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Abstract. The application of a technical trading rule requires investors to determine a position size of the trades selected. In 

order to find an optimal position size, the Kelly criterion is widely suggested, which bets relative fractions from the remaining 

trading budget. Therefore, the general impact of position sizing on timing strategies and the relation to the Kelly criterion 
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Kelly framework, however, an optimal position size does not exist. 
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Introduction 

Technical trading rules usually generate a binary series of buy (1) and sell (0) signals, but do not provide information 

how much of the trading budget should be invested in each trade. The determination of the trading lot is called 

position sizing and is also known as money management. The choice of the money management policy has a major 

impact on trading results from both a risk and return perspective. The simplest way to follow a trading rule is 

unmanaged positions, i.e. always buy or sell one unit (e.g. one share) of the underlying asset. This position size 

is erratic because it only depends on the share price. Leveraging may become very large, especially if the remaining 

trading budget is low and the share price is comparatively high. As prevention, two basic money management 

techniques can be applied: absolute positions, i.e. to invest fixed amounts, which is widely used by practitioners 

(Potters & Bouchaud 2005); or relative positions, i.e. a fixed proportion of the remaining trading capital as inspired 

by Kelly (1956). To achieve an optimal betting strategy, Kelly suggested reinvestment of gainings such that the 

expected value of the logarithm of the final wealth is maximized. In trading systems, however, the original Kelly 

idea is modified such that the capital allocation is a dynamic process over time: the investor follows active trading 

signals and sizes the trading position relative to the current wealth. 

Academic literature on technical trading, which primarily focuses on the controversial issue of benefits from 

trading rules, spends surprisingly little attention on the implementation details of position sizing. Hence, different 

views exist concerning position sizes: Fifield, Power & Sinclair (2005), for example, suggest that in previous 

studies the investor had an unlimited trading budget, whereas Zhu & Zhou (2009) assume that trading positions 

are restricted to the remaining trading capital; and Anderson & Faff (2004) suppose that a fixed number of contracts 

is traded. However, it is more than doubtful that findings from studies with different implementations are comparable. 

Experienced system developers generally are aware of the dilemma of money management: undersized positions 
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cannot fully exploit the trading rule’s potential, but even winning trading strategies may generate losses if too 

much exposure is taken and a bad scenario occurs. Traders are prone to another fallacy, though: to integrate highly 

complex money management rules based on backtests (Harris 2002). This practice only adjusts the implementation 

to the data and therefore never provides a structured insight into the impact of position sizing on the investment’s 

risk/return profile. 

This paper contributes to the literature by analyzing the systematic impact of money management on a trading 

systems’ return distribution. The focus lies not only on identifying optimal Kelly strategies or on evaluating the 

wealth levels achieved. Instead, I compare two basic money management implementations applied to the prominent 

simple moving average (SMA) trading rule: erratic positions as well as different leveraging levels of relative position 

sizing. Asset returns are simulated by parametric stochastic processes, with systematic variations of the asset price 

characteristics trend (or drift) μ, volatility of returns σ; and first-lag serial autocorrelation φ of an AR(1) process. 

In contrast to standard backtests, simulation evaluates the return distributions of terminal results as well as the daily 

return distributions. Both is done by applying a wide range of popular statistical, return, risk, and performance 

measures. 

The analysis documents a major impact of money management on the overall performance of the trading system 

and a dependence of this impact on the asset price characteristics of the underlying. In most scenarios, smaller relative 

trading positions deliver comparatively high Sharpe ratios. In fact, the introduction and especially the reduction of 

relative position sizes offers some kind of protective element: return is sacrificed in order to limit the risks from 

timing, especially large drawdowns. 

Literature Review 

The idea of optimal position sizing goes back to Kelly (1956), who applied information theory on gambling. The 

original Kelly criterion, however, is not directly applicable in trading since here the distribution of outcomes typically 

is different to gambling games. Moreover, following a strict Kelly bet poses various problems, both on the market 

and on the investor side (shifting input variables, changing risk tolerance and/or utility preferences of investors, 

non-normal distribution of asset returns, Black Swan events etc.). 

At least in discrete time, the Kelly criterion has two major beneficial long run properties (MacLean, Thorp & 

Ziemba 2010): the asymptotic growth rate is maximized and the time to reach a given wealth level is minimized 

(Breiman 1961). Although many scientists consider maximizing the log utility as superior, some economists criticize 

the criterion since it neglects individual investing preferences. Paul Samuelson (cf. Merton & Samuelson 1974, 

Samuelson 1969, 1971, 1979) pointed out that the application of the Kelly criterion is comparably risky due to 

potentially highly levered bets. For investors with a limited time horizon, it could indeed be demoralizing to follow 

the Kelly strategy since there is a significant potential for fatal losses and drawdowns (MacLean, Thorp & Ziemba 

2010). MacLean, Ziemba & Blazenko (1992) suggest so-called fractional Kelly strategies, which reduce the fraction 

of the original Kelly bet proportionally. This may help to curb the risk issues by lowering volatility and reducing 

the error-proneness in the edge calculations (MacLean, Sanegre, Zhao & Ziemba 2004). The term edge denotes 

the individual advantage over the general public and is a determining factor of the optimal Kelly bet. In a portfolio 

context, edge describes the individually expected return. In a very simplistic view, the optimal full Kelly bet is the 

edge divided by the odds, i.e. depending on the estimates of the asset’s drift and volatility (MacLean, Thorp & 

Ziemba, 2010). Adopting fractional strategies incorporates one of Kelly’s fundamental insights: the fact that 

“overbetting is more harmful than underbetting”, since it lowers growth but increases risk (Thorp 2006). MacLean, 

Thorp, Zhao & Ziemba (2010) confirmed this perception with their finding that the full Kelly approach does not 

stochastically dominate the fractional strategies. 

Investment practice provides many application areas for Kelly strategies: to allocate capital between different 

asset classes (e.g. Heath, Orey, Pestien & Sudderth 1987), to manage the exposure of the risky asset in a portfolio 

(e.g. MacLean, Thorp, Zhao & Ziemba 2011), as well as to size individual positions within a trading system or 

stocks in a portfolio (e.g. Anderson & Faff 2004). Indeed, Ziemba (2005) and Gergaud & Ziemba (2012) list famous 

investors who behave as if they were full Kelly bettors, including John M. Keynes, George Soros, and Warren 

Buffett. The performance of different Kelly strategies in realistic market scenarios has been empirically analyzed by 

MacLean et al. (2011). At least for the two asset case (U.S. equity and T-bills with annual re-balancing) the study 

confirmed a trade-off between terminal wealth and risk: the more aggressive the Kelly bet, the higher the moments 
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of the terminal wealth distribution. In contrast to the portfolio selection approach, Anderson & Faff (2004) empirically 

considered the world of trading strategies, which implies a dynamic allocation process over time. They implemented 

the so-called optimal-f money management policy introduced by Vince (cf. 1990, 1992, 1995, 2007), which is assumed 

to maximize the geometric rate of return. Accordingly, they sized the position with respect to the remaining trading 

capital. Anderson & Faff (2004) did not maximize the utility function of the investor but tried to find the optimal 

trading size empirically, assuming that such optimum exists. Based on backtests, they found an important impact 

of money management on trading rule profitability, which supports the perception of real traders. However, our 

study reveals that the blended Kelly approach does not deliver a universal optimal position size. 

Methodology 

Parametric Simulation 

For the analysis, asset prices are simulated by standard time series models to obtain the entire return distribution 

of terminal results. The simulation approach furthermore allows to systematically test the influence of different 

asset price characteristics on the effectiveness of money management and to exclude certain patterns which may 

occur in empirical data. 

A discretized random walk is used to analyze the impact from the drift (or trend) μ and the standard deviation 

(or volatility) σ on trading results. The model is 

       
  
    

     
  

 
              (1) 

where St denotes the stock price at time t, ∆t = 1/250 a time interval of one day, and εt a standard-normal random 

variable (Glasserman 2003). 

Whereas the random walk model creates normally distributed returns, stock market returns typically exhibit fat 

tails, time varying volatility or clustering of extreme returns (McNeil, Frey & Embrechts 2005). This is confirmed 

by the descriptive statistics of our data sample, where all 35 markets show such non-normality. With respect to 

trading results, the most influential amongst the stylized facts are the autocorrelated returns. Statistical tests indicate 

that short time lags have the strongest impact on future returns (Cerqueira 2006). Therefore, a first-order autoregressive 

process AR(1) rt = φ∙rt-1+εt is applied. The full model with drift is 

       
  

 
                     (2) 

In Equation 2, the applied drifts have additionally to be corrected with μa = μe∙(1-φ) and the volatilities with 

       
          to account for the autocorrelation impact on mean and standard deviation of the terminal 

return distribution.  

In each parametric simulation, 10,000 paths were generated, which produced stable results. All paths comprise 

2,500 data points, corresponding to 10 years with 250 trading days. Additionally, a fore-run of prices ensures the 

availability of an SMA value for the first day. The initial underlying asset price is always set at €100.  

For the parameterization of the stochastic processes, data is used from 35 global equity indices – Argentina 

(MERVAL), Australia (All Ordinaries), Austria (ATX), Belgium (BEL-20), Brazil (BOVESPA), Canada (S&P 

TSX 60), China (HSCE), Europe (EUROSTOXX 50), France (CAC 40), Germany (DAX 30), Greece (Athex 20), 

Hong Kong (Hang Seng), Hungary (BUX), India (S&P CXN NIFTY), Indonesia (JSX Composite), Italy (MIB 

30), Japan (Nikkei 225), Mexico (IPC), The Netherlands (AEX), Pakistan (KSE 100), Peru (Lima General Index), 

The Philippines (PSEi), Poland (WIG 20), Russia (RTS), Saudi Arabia (Tadawul FF Index), Singapore (STI), 

South Africa (JSE Top 40), South Korea (KOSPI), Spain (IBEX 30), Sweden (OMX Stockholm 30), Switzerland 

(SMI), Thailand (SET), Turkey (ISE 100), United Kingdom (FTSE 100), and the U.S.A. (S&P 500). The database 

contains daily closing prices from January 1st, 2000 to December 31st, 2009 taken from Thomson Reuters. The 

extremes and averages of drift, volatility, and autocorrelation are used in the parameterized simulations. 
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The Simple Moving Average Trading Rule 

A trading rule generally converts information from past prices into a binary series of buy and sell signals. In contrast 

to the portfolio selection problem, the trend following trading rule aims to forecast market movements by indicating 

rising (1) or falling (0) prices. Accordingly, the exposure is shifted between the risky benchmark, for example a 

stock market index, and cash. The price path, which is generated by the trading rule is referred to as equity curve 

or active portfolio. 

SMAs as a trading rule are a very popular example in both the academic literature and professional practice. 

The basic idea is to follow established trends, which are detected by comparing historical price averages with the 

current price. The SMA(d)t on day t is the unweighted average of the previous d asset prices pi (i = t-d, ..., t-1) 

excluding the present day t: 

         
 

 
    

   

     

  (3) 

If pt ≥ SMA(d)t, then the system indicates a long position, i.e. holding the risky asset. If pt < SMA(d)t, then the 

trading budget is entirely invested in cash.  
The practical implementation of a SMA trading rule needs additional specifications (besides money management): 

in this study, short positions are not allowed, interest on the risk free cash account as well as dividend payments 

are not considered, and, in case of levered portfolios, credit rates do not apply. Lending is possible as long as the 

net position from debt and the portfolio is positive. Nevertheless, leverage may cause losses beyond the initial 

investment and hence imply the ruin of the investor. If a strategy on a given price path loses the total initial investment, 

then the strategy stops, the terminal value is set to zero and registered as total loss. All transactions take place at the 

very moment when the price of the benchmark is compared to the derived SMA. Sufficient liquidity and an atomistic 

market are therefore assumed. As SMA intervals, the 5, 10, 20, 38, 50, 100, and 200 day average are applied. 

Money Management 

A trading system with unmanaged positions (erratic) is compared to relative position sizing, to study the sensitivity 

of timing results with respect to the money management policy. If one trading unit of the underlying is bought or 

sold, e.g. one stock, then the position size is unmanaged, i.e. erratic. This implies uncontrolled leveraging since 

the exposure is only dependent on the ratio of stock price and remaining trading budget. For example, if the current 

trading budget is 100 and the stock price 50, then the exposure results in 0.5. With a stock price of 90, however, 

the exposure would be 0.9; and with a stock price of 120 even 1.2 assuming a borrowing of 20. 

The relative position sizing is inspired by Kelly’s idea of relative wagers and thus reinvestment of gains. The 

Kelly bet maximizes the expectation of a logarithmic utility function, assuming normally distributed returns and is 

given as             
   with mean μr and variance σr

2
 of the risky asset e and the risk-free rate rf (cf. MacLean 

et al. 2011, Merton 1992). Table 1 reports the pure Kelly wagers for the parameter combinations as used in the 

simulation study. Due to regulation, for many mutual fund managers the application of highly leveraged and/or 

short positions is difficult or even impossible; therefore, our implementation differs from the pure Kelly approach. 

We apply a blended Kelly strategy, which builds up exposure for positive signals only. In case of negative signals, 

the position is completely closed and the trading budget is invested in a cash position. Besides, we do not allow 

short positions and avoid extreme leveraging by fixing the fractions to a lower level than the full Kelly bet. If a 

signal is triggered, feasible portions of 25%, 50%, 75%, 100%, or 125% of the remaining portfolio value are 

invested in the risky asset. Those fractions are constant over time and not adjusted to new return or volatility 

estimates. The lower fractions, in particular, pick up the idea of fractional Kelly strategies, which try to implement 

the Kelly bet at a reduced risk level. Timing signals derive from the technical trading rule only. No additional 

instruments to limit the exposure such as stop-loss levels are applied. These assumptions are meant to ensure, that 

the pure influence from position sizing is analyzed, not risk management, transaction costs or interest rate 

sensitivity. 
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Evaluation Criteria for Trading Systems 

The evaluation of an investment’s success has to balance risk and return. While many studies focus on the return 

component only, this work also considers the risk element. Due to the simulation approach, the distribution of 

terminal results can be analyzed, which delivers the main findings and describes the investor’s real exposure. 

Standard backtests, which are especially popular in practice, are based on the single historical price path and 

hence deliver a pathwise distribution only and are thus merely an estimate for the terminal result distribution. 

Particularly if the distributions are skewed and “reshaped”, the pathwise distributions may be a biased estimator. 

Nevertheless, some key figures are path-dependent; in this case, the mean over all generated paths is reported 

(particularly including total profits, total losses, total net results, and maximum drawdowns). 

For the analysis of the position sizing effect, a broad range of different evaluation criteria was applied. It turned 

out, however, that the different measures mostly delivered comparable information. Even measures which are 

especially designed for highly non-normal (reshaped) distributions do not rank investment alternatives differently 

than standard measures. While this finding seems to be surprising, it is actually in-line with literature. I therefore 

focus on total profits, total losses, total net results, the terminal wealth relative (TWR) (defined as final balance 

divided by initial account size), maximum drawdowns, the (higher) moments of the return distribution, the value-

at-risk, the Sharpe ratio, and the expected excess return (compared to a buy-and-hold investment) for the 

description of timing results. 

Simulation Results 

Our results reveal the impact of a money management policy on SMA-trading systems. Simulations were 

performed for two different types of underlyings: Brownian Motion and AR(1) processes, with different 

parameter settings. For each underlying, the trading systems SMA(5) to SMA(200) are applied both with 

unmanaged (or erratic) positions as well as different levels of relative position sizes. The following sections 

present the results for variations in drift, volatility, and autocorrelation, respectively. The complete tables of 

results are available upon request; the most important key figures for the SMA(38) trading rule (as an example) 

are given in Tables 2 to 4. Figures 1 to 6 illustrate the results for the maximum and minimum input variables, 

found in the empirical dataset (e.g. the maximum and minimum drift). The mean values of the input variables 

have been tested but are not graphically depicted for reasons of clarity and readability. Every figure shows six 

pictures: on the left hand side, the results for the maximum value of the input variable is shown; and on the right 

hand side the results for the minimum value. Each line in a graph shows the results from one specific position 

sizing method. The erratic position size as the point of reference is depicted in bold black (marked with circles). 

The scaling of the graphs may be very different due to the absolute performance differences. Figures 1, 3, and 5 

present the profitability figures (total net results, mean returns, and Sharpe ratios); Figures 2, 4, and 6 illustrate the 

corresponding risk perspective (volatility, maximum drawdowns, and value-at-risk). All path-dependent values 

represent the average of the 10,000 simulated paths. The full Kelly wagers form an important point of reference 

for all simulations. Therefore, Table 1 reports these ratios assuming a risk-free rate of 0 %. 

Table 1. Kelly position sizes. The table displays the Kelly position sizes with respect to the three different scenarios, in 

which either the drift, the volatility, or the autocorrelation is sensitive. The Kelly size corresponds to the relative amount of 

risky assets compared to the remaining trading capital. Negative numbers imply short positions. 

Model Parameter Max Mean Min 

Brownian motion with varying drift 
μ   

σ 

22.6% 

26% 

5.2% 

26% 

-11.6% 

26% 

 Kelly size 334% 77% -118% 

Brownian motion with varying volatility 
μ   

σ 

5.2% 

39% 

5.2% 

26% 

5.2% 

16% 

 Kelly size 34% 77% 203% 

AR(1) with varying autocorrelation 

μ 

σ 

φ 

5.2% 

26% 

0.201 

5.2% 

26% 

0.025 

5.2% 

26% 

-0.103 

 Kelly size 77% 77% 77% 
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Position Sizing Effects for Different Trend Levels 

To analyze the influence of position sizing on trading results, a geometric Brownian motion is initially used. I use 

this stochastic process to model different market conditions: a bullish setup, represented by the maximum (22.6% 

p.a.) drift in the dataset; a moderate increasing trend, i.e. the mean (5.2% p.a.) in the sample; and a bearish market, 

applying the minimum drift (-11.6% p.a.) from the sample. All drift levels are combined with the empirical mean 

volatility level of 26% p.a. Table 2 contains the exemplary results for the SMA(38) trading rule. The x-axis of the 

figures is in logarithmic scale if SMA intervals are plotted. 

Table 2. Key figures for the SMA(38) trading rule. The table shows trade statistics, moments of the return distribution as 

well as further risk and performance figures for the SMA(38) trading rule dependent on different drift levels. Results for the 

other SMA intervals are available upon request. The profit and loss figures are in € with respect to an initial investment of € 100. 

μ Strategy Tot. Prof. Tot. Loss Tot. Result Max DD Mean Rtrn Vola Skew Kurt VaR(5%) Sharpe Exp.Exc.Retrn 

0.226 f-25 99.12 -44.78 54.34 0.1097 0.0413 0.0640 0.25 3.08 0.0092 0.6454 -0.1833 

0.226 f-50 244.93 -110.67 134.26 0.2182 0.0775 0.1221 0.20 3.02 0.0157 0.6346 -0.1471 

0.226 f-75 456.21 -206.16 250.04 0.3262 0.1093 0.1759 0.17 2.99 0.0199 0.6215 -0.1153 

0.226 f-100 758.01 -342.57 415.44 0.4342 0.1375 0.2265 0.15 2.97 0.0223 0.6069 -0.0871 

0.226 f-125 1183.40 -534.80 648.60 0.5425 0.1624 0.2746 0.13 2.96 0.0225 0.5913 -0.0622 

0.226 erratic 1451.60 -657.33 794.26 0.7339 0.1674 0.4740 -4.77 38.02 0.0206 0.3532 -0.0572 

0.052 f-25 55.80 -43.01 12.80 0.1522 0.0106 0.0526 0.25 3.06 -0.0150 0.2023 -0.0411 

0.052 f-50 117.10 -90.22 26.88 0.3053 0.0185 0.1020 0.22 3.02 -0.0315 0.1813 -0.0333 

0.052 f-75 184.25 -141.92 42.33 0.4600 0.0239 0.1489 0.19 2.99 -0.0493 0.1604 -0.0279 

0.052 f-100 257.61 -198.40 59.21 0.6167 0.0271 0.1939 0.17 2.97 -0.0684 0.1398 -0.0247 

0.052 f-125 337.50 -259.91 77.59 0.7757 0.0283 0.2371 0.15 2.96 -0.0888 0.1194 -0.0234 

0.052 erratic 329.26 -253.44 75.82 0.9177 0.0012 0.6138 -4.73 28.23 -0.1266 0.0019 -0.0506 

-0.116 f-25 32.07 -41.23 -9.15 0.2196 -0.0105 0.0429 0.28 3.14 -0.0319 -0.2455 0.1057 

-0.116 f-50 60.77 -78.10 -17.32 0.4429 -0.0226 0.0840 0.26 3.11 -0.0647 -0.2693 0.0936 

-0.116 f-75 86.50 -111.12 -24.62 0.6702 -0.0362 0.1238 0.24 3.09 -0.0981 -0.2922 0.0801 

-0.116 f-100 109.61 -140.76 -31.15 0.0920 -0.0510 0.1624 0.23 3.08 -0.1326 -0.3143 0.0652 

-0.116 f-125 130.39 -167.40 -37.00 1.1384 -0.0671 0.2000 0.21 3.07 -0.1682 -0.3357 0.0491 

-0.116 erratic 92.71 -119.09 -26.38 0.8253 -0.0558 0.4378 -7.06 59.72 -0.1443 -0.1275 0.0604 

Relative versus Erratic Positions  

In bull markets, the total net result is always positive and generally highest if no money management component 

is applied. In bear markets, the outcome of erratic trading positions is negative but on comparable levels as the 

100% fraction. If I now compare the erratic strategy with the band width of relative ones by considering the 

relative position of the black curve (with circles) against the others, I find similar effects for the mean return. But 

the erratic position is always inferior to the 100% relative position size, independent of the market conditions. 

With respect to risk-adjusted returns, however, trading systems with relative position sizing deliver better 

results than erratic positions. While this clearly holds for bull markets, this is also the case in bear markets on 

closer examination. For negative returns, the Sharpe ratio is misleading, since higher volatilities reward a higher 

ratio (Scholz & Wilkens 2006). If the Sharpe ratio is decomposed, then it becomes clear that unmanaged positions 

always raise the volatility of the equity curve, especially for short term SMAs. The reason for the increase is the 

high and uncontrolled leverage, which may occur if the position size is erratic. Since the short term SMAs trigger 

more trades, the risk of trading extremely levered positions is higher than in the less reactive long term SMAs. 

Furthermore, the introduction of (relative) money management improves skewness and kurtosis of the trading 

system’s return distribution. The maximum drawdowns, by contrast to volatilities, are on high but comparable 

levels in bear markets, if the 100% and 125% fractions are considered as a reference. In the bullish scenario, the 
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relative position sizing is capable of effectively reducing the risk from drawdowns. In rising markets, the value-at-

risk levels again show the riskiness of erratic positions, especially if short term SMAs are applied. The 

introduction of money management based on relative positions improves the tail risk, except for long SMAs in 

bullish environments. In bear markets, only the levered f-125% delivers higher tail risks than erratic positions. If 

compared to the underlying asset, erratic positions lead to similar results as the highly levered (f-125%) portfolio: 

a small underperformance in terms of expected excess return in bullish markets; and comparatively poor expected 

excess returns if medium or negative drifts are applied. 

Different Leverage Levels  

Relative positions are assumed to correspond to Kelly strategies, which also recommend constant relative 

fractions as position sizes. In comparison to the full Kelly position size, the applied positions are undersized in bull 

markets (Kelly ratio of 334%) and oversized in bear markets (Kelly ratio of -118%). In markets with the average 

trend of 5.2% p.a., the applied range of f-25% to f-125% lies near the full Kelly size of f-77% (in terms of 

portfolio fractions). 

Regarding the absolute outcomes in case of positive drifts, the different fractions behave proportional to the 

drift component: the higher the leveraging, the higher the profits, the losses and hence total net results. If negative 

drifts apply, however, then all systems lose likewise, with high fractions generating more losses than low 

fractions. As expected, those findings are also reflected by the mean returns: in bullish markets (μ = 0.226), the 

mean return of the distribution of terminal results falls as the leverage decreases; if medium drifts apply, then the 

mean return slightly increases for lowered leverage levels; and in case of negative trends, the mean return clearly 

rises with shrinking leverage. Considering the risk, reducing the fractions effectively lowers volatility, maximum 

drawdowns and value-at-risk from trading. Especially if the fractions are lowered below 50%, then the trading 

system largely displays less risk than the buy-and-hold approach. Similar findings hold for the higher moments: 

skewness is improved as leverage is lowered and kurtosis is stable between 2.91 and 4.56. Interestingly, the lower 

the leverage levels, the broader the kurtosis range. Low fractions generally yield superior Sharpe ratios, 

independent from the drift level. The only exception is SMA(200) in case of positive drifts. Regarding the 

underlying asset as standard of comparison, the reduction of leveraging leads to typical protection characteristics: 

the expected excess returns suffer in bullish markets but flourish in bearish ones. 

Conclusions  

If positive drift levels apply, then the erratic position sizing seems to be the most profitable implementation. For 

negative trends, the profit and loss figures lie well within the range given from relative position sizing. The 

application of relative position sizing in trading systems effectively lowers the risk from timing compared to 

erratic positions. The exact benefit is dependent on the drift level, though. In general, smaller position sizes have a 

protection effect, i.e. mean returns are smaller but risk is effectively reduced. As expected, the lowest fraction of 

25% has generally better Sharpe ratios than highly levered portfolios (f-125%), i.e. leveraging does not pay a risk 

premium. This finding holds in every market scenario. 

Position Sizing Effects for Different Volatility Levels 

For erratic position sizing, I found a negative impact from rising volatility on trading results (Scholz & Walther 

2011). To analyze the sensitivity of trading systems with different position sizes on volatility, a Brownian motion 

is applied (with mean drift level of 5.2% p.a.). I check for the maximum (39%), the mean (26%), and the 

minimum (16%) annual volatility levels given in the empirical dataset. The results from volatility influence can be 

found in Table 3 and Figures 3 to 4. The x-axis of the figures is in logarithmic scale if SMA intervals are plotted. 
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Table 3. Key figures for the SMA(38) trading rule. The table shows trade statistics, moments of the return distribution as well as 

further risk and performance figures for the SMA(38) trading rule dependent on different volatility levels. Results for the other 

SMA intervals are available upon request. The profit and loss figures are in € with respect to an initial investment of € 100. 

σ Strategy Tot. Prof. Tot. Loss Tot. Result Max DD Mean Rtrn Vola Skew Kurt VaR(5%) Sharpe Exp.Exc.Retrn 

0.39 f-25 85.85 -66.29 19.56 0.2364 0.0146 0.0805 0.29 3.13 -0.0249 0.1808 -0.0347 

0.39 f-50 184.44 -142.33 42.10 0.4746 0.0229 0.1535 0.24 3.06 -0.0532 0.1493 -0.0264 

0.39 f-75 296.93 -229.04 67.89 0.7171 0.0262 0.2214 0.20 3.01 -0.0843 0.1182 -0.0231 

0.39 f-100 424.42 -327.30 97.12 0.9651 0.0251 0.2856 0.17 2.99 -0.1181 0.0877 -0.0242 

0.39 f-125 567.87 -437.89 129.97 1.2197 0.0201 0.3469 0.15 2.97 -0.1544 0.0579 -0.0292 

0.39 erratic 618.04 -476.03 142.02 1.7596 -0.1230 1.2631 -1.73 4.61 -1.0637 -0.0974 -0.1723 

0.26 f-25 55.80 -43.01 12.80 0.1522 0.0106 0.0526 0.25 3.06 -0.0150 0.2023 -0.0411 

0.26 f-50 117.10 -90.22 26.88 0.3053 0.0185 0.1020 0.22 3.02 -0.0315 0.1813 -0.0333 

0.26 f-75 184.25 -141.92 42.33 0.4600 0.0239 0.1489 0.19 2.99 -0.0493 0.1604 -0.0279 

0.26 f-100 257.61 -198.40 59.21 0.6167 0.0271 0.1939 0.17 2.97 -0.0684 0.1398 -0.0247 

0.26 f-125 337.50 -259.91 77.59 0.7757 0.0283 0.2371 0.15 2.96 -0.0888 0.1194 -0.0234 

0.26 erratic 329.26 -253.44 75.82 0.9177 0.0012 0.6138 -4.73 28.23 -0.1266 0.0019 -0.0506 

0.16 f-25 35.09 -25.86 9.23 0.0884 0.0083 0.0324 0.22 3.03 -0.0077 0.2567 -0.0414 

0.16 f-50 72.79 -53.64 19.15 0.1770 0.0155 0.0635 0.20 3.00 -0.0159 0.2439 -0.0342 

0.16 f-75 113.24 -83.44 29.80 0.2661 0.0216 0.0936 0.18 2.99 -0.0247 0.2312 -0.0281 

0.16 f-100 156.58 -115.36 41.22 0.3558 0.0268 0.1228 0.16 2.97 -0.0341 0.2185 -0.0229 

0.16 f-125 202.95 -149.52 53.43 0.4461 0.0311 0.1511 0.15 2.96 -0.0440 0.2060 -0.0186 

0.16 erratic 185.30 -136.52 48.78 0.4249 0.0291 0.1493 -1.52 39.06 -0.0424 0.1952 -0.0206 

Relative versus Erratic Positions  

If the total net result is considered, then the erratic position sizing is amongst the most profitable implementations, 

no matter how volatile the underlying is. In terms of mean returns, the picture however changes: the erratic 

position sizing suffers in case of high and medium volatilities of the underlying. This is due to a significant 

number of total losses if erratic position sizing is applied. Log-returns weigh the impact of a total loss stronger than 

the P&L of a trading account. Only in case of low volatility levels in the markets, the erratic position sizing generates 

returns, which are akin to the f-100% and f-125% implementation. Similar findings hold for risk-adjusted returns: 

trading systems without money management clearly underperform in the given volatility setups. A high volatility 

level is generally disadvantageous for erratic position sizing under risk aspects: the volatility of the equity curve is 

higher, the maximum drawdowns are larger, and the value-at-risk (5%) signals a high tail-risk. This is confirmed 

by skewness as well as kurtosis of the equity curve’s return distribution, which reach extreme levels. Here, 

introducing relative position sizing really adds value. For comparably low volatility levels of the underlying, 

however, the introduction of a relative money management policy has a minor impact; the risk from erratic 

positions still approximates the risk from the 125% levered position size and is thus in the upper range. 

Different Leverage Levels  

The applied levels of leverage may again be compared to the corresponding Kelly wagers. A low volatility 

environment requires high leveraging (203%), whereas fractions of 34% have to be chosen for high volatilities; 

for the medium volatility level, a fraction of 77% corresponds to the Kelly size. Except for the highest fractions, 

those levels are covered by the applied position sizes. 

As expected, lower fractions decrease the profit potential in the trading account: the total net result, as well as 

total profits and losses shrink with the position size, independent of volatility levels. This finding is also reflected 

by the mean returns, which slightly decrease in case of deleveraging. Interestingly, if the risk-adjusted returns are 

examined, then the lower fractions are more appealing: their Sharpe ratios are slightly higher compared to the 
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levered positions. In turbulent markets, these differences are bigger than in calm markets. Since lower fractions 

yield less returns, the source must be the risk side. Relative position sizing indeed effectively reduces the volatility 

of the underlying. Downsizing of the position size additionally increases this effect. Moreover, the higher the 

input volatility, the stronger the reduction effect. This finding is also confirmed by the maximum drawdowns, 

which may be disastrous in case of high volatility in the underlying returns and highly levered positions sizes. A 

lower fraction can attenuate the drawdowns to more acceptable levels, especially in highly volatile environments. 

The value-at-risk levels also indicate the risk reduction by delevered fractions: tail risks slightly decrease if the 

position size is lowered. With respect to the underlying benchmark, the expected excess returns are rather 

insensitive to the tested volatility levels. 

Conclusions  

If only the total net result is considered, then the erratic positions work fine. The moments of the trading system’s 

return distribution, however, clearly show that relative position sizing is superior: especially if the underlying 

exhibits high volatility, the money management decreases risks. Only with low volatile underlyings, the reduction 

effect is negligible. Low fractions further reduce the moments but only slightly improve the risk-adjusted returns. 

Position Sizing Effects for Different Autocorrelation Levels 

In order to analyze the relevance of autocorrelation, an AR(1) process is used to generate autocorrelated return 

series. In all simulations, the drift is set at the empirical mean return level of 5.2% p.a. and the volatility at the 

empirical mean volatility level of 26% p.a. Three different lag-one autocorrelation levels are examined: the 

maximum (0.2064), the mean (0.025), and the minimum (-0.1027) of the empirical estimates from the dataset. An 

overview of the exemplary SMA(38) result is in Table 4. Figures 5 and 6 display the findings for the highest and 

lowest autocorrelation levels. The x-axis of the figures is in logarithmic scale if SMA intervals are plotted. 

Table 4. Key figures for the SMA(38) trading rule. The table shows trade statistics, moments of the return distribution as well as 

further risk and performance figures for the SMA(38) trading rule dependent on different autocorrelation levels. Results for the 

other SMA intervals are available upon request. The profit and loss figures are in € with respect to an initial investment of € 100. 

φ Strategy Tot. Prof. Tot. Loss Tot. Result Max DD Mean Rtrn Vola Skew Kurt VaR(5%) Sharpe Exp.Exc.Retrn 

0.2 f-25 83.03 -37.38 45.64 0.1073 0.0357 0.0612 0.31 3.13 0.0058 0.5831 -0.0158 

0.2 f-50 199.58 -89.77 109.81 0.2128 0.0654 0.1169 0.26 3.06 0.0093 0.5737 0.0156 

0.2 f-75 361.50 -162.45 199.05 0.3173 0.0948 0.1685 0.22 3.01 0.0109 0.5625 0.0433 

0.2 f-100 584.23 -262.31 321.92 0.4215 0.1194 0.2170 0.20 2.99 0.0107 0.5500 0.0679 

0.2 f-125 887.65 -398.26 489.39 0.5257 0.1412 0.2631 0.18 2.96 0.0091 0.5367 0.0897 

0.2 erratic 469.31 -210.27 259.04 0.3664 0.1015 0.2149 0.57 3.34 0.0037 0.4722 0.0501 

0.025 f-25 58.56 -42.26 16.30 0.1444 0.0137 0.0535 0.25 3.07 -0.0125 0.2555 -0.0381 

0.025 f-50 124.83 -90.05 34.78 0.2893 0.0231 0.1035 0.22 3.02 -0.0265 0.2355 -0.0274 

0.025 f-75 199.54 -143.90 55.64 0.4354 0.0325 0.1509 0.19 2.99 -0.0419 0.2156 -0.0192 

0.025 f-100 283.48 -204.40 79.09 0.5830 0.0384 0.1961 0.17 2.97 -0.0586 0.1957 -0.0134 

0.025 f-125 377.44 -272.12 105.32 0.7327 0.0422 0.2397 0.15 2.96 -0.0769 0.1760 -0.0096 

0.025 erratic 343.44 -247.42 96.01 0.7752 0.0263 0.4718 -5.74 45.82 -0.0848 0.0557 -0.0255 

-0.1 f-25 46.14 -46.22 -0.07 0.1926 -0.0013 0.0498 0.22 3.04 -0.0261 -0.0265 -0.0530 

-0.1 f-50 91.22 -91.36 -0.14 0.3883 -0.0058 0.0972 0.19 3.01 -0.0535 -0.0509 -0.0567 

-0.1 f-75 135.26 -135.46 -0.21 0.5877 -0.0106 0.1427 0.17 2.99 -0.0821 -0.0745 -0.0623 

-0.1 f-100 178.26 -178.54 -0.29 0.7912 -0.0182 0.1866 0.15 2.97 -0.1120 -0.0974 -0.0699 

-0.1 f-125 220.22 -220.62 -0.39 0.9992 -0.0274 0.2291 0.14 2.96 -0.1431 -0.1198 -0.0792 

-0.1 erratic 280.31 -280.86 -0.55 1.9101 -0.2032 1.3222 -1.64 4.04 -1.1438 -0.1536 -0.2549 
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Relative versus Erratic Positions  

In highly autocorrelated markets (φ = 0.2064), erratic positions generate positive total net results, which are 

similar to those of 50% to 75% fractions. In case of negative autocorrelation, however, the success of erratic 

positions extremely depends on the moving average window (low total and mean returns for short windows, 

higher for long ones). The SMA(38) seems to be the pivotal point. Especially short term SMA trading rules are 

prone to whiplash signals since they respond quickly to the underlying. Erratic positions aggravate this effect by 

uncontrolled leveraging; hence they are particularly susceptible to repeated loss trades. The mean returns 

generally confirm these findings; due to the log-return calculation, however, erratic positions generate inferior 

mean returns because high total losses deliver extremely highly negative returns. If risk-adjusted returns are 

considered, the picture slightly changes such that the erratic positions generate inferior Sharpe ratios due to lower 

returns and increased volatility. Looking at the risk measures, erratic position sizing produces extreme risks in the 

negative autocorrelation scenario: volatility is excessive, maximum drawdowns may be disastrous, and the value-

at-risk indicates a very high tail risk. This is due to the susceptibility to whiplash signals. Consequently, in case of 

positive autocorrelation, trading systems without position sizing do not cause extended risks. If the trading 

systems’ returns are compared with those from the underlying asset, the expected excess returns imply that the 

erratic positions are inferior to the money-managed trading systems, no matter which leveraging is applied or 

which autocorrelation level is used for the simulations. 

Different Leverage Levels  

Although underlyings with autocorrelated returns do generally not qualify to implement Kelly strategies, the 

corresponding level for normally distributed returns of 77% is used as a reference. This way, the impact on 

trading results can be analyzed in case Kelly sizing is nevertheless applied by investors. 

For positive autocorrelation, the total net result is the higher, the higher the leverage. Especially the short term 

SMA trading rules benefit, while the long term SMAs are less sensitive due to a smaller number of trades. Higher 

leveraging is unfavorable for short term SMAs in this scenario, however, long term SMAs even benefit from 

leveraging since they are less sensitive to whiplash signals. These findings are confirmed by the mean returns of 

the distribution of terminal results. Independent from the autocorrelation level, a lower leverage improves the 

Sharpe ratio of the trading system. Compared to the underlying, however, the f-125% trading system delivers the 

highest expected excess returns against the benchmark if positive autocorrelation applies. The picture changes for 

negative autocorrelated underlyings and the lower fractions show the least poor expected excess returns. The 

implementation of a relative money management component effectively controls the risk of the active portfolio: 

excess volatility against the underlying never occurs, even if highly levered f-125% positions are traded. The 

skewness improves in the trading portfolio and the kurtosis rises only moderately (4.64), which implies that the 

number of extreme outcomes is only slightly raised. Lower fractions of the position size moreover reduce the 

maximum drawdowns and the value-at-risk from timing. The only exception is the value-at-risk for high serial 

autocorrelation levels in the underlying: here, the short term SMA trading rules benefit if they are combined with 

highly levered trading positions. 

Conclusions  

In terms of profitability, highly levered portfolios are preferable if markets exhibit positive autocorrelation, while 

unlevered portfolios are better suited if autocorrelation is negative (this is consistent with the fact that SMA-

timing is highly successful in autocorrelated markets but suffers from negative autocorrelation). The effect 

remains, that in positive autocorrelated markets short term SMAs are preferable (and long term SMAs if negative 

autocorrelation applies). Risk can be effectively controlled by relative position sizing, especially for lower 

fractions. Erratic positions are inferior, particularly if markets show negative autocorrelation. The cautious 

approach with trading lower fractions thus generates the highest risk-adjusted returns. 
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Fig. 1. Return figures dependent on maximum and minimum drift μ. 
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Fig. 2. Risk figures dependent on maximum and minimum drift μ. 
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Fig. 3. Return figures dependent on maximum and minimum volatility σ. 
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Fig. 4. Risk figures dependent on maximum and minimum volatility σ. 
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Fig. 5. Return figures dependent on maximum and minimum autocorrelation φ. 
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Fig. 6. Risk figures dependent on maximum and minimum autocorrelation φ. 
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Summary 

The study shows that position sizing has a considerable impact on the performance of SMA timing strategies. 

Academic papers, which spend only little attention to detailed money management, miss an important influencing 

factor and run the risk of misinterpreting or insufficiently understanding the empirical results. A clear recommendation 

for optimal position sizes is given by the well known Kelly ratio, which is applicable in gambling and long-term 

portfolio allocation. However, the application of relative positions in trading systems, is different to the “traditional” 

Kelly strategies, in which the capital is always invested with a fractional or full Kelly proportion in the risky asset. 

An active trading strategy proposes investments only for specific time periods according to the signal. 

The major finding of the study is that there is no optimal position size in a blended Kelly trading system, which 

is based on the SMA trading rule. By contrast to portfolio optimization, where generally a maximum of the terminal 

wealth relative can be found, the terminal wealth relative of the trading account is linear and shows no turning 

point at the Kelly ratio. Findings from other authors, who suggest that there is an optimal position size, rely on 

single paths of a backtest. This is, however, misleading. I show that there is no optimal money management approach; 

the choice is rather dependent on the underlying asset price characteristics. For instance, if the underlying shows 

positive trends, high serial autocorrelation, and/or low volatility, then erratic or highly levered position management 

provide fair results. In contrast, if negative drifts, negative autocorrelation, and/or high volatilities apply, then relative 

position management is the better choice. In any case, the introduction of relative money management effectively 

reduces the risks in the actively managed portfolio. The exclusive focus on return aspects from money management 

hence fails to meet the real strong point of relative position sizing and the major distinguishing feature to unmanaged 

positions. If relative position sizing is implemented, however, then the difference between the diverse fractions is 

surprisingly small. Interestingly, the lowest fraction f-25% shows the highest Sharpe ratios amongst the tested portions 

but not the highest returns. In terms of risk-adjusted returns, this confirms Kelly’s suggestion that overbetting is 

more harmful than underbetting. Briefly summarized, all-in actually seems not to be the wisest investment strategy 

for investors.  
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