Scalping Seconds—minutes
15m—4h Day Trading Same day
4h—Daily Swing Trading Days—weeks

Daily—Weekly Position Trading Weeks—months
Weekly—Monthly Investing Months—years

Backtrader supports all timeframes, from tick data to monthly candles.

1.10 Algorithmic Trading: Advantages & Risks

Advantages

Eliminates emotional bias
Backtesting before risking capital
Executes with speed & precision

Can run 24/7 (especially in crypto)
Risks

Overfitting to historical data
Code bugs causing losses
Market regime shifts

Latency issues in live execution

1.11 How This Book Uses These Concepts

Later chapters will:

Apply OHLCYV data in Backtrader strategies

Calculate returns for performance metrics

Use volatility for position sizing

Apply VaR and drawdown analysis for risk management
Implement order types for precise execution
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Pro Tip: The Mega Backtrader Pack builds on these foundations with 250+ strategies,
volatility-adjusted position sizing, rolling backtests, and stress-testing frameworks.

«’ Trade Smarter — Without Wasting Years Coding From Scratch

The Mega Backtrader Strategy Pack gives you 250+ fully-tested Python strategies —
adaptive filters, mean reversion, momentum, volatility breakouts, machine learning models &
more — all ready to deploy in Backtrader.

Why Traders Love This Pack

Instant Impact — Deploy strategies and start testing today

Zero Guesswork — Every strategy is documented, tested, and ready-to-run
Future-Proof — Lifetime updates included

Proven Variety — Adaptive, mean-reversion, momentum, volatility, and ML-driven models

What’s Inside
v4 250+ Strategies across multiple categories:

Adaptive Filters — Kalman, Hilbert, TRIX, Guppy MMA

Mean Reversion — Bollinger, Keltner, pair trading, RSI/Stoch

Momentum & Trend — MACD, ADX, Donchian, MA ribbons

Volatility — ATR breakouts, Bollinger squeeze, VIX correlation

Specialized ML & Advanced — HMM, decision trees, isolation forest, Hurst exponent

You Get

Python .py scripts for direct Backtrader use

PDF manuals detailing logic, parameters, and best practices
@© Get Instant Access — Download Today, Trade Tonight

= Getit here

Chapter 2 — Python Quick Start for Trading

Algorithmic trading requires two things:

Understanding markets (covered in Chapter 1)

Being able to code your strategy so it can be tested and automated

Python is perfect for this — it's easy to learn, powerful, and has thousands of finance-related
libraries.

This chapter is your crash course: we’ll start from zero, then move to real market data,
indicators, and plotting.
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2.1 Python Basics: What You Need to Know
Before You Start

Why Python?

Simple — readable syntax, minimal boilerplate
Powerful — used by traders, hedge funds, and quants worldwide
Flexible — works with market APIs, Backtrader, data analysis, and Al tools

2.2 Setting Up Your Coding Environment

You can write Python code offline or online.

Option 1 — Spyder IDE (Offline)

Spyder comes with the Anaconda distribution, which is popular for data science and trading:

Download Anaconda: htips://www.anaconda.com/download

Open Spyder from the Anaconda Navigator

You'll see an editor (left) and a console (bottom right) to run your code.

Your first code:
print("Hello, Algo Trading!")

Press Run and you’ll see the output in the console.

Option 2 — Google Colab (Online)
Google Colab is like an online Jupyter Notebook — no installation needed.

Go to https://colab.research.google.com

Sign in with your Google account
Click New Notebook
In the first cell, type:
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print("Hello from Google Colab!")

Press Shift + Enter to run it.

Tip: Colab is great for quick experiments, especially if you want to share your notebook or

run code from your phone/tablet.

2.3 Writing Your First Trading-Oriented Python
Code

Variables

Variables store data so you can reuse it later in your code. In trading, you might store
information like an asset’s symbol, your available capital, or the current price.

symbol = "BTC-USD"
capital = 10000
price = 29500.50

Here:

symbol holds the ticker name for Bitcoin in USD.
capital is your starting budget for trading.
price stores the current market price of the asset.

Lists

Lists hold multiple values in one variable, often used for storing historical prices or trade
records.

prices = [29500, 29600, 29750]
print(prices[0])

Lists use square brackets [] .
prices[0] gives the first price in the list (Python indexing starts at 0).
In trading, lists are useful for storing sequences like price history or daily returns.
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Dictionaries

Dictionaries store key-value pairs — you give each value a name (the “key”) for easy access.

candle = {"open": 29500, "high": 29700, "low": 29400, "close": 29650}

Each key ( "open" , "high", "low", "close" ) describes part of a candlestick.
Values store the corresponding price for that key.

This is useful when handling OHLC (Open-High-Low-Close) market data.

Loops

Loops let you repeat actions for each item in a sequence, like going through a list of prices.

for p in prices:
print("Price:", p)

The loop runs once for each price in prices .
p takes the value of each list element in order.
In trading, you might loop through price history to apply calculations or strategies.

Functions

Functions group code into reusable blocks. You can use them for calculations like moving
averages.

def (data):
return (data) / (data)

print(moving_average([1, 2, 3, 4, 5]))
def defines a function named moving_average .

It takes data (a list of numbers) and returns the average.
This is a simple version of the Moving Average, a common trading indicator.
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2.4 Installing Trading Libraries

If you're in Spyder/Anaconda, open the terminal and run:
pip backtrader pandas numpy matplotlib yfinance ta-1lib
If you're in Google Colab, run in a code cell:

!pip install backtrader pandas numpy matplotlib yfinance ta-lib

2.5 Downloading Market Data with yfinance

import yfinance as yf

df = yf.download("BTC-USD", period="1y", interval="1d").droplevel(l, 1)

print(df.head())
The result includes Open, High, Low, Close, Adj Close, and Volume .

open high low close
volume
datetime
2024-08-13 59356.207031 61572.398438 58506.253906 60609.566U406
30327698167
2024-08-14 60611.050781 61687.757812 58472.875000 58737.269531
29961696180
2024-08-15 58733.261719 59838.648438 56161.593750 57560.097656
35682112440

2.6 Calculating Technical Indicators with TA-Lib
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import talib
df["RSI_14"] = talib.RSI(df["Close"], timeperiod=14)

df["MACD"], df["MACD_signal"], df["MACD_hist"] = talib.MACD(
df["Close"], fastperiod=12, slowperiod=26, signalperiod=9

df["BB_upper"], df["BB_middle"], df["BB_lower"] = talib.BBANDS(
df["Close"], timeperiod=20, nbdevup=2, nbdevdn=2, matype=0

df["ATR_14"] = talib.ATR(df["High"], df["Low"], df["Close"], timeperiod=14)

2.7 Plotting Price and Indicators
Price + SMA

import matplotlib.pyplot as plt
df["SMA_20"] = df["Close"].rolling(window=20) .mean()

plt.figure(figsize=(12,6))

plt.plot(df.index, df["Close"], label="Close Price", color="blue")
plt.plot(df.index, df["SMA_20"], label="SMA 20", color="red", linestyle="--")
plt.legend()

plt.title("BTC-USD with SMA 20")

plt.show()
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BTC-USD — Close with SMA(20)
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Price + Bollinger Bands

plt.figure(figsize=(12,6))

plt.plot(df.index, df["Close"], label="Close Price", color="blue")
plt.plot(df.index, df["BB_upper"], label="Upper Band", color="red",
linestyle="--")

plt.plot(df.index, df["BB_middle"], label="Middle Band", color="black",
linestyle="--")

plt.plot(df.index, df["BB_lower"], label="Lower Band", color="green",
linestyle="--")

plt.fill_between(df.index, df["BB_lower"], df["BB_upper"], color="gray"
alpha=0.1)

plt.legend()

plt.title("Bollinger Bands on BTC-USD")

plt.show()

16 /209


af://h3-39

Algorithmic Trading From Beginner to Advanced

BTC-USD — Bollinger Bands (20, 2)
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Subplots: Price + RSI

fig, (axl, ax2) = plt.subplots(2, 1, figsize=(12,8), sharex=True)

axl.plot(df.index, df["Close"], label="Close Price")
axl.set_title("BTC-USD Price")
axl.legend()

ax2.plot(df.index, df["RSI_14"], label="RSI 14", color="orange")
ax2.axhline(70, color="red", linestyle="--")

ax2.axhline(30, color="green", linestyle="--")
ax2.set_title("Relative Strength Index")

ax2.legend()

plt.tight_layout()
plt.show()
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BTC-USD — Price
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2.8 Preparing Data for Backtrader

Backtrader needs a specific feed format:

import backtrader as bt

df_bt = df.rename(columns={
Ilopenll: Ilopen", IIHighII: IlhighlI' IILOWII: lI'LOWII,
"Close": "close", "Volume": "volume"

B

df_bt.index.name = "datetime"

data_feed = bt.feeds.PandasData(dataname=df_bt)

2.9 What You Can Do Now
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By the end of this chapter, you can:

Write and run Python code in Spyder or Google Colab
Install and use finance-specific libraries

Download real market data from Yahoo Finance
Compute technical indicators with TA-Lib

Visualize prices and indicators

Prepare data for use in Backtrader

In Chapter 3, we'll bring it all together: building your first Backtrader strategy that uses these
indicators for automated trading decisions.

Pro Tip: The Mega Backtrader Pack includes 250+ pre-coded strategies already
integrated with TA-Lib indicators, so you can start modifying and backtesting from day one
without writing code from scratch.

«’ Trade Smarter — Without Wasting Years Coding From Scratch

The Mega Backtrader Strategy Pack gives you 250+ fully-tested Python strategies —
adaptive filters, mean reversion, momentum, volatility breakouts, machine learning models &
more — all ready to deploy in Backtrader.

Why Traders Love This Pack

Instant Impact — Deploy strategies and start testing today
Zero Guesswork — Every strategy is documented, tested, and ready-to-run
Future-Proof — Lifetime updates included

Proven Variety — Adaptive, mean-reversion, momentum, volatility, and ML-driven models

What’s Inside
250+ Strategies across multiple categories:

Adaptive Filters — Kalman, Hilbert, TRIX, Guppy MMA

Mean Reversion — Bollinger, Keltner, pair trading, RSI/Stoch

Momentum & Trend — MACD, ADX, Donchian, MA ribbons

Volatility — ATR breakouts, Bollinger squeeze, VIX correlation

Specialized ML & Advanced — HMM, decision trees, isolation forest, Hurst exponent

You Get
Python .py scripts for direct Backtrader use
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PDF manuals detailing logic, parameters, and best practices
@© Get Instant Access — Download Today, Trade Tonight
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Chapter 3 — Getting Started with Backtrader

3.0 Quick mental model

Cerebro is the engine: you add data, strategies, broker settings, analyzers, and press run.
A Strategy is a class with lifecycle methods. You create indicators in __init__ and make
trading decisions in next .

Orders are created by buy, sell, or buy_bracket /sell_bracket and filled by the
simulated broker.

Analyzers compute metrics like Sharpe, drawdown, and trade stats.

3.1 Barebones: the smallest possible strategy

Goal: prove your environment works and understand the minimal lifecycle.

What each method is for

__init__(self) : set up indicators and state variables. Runs once before the first bar.

next(self) : called on every new bar (candle). Read data and place orders here.

Code

import backtrader as bt
import yfinance as yf
import pandas as pd

class (bt.Strategy):
def (self):
pass
def (self):
pass
def (ticker="BTC-USD", period="6mo", interval="1d"):

df = yf.download(ticker, period=period, interval=interval,
progress=False).droplevel(l, 1)
if (df.index, "tz"):
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try: df.index = df.index.tz_localize(None)
except: pass

cerebro = bt.Cerebro()

data = bt.feeds.PandasData(dataname=df)
cerebro.adddata(data)
cerebro.addstrategy(Barebones)
cerebro.broker.setcash(10_000)

print(f"Starting Portfolio Value: {cerebro.broker.getvalue():.2f}")
cerebro.run()

print(f"Final Portfolio Value: {cerebro.broker.getvalue():.2f}")

run_barebones()

Checklist:

You created a strategy class.
You fed OHLCV data from yfinance into Backtrader.
You executed a run without placing any orders.

3.2 First trade rule: minimal SMA crossover

Goal: create indicators in __init__, generate a signal in next .

New pieces

bt.indicators.SMA(data.close, period=p) creates a moving average.
bt.ind.CrossOver(indl, ind2) returns +1 on bullish cross, —1 on bearish.

Code
class (bt.Strategy):

params = (fast=10, slow=30)

def (self):
self.sma_fast = bt.indicators.SMA(self.data.close, period=self.p.fast)
self.sma_slow = bt.indicators.SMA(self.data.close, period=self.p.slow)
self.cross = bt.ind.CrossOver(self.sma_fast, self.sma_slow)

def (self):

if not self.position:
if self.cross > 0:
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self.buy()
else:
if self.cross < 0:
self.sell()

def (ticker="BTC-USD"):
df = yf.download(ticker, period="1y", interval="1d",
progress=False).droplevel(l, 1)
ol (df.index, "tz"):
try: df.index = df.index.tz_localize(None)
except: pass
cerebro = bt.Cerebro()
cerebro.adddata(bt.feeds.PandasData(dataname=df))
cerebro.addstrategy(SMACrossMini, fast=10, slow=30)
cerebro.broker.setcash(10_000)
cerebro.broker.setcommission(commission=0.001)
cerebro.addsizer(bt.sizers.PercentSizer, percents=95)
cerebro.run()
cerebro.plot()

Checklist:

You created two indicators and a crossover signal.

You bought and sold based on position state and signals.

3.3 Understanding the full lifecycle and logging

Goal: add logging and learn about order & trade notifications.

New methods

log(self, txt) :your helper for consistent prints.

notify_order(self, order) : called when order status changes (Submitted — Completed,
Canceled, Rejected).

notify_trade(self, trade) : called when a trade closes (collect PnL).
start(self) : optional hook at the beginning of the backtest.

stop(self) : optional hook at the end for cleanup.

Code
class (bt.Strategy):
params = (fast=10, slow=30, printlog=True)

def (self, txt):
22/209
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if self.p.printlog:
dt = self.datas[0].datetime.datetime(0)
print(f"{dt} | {txt}")

def (self):
self.order = None
self.trades_log = []
self.sma_fast = bt.indicators.SMA(self.data.close, period=self.p.fast)
self.sma_slow = bt.indicators.SMA(self.data.close, period=self.p.slow)
self.cross = bt.ind.CrossOver(self.sma_fast, self.sma_slow)

def (self):
self.log("Backtest started")

def (self, order):

if order.status in [order.Submitted, order.Accepted]:
return

if order.status in [order.Completed]:
side = "BUY" if order.isbuy() else "SELL"
self.log(f"ORDER {side} EXECUTED @ {order.executed.price:.2f}, "

f"Value={order.executed.value:.2f}, Comm=
{order.executed.comm: .2f}")

elif order.status in [order.Canceled, order.Margin, order.Rejected]:
self.log("ORDER Canceled/Margin/Rejected")

self.order = None

def (self, trade):
if trade.isclosed:

self.trades_log.append( (
datetime=self.datas[0].datetime.datetime(0),
size=trade.size,
price=trade.price,
pnl=trade.pnl,
pnlcomm=trade.pnlcomm

))

self.log(f"TRADE CLOSED PnL={trade.pnl:.2f} PnLcomm=

{trade.pnlcomm:.2f}")

def (self):
if self.order:
return
if not self.position and self.cross > 0:
self.order = self.buy()
elif self.position and self.cross < 0:
self.order = self.sell()
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def (self):
self.log("Backtest finished")
if self.trades_log:
pd.DataFrame(self.trades_log).to_csv("trades_sma_logged.csv",
index=False)
self.log("Saved trades_sma_logged.csv")

Checklist:

You now see fills and PnL events.

You saved a trade log to CSV.

3.4 Broker realism: commission, slippage, sizers
Goal: make results more realistic and control position size.
Concepts

broker.setcommission(commission=0.001) sets 0.1% per fill.
broker.set_slippage_perc(perc=0.0005) simulates slippage (0.05%).
PercentSizer allocates a percentage of equity into each trade.

Code fragment

cerebro = bt.Cerebro()
cerebro.broker.setcash(10_000)
cerebro.broker.setcommission(commission=0.001)

cerebro.addsizer(bt.sizers.PercentSizer, percents=95)

Checklist:

You can model market frictions.
You control capital allocation per trade.

3.5 Order types: Market, Limit, Stop, StopLimit, Bracket

Goal: place different order types and understand their use.

Market and Limit

if condition_market_buy:
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self.buy()
if condition_limit_buy:
self.buy(exectype=bt.Order.Limit, price=self.data.close[0] * 0.99)

Stop and StopLimit

self.sell(exectype=bt.Order.Stop, price=self.data.close[0] * 0.97)

self.sell(exectype=bt.Order.StopLimit, price=self.data.close[0] * 0.97,
plimit=self.data.close[0] * 0.965)

Bracket orders (entry + stop-loss + take-profit in one go)

entry = self.data.close[0]

sl = entry * 0.95

tp = entry * 1.05

self.buy_bracket(price=entry, stopprice=sl, limitprice=tp)

Checklist:

You understand execution control and risk automation via bracket orders.

3.6 Risk management with ATR sizing and dynamic stops

Goal: size positions by volatility and place adaptive stops.

Concepts

ATR measures typical bar range; higher ATR — more volatility — smaller position.

Risk-per-trade model: risk 1% of equity, set stop at k * ATR, compute size = risk / (K*ATR).

Code

class (bt.Strategy):
params = (atr_period=14, risk_pct=0.01, atr_mult=2.0)

def (self):
self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)
self.order = None

def (self):
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if self.order:
return
if not self.position:
stop_distance = self.p.atr_mult * self.atr[0]
cash = self.broker.getcash()
equity = self.broker.getvalue()
risk_amount = equity * self.p.risk_pct
size = (1, (risk_amount / (le-6, stop_distance)))
entry = self.data.close[0]
stop = entry - stop_distance
take = entry + 2 * stop_distance
self.order = self.buy_bracket(size=size, price=entry,
stopprice=stop, limitprice=take)

Checklist:

You converted volatility into a position size.

Stops and targets adapt to market conditions.

3.7 Measuring performance with analyzers and plotting

Goal: compute Sharpe, drawdown, trade stats, and save charts.

Analyzers you’ll use

SharpeRatio : risk-adjusted return
DrawDown : max drawdown and length
TimeReturn : bar-by-bar returns (build equity curve)

TradeAnalyzer : win rate, counts, avg win/loss

Code

def (cerebro):

cerebro.addanalyzer(bt.analyzers.SharpeRatio, riskfreerate=0.0,

timeframe=bt.TimeFrame.Days, annualize=True,

_name="sharpe")

cerebro.addanalyzer(bt.analyzers.DrawDown, _name="dd")

cerebro.addanalyzer(bt.analyzers.TimeReturn, timeframe=bt.TimeFrame.Days,
_name="timeret")

cerebro.addanalyzer(bt.analyzers.TradeAnalyzer, _name="trades")

def (results):
strat = results[0]
sharpe = strat.analyzers.sharpe.get_analysis().get("sharperatio")
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dd = strat.analyzers.dd.get_analysis()
tr = strat.analyzers.trades.get_analysis()
timeret = strat.analyzers.timeret.get_analysis()

print(f"Sharpe: {sharpe}")
print(f"MaxDD: {dd.get('maxdrawdown'):.2f}% | MaxDD Len:
{dd.get('maxlen')}")

ttot = ( (tr, "total", None), "total", None)
won = ( (tr, "won", None), "total", None)
lost = ( (tr, "lost", None), "total", None)
if ttot:

wr = (won / ttot * 100) if won is not None else None
print(f"Trades: {ttot} | Won: {won} | Lost: {lost} | Win rate:
fwr: . 2f€}%")

return timeret

def (timereturn_dict, start_cash=10_000, name="sma"):
if not timereturn_dict:
return
dates = (timereturn_dict.keys())

rets = pd.Series([timereturn_dict[d] for d in dates], index=dates)
equity = start_cash * (1.0 + rets).cumprod()

ax = equity.plot(figsize=(12,4), title=f"Equity Curve — {name}")
fig = ax.get_figure()

fig.tight_layout()

fig.savefig(f"equity_curve_{name}.png", dpi=150)

plt.show()

Checklist:

You attached analyzers and printed key metrics.
You exported a PNG equity curve.

3.8 Consolidated, ready-to-run script (toggle steps)
This script starts simple and grows with options. Change STRAT_STAGE to try each build stage.

Chapter 3 consolidated runner

Stages:
"bare" -> Barebones (no trades)
"sma_mini" -> Minimal SMA crossover
"sma_log" —> SMA with lifecycle logging + CSV trades
"atr_risk" -> ATR risk-managed bracket orders
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import backtrader as bt

import yfinance as yf

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

TICKER = "BTC-USD"
PERIOD = "1y"

INTERVAL = "1d"
STARTING_CASH = 10_000.0
COMMISSION = 0.001
SLIPPAGE = 0.0

PERC_SIZE = 95
STRAT_STAGE = "sma_log"

class (bt.Strategy):
def (self): pass
def (self): pass

class (bt.Strategy):
params = (fast=10, slow=30)
def (self):

self.sma_fast = bt.indicators.SMA(self.data.close, period=self.p.fast)
self.sma_slow = bt.indicators.SMA(self.data.close, period=self.p.slow)
self.cross = bt.ind.CrossOver(self.sma_fast, self.sma_slow)
def (self):
if not self.position and self.cross > 0:
self.buy()
elif self.position and self.cross < 0:
self.sell()

class (bt.Strategy):
params = (fast=10, slow=30, printlog=True)
def (self, txt):
if self.p.printlog:
dt = self.datas[0].datetime.datetime(0)
print(f"{dt} | {txt}")
def (self):
self.order = None
self.trades_log = []
self.sma_fast = bt.indicators.SMA(self.data.close, period=self.p.fast)
self.sma_slow = bt.indicators.SMA(self.data.close, period=self.p.slow)
self.cross = bt.ind.CrossOver(self.sma_fast, self.sma_slow)
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def (self): self.log("Backtest started")
def (self, order):
if order.status in [order.Submitted, order.Accepted]: return
if order.status in [order.Completed]:
side = "BUY" if order.isbuy() else "SELL"

self.log(f"ORDER {side} EXECUTED @ {order.executed.price:

f"Value={order.executed.value:.2f}, Comm=
{order.executed.comm: .2f}")

2f},

elif order.status in [order.Canceled, order.Margin, order.Rejected]:

self.log("ORDER Canceled/Margin/Rejected")
self.order = None
def (self, trade):
if trade.isclosed:
self.trades_log.append( (
datetime=self.datas[0].datetime.datetime(0),
size=trade.size, price=trade.price,
pnl=trade.pnl, pnlcomm=trade.pnlcomm
))
self.log(f"TRADE CLOSED PnL={trade.pnl:.2f} PnLcomm=
{trade.pnlcomm: .2f}")
def (self):
if self.order: return
if not self.position and self.cross > 0:
self.order = self.buy()
elif self.position and self.cross < 0:
self.order = self.sell()
def (self):
self.log("Backtest finished")
if self.trades_log:

pd.DataFrame(self.trades_log).to_csv("trades_sma_logged.csv",

index=False)
self.log("Saved trades_sma_logged.csv")

class (bt.Strategy):
params = (atr_period=14, risk_pct=0.01, atr_mult=2.0)
def (self):

self.order = None

self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)

def (self):
if self.order: return
if not self.position:

stop_dist = self.p.atr_mult * (self.atr[0])
equity = (self.broker.getvalue())

risk_amt = equity * self.p.risk_pct

size = (1, (risk_amt / (stop_dist, 1le-6)))
entry = (self.data.close[0])
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stop = entry - stop_dist
take = entry + 2xstop_dist
self.order = self.buy_bracket(size=size, price=entry,

stopprice=stop, limitprice=take)

def

(c):
c.addanalyzer(bt.analyzers.SharpeRatio, riskfreerate=0.0,
timeframe=bt.TimeFrame.Days, annualize=True, _name="sharpe")
c.addanalyzer(bt.analyzers.DrawDown, _name="dd")
c.addanalyzer(bt.analyzers.TimeReturn, timeframe=bt.TimeFrame.Days,

_hame="timeret")

def

{dd

{fwr:

def

def

c.addanalyzer(bt.analyzers.TradeAnalyzer, _name="trades")

(results):
s = results[0]
sharpe = s.analyzers.sharpe.get_analysis().get("sharperatio")
dd = s.analyzers.dd.get_analysis()
tr = s.analyzers.trades.get_analysis()
timeret = s.analyzers.timeret.get_analysis()
print(f"Sharpe: {sharpe}")
print(f"MaxDD: {dd.get('maxdrawdown'):.2f}% | MaxDD Len:

.get('maxlen')}")

total = ( (tr, "total", None), "total", None)
won = ( (tr, "won", None), "total", None)
lost = ( (tr, "lost", None), "total", None)
if total:

wr = (won/total*100) if won is not None else None
print(f"Trades: {total} | Won: {won} | Lost: {lost} | Win rate:
L2F3%™)
return timeret

(timereturn_dict, start_cash=STARTING_CASH, name="stage"):
if not timereturn_dict: return
dates = (timereturn_dict.keys())
rets = pd.Series([timereturn_dict[d] for d in dates], index=dates)
eq = start_cash * (1.0 + rets).cumprod()
ax = eq.plot(figsize=(12,4), title=f"Equity Curve - {name}")
fig = ax.get_figure()
fig.tight_layout()
fig.savefig(f"equity_curve_{name}.png", dpi=150)
plt.show()

(ticker=TICKER, period=PERIOD, interval=INTERVAL):
df = yf.download(ticker, period=period, interval=interval,
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progress=False).droplevel(l, 1)

if df.empty:
raise RuntimeError("No data downloaded")
if (df.index, "tz"):

try: df.index = df.index.tz_localize(None)
except: pass
return df

def O:
df = fetch_df()
cerebro = bt.Cerebro()
cerebro.broker.setcash(STARTING_CASH)
cerebro.broker.setcommission(commission=COMMISSION)
if SLIPPAGE:
cerebro.broker.set_slippage_perc(perc=SLIPPAGE)
cerebro.adddata(bt.feeds.PandasData(dataname=df))
cerebro.addsizer(bt.sizers.PercentSizer, percents=PERC_SIZE)

if STRAT_STAGE == "bare":
cerebro.addstrategy(Barebones)
label = "bare"
elif STRAT_STAGE == "sma_mini":
cerebro.addstrategy(SMACrossMini, fast=10, slow=30)
label = "sma_mini"
elif STRAT_STAGE == "sma_log":
cerebro.addstrategy(SMACrossLogged, fast=10, slow=30, printlog=True)
label = "sma_log"
else:
cerebro.addstrategy(ATRRiskManaged, atr_period=14, risk_pct=0.01,
atr_mult=2.0)
label = "atr_risk"

attach_analyzers(cerebro)

print(f"Starting Portfolio Value: {cerebro.broker.getvalue():.2f}")
results = cerebro.run()

print(f"Final Portfolio Value: {cerebro.broker.getvalue():.2f}")

timeret = summarize(results)

try:
figs = cerebro.plot(iplot=False, style="candlestick", volume=False)
if figs and (figs, ( , )):
fig = figs[0][e] if (figs[e], ( . )) else
figs[0]

fig.savefig(f"backtrader_plot_{label}.png", dpi=150,
bbox_inches="tight")
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print(f"Saved backtrader_plot_{label}.png")
except Exception as e:
print(f"[WARN] plot not saved: {e}")

save_equity(timeret, name=label)

if __name__ == "__main__":
run_stage()

Chapter 4 — Regime-Filtered Trend - Trade Only
When Conditions Are Right

This chapter turns a simple trend-following idea (moving averages) into a context-aware
system that selectively trades only when the market is likely trending. You'll learn the theory
behind each “regime signal” (ADX, Bollinger Band width, volatility), how to combine them into a
regime classifier with confidence, how to smooth regime changes, and how to map regime +
confidence into position sizing and trailing risk. Then we’ll implement everything in
Backtrader, step by step, ending with a complete runnable strategy.

This strategy is part of the Mega Backtrader Strategy Pack — a collection of over 250 ready-
to-use strategies for your algorithmic trading.

The Mega Backtrader Strategy Pack gives you 250+ fully-tested Python strategies —
adaptive filters, mean reversion, momentum, volatility breakouts, machine learning models &
more — all ready to deploy in Backtrader.

Why Traders Love This Pack

Instant Impact — Deploy strategies and start testing today

Zero Guesswork — Every strategy is documented, tested, and ready-to-run

Future-Proof — Lifetime updates included

Proven Variety — Adaptive, mean-reversion, momentum, volatility, and ML-driven models

What'’s Inside
250+ Strategies across multiple categories:

Adaptive Filters — Kalman, Hilbert, TRIX, Guppy MMA

Mean Reversion — Bollinger, Keltner, pair trading, RSI/Stoch

Momentum & Trend — MACD, ADX, Donchian, MA ribbons

Volatility — ATR breakouts, Bollinger squeeze, VIX correlation

Specialized ML & Advanced — HMM, decision trees, isolation forest, Hurst exponent
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You Get

Python .py scripts for direct Backtrader use

PDF manuals detailing logic, parameters, and best practices
@ Get Instant Access — Download Today, Trade Tonight

Get it here

4.1 Why Regime Filtering?

Most simple trend strategies lose money in chop (sideways, noisy markets). A regime filter
attempts to detect when the market is:

Trending: directional persistence is present, breakouts follow through.
Ranging: mean-reverting; breakouts fail; trend entries whipsaw.
Unknown: not enough evidence; stay cautious.

Trade the trend logic only when the regime is trending. Otherwise, stand aside or use different
logic (we’ll stand aside in this chapter).

4.2 Ingredients and Definitions

We'll use three orthogonal signals. Each contributes one “vote” toward a trending regime.

4.2.1 Moving Averages (SMA)

We'll use SMA fast and SMA slow for the trend logic, not for regime classification.
SMA over window n on closes C;:

-1

SMA,(t) = Cii

17l
n

Il
<

i

A bullish cross occurs when SMA¢,; crosses above SMA.w; bearish is the opposite.

import backtrader as bt

class (bt.Strategy):
params = (ma_fast=7, ma_slow=30)
def (self):

self.ma_fast = bt.indicators.SMA(self.data.close,
period=self.p.ma_fast)

self.ma_slow = bt.indicators.SMA(self.data.close,
period=self.p.ma_slow)

self.cross = bt.ind.CrossOver(self.ma_fast, self.ma_slow)
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def (self):
if not self.position and self.cross > 0:
self.buy()
elif self.position and self.cross < 0O:
self.close()

4.2.2 Average Directional Index (ADX)

ADX attempts to quantify trend strength (not direction). Internally it uses +DI and -DI built from
True Range (TR):

TRt = max{Ht — Lt, |Ht — Ct_1|, |Lt — Ct_1|}
DI’'s measure directional movement; ADX smooths the Directional Movement Index (DX):

| + DI, — —DI|
+DI; + —DI;

ADX = smoothed(DX)

DX; =100-

Heuristic: ADX > 20-25 often signals trending conditions.

class (bt.Strategy):
params = (adx_period=14, threshold=20)
def (self):
self.adx = bt.indicators.ADX(period=self.p.adx_period)
def (self):

trending = self.adx[0] > self.p.threshold

4.2.3 Bollinger Band Width

Bollinger Bands around a moving average (typically 20) with standard deviation ¢
Upper = M A + ko, Lower = MA — ko
We use band width normalized by price as a proxy for expansion:

Upper — Lower
MA

BB_width =

Wider bands often accompany trends; extremely narrow bands suggest squeeze/range.
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class (bt.Strategy):
params = (bb_period=20, bb_width_threshold=0.01)
def (self):

self.bb = bt.indicators.BollingerBands(self.data.close,
period=self.p.bb_period)
def (self):
mid = (self.bb.mid[0])
bb_width = 0.0 if mid == 0 else ( (self.bb.top[0]) -
(self.bb.bot[0])) / mid
expansion = bb_width > self.p.bb_width_threshold

4.2.4 ATR-Normalized Volatility

Average True Range (ATR) is the moving average of TR. We normalize to price:

ATR;

NormVol; = C
t

If NormVol is above a threshold and/or rising relative to its recent average, the market is more
kinetic, which is friendlier to trend-following.

class (bt.Strategy):
params = (atr_period=14, vol_threshold=0.01)
def (self):
self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)
def (self):
price = (self.data.close[0]) or 1.0
norm_vol = (self.atr[0]) / price
kinetic = norm_vol > self.p.vol_threshold

4.3 Classifying Regime
We compute three binary “trending” signals each bar:

ADX trending if ADX, > 0 4px.
BB trending if BB_width; > 0pp.
Vol trending if NormVol; > 6y,;.

Let S be the number of signals triggered, T the total (3 here). Define a confidence score:

confidence, = %
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If S > 2 — regime candidate = trending
If S = 0 — regime candidate = ranging

Else — unknown

class (bt.Strategy):

params = (adx_period=14, adx_thr=20, bb_period=20, bb_thr=0.01,
atr_period=14, vol_thr=0.01)

def (self):

self.adx = bt.indicators.ADX(period=self.p.adx_period)

self.bb = bt.indicators.BollingerBands(self.data.close,
period=self.p.bb_period)

self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)

def (self):
votes = 0
if (self.adx[0]) > self.p.adx_thr: votes += 1
mid = (self.bb.mid[0]); width = 0 if mid == 0 else
( (self.bb.top[0]) - (self.bb.bot[0]))/mid
if width > self.p.bb_thr: votes += 1
price = (self.data.close[0]) or 1.0
norm_vol = (self.atr[0]) / price

if norm_vol > self.p.vol_thr: votes += 1
conf = votes/3.0
if votes >= 2: return "trending", conf

if votes == 0: return "ranging", conf
return "unknown", conf

Smoothing regime changes (confirmation)

Flip-flopping regimes is expensive. We require the candidate regime to be consistent for the
last K bars (e.g., 3 bars) to confirm a regime change. This provides hysteresis.

from collections import deque

class (bt.Strategy):

params = (confirm_k=3, adx_period=14, adx_thr=20, bb_period=20,
bb_thr=0.01, atr_period=14, vol_thr=0.01)

def (self):

self.adx = bt.indicators.ADX(period=self.p.adx_period)

self.bb = bt.indicators.BollingerBands(self.data.close,
period=self.p.bb_period)

self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)
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def (self):
votes = 0
GEE (self.adx[0]) > self.p.adx_thr: votes += 1
mid = (self.bb.mid[0]); width = 0@ if mid == 0 else
( (self.bb.top[0]) - (self.bb.bot[0]))/mid
if width > self.p.bb_thr: votes += 1
price = (self.data.close[0]) or 1.0
norm_vol = (self.atr[0]) / price

def
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self.reg_hist = deque(maxlen=self.p.confirm_k)

self.regime = "unknown"
self.confidence = 0.0

if norm_vol > self.p.vol_thr: votes += 1
conf = votes/3.0

if votes >= 2: cand = "trending"
elif votes == 0: cand = "ranging"
else: cand = "unknown"

return cand, conf

(self):
cand, conf = self.classify()
self.reg_hist.append(cand)
GEE (self.reg_hist) == self.p.confirm_k and

self.reg_hist):

self.regime = cand
self.confidence

conf

(r

4.4 Position Sizing by Regime Confidence

Map regime + confidence to a size between [min_pct, max_pct]:

Trending: interpolate linearly by confidence

Ranging: return 0 (we stand aside)

Unknown: only allow size if confidence exceeds a high bar (e.g., 0.7)

class (bt.Strategy):
params = (min_pct=0.20, max_pct=0.80)
def (self, regime, confidence):
if regime == "trending":
c = (0.0, (1.0, confidence))

cand for r in

return self.p.min_pct + ¢ * (self.p.max_pct - self.p.min_pct)

if regime == "ranging":
return 0.0
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return self.p.min_pct if confidence > 0.7 else 0.0

4.5 Trailing Risk by Regime
Set trailing stop as multiple of ATR:

Trending: looser trail = trail_atr_mult x AT R and optionally modulate by recent volatility
(e.g., increase trail in high vol, tighten in low vol).

Ranging: tighter trail = range_atr_mult x ATR.

import numpy as np

class (bt.Strategy):
params = (atr_period=14, trail_mult=3.0, range_mult=1.0)
def (self):

self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)
self.vol_hist = []

def (self):
price = (self.data.close[0]) or 1.0
return (self.atr[0]) / price

def (self, regime):
if regime == "trending":

mult = self.p.trail_mult
self.vol_hist.append(self.normalized_vol())
hist = self.vol_hist[-10:]
if (hist) == 10:
cur, avg = hist[-1], (np.mean(Chist))
if cur > 1.2 * avg: mult *= 1.3
elif cur < 0.8 * avg: mult *= 0.8
return mult
return self.p.range_mult

4.6 Entry/Exit Logic

Engage the trend logic only if regime says trade trend.
Entry long: SMA¢.s: crosses above SMAgow.

Entry short: SMA;,; crosses below SMA,.. (optional: if your broker settings allow
shorting).
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Optionally add a small incremental position on strong trend continuation (e.g., MA spread >
3%).

Exit: ATR trailing stop or cross in the opposite direction.

class (bt.Strategy):
params = (ma_fast=7, ma_slow=30, atr_period=14, trail_mult=3.0)
def (self):

self.ma_fast = bt.indicators.SMA(self.data.close,
period=self.p.ma_fast)

self.ma_slow = bt.indicators.SMA(self.data.close,
period=self.p.ma_slow)

self.cross = bt.ind.CrossOver(self.ma_fast, self.ma_slow)

self.atr = bt.indicators.ATR(self.data, period=self.p.atr_period)

self.trail_order = None

self.regime = "trending"

def (self):
if self.trail_order:
try: self.cancel(self.trail_order)
except: pass
self.trail_order = None

def (self):
price = (self.data.close[0])
bullish = self.cross > 0
bearish = self.cross < 0
if not self.position and self.regime == "trending":
if bullish:
size = (1, (self.broker.getcash() * 0.5 / price))

self.buy(size=size)

if self.position.size > 0:
stop_price = price - self.p.trail_mult = (self.atr[0])
self.cancel_trail()
self.trail_order = self.sell(exectype=bt.Order.Stop,
price=stop_price)
if bearish:
self.close()

4.7 Backtrader Implementation: Step-by-Step
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We’'ll mirror the parameters used in your strategy files so your readers can swap them
seamlessly.

4.7.1 Parameters

ma_fast=7, ma_slow=30

adx_period=14 , adx_trending_threshold=20

bb_period=7, bb_width_threshold=0.01
volatility_lookback=7, vol_trending_threshold=0.01
atr_period=14, trail_atr_mult=3.0, range_atr_mult=1.0
max_position_pct=0.80, min_position_pct=0.20

regime_confirmation=3

4.7.2 Build indicators

SMA fast/slow for signals
ADX, BB, ATR for regime
Maintain a short volatility history of NormVol for adaptive trail

4.7.3 Classify regime each bar

Compute the three binary signals

Turn votes into confidence [0, 1]

Push candidate regime into a short history deque
If last K entries agree, confirm change

4.7.4 Compute position size and trailing multiplier

Size = function(regime, confidence) clamped to [min, maz]
Trail multiplier depends on regime and recent NormVol

4.7.5 Entries, exits, and trailing

Only trade if should_trade_trend_following() is true
On cross, size position by position_size_pct * cash / price
Maintain/update a trailing stop order based on ATR

4.8 Complete Backtrader Code

This is a self-contained strategy class you can drop into your project. It follows the structure
described above and matches your parameter names so the chapter and your codebase stay in
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import backtrader as bt
import numpy as np

class RegimeFilteredTrendStrategy(bt.Strategy):

params = (
('ma_fast', 7), # Fast moving average
('ma_slow', 30), # Slow moving average
('adx_period', 14), # ADX period
('adx_trending_threshold', 20), # ADX threshold for trending regime
('bb_period', 7), # Bollinger Bands period

def

('bb_width_threshold', 0.01), # BB width threshold for trending (3%)
('volatility_lookback', 7), # Volatility measurement period
('vol_trending_threshold', 0.01), # Volatility threshold for trending

('atr_period', 14), # ATR period
('"trail_atr_mult', 3.0), # Trailing stop multiplier (trending)
('range_atr_mult', 1.), # Trailing stop multiplier (ranging)

('max_position_pct', 0.80), # Maximum position size
('min_position_pct', 0.20), # Minimum position size
('regime_confirmation', 3), # Bars to confirm regime change

__init__(self):
self.dataclose = self.datas[0].close

# Moving averages for trend following
self.ma_fast = bt.indicators.SMA(period=self.params.ma_fast)
self.ma_slow = bt.indicators.SMA(period=self.params.ma_slow)

# Regime classification indicators

self.adx = bt.indicators.ADX(period=self.params.adx_period)

self.bb = bt.indicators.BollingerBands(period=self.params.bb_period)
self.atr = bt.indicators.ATR(period=self.params.atr_period)

# Track orders and regime state
self.order = None
self.trail_order = None

# Regime tracking

self.current_regime = "unknown" # "trending", "ranging", "unknown"
self.regime_history = []

self.regime_confidence = 0

# Volatility tracking
self.volatility_history = []
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def (self):
if self.trail_order:
self.cancel(self.trail_order)
self.trail_order = None

def (self):
"""Calculate normalized volatility measure"""
if (self.atr) == 0 or self.dataclose[0] <= 0:
return 0

try:
return self.atr[0] / self.dataclose[0]
except:
return 0
def (self):

"""Classify current market regime using multiple indicators"""
if (len(self.adx) == 0 or (self.bb) == 0 or
(self.volatility_history) < 5):
return "unknown", 0

try:
trending_signals = 0
total_signals = 0

total_signals += 1
if self.adx[0] > self.params.adx_trending_threshold:
trending_signals += 1

total_signals += 1

bb_width = (self.bb.top[0] - self.bb.bot[0]) / self.bb.mid[0]

if bb_width > self.params.bb_width_threshold:
trending_signals += 1

total_signals += 1

current_vol = self.volatility_history[-1]

if current_vol > self.params.vol_trending_threshold:
trending_signals += 1

total_signals += 1
ma_separation = (self.ma_fast[0] - self.ma_slow[0]) /
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self.ma_slow[0]
if ma_separation > 0.02:
trending_signals += 1

confidence = trending_signals / total_signals

if confidence >= 0.75:

regime = "trending"
elif confidence <= 0.25:

regime = "ranging"
else:

regime = "uncertain"

return regime, confidence

except Exception as e:
return "unknown", 0

def (self):
"""Update regime state with confirmation logic"""
new_regime, confidence = self.classify_market_regime()

self.regime_history.append(new_regime)
if (self.regime_history) > self.params.regime_confirmation * 2:
self.regime_history = self.regime_history[-
self.params.regime_confirmation * 2:]

if (self.regime_history) >= self.params.regime_confirmation:
recent_regimes = self.regime_history[-
self.params.regime_confirmation:]

if (r == new_regime for r in recent_regimes):
if self.current_regime != new_regime:
self.current_regime = new_regime
self.regime_confidence = confidence
else:

self.regime_confidence = confidence

def (self):
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"""Calculate position size based on regime and confidence"""
try:
base_size = self.params.max_position_pct

if self.current_regime == "trending":

size_factor = 1.0

elif self.current_regime == "ranging":
size_factor = 0.3
else:
size_factor = 0.1
confidence_factor = (0.5, self.regime_confidence)

final_size = base_size * size_factor * confidence_factor

return (self.params.min_position_pct,
(self.params.max_position_pct, final_size))

except Exception as e:
return self.params.min_position_pct

def (self):
"""Get ATR multiplier based on regime and volatility"""
if self.current_regime == "trending":

base_mult = self.params.trail_atr_mult

if (self.volatility_history) >= 5:
current_vol = self.volatility_history[-1]
avg_vol = np.mean(self.volatility_history[-10:])

if current_vol > avg_vol * 1.2:
return base_mult * 1.3
elif current_vol < avg_vol * 0.8:

return base_mult * 0.8

return base_mult
else:

return self.params.range_atr_mult
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def (self):

"""Determine if trend following should be active"""
if self.current_regime == "trending":

return True
elif self.current_regime == "ranging":

return False
else:

return self.regime_confidence > 0.7
def (self, order):

if order.status in [order.Submitted, order.Accepted]:
return

self.order = None

def (self, trade):
if trade.isclosed:

pass

def (self):

if self.order:
return

current_vol = self.calculate_volatility()
if current_vol > 0O:
self.volatility_history.append(current_vol)
if (self.volatility_history) > self.params.volatility_lookback:
self.volatility_history = self.volatility_history[-
self.params.volatility_lookback:]

self.update_regime_state()

if self.position:
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stop_multiplier = self.get_adaptive_stop_multiplier()

if not self.trail_order:
if self.position.size > 0:
self.trail_order = self.sell(
exectype=bt.Order.StopTrail,
trailamount=self.atr[0] * stop_multiplier,
size=self.position.size
)
else:
self.trail_order = self.buy(
exectype=bt.Order.StopTrail,
trailamount=self.atr[0] * stop_multiplier,
size=abs(self.position.size)

if self.position.size > 0:
if (self.ma_fast[0] < self.ma_slow[0]) or (self.current_regime
I= "trending"):
self.cancel_trail()
self.order = self.close()

else:
if (self.ma_fast[0] > self.ma_slow[0]) or (self.current_regime
I= "trending"):
self.cancel_trail()
self.order = self.close()

return
required_bars = (self.params.ma_slow, self.params.adx_period,
self.params.bb_period)
if (self) < required_bars:
return

if not self.should_trade_trend_following():
return

ma_bullish_cross = (self.ma_fast[0] > self.ma_slow[0] and
self.ma_fast[-1] <= self.ma_slow[-1])
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ma_bearish_cross = (self.ma_fast[0] < self.ma_slow[0] and
self.ma_fast[-1] >= self.ma_slow[-1])

position_size_pct = self.calculate_regime_position_size()
current_price = (self.dataclose[0])

if ma_bullish_cross:
self.cancel_trail()

cash = (self.broker.getcash())
target_value = cash * position_size_pct
shares = target_value / (current_price, le-12)

self.order = self.buy(size=shares)

elif ma_bearish_cross:
self.cancel_trail()

cash = (self.broker.getcash())
target_value = cash * position_size_pct
shares = target_value / (current_price, 1le-12)

self.order = self.sell(size=shares)

elif (self.current_regime == "trending" and self.regime_confidence >
0.8):
ma_spread = (self.ma_fast[0] - self.ma_slow[0]) / self.ma_slow[0O]
if ma_spread > 0.03:

cash = (self.broker.getcash())
target_value = cash * (position_size_pct * 0.7)
shares = target_value / (current_price, le-12)

self.order = self.buy(size=shares)
elif ma_spread < -0.03:

cash = (self.broker.getcash())
target_value = cash * (position_size_pct * 0.7)
shares = target_value / (current_price, le-12)

self.order = self.sell(size=shares)

4.9 Backtesting

Run this as a separate script (or notebook cell) to fetch data with yfinance , set basic broker
settings, and execute the regime-filtered trend strategy. You'll get a plot and can export metrics
with Backtrader analyzers (see Chapter 3 analyzers section).
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import backtrader as bt

import yfinance as yf

import pandas as pd

import numpy as np

import dateutil.relativedelta as rd
import matplotlib.pyplot as plt
%matplotlib inline

import seaborn as sns

import importlib

def (class_name):
module = importlib.import_module(class_name)
strategy = (module, class_name)

return strategy
ticker = "ADA-USD"
start = "2018-01-01"
end = "2025-01-01"

start_dt = pd.to_datetime(start)
end_dt = pd.to_datetime(end)

strategy = load_strategy("RegimeFilteredTrendStrategy")

data = yf.download(ticker, start=start, end=end, progress=False)

data = data.droplevel(l, 1) if (data.columns, pd.MultiIndex) else
data

feed = bt.feeds.PandasData(dataname=data)

cerebro = bt.Cerebro()
cerebro.addstrategy(strategy)
cerebro.adddata(feed)
cerebro.broker.setcash(100000)
cerebro.broker.setcommission(commission=0.001)

cerebro.addanalyzer(bt.analyzers.SharpeRatio, _name='sharpe’,
timeframe=bt.TimeFrame.Days, riskfreerate=0.0)
cerebro.addanalyzer(bt.analyzers.DrawDown, _name="'dd")
cerebro.addanalyzer(bt.analyzers.Returns, _name="'rets')
cerebro.addanalyzer(bt.analyzers.TradeAnalyzer, _name='trades')

start_val = cerebro.broker.getvalue()
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results = cerebro.run()
strat = results[0]
final_val = cerebro.broker.getvalue()
ret = (final_val - start_val) / start_val * 100

print(f"Return: {ret:.2f}% | Final Value: {final_val:.2f}")

sh = strat.analyzers.sharpe.get_analysis().get('sharperatio’', None)
dd = strat.analyzers.dd.get_analysis()

rets = strat.analyzers.rets.get_analysis()

tr = strat.analyzers.trades.get_analysis()

print(f"Sharpe: {shi")

print(f"Max DD: {dd.get('max', {}).get('drawdown', 0):.2f}% Len:
{dd.get('max', {}).get('len', 0)}")

print(f"CAGR: {rets.get('rnorml00', 0):.2f}% Total: {rets.get('rtot’',
0)*100: .2f}%")

print(f"Trades: {tr.get('total', {}).get('total', 0)} Won: {tr.get('won',
{}).get('total', 0)} Lost: {tr.get('lost', {}).get('total', 0)}")

plt.rcParams['figure.figsize'] = [10, 6]

plt.rcParams['font.size'] = 10
cerebro.plot(iplot=False)
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Thresholds: Start with ADX>20, BB_width>1%, NormVol>1%, then tune by asset and
timeframe.

Confirmation: regime_confirmation=3 is a good default; raise to reduce false flips, lower
to react faster.

Sizing: If results are too volatile, reduce max_position_pct and/or use PercentSizer at
the Cerebro level.

Shorts: If your venue disallows shorting, set allow_short=False and delete the short
branch.

Continuation adds: Small, infrequent adds based on MA spread can help ride strong
trends, but cap their size.

4.10 Rolling Backtest

The run_rolling_backtest function tests the strategy over 12-month windows for BTC-USD,
fetching data via yfinance , with $100,000 initial capital, 0.1% commission, and a 95% sizer
(overridden by the strategy).

Data: Uses yfinance to fetch BTC-USD daily data, processed into a Backtrader-
compatible PandasData feed.

Broker Settings: Starts with $100,000 and a 0.1% commission, with position sizing
handled dynamically by the strategy.

Regime Stability: The 3-bar confirmation period reduces false regime switches, enhancing
reliability.
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Risk Management: Combines regime-based position sizing, adaptive stops, and trend
filters for robust risk control.
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The Regime Filtered Trend Strategy excels at adapting to market conditions through multi-
indicator regime classification, ensuring trades are taken in favorable trending environments. Its
use of SMAs for trend detection, combined with dynamic position sizing and adaptive stops,
makes it well-suited for volatile markets like cryptocurrencies. The rolling backtest framework
provides a comprehensive evaluation across diverse market conditions, enabling traders to
assess consistency and optimize parameters (e.g., MA periods, regime thresholds) for specific
assets or timeframes.

Chapter 5 — Relative Momentum Acceleration -
Thrust Oscillator Breakouts
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This strategy looks for bursts of acceleration away from an adaptive baseline. We build a
custom thrust oscillator from a fast EMA relative to KAMA (Kaufman’s Adaptive Moving
Average), then trigger entries on statistical breakouts of that oscillator using Bollinger
Bands. Risk is managed with an ATR-based trailing stop that updates off the highest/lowest
price since entry.

This strategy is part of the Mega Backtrader Strategy Pack — a collection of over 250 ready-
to-use strategies for your algorithmic trading.

The Mega Backtrader Strategy Pack gives you 250+ fully-tested Python strategies —
adaptive filters, mean reversion, momentum, volatility breakouts, machine learning models &
more — all ready to deploy in Backtrader.

Why Traders Love This Pack

Instant Impact — Deploy strategies and start testing today

Zero Guesswork — Every strategy is documented, tested, and ready-to-run

Future-Proof — Lifetime updates included

Proven Variety — Adaptive, mean-reversion, momentum, volatility, and ML-driven models

What's Inside
250+ Strategies across multiple categories:

Adaptive Filters — Kalman, Hilbert, TRIX, Guppy MMA

Mean Reversion — Bollinger, Keltner, pair trading, RSI/Stoch

Momentum & Trend — MACD, ADX, Donchian, MA ribbons

Volatility — ATR breakouts, Bollinger squeeze, VIX correlation

Specialized ML & Advanced — HMM, decision trees, isolation forest, Hurst exponent

You Get

Python .py scripts for direct Backtrader use

PDF manuals detailing logic, parameters, and best practices
@ Get Instant Access — Download Today, Trade Tonight

Get it here

5.1 Intuition

Use KAMA as the slow, adaptive baseline (it “speeds up” in trends and “slows down” in
chop).

Use a fast EMA as the quick momentum probe.

Define a normalized thrust oscillator:
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EMA ps () — KAMA(%)
KAMA(t) + ¢

thrust, =

Put Bollinger Bands on that oscillator; breakouts above/below its band mean “unusual

acceleration” relative to recent behavior.

Trail the position with an ATR multiple from the running high/low since entry.

Notes

e = 10~% avoids divide-by-zero.

Using bands on the oscillator (instead of price) adapts to the instrument’s recent “relative

acceleration” regime.

5.2 Components and formulas

KAMA (conceptual)

| Pt—Pi—n|
S |Pi—Pr ]
Smoothing constant SC = [ER - (FC — SCp0) + SClion)?
Update KAMA, = KAMA; 1+ SC- (P — KAMA; 1)
Backtrader provides bt.ind.KAMA(period=...) .

Efficiency ratio ER =

EMA (fast)

EMA,(t) = aP, 1—-a)EMA,(t—1 =
n() o t+( Oé) n( )a « n_|_1

Bollinger Bands (on oscillator)

put = MA,,(thrust