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Crafting a Trading Strategy i erer

DEVELOPING A systematic trading strateqy rarely begins THE QUESTION A strategy rarely

. . . . . begins with a perfect idea. How do
with a perfect idea. Instead, it is an iterative process of you get from an economic

forming hypotheses, testing them, discarding what does not rationale to a strategy you can

work, and refining what does. In this article, we develop a g“St' W”Ef’“;.'et:i”g the backtest
) ) . ) o your thinking?
futures trading strategy from its underlying economic

. . . . THE ANSWER Rationale first,
rationale through successive improvements, illustrating both

backtest last: check the signal

the research process and the statistical techniques used to before the profit, trade many good

evaluate each step. lookbacks instead of the best one,
and try to break the strategy before
trading it.

Ipha rarely arrives as one heroic discovery. Before developing the strategy, let’s intro-
It is more like an ant colony carrying a duce the underlying research process.
leaf many times its own size: dozens of small
contributions, each unimpressive on its own,
somehow producing an impressive result.
Unfortunately, research also resembles an
ant colony in another respect. Much of the work
involves running in circles.
The first version of a systematic strategy
almost never survives unchanged. Every iter-
ation exposes another assumption, another
weakness, or another opportunity for a small
improvement. Good strategies are not discov-
ered fully formed. They are crafted.
To harvest such incremental improvements,
you need a disciplined research process. Fol-
lowing it step by step helps avoid the dan-
gers of overfitting.
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Research Process

Figure 1illustrates the research process. Notice
that every arrow in Figure 1 eventually points
back to an earlier stage. Research is rarely linear.
Every improvement uncovers another question.

The process is cyclical because every stage
may lead to new conclusions. If this is the case,
any step may require returning to an earlier one.

The research process consists of seven stages
and is influenced by First Principles Thinking.
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&
Portfolio
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Figure 1. Research process for a trading strategy

Economic Rationale

To minimize the risk of overfitting, do not start
by crunching data and tuning parameters. Start
with a sound economic rationale. Write the

rationale down. Make every assumption explicit.

You will almost certainly revisit both later.
Every subsequent modification should be
justified by the economic rationale. If it does
not, discard it. Of course, not every economic
rationale will prove correct or be exploitable in
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a systematic way. Keep the rationale in mind
throughout the process. Only make changes to
a strategy that are in line with the economic
rationale.

To illustrate this phase, let’s turn to a prac-
tical strategy: We want to participate in trending
assets and formulate an economic rationale.

ECONOMIC RATIONALE

Financial markets continuously process
new information about the economy.
While news may arrive instantly, its
impact on prices often unfolds gradually.
Market participants differ in their
information, objectives, risk constraints,
and speed of decision-making. As a
result, capital is reallocated over time
rather than all at once. This gradual
adjustment creates persistent price
movements that can last for weeks,
months, or even years. Trend-following
does not attempt to predict these
movements before they begin. Instead, it
assumes that once a persistent
adjustment is underway, it is more likely
to continue than to reverse immediately.
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Signal Design

A sound economic rationale is necessary—but
it cannot be traded. The next step is to trans-
late the idea into a signal that can be evalu-
ated objectively.

A signal is a formula that assigns a numerical

value to each instrument! at each point in time.

Aswe are developing a trend strategy for futures
on daily price data, we need a signal for every
trading day. Other strategies may instead rely on
Commitments of Traders (COT) data, intraday
data, or alternative data sources.

When defining a signal, it is important to
think about potential look-ahead biases. Is every
part of the signal data available at every point
in time? The signal must not use information
about the future. Look-ahead bias often creeps
in through surprisingly subtle mistakes.

For example, you may devise a signal that
uses GDP data. As GDP data often gets revised
after its first publication it is crucial to only
use the data that was actually available at the
time the signal is created. Another common
mistake is to fill missing data by propagating
future data backward.

Never do this. Seriously. Always propagate

missing data from the last known value forward.

If there is missing data at the beginning of
a time series and forward propagating is not
possible, then set the signal to a neutral value
until the first observed value. This popular
mistake regularly occurs when calculating stan-
dard deviations with a given lookback period.

The value of the signal indicates the convic-
tion in a trading position: You want to be long
for high values (perhaps even in a larger posi-
tion size) and short for low values.
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The signal should be constructed so that
it is comparable across your tradable universe.
For example, in the case of a trend strategy;,
Bitcoin should not have a higher signal value
only because it is more volatile than bonds.

When defining a signal it is important to
keep in mind that rapidly changing signal values
will result in high portfolio turnover: If a signal
switches its value between long and short every
day, it might be a very good signal but the strat-
egy becomes impractical to trade due to high
transaction costs because of daily rebalancing.

The signal definition should also specify a
possible range of parameters to analyze. This
range may depend on the economic rationale
or available data.

For example, if you want to capture trends
there might be an upper bound for the trend
length because of economic reasons or simply
the length of historical data: It does not make
sense to analyze 10-year trends if you only have
5 years of historical data.

To create a signal for our trend-following
strategy, we need to identify trends in prices.
Mathematically, there are countless ways to
identify a trend in a time series: You may fit a
regression on the log prices, create a time series
model, consult some technical indicators like the
relative strength index or do moving-average
CrOSSOVers.

For reasons of simplicity, we will stick with
the well-known moving averages. To be precise,
we will use a special variant called exponentially
weighted moving average (EWMA). This variant
gives more recent observations a greater weight
so that the signal will respond more quickly to
new information.

T In this article a future trading a particular underlying asset is called an instrument. There are cases where the
same asset is traded as two different instruments, like trading two different sizes of the same underlying (like mini and

micro contracts).

ISSUE
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SIGNAL DESIGN

Calculate a trading signal for
each tradable instrument with the
following formula:

trend(P
signal, = Lt(t) x Vol
Ot

P.: Back-adjusted price series of an
asset attime t

oy Price volatility of the asset at time t

trend:(P:) is a function to calculate the
trend strength of an asset at time t:

trendt(Pt) = ewmafast(Pt) — eWmaslow(Pt)

ewmag,,n(Py): The exponential
moving-average price of the
back-adjusted price time series P, with a
lookback period of span trading days.
The lookback is specified as a span
parameter of pandas’ ewm method. The
span in Python is defined in a way to
make it comparable to the same
lookback of a simple moving average.
The decay can equivalently be
expressed using the smoothing factor a
or the half-life; these parameterizations
can be converted into one another. We
always set the slow span to four times
the fast span to reduce the number of
free parameters to choose from.

Vol,: Volatility multiplier of an asset at
time t. Division of the long-term volatility
(smoothed short-term volatility over 20
years) by the current short-term volatility
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(price volatility of the asset smoothed
with a span of 32 days). The value is
then percentile-mapped to a range
between 0.5 and 2.

Let’s decompose the formulas on an abstract
level: The trading signal normalizes the trend
strength of an asset’s price trend,(P,) at time t
by its price volatility o, and is then scaled by a
time-dependent factor Vol,.

Dividing the trend strength by the volatility
is called inverse volatility scaling and serves
several purposes: As the trend function takes
back-adjusted prices as input the trend strength
will be dependent on the magnitude of an abso-
lute price movement. These movements depend
largely on the volatility of an asset. As the signal
should be comparable across assets of different
asset classes, this normalizes the signal across
instruments.

By dividing by the volatility, an asset like
Bitcoin (which is very volatile) can be compared
to an asset like the 10-year U.S. bonds.

Additionally, inverse-volatility scaling has
another advantage: The signal decreases when
trend strength remains unchanged but volatility
rises. This way we also get a risk management
mechanism built-in for free! As the signal is
translated into a position size of our portfolio,
the position size will decrease when the same
trend becomes riskier. A welcome bonus.

Next, consider the trend-strength function.
trend,: It is the difference of two moving aver-
ages fast and slow. These are two parameters of
our signal. The fast component measures the
moving-average of a price series with a shorter
lookback than the slow component. Suppose an
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asset appreciated substantially over the previous
10 trading days. Set the fast span to 10 days and
the slow span to 40 days. If the asset did not
move much the preceding 30 trading days, then
ewma;o will be higher than ewmay,.

trend, will therefore have a positive value and
signal along position. The trend function can be
interpreted economically as the short-term price
level compared to a longer-term equilibrium
price. Positive values signal price appreciation
and negative values price declines compared
to the equilibrium price. This interpretation
directly reflects our economicrationale: the mar-
ket is still adjusting toward a new equilibrium.

We also need to specify a practical range of
the lookback period. This decision is less driven
by the economic rationale but more by the avail -
able data. Because the tradable universe expands
over time, it increasingly includes instruments
without data histories extending back to the
1970s.

To preserve diversification, we do not want
to wait until every instrument has accumulated
several years of observations. We therefore cap
the fast EWMA span at 150 trading days, corre-
sponding to a slow span of 600 trading days, or
approximately 2.4 years. We set the lower bound
of the fast span at two trading days because
faster signals would generally produce excessive
turnover and transaction costs.

What about the volatility multiplier Vol,?

This scaling factor adjusts the signal strength
on a long-term level. Consider the following
situation in the aftermath of the financial cri-
sis in Figure 2: Interest rates were artificially
suppressed by central banks for the better part
of a decade.

Interest volatility was also quite low during
that time. The volatility multiplier therefore
remained above 1 for much of this period. The
trading signal will therefore be higher than
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normal and increase the position size of the
asset in the portfolio to reflect this unusually
low-volatility environment.

The Tranquility Era of Quantitative Easing
Long-term Volatility / Short-term Volatility

| W

1.4

1.2

1.0

0.8

2012 2014 2016

Figure 2. Volatility Multiplier of the U.S. 10-year Bond
future between 2010 and 2018. Calculated as the
exponentially weighted short-term volatility with a span
of 20 years divided by the same quantity with a span of
32 trading days. If there is less than 20 years of data
available the maximum available span will be used
every trading day.
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Signal Analysis

At this stage, we deliberately avoid looking at
backtest results. Instead, verify how the calcu-

lated signals behave across the tradable universe.

Are there outliers due to data errors or special
circumstances? What is the general range of the
signals over all instruments? Do they behave
similarly across different asset classes? How
smooth are the trading signals from day to day?

Many of these checks consist of visual
inspection of the signals of different instru-
ments but some aspects can also be checked
quantitatively. Any unexpected behavior should
be investigated and corrected before proceeding
to the next step.

Let’s dive directly into the trend-following
example and first have a look at the number of
tradable instruments over time in Figure 3. The

historical data of the universe starts in June 1975.

Back then there were only a few established con-

tracts such as soybean and U.S. Treasury futures.

50 Years of Finding New Things to Trade

Number of tradeable instruments

300

200

100

1980 1990 2000 2010 2020

Figure 3. Number of tradeable instruments over time.
An instrument is classified as tradeable if it satisfies
market data and liquidity constraints. Smoothed

for readability.
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Over time, the futures market became
increasingly diverse. New instruments entered
the market; some succeeded, while others, such
as pork-belly futures, were discontinued. In
aggregate, more and more instruments have
been tradable over time.

The continued expansion of the universe
constrains the maximum lookback we can eval-
uate as we want to trade as many instruments
as possible. Under our “burn-in” rule, Trend
150 requires 600 trading days of data before
it becomes active. The 600-day cutoff repre-
sents a compromise between requiring suffi-
cient history and retaining as broad a tradable
universe as possible.

To make the trading signal more concrete,
consider Figure 4. The figure depicts trend
signals with different lookback periods. Lean
hogs, for example, had a high value in June
2014 on the long-term Trend 110. That means
the shorter-term EWMA was substantially
above the longer-term EWMA, indicating strong
recent appreciation relative to the longer-term
price level.

One year later the trend reversed over that
horizon, putting the trading signal in negative
territory in June 2015. The three examples show-
caseanother feature of different trend lookbacks:
The longer the lookback, the more slowly the
whole signal changes. This also implies lower
trading costs when actually trading the signal.

To get a better feeling for all trading signals
over all instruments we will now turn to Fig-
ure 5 and Figure 6. These figures show different
values of the trading signal per lookback period
over all instruments.

Figure 5 shows the mean absolute signal,
the 5th—95th percentile band, and the full
minimum-maximum range. You may ask your-
self why all values increase as the lookback
lengthens.
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That is by construction of the signal. The
volatility estimate is held constant across look-
backs rather than scaled to the signal horizon.
As the lookback lengthens, the potential magni-
tude of the trend component increases while the
volatility denominator remains unchanged. The
resulting signal values therefore tend to increase.

This effect could be removed by scaling the
volatility more to the length of the lookback
period (multiply by /(slow — fast)/2).

But what actually matters much more is
the smoothness of the mean, percentile, and
minimum-maximum bands: In the figure there
are no spikes.

Spikes may indicate a flaw in the signal
design, a data problem, or an insufficient initial-
ization period. Initialization (“burn-in”) means
that the signal is only calculated after a complete
lookback window is available. Depending on
how your signal is designed, a missing “burn-in”
may result in extreme values at the beginning
of the time series.

Everyone Has an Opinion
Trend Signal of different instruments and lookback periods

30

i

Jul 2014
= (S 10y Trend 30
mmmm | ean Hogs Trend 110

Jan 2015 Jul 2015
mm S&P500 Trend 80

Figure 4. Trend signals with fast-EWMA spans of 30, 80,
and 110 trading days for U.S. 10-year Treasury futures,
the S&P 500 Index, and lean hog futures. The
corresponding slow-EWMA spans are 120, 320, and 440
trading days. Signals are named after their fast span.
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Past Performance May Inflate the Shaded Area
Values of the Trading Signal for different lookbacks

30
25
20

15

50 100 150

= Mean 5-95% range Min-Max

Figure 5. Values of the (absolute) trading signal of the
trend strategy with different lookbacks over the tradable
universe of instruments. Neutral signal values due to
"burn-in” of a time series have been removed.

Figure 6 is the first figure that can really
embarrass us. If one asset class suddenly
produces signal values twice as large as every-
thing else, something is probably wrong—either
with the data or with our assumptions. Two
asset classes are worthwhile to discuss here:
Volatility and Rates.

Both asset classes exhibit more extreme
mean absolute signal values than the others.
Why?

Rates are relatively straightforward to
explain. Our sample begins in 1975 and includes
a multi-decade decline in yields. Because many
rate-futures prices move inversely to yields,
these contracts experienced persistent price
trends that produced comparatively strong
trend signals.

Volatility requires a different explanation.
First, the asset class contains only two instru-
ments—VIX futures in the United States and
VSTOXX futures in Europe—so its cross-
sectional mean is less stable. Second, I exclude
front-month volatility futures because of their

ISSUE
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elevated risk and instead trade more deferred
maturities.

Outside periods of market stress, volatility-
futures curves are frequently in contango
(upward sloping). When this occurs, deferred
contracts tend to decline as they approach
expiry and converge toward lower nearby prices,
producing negative roll yield. This structural
drift can create a stronger trend component in
a continuous futures series.

Some Assets Are More Trendy Than Others
Mean trading signal per Asset Class

50 100 150
— Ags
Rates w=mm FEquity === \/|

— X = Energy Metals

Figure 6. Mean absolute trading signal by asset class
with different lookbacks. Neutral signal values due to
“burn-in” of a time series have been removed.
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Parameter Exploration

The signal looks plausible, but we still have no
idea whether it actually trades well. Only now
do we allow ourselves to run the first backtest.
But we want to glean as little from the data
as possible and not look at full-blown equity
curves or drawdown plots.

In general, it is good practice to run as few
backtests as possible. A strategy rarely works
right out of the gate and needs some adjust-
ments, but you should never get caught in a
process of fiddling with different signals.

Remember that if you test hundreds of dif-
ferent signal definitions and end up with one
good backtest, you may have created something
that fits your data and generalizes very poorly.

Examining the parameter surface helps to
avoid this kind of optimization trap. Run back-
tests for all parameter values and plot the
Sharpe ratio (before and after costs) of each
resulting backtest. Performance should vary
smoothly across neighboring parameter values
rather than jump randomly.

The goal is not to find one perfect parameter.
It is to combine many good ones that reinforce
each other for more stability, robustness and
some added diversification. Like an ant colony,
we are not looking for one heroic worker but for
many that each contribute a little.

This rather theoretical discussion can be
made more accessible by looking at the example
of the trend-following strategy in Figure 7.

Figure 7 shows the strategy’s Sharpe ratio
before and after estimated costs for each
fast-EWMA span. As expected, costs reduce
performance across the parameter range. The
before- and after-cost curves differ by approx-
imately 0.15 Sharpe-ratio points across most
lookbacks, reflecting commissions, bid—ask
spreads, and roll-execution costs. At the shortest
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The Trend Is Downward—For Sharpe
Sharpe ratio before/after Costs for different lookback periods

= peofore costs = after costs 0.x0
50 100 150

Figure 7. Sharpe ratio of the trend-following strategy
with different lookback periods. The lookback ranges
from 2 to 150 for the fast EWMA. The Sharpe ratio is
calculated without a risk-free rate. Costs include
commissions, spreads and the cost of roll-execution.

lookbacks, high turnover materially depresses
after-cost performance. This effect diminishes
once the fast span reaches roughly 10 trading
days.

The historical Sharpe ratio then declines
gradually as the lookback lengthens. This does
not necessarily make slower signals unattrac-
tive: they trade less frequently and may diver-
sify faster specifications. More important than
maximizing performance at a single parameter
value is the smooth shape of the curve. There is
no isolated optimum,; neighboring lookbacks
produce similar results, which suggests that
performance is not driven by one narrowly
selected parameter.

Figure 8 shows the correlations between
strategy returns generated by different look-
backs of the fast-EWMA. Correlations change
rapidly among the shortest lookbacks but
approach 100% among the longest. For exam-
ple, Trend 2 and Trend 10 have a correlation
of approximately 46%, whereas Trend 100 and

10
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Trend 120 have a correlation of approximately
99%. Longer EWMAs have strongly overlap-
ping weighting kernels and therefore respond
similarly to price movements. This supports
using a denser parameter grid at short horizons
and a coarser grid at long horizons, where addi-
tional specifications provide little incremental
diversification.

One Strategy, Many Disguises

Return Correlation of different lookback periods [%]

150 100%
135

115 80%
100
85
70

60%

50

0,
35 40%

20
20%

0%

Figure 8. Correlations between returns of the
trend-following strategy with lookback periods for
EWMA fast from 2 to 150 (step size varies).
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Parameter Selection

This step in the framework determines the
range of parameters to trade with the strategy.
A visual inspection of the parameter surface
helps identify robust ranges. Within this range,
an algorithm can select the parameters to trade.
The whole process is explained in detail in this
article.

This will be the first time we actually look
at an equity curve in the whole workflow. But
remember: A promising backtest still proves
almost nothing.

The algorithm to select the lookbacks to
trade suggests the combination of lookbacks
2, 4, 6, 10, 20, 35, 60 and 100 trading days
(EWMA fast) with a maximum correlation of
95% between adjacent selected lookbacks. The
algorithm was instructed to search a combina-
tion of lookbacks between 2 and 100 trading
days. The lower bound was selected for added
benefit of diversification while the upper bound
was selected for a minimum Sharpe ratio of 1.0.

Finding the Least Related Relatives
Return Correlation of different lookback periods [%]

100%

94%

78%

59%

L S S B SR

Figure 9. Correlations between strategy returns with a
mix of lookback periods (EWMA fast).
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Figure 9 shows the return correlations for
the selected lookbacks. Adjacent selected look-
backs are strongly correlated but the correlations
drop off rapidly the farther apart two lookbacks
are. The algorithm also selects more strategies
with short lookbacks than longer ones. That
is precisely the reason why many EWMA-style
systems use exponentially spaced lookbacks like
EWMA 4, 8,16, 32 and 64.

Until now, we have deliberately avoided the
final equity curve. This is not an act of extraor-
dinary self-control. It is an attempt to prevent
the backtest from influencing decisions that
should be based on the signal’s economic ratio-
nale and behavior.

The signal looks plausible. The parameters
behave smoothly. No single lookback is excep-
tional. That is precisely the point. Good colonies
do not rely on a single very strong ant.

Now the strategy earns the right to
disappoint us.

Figure 10 contains several important obser-
vations. The diversified trend-following strategy
performs strongly over the full sample, particu-
larly from the beginning of the backtest through
the 2008 financial crisis. Performance weakens
noticeably thereafter.

Several CTA managers have suggested that
the low-interest-rate environment from 2010 to
2020 contributed to the weaker results.

However, this explanation does not fully hold
up in hindsight. The post-pandemic inflation
shock generated strong trend-following returns,
while performance weakened again after 2022
with interest rates staying high.

Other explanations include increased compe-
tition, changes in market structure, and ordinary
variation in the returns of a strategy with an
unstable expected return. The evidence pre-
sented here cannot determine which explana-
tion, if any, is correct.

11
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2022: When the Trends Stopped Trending

Equity Curve [multiples of starting capital] and Drawdown [%]

1980 1990 2000 2010 2020
m— Al — X m— Ags
Energy Metals == = Rates
=== Fquity === \/o| Drawdown

Figure 10. Equity curve and Drawdown of
trend-following strategy with a combination of lookback
periods of 2, 4, 6, 10, 20, 35, 60 and 100 trading days
(EWMA fast). No compounding, starting capital is 1 and
risk target 25%.

Tables 1and 2 quantify the deterioration. The
annualized return falls from 33.39% over the full
sample to 14.72% after 2008, while the Sharpe
ratio declines from 137 to 0.65. The maximum
drawdown and maximum drawdown duration
are unchanged because the worst episode occurs
within the post-2008 sample. Monthly skew-
nessness improves modestly.

These results are sobering, but they do not

establish that classical trend following is dead.

The strong returns during the post-pandemic
inflation shock show that the strategy can still
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STATISTIC VALUE
Return after Costs [% p.a.] 33.39
Sharpe 1.37
Maximum Drawdown [%] 66.03
Avg Drawdown Duration [days] 26.12
Max Drawdown Duration [days] 1066
Monthly skewness 0.37
Lower tail 1.83
Upper tail 1.59
Winning Days [%] 55.05

Table 1. Performance statistics for the trend-following
strategy using the selected mix of lookbacks, July
1975-July 2026

STATISTIC VALUE
Return after Costs [% p.a.] 14.72
Sharpe 0.65
Maximum Drawdown [%] 66.03
Avg Drawdown Duration [days] 51.65
Max Drawdown Duration [days] 1066
Monthly skewness 0.50
Lower tail 2.07
Upper tail 1.61
Winning Days [%)] 54.32

Table 2. Performance statistics for the trend-following
strategy using the selected mix of lookbacks, January
2008-July 2026

I see the drawdown after 2022 as an indicator
of that. The recovery since May 2025 is encourag-
ing, althoughitis too early to determine whether
it represents a lasting improvement.

benefit from persistent macroeconomic trends.
Nevertheless, an after-cost Sharpe ratio of 0.65
may be insufficient for a stand-alone strategy

This baseline model has not failed spec-
tacularly. That would almost be easier. Instead,
it has failed politely: returns remain positive,

once estimation uncertainty and implementa-
tion risk are considered.

Figure 10 also illustrates a familiar lesson
that you may have read a thousand times: Past

performance is not indicative of future results,

especially if you invested in this strategy before
2022.

12

the economic rationale remains plausible, and
the performance is just mediocre enough to
be annoying.

We therefore return to the research loop and
ask a narrower question: where has the deteri-
oration occurred?
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Finding an Alternative

To get a better handle on the problem, it is
advisable to try to find a reason for the declining
performance.

As can be seen from Figure 10 the problem
cannot be attributed to a specific asset class.
It also is not associated with specific futures
contracts, like newer contracts.

The quants over at Quantica came up with an
interesting analysis in a recent article: They con-
cluded that the performance of trend-systems
degraded somewhat for shorter lookbacks
beginning 2023.

This observation holds true for our strategy
and tradable universe as can be seen in Figure 11.

How can this situation be interpreted eco-
nomically? The economic environment of 2023
and later was especially influenced by uncer-
tainty in the energy markets because of wars
(Ukraine and Iran), changing tariffs between
large economic blocs (United States, Europe

Short Lookbacks, Long Faces
Equity Curves [multiples of starting capital]

0.4
2024 2025 2026

mmmm Trend 10 === Trend 60 === Trend 100

Figure 11. Equity curve of trend-following strategies for
shorter and longer lookback periods of 10, 60 and

100 trading days (EWMA fast). Jan 2023 through July
2026, no compounding, starting capital is 1 and risk
target 25%.
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and China) and hopes of productivity miracles
due to the Al boom.

All these factors result in higher volatility
and regular repricing of assets.

High volatility may indicate that the market
is processing information and moving between
price regimes more rapidly. In such an envi-
ronment, the fixed slow EWMA can remain
anchored to observations from an increasingly
irrelevant regime. The resulting trend signal
then compares the current price with a stale
reference level and may remain active long after
the original repricing has ended.

Shortening the slow EWMA when volatility
rises allows the reference price to adapt more
rapidly. This causes signals generated by
isolated shocks to decay sooner, while persistent
price movements continue to produce direc-
tional exposure.

This hypothesis suggests that the original
economic rationale is incomplete. It assumes
not only that price adjustments persist, but also
that historical price observations remain rele-
vant for a constant amount of time. If the speed
of market adjustment varies with volatility, the
reference horizon of the signal should vary as
well.
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EXTENSION OF THE
ECONOMIC RATIONALE

Financial markets do not process
information at a constant speed. During
stable periods, economic conditions and
expectations often change gradually,
allowing historical prices to remain
relevant for relatively long periods.

During periods of elevated uncertainty,
expectations are revised more frequently
and prices are repriced more rapidly.
Older observations may then

reflect economic assumptions that

are no longer representative of

current conditions.

Volatility is therefore interpreted as an
observable indication of the pace of
market adjustment. When volatility is
elevated, the useful lifetime of historical
price information may be shorter; when
conditions are stable, older prices may
remain informative for longer.

This rationale leads directly to a modified sig-
nal design. The fast EWMA remains responsible
for measuring the recent price level, while the
span of the slow EWMA is shortened when cur-
rent volatility is high relative to its longer-term
level. The reference price therefore adapts more
quickly precisely when historical observations
are assumed to lose relevance more rapidly.

14
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UPDATED SIGNAL DESIGN

Update the trend component of the
original formula with this specification:

trend; = ewmarast(Pt) — ewmasdaptive(Pt)

adaptive = min(1.0, Vol;) x slow

adaptive is a dynamically adjusted slow
span depending on the current volatility
of each asset. Because Vol is mapped
to the range 0.5-2.0, the adaptive slow
span can fall to half its baseline value
when current volatility is unusually high.

This rule introduces no independently opti-
mized parameter. It reuses the existing volatility

Lookbacks Agree to Disagree Less
Values of the Trading Signal for different lookbacks

30
25
20
15

10

50 100 150

= Mean 5-95% range Min-Max

Figure 12. Values of the (absolute) trading signal of the
adaptive trend strategy with different lookbacks

over the tradable universe of instruments. Neutral
signal values due to "burn-in” of a time series have
been removed.
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Adaptive Lookback, Static Improvement
Lookback vs Sharpe Ratio after Costs

50 100 150
mmmm Baseline Trend === Adaptive Trend

Figure 13. Sharpe ratio of the adaptive trend-following
strategy vs the baseline trend-following strategy with
different lookback periods. The lookback ranges from 2
to 150 for the fast EWNMA. The Sharpe ratio is calculated
without a risk-free rate. Costs include commissions,
spreads and the cost of roll-execution.

multiplier as an indicator of the current volatility
regime. Additional parameters would increase
the risk of overfitting and should be avoided

unless they have a clear economic justification.

With an updated economic rationale and an
updated signal, the research process continues
at step 3, where the resulting signal is analyzed
for any anomalies.

The first result is visible in Figure 12 before
we run another backtest: the signal distribution
contracts compared to the baseline model in
Figure 5, particularly at longer lookbacks. Why?
When volatility shortens the slow EWMA, the
fast and slow reference prices cannot drift as
far apart.

The signal plot also shows no spikes or any
other abnormal behavior, so that we can resume
the next stage of the research process: param-
eter exploration.
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The result is shown in Figure 13. The adap-
tive version of trend-following improves the
after-cost Sharpe ratio by approximately 0.05
points across most lookbacks.

The result is encouraging. The improve-
ment is small but remarkably consistent across
the parameter range. The adaptive strategy’s
Sharpe-ratio profile is smooth and runs almost
parallel to the baseline profile.

We can therefore proceed directly to
parameter selection.

The selection algorithm adds the lookback
3 in addition to the lookbacks of the baseline
model. In total, the following lookbacks are
selected: 2, 3, 4, 6, 10, 20, 35, 60 and 100 trading
days for EWMA fast. Remember that Trend 100
now uses an adaptive lookback for EWMA slow.
Its default value is 400 and can go down to 200
trading days when the volatility is very high.

Adapt and Outperform

Equity Curve [multiples of starting capital] and Drawdown [%]
20

1980 1990 2000 2010 2020
= Baseline Trend === Adaptive Trend
Draw Down

Figure 14. Equity curves for the adaptive and baseline
trend-following strategies, together with the drawdown
of the adaptive strategy. Both strategies combine
fast-EWMA spans of 2, 4, 6, 10, 20, 35, 60, and 100
trading days, while the adaptive strategy in addition
adds the fast-EWMA span of 3. Returns are not
compounded; starting capital is 1 and the annualized
risk target is 25%.
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Figure 14 compares the equity curves of adap-
tive trend and the baseline model. There are
almost no extended periods in which the adap-
tive strategy underperforms the baseline. It is
slightly better most of the time.

Unfortunately the adaptive version also does
not eliminate the extended drawdown that
began in 2023, although it slightly reduces its
magnitude.

Table 3 shows some performance statistics
over the whole backtest period from July 1975
through July 2026. Table 4 compares the base-
line strategy to the adaptive version for the
timeframe beginning January 2008.

The comparison since 2008 is particu-
larly informative. The adaptive version is still
slightly better in nearly every regard. But the
improvement is small.

The result is encouraging rather than revo-
lutionary. Across most lookbacks, the adaptive
version adds approximately 0.05 Sharpe-ratio
points after costs. The two parameter profiles
are almost parallel.

This is not the sort of improvement that
produces an exciting marketing presentation. It
is exactly the sort that can matter in a system-
atic research process: small, broad, economically
motivated, and not dependent on one fortu-
nate parameter.
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STATISTIC VALUE
Return after Costs [% p.a.] 35.30
Sharpe 1.44
Maximum Drawdown [%)] 64.99
Avg Drawdown Duration [days] 24.48
Max Drawdown Duration [days] 1066
Monthly skewness 0.41
Lower tail 1.78
Upper tail 1.60
Winning Days [%] 55.14

Table 3. Performance statistics for the adaptive
trend-following strategy using the selected mix of
lookbacks, July 1975-July 2026

STATISTIC BASELINE ADAPTIVE
Return after Costs [%] 14.72 15.97
Sharpe 0.65 0.71
Max. Drawdown [%)] 66.03 64.99
Avg DDD [days] 51.65 46.87
Max DDD [days] 1066 1066
Monthly skewness 0.50 0.60
Lower tail 2.07 1.98
Upper tail 1.61 1.62
Winning Days [%)] 54.32 54.05

Table 4. Comparison of performance statistics of
baseline trend versus adaptive trend using the selected
mix of lookbacks, January 2008-July 2026
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Statistical Validation

The next phase of the research process is pri-
marily a validation step. The strategy is then
subjected to several statistical procedures such
as sensitivity analysis of costs, delayed execu-
tion, walk-forward analysis, time stability tests,
significance tests, and return simulations.

All statistical tests have to be interpreted
with a grain of salt because financial markets
are inherently non-stationary. Unfortunately,
no statistical test can prove that a strategy will
continue to work. They can, however, invalidate
a strategy.

The analysis of costs plays an important role
in making sure, that a strategy does not only
work in typical conditions but also in times of
market stress. During periods of market stress
not only liquidity may dry up but trading may
also become very expensive due to widening
of bid/ask spreads.

In a worst-case scenario you have to pay
the full bid/ask spread each time you change
a position in your portfolio. That may occur
due to entering or closing new positions or if
one future contracts get close to expiry and has
to be rolled over. In addition you have to pay
commissions.

Analyzing the costs of a stand-alone strat-
egy is a conservative measure, because costs
typically come down due to less trading if you
combine several strategies where some trading
signals cancel each other out.

For the adaptive trend strategy, the cost
analysis is straightforward: As already dis-
cussed on Figure 7, the costs for the strategy
are about 0.15 Sharpe. A doubling of the costs to
03 Sharpe is also tolerable over the full back-
test but becomes critical after 2008 where the
performance drops.
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The next check will be related to implemen-
tation risk. If you run a fully automated system-
atic futures strategy there is always the risk of
something going wrong. The connection to the
broker may get lost, power outages, problems
at the broker or simply bugs in the software.

On a strategy level, this results in orders
that the systems wants to do but where the
systemn does not get a fill. With the adaptive
trend strategy orders will be generated every
day. If some orders of the prior day did not get
filled the system will generate it signals as usual
the next day, compare the wanted positions with
the current portfolio and place the needed orders.

If something went wrong the prior day the
missing orders typically will be executed the
next day (if the signal stayed the same). Any
errors will result in delayed execution. The
strategy can be subjected to different delays in
execution to get a feeling about its sensitivity
to execution time of the orders.

Figure 15 shows the loss of Sharpe ratiowhen
delaying the orders of the strategy by up to 5

The Cost of Sleeping In
Trading Delay [days] vs Loss of Sharpe ratio

1

-0.05

-0.10

-0.15

-0.20

Figure 15. Decline of Sharpe ratio (after costs) of
systematically delaying all orders of the strategy by 1 to
5 trading days.
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trading days. As the strategy trades quite slowly
the performance decrease is relatively small with
low sensitivity. That for sure does not pose a
problem if unreliable infrastructure, software or
the broker does not execute trades a few times
ayear. Nevertheless, the graph also shows that
you should not go on vacation for an extended

period of time without monitoring your system.

The next check will be concerning the sta-
bility of the model parameters over time with
a walk-forward simulation. Think of this as
forcing your younger self to make today’s deci-
sions without knowing tomorrow’s data. Once
a year parameters (like the mix of lookbacks or
the calculation of turnover for each instrument
to decide which lookbacks to trade with each
instrument) are recalibrated and then traded
for a year.

This process is simulated so that the recali-
bration process gets all data available up to a that
year, then a yearly recalibration with extended
historical data is done and the next year is sub-
jected to a backtest. The recalibration process

When the Backtest Meets Tomorrow
Loss of Sharpe Ratio of Walk-Forward vs Full Sample [per Year

0.4
0.3
22 A A2 A AP NNNNNNNNNNNNNNN
VOVOVVOVVVVOO0OO0OO0ODO0ODO0OODOOO OO O
VOO OOVOOVIVOSSTAOOI SO0
MNO-"HWOAONVOIGFTHIINaNOIN o

Figure 16. Loss of Sharpe ratio (after costs) of yearly
recalibration using a walk-forward analysis vs the
calibration of the full sample.
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Performance May Vary
1-year rolling Sharpe Ratio

1980 1990 2000 2010 2020

Figure 17. Rolling 1-year Sharpe ratio of the

adapted trend strategy. Risk-free rate is 0%, no
geometric compounding.

starts in 1985 to at least have enough data for a
few instruments and then evaluates year by year.

The results can then be compared to the
full sample backtest of Table 1. The results are
shown in Figure 16.

Interestingly the yearly re-calibration selects
very similar parameters even in the beginning
of the backtest. In later years they are mostly
identical to the full-sample backtest because the
extending window of data stabilizes the results
more and more.

On average the walk-forward results are
0.05 Sharpe ratio points worse than the full in-
sample fit. The performance loss is so small, that
this strategy has only minor estimation risk.

Figure 17 shows the stability of the Sharpe
ratio of the strategy over time. We already dis-
cussed earlier the noticeable drop in perfor-
mance beginning 2008 and the additional drop
in 2022. Should you be concerned about this
drop in performance?
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To answer this question, we bootstrap the
Sharpe ratio over the full sample, since 2008
and since 2022. We use a one-sided stationary
block-bootstrap to test, whether the annualised
after-cost Sharpe ratio exceeds zero.

A block bootstrap does not draw individual
daily returns independently. Instead, it resam-
ples consecutive blocks of returns. A mean block
length of 20 trading days is used. The block
bootstrap has the advantage that the struc-
ture of autocorrelated returns (like in trend
following) is preserved. The block length of 20
was chosen to approximately reflect the depen-
dence horizon induced by the strategy’s typical
holding period.

This statistical technique can also answer
whether the expected after-cost Sharpe ratio
is positive. (null hypothesis H, Sharpe ratio
zero or negative, H; positive Sharpe) at the
chosen significance level of & = 5%. The result
is shown in Table 5.

The estimated Sharpe ratio differs substan-
tiallyacross the three sample periods, suggesting
that the strategy’s performance has changed
over time. While dthe true Sharpe ratio of the
full sample lies between 1.13 and 1.70, the upper
bound of the Sharpe ratio of the sample begin-
ning 2022 comes in at 0.99.

The confidence intervals indicate a substan-
tial deterioration in estimated risk-adjusted
performance after 2022. While the full sample

PERIOD SHARPE LOWER UPPER Ho
1975-2026 1.44 113 1.70 reject
2008-2026 0.71 025 1.21 reject
2022-2026 -0.02 -1.13  0.99 accept

Table 5. Bootstrapped Sharpe ratios of the daily returns
of the adaptive trend strategy. The bootstrap used is a
stationary block bootstrap with a mean block length of
20. 10,000 simulations per period with a confidence level
of 95%. Sharpe ratios are non compounding, annualized
with a risk-free rate of 0%.
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supports a strongly positive Sharpe ratio, the
post-2022 sample no longer provides sufficient
evidence that the expected Sharpe ratio exceeds
Zero.

The sample beginning in 2022 even accepts
the null hypothesis (that the Sharpe ratio is
zero or negative) at the significance level of 5%.
It therefore cannot infer that the performance
is positive.

All this does not invalidate the strategy but
should raise some concerns. A strategy like this
might get a place in the portfolio but must not
be overweighted for sure.

The last statistical test is concerned with the
creation of the strategy. As mentioned earlier, it
is not advisable to test many different signal
designs. You may just arrive at a good signal
by chance. Of course this cannot be completely
avoided, because you have to test something.

During strategy development, several eco-
nomically motivated signal specifications were
evaluated. Selecting the best-performing speci-
fication after observing the historical data intro-
duces data-snooping bias because the final
model is chosen from a larger candidate set.

How did that process work in the creation of
the adaptive trend strategy?

In total I tested four different signal designs.
The main idea was to add the adaptive look-
back to the strategy. My first instinct was to
shorten both moving averages. It barely changed
the results. That failure turned out to be useful
because it suggested that the problem was not
reacting too slowly to new information, but for-
getting old information too slowly. To check the
results, I also added it exclusivly to EWMA-fast
(also had no material effect the result).

Conventional significance tests evaluate only
the final selected model and therefore ignore the
fact that several competing specifications were
explored. Hansen’s SPA test explicitly accounts
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for this research-selection process by evaluating
all candidate strategies jointly.

The null hypothesis states that none of the
tested specifications possesses positive predic-

tive ability after accounting for model selection.

Unlike ordinary significance tests applied only
to the final strategy, the SPA test adjusts for the
fact that several competing specifications were
considered during the research process. The
results are shown in Table 6.

SIGNAL SHARPE
Baseline 1.37
Adaptive Fast+Slow 1.37
Adaptive Fast 1.35
Adaptive Slow 1.44
SPA p-value 0.028

Table 6. Sharpe ratios of different research candidates
of the adaptive trend strategies with p-value of Hansen's
SPA test.
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Portfolio Integration

The last step in the research workflow is to
incorporate the developed strategy into a port-
folio of strategies. A simple portfolio can be
constructed using fixed portfolio weights or
fixed risk allocations.

Another possibility is a more quantitative
approach using some form of portfolio opti-
mization. Because this is a complex topic in its
own right, it is not covered in this article and
we stick to simple portfolio weights for now.

Each strategy is categorized as either “trend”
or “mean reversion”. Strategies of the trending
type profit from diverging prices (either grow-
ing or falling) while mean reverting strategies
profit from prices returning to some mean value.
These two types have very different correlations
among each other.

The categorization is done to have some
finer control over the number of strategies in
each category. The trend category has a weight
of 60% and the mean reversion category of 40%.
Within each category the strategies are equally
weighted. If “trend” consists of 5 strategies, then
each strategy gets a final weight of 12% (60% x
20%).

The correlations between all strategies of the
portfolio are shown in Figure 18.

There are two distinctive clusters of correla-
tions between the strategies of type trend and
of type mean reversion observable. Each cluster
has higher correlations within the cluster. The
adaptive trend strategy also has high correla-
tions with three other trend strategies of over
90%.

Nevertheless each strategy plays its role in
the portfolio like an ant in an ant colony. This
particular ant (adaptive trend) increases the
Sharpe ratio of the whole portfolio by a small
amount of 0.08. Not great, but also nice to have!
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Opposing Styles Make Better Roommates
Correlation [%]
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Figure 18. Correlations of returns between different
strategies. Each strategy can be a family of parameters.

Conclusion

We set out to build a trend-following strategy
from first principles, and first principles deliv-
ered — just not a miracle. The economic ratio-
nale held up under scrutiny. The signal behaved
itself. The parameter surface was smooth, and
the walk-forward tests were boring, which in
this line of work is the highest compliment
a number can receive. All this back and forth
produced a modified strategy better by about
0.05 Sharpe-ratio points by itself and 0.08 to the
portfolio as a whole.

That is, by any honest measure, not very
much. It won’t headline a pitch deck. It won’t
make anyone’s year. What it will do is sit quietly
inaportfolio next to a dozen other unglamorous
improvements — each one small enough to look
like rounding error, each one earned the hard
way: a rationale written down before a single
backtest ran, a signal checked for spikes before
it was checked for profit, and a fix that survived
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a test built specifically to catch researchers
fooling themselves.

That, in the end, is what crafting a strategy
actually looks like. Not a lightning bolt of insight,
but an ant colony’s worth of small, unglamorous
contributions — most too modest to notice on
their own, all moving in roughly the same direc-
tion, and every one of them still running in
circles somewhere, waiting for the next iteration
to prove it wrong.
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Appendix A: Definitions and Methodology

BACKTESTING CONVENTIONS

Capital and risk target

Costs

Sharpe ratio

Drawdown

Correlations

Monthly skewness

Lower and upper tail

DATA AND UNIVERSE
Instrument

Data sources

Tradable universe

Burn-in

Liquidity quintiles

Results assume no compounding, an initial normalized capital of 1, and a 25% volatility target.
The base currency is USD and all prices of futures contracts are converted to their USD value
using the respective end-of-day exchange rate.

All performance figures are stated after estimated trading costs unless a figure or table states
otherwise.

Annualized from daily returns, after estimated trading costs, without geometric compounding,
and assuming a risk-free rate of 0%. No excess-return adjustment is applied, so the figure is a
return-to-risk ratio rather than a risk-premium ratio and is not directly comparable to published
Sharpe ratios that subtract a cash rate.

Maximum and average drawdown are reported as percentages of capital. Drawdown duration
is reported in trading days and measures the time from a peak until that peak is regained.

Calculated from strategy returns after estimated trading costs.

Skewness of monthly returns, where a month's return is the sum of its daily returns without
compounding. Computed as the third standardized moment of the monthly distribution (popula-
tion form, no sample correction). Positive values indicate occasional large gains against many
small losses, negative values the reverse. Monthly rather than daily returns are used because
daily skewness is dominated by single-day noise.

Tail ratios of daily returns after estimated trading costs, with the mean removed. The lower tail
is the 1st percentile divided by the 30th percentile, the upper tail the 99th percentile divided by
the 70th, each divided by 4.43, the corresponding ratio of a normal distribution. A value of 1
means the tail is as heavy as a normal distribution’s; values above 1 mean fatter tails, values
below 1 thinner tails. The ratios are scale-free, so they can be compared across strategies with
different volatilities.

A futures contract on a particular underlying asset. The same asset may be traded as two
different instruments — for example two contract sizes on the same underlying, such as mini
and micro contracts.

Data providers for futures data are NorgateData Pty. Ltd. and Commodity Systems Inc.

An instrument is tradable when it satisfies the applicable market-data and liquidity require-
ments. The universe changes over time as instruments are introduced, discontinued, or become
sufficiently liquid to trade.

Signal calculations require an initialization period before an instrument becomes eligible to
trade. Observations during burn-in are neutral and do not create signals that will be traded on.

Instruments are assigned to quintiles using their most recent 20-day average risk volume in USD.
Quintile 1 contains the most liquid instruments.

PARAMETER SELECTION AND VALIDATION

Strategy family

Strategy

Parameter

22

A strategy family groups strategies with similar behavior. There are currently two families: diver-
gent and convergent. Divergent strategies seek to profit from persistent price movements, while
convergent strategies seek to profit from prices reverting toward an equilibrium level.

Several parameters are combined into an ensemble, which reduces dependence on any one
parameter estimate. This ensemble of parameters is called a strategy and also provides some
diversification. Each version of the strategy using a particular parameter value (or lookback) is
called a strategy variant.

A parameter refers to a specific lookback period used to calculate a trading signal.
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Appendix B: Research and Publication Conventions

RESEARCH STATUS AND LIMITATIONS

Result status

Interpretation

Trading risk

Research purpose

Unless explicitly stated otherwise, the strategy results presented are based on hypothetical
historical simulations and do not represent the results of actual trading. Historical simulation
cannot fully reproduce the effects of live execution, liquidity, funding, market impact, capacity
constraints, operational events, or changing market structure.

Historical performance is used as diagnostic evidence within the research process, not as proof
that a strategy will remain profitable. Markets are non-stationary, samples are finite, and esti-
mated relationships may change over time.

Futures trading may involve leverage and substantial losses. Diversification and volatility
targeting may alter the distribution of risk but do not eliminate the possibility of loss.

This article is provided for informational and research purposes only. It does not constitute
investment, legal, or tax advice, a recommendation, or an offer or solicitation to buy or sell any
financial instrument or strategy.

FIGURES, TABLES, AND SOURCES

Default conventions

Sources and
calculations

Sample periods

Rounding

Exceptions

PUBLICATION CONTROL

Document
identification

Terminology

Reproduction and
attribution

Unless a figure or table states otherwise, the definitions, performance conventions, cost
assumptions, and calculation methods in the preceding appendix apply throughout the article.
Captions therefore state only information needed to interpret the specific exhibit or an
exception to the default conventions.

Unless otherwise stated, market data are from NorgateData Pty. Ltd. and Commodity Systems
Inc. Data transformations, strategy simulations, calculations, tables, and figures are produced
by Dr. Sebastian Schmidt. References to third-party data providers identify the source and do
not imply endorsement.

The applicable sample period is stated in the surrounding text, figure, or table where necessary.
Effective samples may differ across instruments because of inception dates, data availability,
liquidity requirements, and burn-in periods.

Reported values may be rounded for readability. Calculations and comparisons are based on
the underlying unrounded values unless stated otherwise. Apparent differences caused solely
by rounding are not economically meaningful.

Figure- or table-specific notes override these default conventions where they differ. Methodolog-
ical exceptions that materially affect interpretation are stated with the relevant exhibit.

The publication month, issue number, and author shown on the cover identify the article. A
materially revised publication should be issued with an updated date, issue, or version identifier
so that the research state can be distinguished from earlier releases.

Defined terms are used consistently throughout the article. Where a term has a strategy-
specific meaning, the definition in the preceding appendix governs unless the text explicitly
states otherwise.

Third-party data remain subject to the terms of the respective data providers. Reproduction of
article content should preserve relevant source attribution and identify Dr. Sebastian Schmidt as
the author of its calculations and research.

www.handelsmeisterei.de 23


https://www.handelsmeisterei.de/
https://norgatedata.com/
https://www.csidata.com/
https://www.csidata.com/

	Crafting a Trading Strategy
	Research Process
	Economic Rationale
	Signal Design
	Signal Analysis
	Parameter Exploration
	Parameter Selection

	Finding an Alternative
	Statistical Validation
	Portfolio Integration

	Conclusion
	Appendix A: Definitions and Methodology
	Appendix B: Research and Publication Conventions


