


Abstract

In financial markets, success is dictated by the ability to structure decisions within a probabilistic 
framework while adapting to evolving conditions. This paper explores the foundational principles 
of trading strategy development, covering trend identification, trade location, signal execution, and 
filtering techniques, as well as the crucial role of timeframe management in optimizing trade 
duration and efficiency.

A core discussion focuses on the trade-off between discretionary and algorithmic trading, evaluating 
their respective strengths, weaknesses, and potential synergies. While discretionary trading excels in 
real-time adaptability and contextual analysis, algorithmic trading offers statistical validation, 
execution consistency, and scalability across multiple markets. A hybrid approach, leveraging 
systematic backtesting for validation while maintaining discretionary adaptability in execution, 
emerges as a highly effective model for traders seeking both precision and flexibility.

Additionally, this paper highlights the pitfalls of misinterpreted backtests, emphasizing the necessity 
of applying strategies under the exact conditions in which they will be executed. Without rigorous 
validation and disciplined execution, even the most statistically sound models can fail in real-
market application.

By integrating objective statistical analysis with adaptive market interpretation, traders can develop 
resilient, data-driven strategies that optimize risk-reward dynamics. The findings underscore the 
importance of questioning conventional methodologies, continuously refining strategies, and 
ensuring that trading decisions are grounded in both empirical evidence and market awareness.

All the software tools presented in this paper, except for well-known indicators such as RSI and 
moving averages, which are included solely for comparison and explanatory purposes, have been 
entirely developed by me, designed to enhance market interpretation and provide traders with 
objective, data-driven insights.



Index

1. Introduction

2. Theoretical Framework: Trading Methodologies and Techniques

1. Fundamental Concepts of Trading

2. Strategy Development

3. The Inherent Weaknesses of Every Trading Strategy

4. Techniques for identifying Market Regimes

5. Incorporating External Data

6. The Four Pillars of a Strategy

2. Side Principles

1. Timeframe Management

2. Optimizing Trade Duration

3. The Critical Role of Exit Management

3. Discretionary vs. Algorithmic Trading

1. Discretionary Trading

2. Algorithmic Trading

3. A Fair Mix

4. Conclusion



Introduction

My name is Tommaso Rossini, certified member of SIAT (Società Italiana di Analisi Tecnica) and 
CMT (Chartered Market Technician). I have been actively trading and studying market dynamics 
since 2019, continuously refining my understanding of financial markets and price behavior. In 
2022, I began developing my own proprietary tools, designed to assist traders of all styles and 
backgrounds by integrating a higher degree of statistical rigor, logical structure, and enhanced 
visual clarity into their daily market challenges. My work focuses on bridging quantitative analysis 
with practical application, ensuring that traders have access to well-structured, aesthetically refined, 
and functionally robust tools to navigate the complexities of financial markets.

With this paper, I do not presume to claim that a few years in the markets are enough to fully 
understand them or to position myself as someone who can teach others with absolute authority. 
However, I believe that my development as a programmer has both enabled and forced me to adopt 
a non-traditional, critically analytical mindset, one that is inherently more structured and advanced 
than that of traders who do not engage with the complexities of designing tools for objective market 
interpretation. The process of translating market logic into code requires a level of precision and 
abstraction that challenges conventional thinking, pushing beyond subjective biases. For this 
reason, I believe that the insights and methodologies presented in this paper can contribute 
meaningfully to any trader’s perspective, perhaps not as definitive answers, but at the very least as a 
catalyst for new ideas and operational refinements.

In an environment where information is everything, and where success is determined by how 
effectively one utilizes the data at their disposal, the ability to extract, interpret, and apply market 
insights with precision becomes the defining factor between consistent profitability and structural 
inefficiency. In financial markets, poor timing is indistinguishable from poor directionality, entering 
too early or too late is functionally equivalent to making the wrong prediction. Even if the market 
ultimately moves as anticipated, a mistimed entry can expose a trader to excessive drawdowns, 
premature stop-outs, or suboptimal risk-reward conditions, turning an otherwise correct analysis 
into a losing trade.



1. Theoretical Framework: Trading Methodologies and 
Techniques

1.1 Fundamental Concepts of Trading

“Patterns of price movement are not random. However, they’re close enough to random so that 
getting some excess, some edge out of it, is not easy and not so obvious” - Jim Simons

In the realm of financial markets, trading strategies must be built upon foundational principles that 
guide decision-making processes and strategic execution. To engage in trading effectively, it is 
essential to understand core concepts such as trend following, mean reversion, trade management, 
and regime identification, as they form the foundation for building a structured and adaptable 
market approach.

• Trend following is a trading concept that capitalizes on sustained market movements by 
identifying and following established trends in the direction they are expanding to. The 
underlying assumption is that markets exhibit momentum, wherein an asset's price that is 
trending in a particular direction will likely continue to do so. This approach is widely used 
in long-term strategies and is the core foundation in investing methodologies. Moving 
averages of any kind and market structure (the sequence of highs and lows of the market) 
are the two probably most famous ways to identify trend and are the key components to any 
strategy that aims to be a trend following strategy.

• Mean reversion is the opposite assumption, based on the hypothesis that asset prices tend to 
revert to their mean price over time. Unlike trend following, mean reversion strategies seek 
to exploit price extremes by buying low (under the fair value) and selling high (above the 
fair value). These strategies are particularly effective in ranging markets, where price 
deviations from the mean provide opportunities for short-term gains, or at the end of a 
trending market.

• Trade management is a critical component of any trading strategy, with a particular 
emphasis on the fact that finding the optimal timing to exit a trade is more important than 
trying to over-optimize the timing of entries, aiming for the almost impossible task of 
catching the top and bottom of the market. While fixed levels of stop-loss and take-profit can 
provide a structured approach to managing trades, relying solely on static thresholds to close 
the existing positions is similar to entering trades using fixed stop and limit orders on 
support and resistances without incorporating additional confluences. To optimize trade 
management, traders must leverage dynamic information, including contrarian signals and 
specific market conditions that suggest a potential reversal. Unlike trade entries, where the 
primary focus is on finding an optimal market condition to initiate a position, maximising 
the odds of a successful trade and aiming to increase the reward to risk ratio, trade 
management involves protecting capital that is already at risk. This requires a more nuanced 
approach; for instance, if a strategy typically requires three confirmations to open a trade, it 
might only take one or two clear opposing signals to justify an early exit. This adaptive 
method allows traders to preserve profits or limit losses by responding swiftly to market 
changes, ensuring that trade exits are not just reactive but strategically aligned with evolving 
market conditions.

• Market regimes refer to distinct phases characterized by specific market behaviors, such as 
trending, ranging, contracting or expanding environments, all defined, simplistically, by the 
relation that the price tends to have towards his average. Regime dynamics are defined by 
two fundamental principles:



1. Temporal Variability: Market regimes are not static; they continually shift over time, 
alternating between phases of indecision, where price action is choppy and 
directionless, and periods of disequilibrium that drive strong trends.

2. Multi-Timeframe Fractality: Different timeframes often exhibit different market 
regimes, reflecting the fractal nature of financial markets. For example, while the 
daily chart might display a strong bullish trend, the 15-minute chart could 
simultaneously show a consolidation phase for the current day. Drilling down 
further, the 1-minute chart may reveal what appears to be a clear trend within the 
consolidation range identified on the 15-minute chart. This fractal behavior requires 
traders to adapt their strategies not only to the overarching market trend but also to 
the micro-regimes present in shorter timeframes, ensuring alignment with the 
specific market context they are operating in.

These fundamental concepts form the theoretical backbone of this study, providing a structured 
framework upon which advanced trading strategies are developed and empirically tested. By 
combining theoretical knowledge with practical tools, this research aims to bridge the gap between 
conceptual models and real-world trading performance.

1.2 Strategy development

“In this business, if you’re good, you’re right six times out of ten. You’re never going to be right 
nine times out of ten” - Peter Lynch

Developing trading strategies at a theoretical level appears deceptively simple: in mean-reverting 
methodologies, one would buy low and sell high, while in trend-following systems, the rule would 
be to buy when the market is rising and sell when it is falling. However, the true challenge in 
financial markets is not predicting the future price direction but rather anticipating the market 
regime that is about to unfold. The critical skill lies in distinguishing between mean-reverting and 
trend-following environments, as this regime identification dictates which strategies will be 
effective.

If a trader could consistently predict the incoming market regime, they could apply even the 
simplest strategies tailored to that regime and achieve consistently profitable outcomes. Under such 
ideal conditions, losses would be rare and primarily limited to anomalous market behavior. This 
chapter explores advanced methodologies for navigating this complexity, focusing on techniques 
and tools that enhance regime identification to optimize trading performance.

While this concept may seem straightforward, predicting the upcoming market regime is nearly 
impossible. Although we can accurately identify past regimes with the benefit of hindsight, 
forecasting future regimes is an entirely different challenge. Unlike volatility forecasting, which is 
not only more feasible but also offers solid statistical validity and strong performance, regime 
forecasting lacks a direct correlation with volatility. Markets can exhibit high volatility within a 
ranging regime, just as prolonged trending phases can develop in a state of calm, with price action 
confined to below-average ranges. This disconnect underscores the complexity of regime 
identification, where traditional metrics like volatility alone are insufficient to consistently 
determine the market’s structural behavior.

Essentially, trend-following and mean-reverting strategies provide opposite and often contradictory 
signals. When the market is rising, a trend-following approach generates a buy signal, while a 
mean-reverting strategy interprets the same scenario as an overbought condition, suggesting a sell. 
The key to navigating this dichotomy lies in calibrating the amount of data used to validate each 
approach, which is effectively achieved by adjusting the temporal horizon. By altering the 
timeframe and the dataset analyzed, traders can fine-tune the sensitivity of trend-following and 



mean-reverting indicators, allowing them to align their strategies more accurately with the 
prevailing market regime.

While it might seem advantageous to combine multiple tools within the same category of trading 
strategies, doing so does not provide additional information. Just as when constructing a market 
portfolio, it is crucial to consider asset correlations to avoid the misconception of diversification, 
such as believing one is diversified across 50 companies when, in reality, they are all technology 
sector stocks, traders must also avoid interpreting similar tools as multiple independent signals. On 
the contrary, Stacking multiple trend-following indicators can paradoxically create strong mean-
reversion signals. When all tools align for a long entry, it often indicates an overstretched market, 
turning what appears to be trend confirmation into a high-probability short setup.

For instance, in a rising market, all trend-following indicators, from moving averages to market 
structure analysis to various momentum-based tools, will likely show bullish signals. However, this 
alignment does not indicate the presence of several confluences but rather a singular trend 
confirmation reiterated through different lenses. Similarly, when applying mean-reverting 
methodologies, an RSI, a z-score, and a stochastic oscillator will all indicate oversold conditions 
when the market drops sharply. Yet, this should not be misinterpreted as multiple independent 
confirmations; instead, it merely reflects the same market condition analyzed through similar 
metrics.

This does not mean that using multiple tools within the same category is without merit. On the 
contrary, diversifying tools within a single strategy type can enhance robustness and reduce the 
impact of outlier signals. However, the key is to treat these tools collectively as a single, averaged 
indication, rather than falsely perceiving each as a distinct and reinforcing confluence. By 
synthesizing the outputs of similar indicators into a composite signal, traders can achieve a more 
balanced and statistically sound approach to market analysis, avoiding the trap of illusory 
confluences and ensuring that strategy decisions are grounded in genuine market insights.

When developing trading strategies, they can generally be categorized into two primary types: 
mean-reverting (MR) strategies and trend-following (TF) strategies. While this binary classification 
might seem overly simplistic, any well-constructed trading approach can ultimately fit within this 
framework by adhering to the core principles of each methodology.

• Trend-Following Strategies: The fundamental logic behind trend-following strategies is to 
identify a long-term trend and capitalize on opportunities to enter trades by timing the end of 
short-term pullbacks within that broader movement. If the trend identification timeframe 
were too short, comparable to the period used to pinpoint the tops and bottoms of 
retracements through mean-reversion techniques, the trend-following tool would risk 
switching signals too rapidly, potentially reversing its bias before a valid trade could 
materialize.

• Mean-Reverting Strategies: Conversely, this kind of strategies uses a mean reverting 
indication on a larger time frame or a bigger number or periods to identify the bias of their 
trade, and then wait until a more faster and responsive trend following approach indicates 
the ideal time to enter the market.

A key insight when developing robust trading strategies is that both MR and TF indications are 
necessary, regardless of the primary methodology being employed. The classification of a strategy 
into either category depends not on the specific execution trigger but rather on which methodology 
serves as the primary framework for identifying trade opportunities. This integrative approach 
ensures that strategies are not only well-structured but also adaptable to varying market conditions.



Comparison between trend-following indication (left) and mean-reverting indication (right)

If a strategy were to rely exclusively on trend-following tools, traders might find themselves 
entering positions during extended market moves, where the risk-to-reward ratio becomes 
increasingly unbalanced. In such scenarios, planning exit levels or trade timing could lead to an 
untenable risk exposure having to leave the price room to move, where the potential losses, if the 
trade fails, significantly outweigh the potential gains. The lack of mean-reverting insights would 
prevent traders from identifying price extremes, resulting in late entries and increased vulnerability 
to sharp reversals. Conversely, a strategy based solely on mean-reverting techniques might lead to 
premature trade entries, akin to trying to catch a falling knife by grabbing the blade while it is still 
rotating downward. Such strategies often attempt to anticipate market reversals too early, exposing 
traders to prolonged drawdowns while waiting for the market to revert to the mean. This approach 
can be particularly damaging in trending markets, where the price may continue in one direction for 
an extended period, leading to a substantial accumulation of unrealized losses before any potential 
recovery; moreover, trying to maintain this kind of trade too long, will result in a shift of the 
optimal fair price that reduce the profit opportunities, leading to additional reasons to avoid this 
kind of trading style.

1.3 The Inherent Weaknesses of Every Trading Strategy

“Don’t worry about what the markets are going to do, worry about what you are going to do in 
response to the markets” - Michael Carr

Every trading strategy carries an inherent risk, which varies depending on whether the approach is 
trend following or mean reverting. While both methodologies aim to systematically capture market 
inefficiencies, they are equally susceptible to structural weaknesses that arise when market 
conditions shift unexpectedly. The fundamental issue stems from the fact that no trend lasts forever, 
and no mean reversion is guaranteed to fully materialize.

For trend-following strategies, the primary risk emerges when an established trend comes to an end. 
Since these strategies rely on the continuation of existing directional movements, they tend to 
misinterpret early trend reversals as temporary pullbacks, leading to entries at the beginning of a 
new opposite trend or to be stuck in a ranging market trying to guess the future price direction.

On the other hand, mean-reverting strategies face their greatest challenge when a strong counter-
move does not actually signal a regime shift but instead represents a brief pause before the 
prevailing trend resumes. After an extended directional move, mean-reverting strategies often detect 
reversal signals and confirm an entry, assuming that price has deviated too far from its equilibrium 



and is now poised to revert. However, if the market fails to fully correct and instead reasserts its 
original directional bias after a short pullback, mean-reverting positions are left trapped in an 
unfavorable trade.

Ultimately, the key to mitigating these risks lies in correctly identifying the prevailing market 
regime. Without a precise forecasting of whether the market is going to enter in a sustained trend or 
a consolidating phase, even the most sophisticated strategies will struggle to adapt effectively. A 
comprehensive trading approach must therefore integrate regime identification techniques to ensure 
that strategies are deployed in conditions that align with their core logic, minimizing exposure to the 
inherent flaws of each methodology.

1.4 Techniques for Identifying Market Regimes

Among the most effective formulas I have developed over the years, and which I have incorporated 
multiple times into my software and indicators, three primary methodologies stand out as 
particularly valuable for identifying market regimes. While I do not see the necessity or utility in 
disclosing these formulas in detail, outlining their functionality and interpretative value can provide 
traders with a deeper understanding of the logic behind these tools and their role in refining strategic 
decision-making.

The first method involves analyzing the variance across multiple moving average periods in relation 
to a pre-defined, algorithmically determined benchmark, and applying a continuative value to it. 
This approach enables the identification of periods where generalized standard deviation across 
different parameters increases, signaling the presence of an effective trend-following regime. As 
illustrated in the accompanying figure, this technique serves as an excellent filter for consolidation 
phases, preventing traders from deploying trend-following strategies in choppy markets. However, 
like all moving average-based methods, it inherently reacts with a certain degree of lag, a 
characteristic consequence of its reliance on smoothed price action.

Example of how to use a trend strength tool to identify market regimes



The second approach involves the development of a custom indicator for assessing trend strength, 
functionally comparable to the well-known Average Directional Index (ADX) but fundamentally 
distinct in the timing and nature of its indications. This tool provides two key insights:

• The Presence of a Trending Market: By analyzing whether the market, over a defined 
lookback period, exhibits a statistical correlation with the passage of time, the indicator can 
objectively determine when a trend-following regime is in effect.

• The Strength and Evolution of the Trend: Through precisely calibrated percentile levels of 
the indicator's distribution, it becomes possible to distinguish between growing, declining, 
exhausting, and contracting trend strength, the latter often signaling a potential volatility and 
directionality compression before an explosive directional move.

This tool allows for a quantifiable assessment of trend dynamics, reducing subjectivity in 
identifying the stability and sustainability of ongoing price movements.

A third method involves examining the distribution of temporal trend extensions, allowing traders 
to determine when a trend has become overextended not only in price magnitude but also in 
duration. Unlike traditional overextension models that focus exclusively on price based deviations 
from equilibrium, this approach analyze the temporal component, identifying moments where the 
lifespan of an ongoing trend (or correlated variable) significantly exceeds historical norms.

When such conditions are met, traders should exercise caution in continuing to apply trend 
continuation strategies, as the probability of an imminent reversal increases. Instead, focus should 
shift toward identifying confluences for potential market reversals, mitigating the risk of being 
caught in the early stages of a regime shift.

An example of how to identify moments when the market is in overbought and oversold conditions + weekly extensions + trend strength



1.5 Incorporating External Data: Overcoming the Limitations of Traditional 
Technical Analysis

“Do more of what works and less of what doesn’t” - Steve Clark

A fundamental weakness of technical analysis, including volume-based analysis, which falls under 
the broader definition of technical analysis, is that it relies exclusively on a single historical data 
series, interpreted through a fixed, stationary framework. This constraint significantly limits its 
ability to adapt to changing market regimes, as every indicator derived from the same dataset is 
inherently influenced by the same problem that we discussed previously. Consequently, technical 
analysis tools alone are unable to systematically forecast contextual shifts with precision, leading to 
false signals and losses when regimes transition.

To address this issue, traders can integrate external data sources that provide partially independent 
insights into market conditions, allowing for the identification and filtering of signals that would 
otherwise result in losses at regime inflection points. Some of the most valuable external datasets 
include market internals and cross-asset relationships, both of which offer contextual intelligence 
that a single-price-series approach lacks.

Market internals, such as:

• VOLD (Volume on Advancing vs. Declining Stocks)

• TRIN (Arms Index, a measure of market breadth and volume flow)

• ADD (Advance-Decline Line, a cumulative measure of market participation)

provide a broader perspective on market behavior by analyzing internal market dynamics rather 
than just price action. These metrics can serve as filters to avoid trades that would inevitably fail 
during regime shifts. For instance, a price-based strategy may indicate a valid breakout, but if 
internals reveal weak market breadth or divergent volume dynamics, it may suggest that the move 
lacks structural support, signaling a potential false breakout or early trend failure.

Beyond market internals, traders can incorporate other market indicators that capture sentiment, risk 
appetite, volatility expectations and other important variables, such as:

• VIX (Volatility Index, representing market expectations for future volatility)

• Put/Call Ratio (measuring options market sentiment and positioning)

These indicators offer valuable insights into broader risk conditions that cannot be immediately 
noticed from price action alone. Predicting the end of a stock market rally, for example, with an 
anomaly in the put/call ratio along side the tools and methodologies we discussed earlier is 
extremely more effective that using technical analysis alone.

Another advanced technique involves creating synthetic assets, designed to move in correlation 
with the price of the target asset but with a leading effect.

By analyzing divergences between a synthetic indicator and the real asset, traders can detect early 
warning signs of potential reversals or regime shifts. If the synthetic asset fails to confirm price 
action, it suggests that the observed market movement may lack sustainability. This method 
effectively removes the lag present in conventional technical indicators, offering a predictive edge 
by leveraging multi-variable interactions rather than isolated price movements.



An example of a syntetic asset and the divergences it generates

Another powerful approach to enhancing market understanding and forecasting is the intermarket 
analysis, which aims to extract additional insights by observing the behavior of other assets, both 
directly correlated and those connected through causal relationships.

By analyzing discrepancies and divergences between related instruments, traders can gain access to 
a powerful leading indicator that, under the right conditions, can serve as a true additional 
confluence for trade validation.

Intermarket analysis enhances market adaptability by providing context beyond the isolated price 
movements of a single asset, helping traders confirm or challenge their existing biases. While it 
does not replace primary trading signals, it adds depth to market interpretation, allowing for more 
informed decision-making and improved risk assessment in dynamic financial environments.

Another advantage of intermarket analysis is the ability to execute spread trades, which are 
strategies that do not rely on the absolute directionality of a single asset but instead exploit 
discrepancies between two strongly correlated assets, whether positively or negatively correlated. 
While this may initially appear to be an alternative free from the previously discussed challenges, 
every spread trade can, in reality, be represented as a directional trade on the synthetic cross-asset 
pair formed by the two instruments in question. This spread can be visualized through its own price 
chart, which, although often exhibiting more structured and identifiable patterns than those of the 
individual assets, is still subject to the same fundamental market dynamics: sometimes trending, 
sometimes consolidating.

A dangerous misconception would be to assume that two correlated assets will maintain their 
relationship consistently throughout the duration of a trade. Historical correlations can and do break 
down, often at the most critical moments. As a result, every analytical methodology discussed 
earlier, especially regime identification, remains just as crucial when trading spreads as it does in 
traditional directional trading. Neglecting these principles and assuming a static correlation 
structure is a recipe for failure, reinforcing the necessity of a rigorous analytical framework even in 
spread-based strategies.

I want to emphasize that, although I have stated that technical analysis alone inevitably leads to 
losses at certain points, my intention is not to discredit this approach in any way, on the contrary, I 
fully support it and apply it everyday. Every trading system and market analysis methodology in 



existence incurs losses, as no approach is infallible. It is entirely possible to develop profitable 
strategies using technical analysis alone, provided they are structured and applied with precision. 
The purpose of this paper is not to undermine technical analysis but rather to highlight its 
limitations and demonstrate tools that can further enhance its effectiveness, providing traders with 
additional ways to refine their market analysis and decision-making.

1.6 The Four Pillars of a Trading Strategy

“Patterns of price movement are not random. However, they’re close enough to random so that 
getting some excess, some edge out of it, is not easy and not so obvious” - Jim Simons

Throughout my, perhaps brief yet undoubtedly intense, years in the markets, I have encountered 
countless trading strategies, each designed by traders of various backgrounds, styles, and levels of 
expertise. I have worked closely with traders to define entry criteria, building trading systems based 
on tools they intuitively perceived as valuable. Additionally, I have developed software solutions for 
clients ranging from retail traders to more seasoned professionals, adapting my programming to 
diverse methodologies and market philosophies.

Despite the vast differences in indicators, analytical tools, visual representations, and time horizons, 
I have observed a recurring structural pattern: every trading strategy, regardless of complexity, 
relies on a combination of analytical methods and indications that can be categorized into four 
fundamental pillars: Trend, Location, Signal, and Filter.

Although this classification might initially seem unconventional, it is not the nature of the tool itself 
that determines its classification, but rather the trader’s interpretation and its intended use. Every 
indicator or methodology can serve different purposes depending on how it is applied within a 
strategy.

1.6.1 Trend: Defining Market Bias

The trend component of a strategy encompasses any analytical method or indicator that suggests the 
directional bias a trader should adopt in the market—in simpler terms, the forecast of price direction 
over the trade’s time horizon.

Among the four pillars, trend analysis is the most widely discussed and arguably the most 
misunderstood. Novice traders and large trading communities tend to overemphasize directional 
forecasting, leading them to place disproportionate weight on indicators that do not inherently 
provide an actionable edge. There is a vast selection of tools used to determine trend direction, 
including:

• The relationship between moving averages (e.g., golden cross, exponential moving average 
slopes), the SuperTrend indicator, the Parabolic SAR or any other popular technical analysis 
tools that are widely used by new traders ignoring their flaws or optimal way of using them.

• Market structure analysis, relying on breakouts of key levels to confirm a trend.
• Volume-based methodologies, such as Volume Profile analysis, Point of Control (POC) 

shifts, and price acceptance or rejection at Value Area High (VAH) and Value Area Low 
(VAL).

• Fundamental analysis, where traders estimate directionality based on macroeconomic 
indicators, earnings reports, or financial models.

When considering macro data as a tool for trend identification, the challenge becomes even more 
pronounced. Financial markets are forward-looking mechanisms, meaning that the vast majority of 
publicly available macroeconomic data is already reflected in asset prices by the time traders can act 



upon it. Interest rates, inflation reports, employment figures, and GDP growth, while essential for 
long-term economic analysis, are subject to anticipation, speculation, and institutional positioning 
well before their official release.

This reality makes purely macro-based directional forecasting difficult to translate into a consistent 
trading edge, particularly in highly liquid and competitive markets. Hedge funds, proprietary 
trading firms, and market makers leverage sophisticated econometric models, machine learning 
algorithms, and alternative datasets to extract signals from macroeconomic trends, often leaving 
retail traders reacting to information that has already been discounted in price action.

However, this does not render macro data irrelevant. While it may not provide a timing advantage 
for entries, it plays a critical role in contextualizing market regimes and understanding broader 
capital flows. Traders who integrate macroeconomic indicators with technical and quantitative tools 
can refine their bias, ensuring that they are not taking positions that directly contradict major 
economic forces. In less liquid markets, macroeconomic data can hold greater predictive value, as 
pricing inefficiencies may persist for longer periods, allowing well-informed traders to capitalize on 
mispricings before the market fully adjusts.

One advanced method for trend identification is the use of a signal counter, rather than relying on a 
single trend indicator, traders can quantify the frequency of bullish versus bearish signals over a 
defined historical window. By systematically tracking occurrences of specific market patterns or 
indicator-based confirmations, traders can derive an objective measure of directional bias, using a 
tool that had, in origin, a completely different nature and utility.

An example of a software that assumes the next period bias combining multi timeframe mean reverting and trend following 
techniques



1.6.2 Location: Optimizing Risk-Reward through Strategic Trade Positioning

While a valid trend can be established without necessarily considering location, this variable plays a 
fundamental role in optimizing risk-reward ratios, maximizing profit potential while minimizing 
downside exposure. The ability to enter trades at optimal price levels ensures that even in the 
presence of minor market fluctuations, the trade setup retains its statistical validity without 
excessively reducing the probability of success. Unlike trend analysis, which aims to determine the 
general market bias, location is a purely execution-based component, focusing on where within a 
given price structure a trader should engage with the market.

The most widely used and well-known approach for identifying trade locations is support and 
resistance analysis. Despite the tendency to assign more sophisticated names, such as supply and 
demand zones, order blocks, or potential reversal zones (PRZs), these methodologies fundamentally 
rely on the same core concept: identifying historically significant price levels where market 
participants have shown strong buying or selling interest. These levels can be analyzed using raw 
price action, enhanced through Volume Profile analysis, or identified via Fibonacci retracements, 
which aim to highlight support and resistance zones based on the most recent market swings, or 
other less popular drawing tools like Gann squares and Pitchforks.

Another popular way to quantify location is through the use of oscillators, a toolset that has been 
adopted since the 1950s, starting with the development of the Stochastic Oscillator by George Lane 
and later gaining popularity through John Wilder’s Relative Strength Index (RSI) in the 1970s. The 
fundamental power of oscillators lies in their ability to compress a non-stationary historical price 
series into a defined range, effectively normalizing market behavior into a structured and cyclical 
format. The application of statistical transformation techniques is essential for refining raw market 
data into actionable signals. Two key concepts in this regard are standardization and normalization:

• Standardization refers to transforming a dataset so that it has a mean (μ) of 0 and a standard 
deviation (σ) of 1. This tool can be found searching for “Z-Score” on almost every charting 
software.

• Normalization involves scaling a dataset within a predefined range, typically between 0 and 1, by 
referencing its historical minimum and maximum values.

The VWAP, one of the most common way to identify the location



1.6.3 Signal: The Immediate Trigger for Trade Execution

The signal, or trigger, represents the short-term, often very short-term, confirmation that indicates 
the precise moment to enter a trade. While broader trend analysis and optimal trade location set the 
foundation for a strategy, the signal is the final step that ensures execution timing is as precise as 
possible. Its role is critical in minimizing drawdowns, reducing the likelihood of early exits caused 
by price fluctuations that would otherwise test a trader’s patience or risk tolerance.

The nature of the signal is crucial in the development of a robust strategy, as poor entry timing can 
lead to premature stop-outs, excessive exposure, or the psychological strain of holding a position 
through prolonged periods of adverse movement. Unlike the trend or location pillars, both of which 
can often remain static across multiple trades, the signal requires continuous adaptation, as its 
effectiveness depends heavily on prevailing market conditions and the specific trade setup in 
question.

Additionally, just as signals are used for entry, they can also be effectively utilized for exits, helping 
traders determine when a trend is weakening or when the probability of continuation has 
diminished. A well-designed exit signal can significantly enhance profit retention and prevent 
unnecessary drawdowns.

There are numerous techniques to define effective signals, each with varying degrees of precision, 
objectivity, and adaptability. Some of the most widely used methods include:

• Candlestick Patterns: Among the earliest concepts studied by traders, candlestick formations 
remain highly relevant due to their objectivity and simplicity.

• Indicator-Based Signals: Many traders rely on short-term indicators to identify breakout 
conditions or signs of reversal. These may include momentum oscillators, short-term 
moving average crossovers, or volatility expansions that signal an impending directional 
move. The effectiveness of these indicators largely depends on market context, requiring 
careful calibration to limit false signals.

• Multi-Timeframe Analysis for Precision Entries: A particularly powerful method involves 
shifting to a lower timeframe relative to the one used for validating broader trade conditions. 
By doing so, traders reapply trend analysis on a micro-level, benefiting from the increased 
precision and higher data density that a lower timeframe provides. This technique allows for 
tighter risk management, ensuring that the entry aligns not just with higher timeframe 
confluences, but also with localized market structure shifts.

One of the most important aspects of trade signals is that they are not universally applicable, what 
works in a trending market may fail in a ranging one, and vice versa. The effectiveness of a signal is 
highly dependent on the overarching market regime, requiring traders to adjust their execution 
criteria dynamically.

1.6.4 Filter: Eliminating Low-Quality Trades Through Data Diversification

The filter is an essential component of any trading strategy, designed to reduce the occurrence of 
losing trades by selectively eliminating low-probability signals. While trend, location, and signal 
provide the foundation for trade identification and execution, the filter's primary function is to 
introduce an additional layer of validation, ensuring that only the most statistically sound trades are 
executed.

To effectively filter out weak setups, it is crucial that the data used for filtering is distinct from the 
data used in the previous three steps. If a strategy has relied exclusively on price-based indicators, 
then volume analysis should be introduced. If both price and volume have already been 
incorporated, then external data sources, such as market internals, intermarket correlations, 



volatility forecasts, or fundamental metrics, can provide an additional non-redundant perspective. 
The key is to ensure that the filter is not simply reconfirming the same information already 
embedded in the strategy, but instead adding a completely new layer of insight that strengthens 
trade validation.

Several methodologies can be employed to enhance trade quality by leveraging alternative datasets:

1. Volume and Delta Analysis:
1. Filtering trades based on volume confirmation is one of the simplest yet most effective 

methods.
2. Trades can be validated only if they occur in conjunction with high relative volume or an 

imbalance in aggressive buyers vs. sellers (delta analysis).
3. A more structured approach involves using the CVD (Cumulative Delta Volume) indicator, 

available on all major volume-based trading platforms, to measure the net difference 
between aggressive buying and selling pressure.

2. Additional Datas:
1. Incorporating market internals that are relevant to the asset being traded can provide 

valuable insight into overall market strength or weakness.
2. Using the Commitment of Report can provide powerful indication of long term 

directionality.
3. Other market indicators like the Vix can lead to recognisable patterns that reflects of 

particular price movements on binded assets.
3. Intermarket Analysis and Fundamental Data for Longer-Term Trades:

1. For traders operating on longer time horizons, the integration of intermarket analysis and 
macroeconomic fundamentals can be highly effective in filtering trades.

2. Cross-asset relationships, such as bond yields vs. equities, correlated commodity, or credit 
spreads vs. stock market trends, can reveal hidden correlations that impact asset 
directionality.

3. Macroeconomic data, such as interest rate expectations, central bank policies, and liquidity 
flows, can provide additional trade validation beyond technical factors.

Regardless of the filtering method chosen, every decision must be supported by data-driven 
analysis. While logical reasoning is necessary, it is not sufficient for constructing a robust trading 
framework, empirical validation is required to confirm that a filtering rule actually enhances 
strategy performance rather than introducing unnecessary complexity.

A common pitfall in filter selection is the misconception that an individual filter must demonstrate a 
strong standalone alpha. Traders often discard potentially valuable filters simply because, when 
applied in isolation, their performance is weaker compared to the primary trade signals. However, 
this approach ignores a crucial fact: the relative ranking of different signals changes dynamically 
when they are used in combination.

Statistical validation must be performed not only on each individual tool but also on their combined 
synergy. A trading strategy is not a collection of independent signals, but rather an interconnected 
system, where every component interacts dynamically with market conditions. The goal of an 
effective filter is not to act as a standalone predictive tool, but rather to refine and elevate the quality 
of trade setups that have already passed the first three pillars of analysis.



1.6.5 The Hidden Fifth Element: Context

While not traditionally part of the core four-pillar checklist, there exists a fifth crucial factor that 
traders must consider: context. Unlike the previous elements, which serve as confirmatory tools for 
trade execution, context acts as a meta-filter, helping traders calibrate their analytical approach by 
determining when their existing plan remains valid and when adjustments must be made to align 
with current market conditions.

Discretionary traders naturally incorporate context into their visual chart analysis, often relying on 
experience and intuition to make subtle adjustments, this is why experience heavily influences 
discretionary performance. In contrast, algorithmic traders struggle to define context 
programmatically, as markets do not exhibit easily quantifiable structural consistency over time. 
This limitation is one reason why purely algorithmic edges often underperform compared to 
discretionary strategies, as they lack the adaptability that human judgment provides.

In essence, context is what separates static rule-based systems from dynamic market adaptability, 
making it a critical, yet often overlooked, component of effective trading.



2 Side Principles

2.1 Timeframe Management

“The core problem is the need to fit markets into a style of trading rather than finding ways to trade 
that fit with market behaviour” - Brett Steenbarger

The timeframe of a trade is one of the most overlooked aspects in traditional trading education, yet 
it is arguably one of the most critical factors influencing both trade execution and strategy 
performance. Traders frequently ask themselves: How much historical price action should I 
analyze? How long should my trade last? Should it be an intraday position? A quick scalp? Or a 
multi-day swing trade? Addressing these questions requires a structured approach, considering 
multiple key factors that influence trade duration and execution dynamics.

Perhaps the most immediate and practical question to address is: How long will my trade last? 
Every time a trade is opened, it is imperative to have a clear exit plan. This means establishing, at 
the very least, a predefined stop-loss level, ensuring that it is not adjusted arbitrarily, except through 
specific, pre-validated trailing stop techniques. While setting a take-profit level can be beneficial, it 
is not always necessary—especially for traders employing a dynamic approach that includes 
adaptive exit strategies. However, even if a trader does not place a fixed take-profit order, there must 
still be a target level in mind, ensuring that exits are made deliberately rather than emotionally.

Once entry and exit levels are determined, a quantitative approach can be applied to estimate trade 
duration. The simplest and most effective method is to measure the distance between these levels 
using a time-based volatility indicator, with the Average True Range (ATR) being one of the most 
widely used. By analyzing the multiple of ATR between entry and exit levels, traders can 
approximate the expected duration of a trade.

For example, assume a trade is structured with a risk-reward ratio of 1:1, with both the stop-loss and 
take-profit levels 5 times the ATR. Given that price movement is inherently driven by volatility 
cycles, the trade will likely take between 5 to 10 candles to reach one of these levels, unless 
volatility contracts suddenly or an external catalyst (such as economic news) disrupts market 
behavior, assuming that when the market takes a certain direction, about 75% of the fractioned 
return in that move are in the same direction. Then, multiplying this estimated candle count by the 
timeframe used, traders can estimate the expected duration of their trade.

While the ATR-based approach provides a straightforward estimate, more advanced methodologies 
leverage volatility forecasting models, often employing machine learning algorithms to analyze the 
historical range of price excursions over specific time horizons.

For instance, by analyzing single candles excursions, traders can assess whether the anticipated 
trade setup has a high probability of achieving its target within the expected timeframe. This 
approach helps to:

• Avoid holding trades overnight unnecessarily due to insufficient volatility.

• Identify whether an asset is currently in a contraction or expansion phase, ensuring that the 
strategy aligns with expected market behavior.

• Enhance trade confidence by incorporating statistical models that assess the likelihood of price 
reaching the intended exit levels within the desired timeframe.



2.2 Optimizing Trade Duration: Forecasting Cumulative Returns Instead of 
Isolated Candles

A core principle in trading is that predictability increases when analyzing aggregated price 
movements over multiple periods rather than attempting to forecast individual price fluctuations. 
The market exhibits randomness at the micro level, following the random walk theory. However, 
when price action is observed over a slightly extended time horizon, certain structural patterns and 
statistical tendencies become more apparent, making short-to-medium-term forecasting more 
reliable.

For example, it is significantly easier to find an edge in forecasting the cumulative return over the 
next 10 candles than to accurately forecast the outcome of a single upcoming candle, where 
randomness dominates. At the same time, predicting the next entire trend becomes increasingly 
unreliable, as markets over long horizons are shaped by a vast number of external variables, many 
of which cannot be anticipated at the moment of trade execution.

This concept extends beyond trade execution, it is also highly relevant when determining how much 
historical data to analyze. Traders often struggle with the question: “How many past datas should be 
considered to evaluate the market context, and ensure relevant insights without incorporating 
outdated, irrelevant information?”.

If too few bars are used, context is completely lost, leading to incomplete and misleading analyses 
that fail to capture the broader market structure. However, analyzing too many bars can be equally 
detrimental, as it includes market conditions that are no longer relevant, creating a false sense of 
predictability based on conditions that may no longer hold in the current regime.

A practical guideline that works most of the time, considering my studies, is to use an average of 
200-300 bars for market analysis, adapting the number depending on the trading style and the use of 
multi-timeframe analysis. Similarly, a well-calibrated trade should be structured around a forecast 
window of the next 30 candles, balancing predictive accuracy and adaptability.

These numbers are not arbitrary, they are derived from extensive strategy optimization and 
backtesting across a wide range of trading methodologies. However, they should be seen as 
guidelines rather than absolute rules, and the ratio of analyzed bars to traded bars should be the 
main number to focus on.

During my career, I have encountered traders who successfully operate on both ends of the 
spectrum:

• Longer-horizon traders, who work with significantly more bars to account for macro trends and 
execute positions lasting hundreds of candles.

• Short-term traders, who specialize in ultra-fast trades and thrive on forecasting the immediate 
next few candles, particularly in low-timeframe setups (e.g., 10-second to 1-minute charts).

However, these cases are exceptions rather than the rule, they require specific skill sets and unique 
market conditions to be consistently effective.
Beyond predictive accuracy, trade duration also affects regime risk. The longer a trade is held, the 
higher the probability that a regime shift will occur within the timeframe of the trade, altering its 
validity and expected outcome. The ability to align trade duration with regime stability is a key 
factor in strategy optimization, ensuring that the assumptions made at the moment of execution 
remain intact long enough for the trade to reach its intended outcome.



2.3 The Critical Role of Exit Management

“You don’t get paid for activity, you only get paid for being right.” - Warren Buffet

Yes, I firmly believe that trade exit management is more important than entry management. The 
probability of an operator entering a position exactly at the absolute bottom or top of an asset’s 
future price movement, or even at a relative intraday extreme, is exceptionally low. If such levels 
could be consistently predicted, they would become the only points where rational market 
participants would place trades, effectively rendering the market illiquid and inefficient.

Since traders rarely enter at these perfect inflection points, every position, at some stage, will 
experience both profit and loss territory before reaching its final outcome. Trades that experience 
zero drawdown are rare, and while they may be worth celebrating when they occur, they should 
never be the expectation. As a result, it follows logically that even trades opened at random times, 
with no analytical basis, could theoretically be closed in profit, provided one is willing to wait long 
enough. This alone highlights why knowing the best moments and prices to exit a trade is just as 
crucial, if not more so, than identifying the optimal entry point.

As previously discussed, static stop-loss and take-profit levels offer simplicity and psychological 
stability. They seamlessly integrate with a predefined strategy, allowing traders to set their 
parameters, execute the trade, and disengage from the screen, eliminating the temptation to 
emotionally intervene based on unrealized gains or losses. These predefined levels protect traders 
from the most common psychological pitfalls, such as fear-based early exits or irrational trade 
extensions driven by greed. However, they are not the most efficient methods for maximizing 
profitability or minimizing losses.

A more adaptive approach involves dynamic exit management, where traders continuously monitor 
market conditions for emerging contrary signals, volatility shifts, or directional forecasting 
adjustments. While this requires a significantly higher level of mental and emotional resilience, it 
allows the trader to react to real-time market dynamics, preserving profitability when market 
conditions change and avoiding unnecessary losses due to rigid, pre-defined exit structures.

In the realm of trade management, two primary philosophies shape how traders handle their 
positions after entry. The first approach follows the principle: "At the time of entry, I had my edge, 
so I hold until target." This method adheres strictly to the original trade plan, operating under the 
assumption that the rationale behind the trade remains valid until either the take-profit or stop-loss 
level is reached. By removing discretionary decision-making after execution, it allows traders to 
avoid overthinking and emotional interference, making it particularly suitable for those prone to 
hesitation, second-guessing, or premature exits. However, the key flaw of this approach is its 
rigidity—it fails to account for changing market conditions, which can sometimes invalidate the 
original setup before the intended target is reached.

The second philosophy is more adaptive: "If I weren’t already in this trade, would I enter now?" 
Instead of treating unrealized profits as secured capital, this approach continuously reassesses trade 
validity throughout its lifecycle. If, at any point, the trade no longer meets its initial confluences or 
new information suggests a diminishing probability of success, the trader exits early, securing profit 
or minimizing potential losses. While this method often leads to better long-term performance, as it 
prevents capital from being tied up in positions that have lost their statistical edge, it demands 
greater psychological resilience. The trader must actively manage not only market dynamics but 
also their own biases, resisting the temptation to hold onto trades for emotional reasons rather than 
logical assessment.



Ultimately, neither approach is inherently superior—each suits different trader personalities and 
psychological thresholds. Those who struggle with emotional trading may benefit from strict 
adherence to an initial plan, while those capable of constant market re-evaluation can optimize 
performance by dynamically adapting to real-time market conditions. However, in reality, a trade 
that nears take profit but reverses to break-even is no different from a trade that was stopped out—
in both cases, there is no realized gain. Understanding this distinction is critical in developing a 
trade management approach that maximizes profitability while aligning with the trader’s risk 
tolerance and psychological endurance.

Psychological discipline only matters when a trader possesses an edge. Without a statistical 
advantage, no level of emotional control will turn an inefficient strategy into a profitable one. 
Conversely, even the most technically sound trading system can be destroyed by poor exit 
management and risk misallocation. A trader’s edge is not just derived from entries—it is built upon 
proper risk assessment, trade duration calibration, and adaptive exit strategies that ensure 
profitability over the long run.



3. Discretionary vs. Algorithmic Trading: Weighing the 
Strengths and Limitations

Every trader who has successfully defined clear entry criteria and analytical tools will eventually 
confront a crucial question: Should I transition to algorithmic trading and automate my strategy? 
While the idea of building a fully systematic approach is appealing, the decision to move from 
discretionary execution to algorithmic implementation carries both significant advantages and 
inherent limitations. This chapter explores the key benefits and drawbacks of both trading styles, 
helping to clarify where each approach excels and where it falls short.

3.1 Discretionary Trading

Discretionary trading, despite its subjectivity and reliance on trader intuition, possesses unique 
strengths that automated systems currently struggle to replicate. The most significant of these 
advantages is the sheer volume of information that the human brain can process in real-time.

Unlike any existing trading software or algorithm, a trader can dynamically interpret and synthesize 
data across multiple dimensions, evaluating price action, macroeconomic developments, order flow, 
sentiment shifts, and multi-timeframe confluences simultaneously. More importantly, a 
discretionary trader has the ability to selectively apply different analytical tools based on the current 
market context, leveraging their entire arsenal of methodologies to identify and capitalize on 
opportunities that would otherwise go unnoticed by rigid, rule-based systems.

At its core, discretionary trading is a form of mental overfitting applied in a contextualized manner. 
The trader observes the information provided by the chart, selects the most appropriate tools and 
methodologies, and executes trades based on patterns that, in their experience or statistical 
evaluation, have performed well in similar conditions. Unlike algorithmic strategies that seek 
repeatable trade setups, discretionary traders often emphasize the uniqueness of the current market 
context, recognizing that no two markets will ever be identical.

This ability to adapt to shifting conditions gives discretionary trading a significant edge, but only 
when executed by an experienced operator with strong analytical discipline. The same flexibility 
that allows discretionary traders to exploit inefficiencies also introduces the risk of inconsistency, 
emotional bias, and cognitive overload.

If we attempted to replicate the adaptive nature of discretionary trading in an algorithmic system, 
we would inevitably fall into one of the most common pitfalls of systematic trading: overfitting.

The primary challenge in developing an algorithmic strategy is creating a model that accurately 
interprets market regimes without being excessively tailored to past data. In an effort to make a 
system adaptable, traders often introduce dozens of filters and conditional parameters, optimizing 
each component to fit the historical dataset perfectly. However, this process creates a dangerous 
illusion of robustness, what appears to be a well-calibrated strategy is, in reality, a highly specific 
response to past market conditions that may not hold in future environments.

This is where discretionary and algorithmic trading fundamentally diverge. A discretionary trader, 
through experience and market intuition, recognizes that while past conditions provide insight, no 
market state will ever repeat exactly. Meanwhile, an overfitted algorithm assumes that historical 
price behavior is an accurate predictor of future performance, leading to a model that performs 
exceptionally well in backtests but collapses when applied to live markets.



Algorithmic trading offers consistency, precision, and the removal of emotional biases, making it an 
attractive choice for traders who prioritize rule-based execution. However, it lacks the intuitive 
adaptability that discretionary traders leverage when navigating real-time market dynamics.

Discretionary trading, on the other hand, allows for superior contextual awareness and flexibility, 
but demands a high level of skill, discipline, and psychological resilience—factors that many 
traders struggle to maintain under pressure.

Thus, the decision between discretionary and algorithmic trading is not a matter of which approach 
is superior, but rather which aligns best with the trader’s strengths, risk tolerance, and ability to 
process information in real-time. Some of the most successful traders integrate elements of both 
approaches, using discretionary analysis to understand and adapt to market conditions while 
leveraging algorithmic tools to ensure disciplined execution and strategy validation.

In the following sections, we will explore how traders can effectively combine these methodologies, 
utilizing the strengths of both human intuition and systematic execution to create a more resilient 
trading framework.

3.2 Algorithmic Trading

Despite the inherent limitations of automation, algorithmic trading provides substantial advantages 
that cannot be ignored. The ability to systematically process vast amounts of data, backtest 
strategies, optimize parameters, and execute trades with precision gives systematic traders a 
significant edge in consistency, discipline, and efficiency.

One of the greatest benefits of algorithmic trading is the ability to validate trading concepts through 
backtesting. Unlike discretionary traders, who often rely on intuition, experience, or qualitative 
observations, algorithmic traders can statistically verify whether a strategy has historically 
performed well. The importance of this cannot be overstated, once accustomed to objective 
validation, returning to pure discretionary trading feels like driving blindfolded, hoping to 
remember the road. Knowing that a strategy, at the very least, has demonstrated profitability under 
past market conditions provides a level of confidence and risk control that discretionary trading 
struggles to offer.

Another critical advantage of algorithmic trading is its ability to completely remove emotional 
errors from execution. When properly implemented, a trading system enters and exits positions 
without human intervention, eliminating the psychological pitfalls of hesitation, fear, and 
overconfidence.

However, emotions are not entirely absent in systematic trading, they manifest in two key areas:

1. Trusting the system: Even with rigorous backtesting, a trader must have the discipline to let 
the algorithm work, while periodically monitoring it to ensure it remains effective. No edge 
lasts forever, and even the most well-optimized algorithmic strategy will eventually degrade 
as market conditions evolve.

2. Deciding when to re-optimize or retire a strategy: Determining when a system has lost its 
edge requires predefined risk-management frameworks, such as drawdown-based 
deactivation rules or statistical performance metrics. Many traders use a maximum historical 
drawdown multiplier to establish a threshold at which a strategy is either optimized or 
removed, ensuring that decisions are data-driven rather than emotionally reactive.



Perhaps the biggest constraint of discretionary trading is time—no trader can continuously monitor 
multiple markets with precision and efficiency. While long-term discretionary investors may operate 
across various assets, intraday traders are limited in their ability to track more than a handful of 
instruments simultaneously.

Algorithmic trading removes this constraint entirely. By programming multiple strategies across 
different assets, timeframes, and conditions, traders can build a diversified portfolio of automated 
systems, achieving a level of risk distribution and performance scalability that is impossible to 
replicate with discretionary execution.

Rather than relying on one or two manually executed strategies, systematic traders can deploy an 
array of uncorrelated models, optimizing capital allocation, risk exposure, and performance 
consistency. In this way, algorithmic trading transcends the limitations of human bandwidth, 
allowing traders to scale their operations beyond personal capacity.

While algorithmic trading does not eliminate the need for strategic oversight, it offers a level of 
efficiency, discipline, and risk control that discretionary traders often struggle to maintain. 
However, as we will explore next, the most effective trading approaches often combine the 
strengths of both discretionary and systematic methodologies, creating a hybrid model that balances 
adaptability with precision and data-driven execution.

3.3 A fair mix

A highly effective approach is to integrate both discretionary and algorithmic trading, leveraging the 
strengths of each while mitigating their respective weaknesses.

One way to achieve this is by maintaining a portfolio of algorithmic strategies while allocating a 
larger portion of capital to discretionary trading. This setup allows traders to retain direct control 
over a significant portion of their capital, which experienced operators may find psychologically 
reassuring, while still benefiting from diversification across multiple assets, methodologies, and 
market conditions. Algorithmic strategies can be designed to operate with lower risk exposure, 
reducing the impact of human error and emotional biases, while discretionary trading remains the 
primary driver of returns, allowing for adaptability and context-based decision-making.

Another way to combine these methodologies is by using algorithmic software not for execution, 
but for concept validation. Surprisingly, many traders rely solely on their personal performance 
records or simplistic manual backtests to validate their strategies, without realizing the statistical 
insignificance of their sample size. A backtest with fewer than 300 trades is essentially meaningless, 
as it fails to provide sufficient data to establish a reliable probability model. Even worse, many 
traders assess a strategy based on its performance over a single, short-term market period, such as a 
six-month window, without considering whether it performed consistently over the past years. A 
strategy that has excelled for the last six months but underperformed for the three years prior is 
likely a statistical anomaly rather than a true edge.

I strongly encourage every trader to challenge their own methodologies, even those who have 
consistently profited in the markets. Have you ever rigorously tested the concepts you rely on? Or 
have you simply observed them, learned them from others, and assumed their validity? Take, for 
example, the widely accepted concept of market structure analysis, defining bias through higher 
highs and higher lows in an uptrend, or lower highs and lower lows in a downtrend. Since this 
principle is so commonly used, I won’t question its relevance, but I will ask:



• For the asset you trade, on the timeframe you use, do you know the exact percentage of 
times that price makes a higher high after a bullish breakout?

• Do you know the average duration of an uptrend before a breakdown, or do you simply 
assume that the trend continues indefinitely until proven otherwise?

If you have never conducted comprehensive, multi-year statistical analyses to answer these 
questions, you do not have an edge, and if you do, it is merely by chance. The danger in relying on 
unverified concepts is that when your edge inevitably fades, you will neither recognize its 
deterioration in time nor have the tools to adapt effectively.

By leveraging algorithmic tools for systematic validation, traders can ensure that every concept they 
apply has an objective, statistically-backed foundation, allowing them to trade with confidence, 
consistency, and adaptability in the face of changing market conditions.

At this stage, it is necessary to address a critical flaw in the way many traders use backtesting, the 
risk of misapplying data in a way that is more harmful than not having any data at all. Backtesting is 
a powerful tool, but only if used with precision and discipline. When applied carelessly or without a 
thorough understanding of its implications, it can create a false sense of confidence, leading traders 
to make decisions based on unreliable insights rather than true statistical edges.

One of the most fundamental rules of backtesting is that a strategy, a bias identification method, or 
an execution trigger must be tested under the exact conditions in which it will be used in live 
markets. Any discrepancy between test conditions and real-world application renders the results 
invalid.

For example, suppose a trader builds a strategy and backtests it as if it were an automated system, 
running 24 hours a day. However, in reality, he only plan to trade from 8 AM to 10 AM, as that is 
the only time they have available. If the historical test does not isolate performance specifically 
within that time window, the backtest is fundamentally flawed. Market dynamics can vary 
drastically across different sessions, and performance statistics obtained from full-session data may 
have no relevance to the limited timeframe in which the strategy will actually be applied.

For instance, a trader who has validated a system using a predefined take-profit and stop-loss ratio 
cannot then decide mid-trade to alter their exit strategy based on intuition. Similarly, choosing not 
to take certain trades because they "don’t feel right" undermines the very foundation of the backtest, 
as the system’s edge was validated under the assumption that every qualifying trade would be 
executed. The moment discretionary alterations are introduced, the statistical validity of the backtest 
is lost—the trader is no longer executing a system with a proven edge but instead relying on 
unquantifiable intuition.

There is nothing wrong with discretionary trading, far from it. However, it is critical to 
acknowledge when a decision is based on a backtested system versus when it is based on experience 
and intuition. Traders who blur this distinction risk deceiving themselves into believing they are 
following a data-driven approach, when in reality, they are trading subjectively with unvalidated 
discretion.

Experience is valuable, but it is also difficult, if not impossible, to quantify. If a trader wishes to 
trade based on personal intuition, they must recognize that they are no longer trading a backtested 
system. The key is to remain self-aware, ensuring that data-driven strategies are followed with 
precision while discretionary decisions are made consciously rather than through unintentional 
deviation. Only by maintaining this level of discipline can traders effectively leverage backtesting 
as a true edge rather than a misleading illusion of statistical robustness.



Conclusion

Trading is a constant balance between structure and adaptability, data and intuition, automation and 
discretion. Throughout this paper, we have explored the fundamental pillars of a trading strategy, 
the role of timeframe management, and the decision-making process between discretionary and 
algorithmic trading, each offering distinct advantages and challenges.

A key takeaway is that no single approach guarantees success, the most effective traders are those 
who recognize the limitations of any single methodology and integrate a well-structured yet flexible 
framework that aligns with both market behavior and personal strengths. The importance of risk 
management, statistical validation, and regime adaptation cannot be overstated, trading is not about 
finding the perfect entry but about consistently making rational, high-probability decisions that 
optimize risk-reward dynamics.

One of the most overlooked yet critical concepts is the validation and execution consistency of a 
trading approach. A strategy is only as strong as the trader’s ability to follow it without deviation, 
backtesting and systematic analysis provide invaluable insights, but they are rendered meaningless 
if execution strays from their tested conditions. Whether discretionary or algorithmic, trading 
success is built on discipline, statistical awareness, and the ability to adapt to shifting market 
environments.

Finally, question everything. The markets evolve, edges decay, and strategies that work today may 
fail tomorrow. The only way to sustain long-term profitability is to constantly refine, challenge, and 
validate one’s approach. Whether through systematic analysis, discretionary experience, or a hybrid 
of both, the traders who succeed are those who never stop questioning, testing, and adapting.
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