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ABSTRACT 
 
Risks inherent in the agricultural environment are often complex and include a 
combination of risks such as production risk (weather), market risk (uncertain 
prices), technological risks (new production techniques), price risk (changes in 
input and output prices) and institutional risk (changes in policies). Also, farmers 
experience personal and financial risks, which relate to cash flow and the ability of 
the business to generate sufficient profit. Literature shows that crop farmers 
manage price risk to fulfil the end-values of security, feeling good and operating a 
viable and competitive business. A profit margin hedging approach could 
effectively be used as a price risk management strategy. Although certain other 
agricultural industries are using profit margin hedging as a risk management 
strategy, not much is known of the usage and success of this strategy in crop 
farming. A gap in research exists where an effective plan combines the various 
components into an effective crop risk management strategy. It is also evident that 
a gap in practice exists where all the components identified in the literature are not 
combined into a working model to do better price risk management on a daily 
basis. Consequently, this study aimed to test the performance of such a new profit 
margin hedging (PMH) model, with and without using put options as a pre-harvest 
strategy, against the performance of a control group. The study was conducted in 
the Free State Province in South Africa. Data for eight (8) seasons of a group of 
ten farmers were obtained from a bureau service. The data was analysed using the 
software suite Jamovi 1.0.7.0. Independent t-tests were used to compare the 
profitability of the new PMH model to the control group. Statistically, significant 
differences were reported between the groups. The study found both a significant 
improvement in profitability and a stabilising effect on profitability when using a 
profit margin hedging approach. This study proposes that crop farmers can operate 
more viable and secure businesses by utilising a profit margin hedging model. 
 
Key words: agriculture marketing, crop farmers, price risk management, profit 

margin hedging 
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INTRODUCTION 
 
In the agricultural industry, crop farmers are facing the problem of how to 
successfully manage price risk. Literature suggests that focusing on effective risk 
management strategies can help farmers with a better planning approach, 
contributing to an increased sense of security and farmer welfare [1]. Unpredictable 
circumstances, financial pressure and uncertainty about the future are significant 
stressors for farmers worldwide [2]. In South Africa, farmers barely recovered from 
the worst drought recorded in 30 years [3] when La Nina’s rains caused flooding 
and a call was made for a national state of disaster towards the end of 2021 [4]. 
Amidst navigating through such stressors, farmers must plan efficiently and 
operate viable businesses [1]. Literature indicates that hedging is a sound 
approach to protect farmers against business risk, unpredictable events as well as 
price fluctuations [5]. Some studies suggest that profit margin hedging as a price 
risk management strategy could effectively determine the time to sell crops [6]. In a 
study among dairy farmers, profit margin hedging especially assisted in 
maintaining viable businesses [7]. Literature indicates that other industries, such as 
pig farming [8], the dairy industry [9] and cattle feedlots [10], are utilizing profit 
margin hedging strategies to manage their business risks. Similarly, in the milling 
industry, maize or wheat price are fixed while the miller has a forward contract on 
the supply of maize or flour [11]. The same applies to the soybean crushing 
industry, which is famous for locking in the crushing margins [12].  
 
Although these studies apply profit margin hedging as strategy in other agricultural 
sectors, no such studies could be found in the crop production sector where profit 
margin hedging has been modelled and tested in practice. This study aimed to 
suggest a solution for the price risk management problem in the crop production 
sector by providing evidence of the effectiveness of using a novel profit margin 
hedging (PMH) model. The following research objectives flow from the introduction: 
• To determine whether a new profit margin hedging (PMH) model using put 

options as a pre-harvest strategy will significantly outperform the profit of the 
control group; and 

• To determine whether a new profit margin hedging (PMH) model, without using 
put options as a pre-harvest strategy, will significantly outperform the profit of 
the control group. 

 
Farmers risk most of their working capital producing crops in the agricultural sector, 
often making emotional decisions [13]. Various publications report the risks 
inherently involved with crop farming and the possibility of experiencing loss as a 
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farmer [2]. It is essential to consider why crop farmers do price risk management, 
namely, to fulfil the end-values of security and operating a viable and competitive 
business [1]. A combination of risk management strategies [13] is often utilised to 
manage risks in farming, such as production management, income risk 
management and price risk management [14].  
 
Since the onset of financial markets, hedging has been proposed as the primary 
risk management tool for farming businesses [15]. Hedging is defined as a strategy 
intended to lessen investment risk using put options or futures contracts [15]. 
Hedging involves locking in profits with the purpose of reducing the volatility of a 
portfolio by reducing the risk of loss [7]. 
 
Kee and Kenyon [8] indicate that “profit margin hedging is the simultaneous 
hedging of inputs and outputs of a production process”. In a study profit margin 
hedging gave the highest expected utility to producers, and it was important to 
manage yield risk in the pre-harvest phase of a season [16].  
 
Proactive marketing plans are essential for crop production. Literature suggests 
different elements that should be included in a crop marketing plan, such as 
financial goals, cashflow needs, price objectives, storage capacity, anticipated 
production and capacity to take a risk [17]. An environment with many risks can 
easily lead to emotional decisions. A solid crop marketing plan should not only lead 
to better decision-making, but also assists in managing and reducing emotions that 
are often obstacles in the way of good decision making [17]. Crop marketing plans 
should be flexible enough to accommodate the unique needs of farmers, as well as 
prioritise their geographic characteristics, cost structure, production potential and 
risk propensity [18]. Addressing uniqueness is a common theme for both the 
concepts ‘crop marketing plan’ and ‘profit margin hedging’ and therefore these 
approaches should be incorporated into the basic design template of a crop price 
risk management platform. A basic design template should include a grouping of 
all the relevant variables, such as tested in the current study. 
 
Currently, there is a gap in the literature of research failing to provide an effective 
plan to combine the various components into an effective crop risk management 
strategy. It is also evident that a gap in practice exists where all the components 
identified in the literature are combined into a working model to do better price risk 
management on a daily basis. Consequently, this study aimed to test the 
performance of such a model. 
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MATERIALS AND METHODS 
 
The study was conducted in the Free State Province in South Africa. Ethics 
approval was received from the Ethics Committee of the Faculty of Economic and 
Management Sciences with approval number NWU-01270-21-A4 for the study. 
Data of eight consecutive seasons of a group of 10 farmers were supplied by a 
bureau service. The data were anonymous and in the form of the averages for 
each season for the crop white maize. The open-source software suite Jamovi 
1.0.7.0 was used to analyse the data [19]. Yuen’s test was conducted to determine 
the significance of the results and effect size for the difference in the means [20]. 
Robust tests, such as Yuen’s test, were recommended as an alternative solution 
for t-tests rather than using the non-parametric tests. In the case of this study, 
bootstrapping was used, which remains a powerful method, particularly for the 
small sample sized data, as was the case in this study. 
 
Model description 
The profit margin hedging (PMH) model that was tested in this study integrates the 
components of crop price risk management, as identified in the literature, into a 
platform. The new PMH model consists of three sections: 1) a crop marketing plan, 
2) marketing cycles and 3) an algorithm. A crop marketing plan [17, 18] defines all 
the variables of each season, for example “break-even cost”. The variables of each 
season in the crop marketing plans are updated when change occurs during a 
season, and as one of the variables, it is also important that every season’s basis 
should be regularly updated and the profit recalculated [17].  
 
An important factor determining the success in crop marketing plans is human 
capital [21]. By having experts joining their crop marketing teams, smaller and 
emerging farmers can reduce the cost of learning how to use derivative tools and 
improve their crop marketing plans [18].  
 
A crop marketing plan consists of marketing cycles [22-24]: A marketing cycle 
constituted the time a user needed to sell a certain percentage of a season’s total 
harvest when the profit goals were reached.  
 
In each marketing cycle, an algorithm using profit margin hedging [6,8,16] as its 
core logic mechanism, continuously calculated profitability as the live market price 
and other variables of a crop marketing plan changed during a marketing cycle. In 
the process, suggested transactions were generated for the uncertain (pre-harvest) 
[17, 25] and certain (post-harvest) [17] phases of a season’s crop marketing plan. 
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This price risk management strategy for crop farmers therefore suggests selling 
some of their crop when the current futures price (adjusted for basis risk and 
commissions) is equal to or higher than their crop marketing plan’s lowest profit 
goal [7]. 
 
Literature suggests that a pre-harvest strategy is not complicated if the basic 
assumptions such as break-even cost, planned harvest yield and the correct crop 
marketing tools are realistic [25]. There is a clear need to guide crop farmers to 
identify the marketing tools to be used in making hedging decisions [21]. In 
addition, using the correct crop marketing tools, such as put options, in the pre-
harvest period is advisable. This can be left to expire if the market price rises 
above its strike price, or if the final harvest yield is lower than the planned harvest 
yield and all the contracts cannot be honoured. Hedging in the pre-harvest phase 
of a season is important because it increases the profitable crop pricing 
opportunities of farmers [17]. Studies on South African rainfall patterns suggested 
that the average harvest yields of the previous ten years (seasons) should be used 
as planned harvest yield for the pre-harvest strategy, thereby addressing the 
problem of uncertain harvest yields. Using a time period shorter than 10 years to 
calculate a planned harvest yield can be erroneous since it may include only a wet 
or a dry cycle, contributing to uncertainty [26]. The problem with using the correct 
planned harvest yield was also identified in other studies [16,17], indicating that 
adding yield risk reduces the advantage of profit margin hedging. 
 
A crop marketing plan should have clear exit strategies and clear criteria for quick 
and easy decision-making stating how much and at what price transactions must 
be done. Thereby allowing crop farmers to make instant decisions on specific 
criteria as to when to sell or hold. When calculating an exit strategy during the 
post-harvest phase of a season, it is vital to account for the storage costs of a crop, 
thereby avoiding holding a crop in storage for too long [17]. A simulation algorithm 
can help farmers to better understand the practical applications of forward pricing.  
 
A study on position sizing showed that it was advisable not to risk (hedge) more 
than 6% on average of the total harvest of a season when a season’s profit goal 
was met [24]. The implication is that this principle divides a marketing season over 
many decision-making events, distributing the risk.  
 
Literature emphasises the importance of focusing on the desired profit goal in a 
crop marketing plan [27]. Selling above a target price is shown to be an optimal 
strategy under a highly restricted target utility function where a producer has the 
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same level of risk preferences above and below the target [23]. The new PMH 
model used in this study calculated a net profit based on the live market price by 
taking variables such as break-even cost, harvest yield and profit goals of a crop 
marketing plan into account [7]. A large body of evidence exists that shows the 
impressive ability of live financial markets to predict financial events of all types 
[28, 29]. It meant that crop pricing decisions were based on each farm’s unique 
circumstances and risk propensity and linking it to a live futures market added to 
the accuracy of decisions [18].  
 
RESULTS AND DISCUSSION 
 
For this study, the production seasons of the control group and the new PMH 
model started on 1 September. Seasons ended when the total harvest was sold, 
and the new PMH model used the same area seeded of 500 hectares for each of 
the seasons in the study. The commodity used was the crop white maize (WMAZ) 
as it was traded on the Johannesburg Stock Exchange (JSE) Agricultural 
Derivatives Market [29]. The standard grading of the crop was WM1, and a 
standard contract size was 100 tons. The daily closing prices of the July contract 
month on the JSE were used [29]. July was chosen because it was seen as the 
price risk month when the harvesting processes of the control group were 
completed. On approximately the 20th of July of each season, the July contract 
month expired and then the planned harvest yields of the new PMH model were 
also changed to reflect the final harvest yields of the control group. When the total 
harvest for a season on the new PMH model was not yet sold by the end of July, 
the daily closing prices of the next contract month were used until the crop was 
fully sold. Marketing seasons were divided into marketing cycles of a week [22, 24], 
and this was the period allowed to do transactions when the model’s profit goals 
were reached [23, 27]. Marketing cycles started on Mondays and ended on 
Sundays, with the trading days Mondays to Fridays.  
 
To keep the new PMH model as authentic as possible, the simulation algorithm 
was allowed to run its course. With one exception, no user intervention was 
allowed. The only intervention was due to the severe adverse conditions 
experienced during the 2014/15 and 2015/16 seasons, which was accounted for by 
lowering the planned harvest yields of the new PMH model by a further 20% from 
the dates that the events occurred. The transactions concluded by the simulation 
were all done on the closing prices of marketing cycles, which were on Fridays. 
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The planned harvest yield for each season was calculated by using the average 
final harvest yields of the control group for the ten preceding seasons (Table 1). 
For example, to calculate the planned harvest yield of the 2013/14 season, the 
averages of the final harvest yields from the control group for the previous ten 
seasons 2003/04 to 2012/13 were used.  
 
The ideal profit goal of 30%/ha for the 2013/14 season was the average net profits 
of the control group for the previous five seasons 2008/09 to 2012/13. The position 
sizing [24] at the ideal profit goal was set at 5% of the total harvest, which had to 
be sold in the week when the ideal profit goal was reached. The lowest profit goal 
was set at 33% below the ideal profit goal and amounted to 20%/ha. This was the 
profit level where the model started doing transactions. The position sizing at the 
lowest profit goal was set at 1% of the total harvest. The lowest and ideal profit 
goals were kept the same throughout the study period (Table 1).  
 
When seasons started, the deliverable harvest was set at 0% [21, 30]. When 
harvesting started, it was increased to 25%, being the percentage of the total 
expected harvest of which delivery can be guaranteed to buyers. On completion of 
the harvest, it was made 100%, meaning that the total harvest (date, grade and 
quantity) can be guaranteed to buyers.  
 
For this study the hedging instruments used during the uncertain pre-harvest 
phases of seasons were at the money put options. The Black-Scholes Option 
Pricing Formula was used to calculate the weekly average cost of the money put 
options on the JSE daily closing prices. This average cost was then used when 
buying at the money put options in the following week. The certain harvest 
marketing instrument used to sell the crop was fixed priced contracts. It was for 
that part of the season when delivery (date, grade and quantity) could be 
guaranteed to buyers.  
 
Other inputs used by the new PMH model were the location differentials (similar 
geographic area to the control group), handling fee and storage cost for every 
season in the study (Table 2).  
 
The total break-even costs for each season of the control group included their 
directly attributable costs, overhead costs, as well as foreign factor costs such as 
interest, leases and management (Table 3). It did not include the owners’ salaries. 
Before using the total break-even cost in the new PMH model, the marketing and 
storage costs of the control group were first subtracted. This was done because 
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the simulation algorithm of the new PMH model calculated its own marketing and 
storage costs to arrive at its net profit. 
 
As stated in the research objectives, two approaches were compared to the control 
group, namely a simulation of the new PMH model with the use of put options as a 
pre-harvest strategy, and a simulation of the new PMH model without the use of 
put options as a pre-harvest strategy. 
 
When not using a put option pre-harvest strategy, it took on average two months 
longer to complete a season’s marketing (Table 4). The new PMH model using a 
put option pre-harvest strategy generated an average net profit of 41%/ha. The 
model not using the put option pre-harvest strategy generated an average net 
profit of 47%/ha (Table 4). These were substantial performances compared to the 
average of 22%/ha of the control group (Table 3). There was also a stabilising 
effect; while the new PMH model outperformed its ideal profit goal of 30%/Ha as 
stated, the average net profit of the control group decreased from its 30%/ha over 
the previous five seasons (Table 1), to 22%/ha over the study period (Table 3). 
 
It must be considered that some farmers could have started selling their old 
harvests in time to finance the costs of their new seasons. It is possible that the 
control group was under cashflow pressure to sell their harvests earlier than the 
new PMH model had to, since cashflow is essential. The new PMH model had 
already sold on average 48% of its total harvest at harvest completion when using 
a put option pre-harvest strategy, and 25% when not using a put option pre-harvest 
strategy. Respectively 73% and 67% of total harvests were sold four months after 
the harvests were completed (Figure 1). (This information was not available from 
the control group.)  
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Figure 1: Average percentage of total harvest sold by the new PMH model 
 
Descriptive statistics 
Figure 2 shows the net profit comparison of the new PMH model to the control 
group from Tables 3 and 4. 
  

 
Figure 2: Net profit comparison of the new PMH model to the control group 
 
Over eight consecutive seasons (2013/14 to 2020/21), the anonymous control 
group was profitable with an average net profit above break-even cost of R1 981 
(Figure 2), and in two of the eight seasons (2014/15 and 2015/16), the anonymous 
control group reported losses. In comparison, with the new PMH model using put 
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options as a pre-harvest strategy, the model generated an average net profit above 
break-even cost of R3 697 (Figure 2), outperforming the control group on average 
by R1 716 or 87% per hectare per season. With the new PMH model not using put 
options as a pre-harvest strategy, the model had an average net profit above 
break-even cost of R4 185 (Figure 2), outperforming the control group on average 
by R2 204 or 111% per hectare per season. Neither of the two new PMH model 
approaches reported any losses.  
 
Independent sample t-tests 
In the next section the robust descriptive statistics are specified (Table 5), and the 
statistical significance of the profitability was calculated using robust independent 
sample t-tests (Tables 6 and 7). The interpretation rule as for Cohen’s d was used, 
namely d-values of 0.2, 0.5 and 0.8 correspond to small, medium and large effect 
sizes, respectively, which show the effect sizes (ξ) (for trimming levels on 0.00). 
The M-estimator was reported from Yuen’s t-test. M-estimators determined outliers 
and applied adjustments for it. This held several advantages for the reporting of the 
data, such as down-weight rather than exclude observations and avoiding over- or 
under-trimming the data [20].  
 
The results of the new PMH model with the use of put options as a pre-harvest 
strategy were compared to the control group (Table 6). The findings from Yuen’s  
t-test indicated that the new PMH model (with the use of put options) performed 
statistically significantly better than the control group. Considering that the sample 
size was relatively small, it was acceptable to consider significance at p < 0.10, a 
medium effect size was reported (p = 0.093; ξ = 0.566).  
 
The results from the new PMH model without the use of put options as a pre-
harvest strategy were compared to the control group (Table 7). The findings from 
Yuen’s t-test indicated that the new PMH model (without the use of put options) 
performed statistically significantly better than the control group with p < 0.01, and 
close to a large effect size (p = 0.003; ξ = 0.741) was reported.  
 
In the 2014/15 and 2015/16 seasons the impact of adverse weather conditions on 
the planned harvest yields (Table 1) were more severe than expected. The 
planned harvest yields were lowered by 20% to compensate for the adverse 
events, but the final harvest yields (Table 3) were eventually lower than the 20% 
downward compensation of the planned harvest yields. For the model using put 
options as a pre-harvest strategy, this resulted in a lower profitability than expected 
for the two seasons (Figure 2). These events were good illustrations of the 
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importance of conservative estimations of pre-harvest yields. Adding unnecessary 
yield risk reduced the advantage of profit margin hedging [16,17]. Even though put 
options were expensive to use, not conservatively estimating the pre-harvest yields 
in the 2014/15 and 2015/16 seasons were one of the main reasons why the model 
using put options as a pre-harvest strategy, was less profitable than the model not 
using put options as a pre-harvest strategy. The model using put options as a pre-
harvest strategy had the benefit of longer marketing periods with more profitable 
hedging opportunities, from a price risk management perspective this made it a 
more sound approach. Put options are practical risk management tools, even 
though no guarantees can be given. Whether themselves or with support, it is 
advisable that farmers should at least try to trade an option [33].  
 
CONCLUSION 
 
The study found both a significant improvement in profitability and a stabilising 
effect when using a profit margin hedging approach. Integrating the components of 
crop price risk management into a platform allows a crop farmer to make more 
informed decisions on a daily basis. This approach assists farmers in maintaining a 
more profitable and viable business, especially amid the inherent risks in the 
agricultural environment. This study showed that crop farmers should have their 
crop marketing plans tailored to fit the unique circumstances of their farms.  
 
The results of this study are valuable to crop farmers, traders, financiers and all 
other parties involved in the crop production supply chain. Crop farmers cultivating 
a large variety of crops, even in countries outside South Africa, commercial 
farming, and emerging operations, may benefit from applying the new PMH model. 
It is expected that with time and a larger sample, an even more evident effect could 
be expected. 
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Table 1: Calculation of the planned harvest yields and the profit goals 
Variables 2013 /14 2014/15 2015/16 2016/17 2017/18 2018/19 2019/20 2020/21 
Planned harvest yields (Ton per hectare) 4.90 5.03 4.89 4.76 4.88 4.91 4.83 4.92 
Ideal profit goal (%/ha) 30% 30% 30% 30% 30% 30% 30% 30% 
Lowest profit goal (%/ha) 20% 20% 20% 20% 20% 20% 20% 20% 

 
 
Table 2: Seasonal costs (Rand per ton excluding VAT)  
Variables 2013/14 2014/15 2015/16 2016/17 2017/18 2018/19 2019/20 2020/21 
Location differential on 200 km (rand per ton) 201.29* 211.88 197.06 193.53 209.18 221.29 238.00 243.65 
Handling fee (rand per ton) 39.75 43.00 41.85* 45.00 48.00 54.57 57.03 62.37 
Location differential + handling (rand per ton) 241.04 254.88 238.91 238.53 257.18 275.86 295.03 306.02 
Daily storage costs (rand per ton per day) 0.59 0.64 0.66* 0.71 0.76 0.86 0.91 0.98 

Source: [29, 32] *Estimated values where values were not available 
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Table 3: Data from the control group  
Variables 2013/14 2014/15 2015/16 2016/17 2017/18 2018/19 2019/20 2020/21    AV 
Net profit above 
total break-even 
cost (R/ha) 

3154 -134 -984 1588 1956 1251 4874 4142 1981 

Net profit % above 
total break-even 
cost (%/ha) 

42% -2% -12% 18% 22% 13% 49% 42% 22% 

Final harvest yield 
(Ton/ha) 6.10 3.10 2.90 6.30 5.90 4.90 6.40 5.60 5.15 

Total break-even 
cost (R/ha) 7586 7960 8385 8593 8882 9328 9908 9980 8828 

(-) Crop marketing 
and storage costs 
(R/ha) 

81 85 90 80 82 76 79 141 89 

(=) Total break-even 
cost for new PMH 
model input (R/ha) 

7505 7875 8295 8513 8800 9252 9829 9839 8739 

Average area 
seeded (ha) 1543 1372 412 1054 1254 1687 1372 1547 1280 
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Table 4: Results from the new PMH model 

Variables Model 2013/14 2014/15 2015/16 2016/17 2017/18 2018/19 2019/20 2020/21 AV 
Net profit 
above break-
even (R/ha) 

With Put 3465 2451 798 4231 3011 2800 7518 5303 3697 

Without Put 3457 3316 3798 3438 3011 3078 7518 5864 4185 
Net profit % 
above break-
even cost 
(%/ha) 

With Put 46% 31% 10% 50% 34% 30% 76% 54% 41% 

Without Put 46% 42% 46% 40% 34% 33% 76% 60% 47% 

Marketing 
completion 
date 

With Put 01Mar 
2015 

31Jan 
2016 

31Jul 
2016 

17Mar 
2019 

16Dec 
2018 

04Aug 
2019 

18Oct 
2020 

15Aug 
2021 - 

Without Put 15Mar 
2015 

14Feb 
2016 

04Dec 
2016 

14Jul 
2019 

16Dec 
2018 

26Jan 
2020 

18Oct 
2020 

03Oct 
2021 - 

Marketing 
completion 
after harvest 
(months) 

With Put 7 6 0 20 5 13 3 1 7 

Without Put 8 7 4 24 5 18 3 2 9 
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Table 5: Robust Descriptives 

Value Group Mean SE 
Profit with put 
options 

Control 1981 712 
Model 3697 717 

Profit without put 
options 

Control 1981 712 
Model 4185 575 

 

Table 6: Robust independent sample t-test with put options 

Value  t df P ξ 

Profit with 
put options 

Yuen’s test 1.70 14.0 0.111 0.566 
Yuen’s 
bootstrapped 

-1.70  0.116  

M-estimator* -1716  0.093  
Note: *Mean estimator used; For bootstrapping 1 000 draws were used 

 

Table 7: Robust independent sample t-test without the use of put options 

Value  T df P ξ 

Profit 
without put 
options 

Yuen’s test 2.41 13.4 0.031 0.741 
Yuen’s 
bootstrapped 

-2.41  0.039  

M-estimator* -2204  0.003  
Note: *Mean estimator used; For bootstrapping 1 000 draws were used 
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