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Abstract

:

The physicochemical properties of petroleum products in commercial transactions are crucial for quality control in the oil and gas industry. However, different laboratories often produce slightly different measurement results. These variations can be significant when approving or rejecting properties based on regulatory agency and environmental body specifications. A simple arithmetic average is typically used to determine the most probable value in disputes. This study proposed using a Data Reconciliation approach to address the disparity between the projected model and empirical data. An objective function was employed to optimize and evaluate parameters using maximum likelihood estimation, considering the experimental uncertainty values. This study found that the flash point of jet fuel, as determined by the Tag Closed Cup Tester, was within the specified range (maximum of 40 °C). The application of this tool resolved a dispute between a supplier and a customer, as the reconciled value with minimized uncertainty was determined to be 37.5 ± 2.0 °C. Additionally, the study utilized experimental results from 12 accredited laboratories to determine a single reconciled value for the final boiling point of gasoline. Despite the varying experimental uncertainties ranging from 6.0 °C to 13 °C, the reconciled uncertainty was minimized to 2.6 °C. The last case study identified that ASTM D4294 was incompatible with other test methods for evaluating the mass fraction in diesel oil. In this manner, Data Reconciliation enhanced the accuracy and effectively reduced measurement uncertainties, rendering it a potent tool for resolving legal disputes when evaluating the compliance of the physicochemical properties of petroleum products in commercial transactions.
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1. Introduction


In recent decades, the global community has expressed increasing concern about the growing number of pollutants emitted from the combustion of automotive fuels. The incomplete combustion of these fuels, which can result from engine malfunctions or the use of low-quality fuel, is a significant contributor to the generation of harmful pollutants that pose risks to the environment and human health.



To ensure that automotive fuels meet appropriate quality standards, they must adhere to various legal requirements, including limits on the sulfur content, flash point, boiling point, and other quality parameters.



During fuel combustion, sulfur combines with oxygen to form sulfur dioxide, which is released into the atmosphere along with carbon monoxide, carbon dioxide, and nitrogen oxides.



Sulfur dioxide is a highly polluting substance that poses significant environmental and human health risks. The inhalation of sulfur dioxide can irritate the respiratory tract and contribute to the development or exacerbation of cardiovascular and respiratory diseases and cancer. Additionally, when sulfur dioxide interacts with water in the atmosphere, it forms sulfuric acid, the primary contributor to acid rain. Acid rain leads to environmental devastation, including the death of trees, changes in the pH of rivers and lakes, and soil contamination [1,2,3].



Generally, the oil and gas industry optimizes its processes to produce fuels with a mass fraction of sulfur that closely aligns with the specified requirements. This optimization necessitates meticulous decision-making when assessing the compliance with current legislation regarding potential environmental and human health harm. This rigorous approach ensures that the industry operates according to environmental regulations and prioritizes the well-being of the environment and human beings.



Other quality and safety parameters inherent to fuels’ physical and chemical properties, such as the flash and boiling points, must also be carefully monitored and controlled. These parameters can impact human safety and must be within specified limits to ensure the safe handling and use of fuels.



The flash point of jet fuel refers to the minimum temperature at which it can ignite when exposed to an open flame. Jet fuel with a low flash point poses a significant fire hazard, as it has the potential for spontaneous ignition and explosion. This feature underscores the importance of ensuring that jet fuel has a sufficiently high flash point to mitigate the risk of fires [4].



The final boiling point of gasoline is the highest temperature reached during its distillation process. Variations in the distillation characteristics of gasoline can significantly impact various aspects of automotive performance, including engine start, acceleration, and the dilution of lubricant oil. Furthermore, these variations can also influence the fuel required during combustion. Significantly, a decrease in the final boiling point of gasoline leads to a decrease in the presence of heavier fuel components within the engine. This behavior indirectly contributes to a decrease in the production of pollutants during fuel combustion [5,6].



Measurements of commercial petroleum products are carried out to determine whether they meet specifications. Specifications can be related to legal compliance, commercial requirements, or internal quality control [7].



In the real world, measurements of the same attribute in a particular sample using different test methods often yield slightly different results. As a result, test methods typically discuss result precision. This variability measure indicates the reliability of the measured property value. Often, challenges in interpreting specifications arise from the inherent imprecision in testing.



Hence, it is not possible to determine a property’s exact value; instead, we must rely on measured values to estimate the likely range in which the “true value” may exist. Data Reconciliation (DR) is a powerful tool that addresses this issue. Process measurements are generally subject to random or systematic errors, often violating conservation laws [8,9].



DR in steady-state systems is an important process used in many industries to improve the accuracy and reliability of information collected from systems operating in equilibrium. In a steady-state system, variables such as flow, temperature, and pressure remain constant over time. Data from sensors and instruments may contain errors due to calibration issues or external conditions. The goal of reconciliation is to correct these errors so that the data are more accurate and useful for decision-making.



The reconciliation process involves several steps. First, a mathematical model based on physical principles must be developed to describe the relationship between the process variables. Next, measurement data are collected from different sources, such as flow meters and sensors. From these data, statistical methods are used to estimate the true values of the variables, minimizing the differences between the measured data and those predicted by the model.



After this estimation, it is essential to analyze the differences (residuals) to identify measurement errors or anomalies. Based on this analysis, the measured values are adjusted to reflect the reconciled estimates. The corrected data are then checked against known standards or additional measurements to validate their accuracy. Finally, the reconciled data are presented clearly, including the adjustments made and their implications for system performance.



The benefits of DR are significant. Increased accuracy results in more reliable data, improving system representation. In addition, data quality leads to more efficient operation control, optimizing resource allocation and reducing waste. Reliable data also increase the confidence in analysis and reporting, facilitating better decisions. Finally, the reconciliation process can reveal issues that need attention, driving continuous improvement.



In summary, DR in steady-state systems is essential to ensuring accurate and reliable data in industries such as chemical processing, oil and gas, and manufacturing. Organizations can improve their operations and achieve better results by correcting measurement errors and validating information.



On the other hand, DR in dynamic systems also involves validating consistency and completeness but focuses on information in constantly changing environments, such as monitoring platforms and databases that receive input in real time. In this context, reconciliation is essential to ensure data accuracy in operations.



DR was chosen over other filtering techniques because it utilizes process model constraints, such as the degree of statistical dependence between variables, to obtain estimates of process variables. These estimates are obtained by adjusting process measurements to satisfy the constraints.



DR improves the measurement accuracy by reducing random errors and leveraging redundant information from the system. Reconciled estimates are more accurate than experimental estimates, as DR exploits the redundancy property of measurements to minimize errors through weighted least squares optimization [10].



The reconciliation algorithms use multiple redundant measurements in experiments, which are multiple measurements that provide essentially the same information,     m   i   e    , to achieve a unique reconciled value, a reconciled measurement,     m   c    , that better represents the population. On the other hand, the measurement uncertainty, that is, the variability associated with a measurement, is minimized, and is represented as     u     m   c       [11].



The typical procedure for implementing DR involves the following steps: (i) Definition of the reference model, i.e., a common structure and understanding of a specific system. In this step, it is assumed that the mathematical model is ideal, free from gross or systematic errors, mistakes, or inaccuracies in measurements, and follows a normal distribution. It also assumes independence between the measurements [12]. An objective function,     F   o b   ,   describes it, that is, the disparity between the projected model and empirical data. (ii) The objective function, a mathematical function that measures the performance of a solution in optimization or decision-making problems, is optimized by formulating it as a multivariate Gaussian distribution, considering the experimental variances weighted by the measurement uncertainty. During this step, the goal is to minimize or maximize the probability of obtaining experimental measurements within the defined criteria. (iii) Evaluate the parameters [13] by maximum likelihood estimation (MLE), a statistical method used to find the best values for the parameters of a model. See Figure 1.



DR has been utilized in various industrial applications, specifically in energy. These include proposals for potential modifications of data validation and reconciliation methods to enhance the accuracy of the emission characteristics of fuel co-combustion processes [14], the presentation of a data processing framework for industrial process decision-making based on operating regimes [15], and the control of unaccounted-for gas in natural gas pipelines [16].



Additionally, studies are being conducted on the simulation of mixed alcohol synthesis [17], the techno-economic analysis of a CO2 capture process [18], and the forecasting of wind power for the next day [19]. These research efforts aim to improve the understanding and optimization of various industrial processes.



Furthermore, investigations are being conducted into analyzing aero engine measurement data [20] and optimizing production processes [21]. These studies focus on enhancing efficiency and performance in specific sectors.



Other areas of research include the control of thermal processes [22], the detection of anomalies in multiphase allocation systems [23], and the monitoring of industrial petrochemical plants [24]. These endeavors contribute to developing advanced monitoring and control techniques in industrial settings.



Moreover, there have been reviews that specifically examine problems related to chemical reactors [25] and explore the applications of DR (Data Reconciliation) in Analytical Chemistry [26]. These reviews provide insights into specific domains and offer potential solutions to existing challenges.



Lastly, research has been conducted on the connection of DR with the guard band concept in evaluating the conformity of fuel products [27,28], as well as the identification and treatment of outliers [29]. These studies address important aspects of data analysis and quality control.



The mentioned research efforts cover many topics, from process optimization and control to data analysis and anomaly detection. They enhance the efficiency, accuracy, and decision-making capabilities in various industrial sectors. Although DR is frequently used in engineering processes, it is rarely applied to Analytical Chemistry applications.



The objective of this study was to explore this topic as a pragmatic and applicable parameter for assessing disputes concerning the marketing of petroleum products.




2. Methodology


First, DR general statistics are presented, considering linear steady-state systems, and then, a detailed DR-specific mathematical model is detailed to be applied here.



2.1. Data Reconciliation General Statistics


The multivariate Gaussian distribution is the recommended multidimensional model for describing variations in this type of experimental data. The probability density function P(X) of this distribution, with a diagonal covariance matrix V, is given by


  P   X   =    1           2 π     N     det  ⁡  V         1   2          exp  ⁡    −    1   2        X − μ     T     V   − 1     X − μ        



(1)







With the following parameters:


   X =        X   1         X   2       ⋮       X   N            μ =        μ   1         μ   2       ⋮       μ   N            V =        σ   1   2       σ   12   2     ⋯     σ   1 N   2         σ   21   2       σ   2   2     ⋯     σ   2 N   2       ⋮   ⋮   ⋱   ⋮       σ   N 1   2       σ   N 2   2     ⋯     σ   N   2          











    σ   i   2     are the variability measures of the diagonal matrix of variance, V.



The reliable region of the P(X) for N points can be determined when


  P   X   = constant =     X − μ     T     V   − 1     X − μ    



(2)







If only random errors are considered, the experimental data     X    or      Z   e       and reconciled data     μ    or      Z   c       must solely be attributed to the experimental uncertainties, as follows:


  Error = ε =     Z   e   −   Z   c      



(3)







Substituting Equation (3) in Equation (1), we obtain


  P   X   =    1           2 π     N     det  ⁡  V         1   2          exp  ⁡    −    1   2        ε     T     V   − 1     ε        



(4)






  P   ε   = P (   Z   e   −   Z   c   )  



(5)







Replacing Equation (5) in Equation (4), we obtain


  P   X   =    1           2 π     N     det  ⁡  V         1   2          e x p   −    1   2          Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c                                              



(6)







  P     Z   e       must be the maximum, as follows:


    max  ⁡    P     Z   e   −   Z   c         =   F   o b   =   max  ⁡       1           2 π     N     det  ⁡  V         1   2          exp  ⁡    −    1   2          Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c              



(7)







Considering that applying the natural logarithm to a value and then applying the exponential function to the result yields the original value, Equation (7) becomes Equation (8):


    F   o b   =   max  ⁡      ln  ⁡     1           2 π     N     det  ⁡  V         1   2            −    1   2          Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c            



(8)






    F   o b   =   max  ⁡    −    1   2          Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c          



(9)




as the derivative of constants is always zero.


    F   o b   =   max  ⁡    −       Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c          



(10)







Maximizing a negative function is the same as minimizing a positive function, so Equation (7) becomes Equation (8):


    F   o b   =   min  ⁡          Z   e   −   Z   c       T     V   − 1       Z   e   −   Z   c          



(11)








2.2. Detailing Data Reconciliation to a Singular Mathematical Model


Considering the basic mathematical model,     m   1   c   =   m   2   c   = ⋯ =   m   N   c    , which may be useful for applications related to the assessment of conformity of physical–chemical properties, the reconciliation of N outcomes of the same quantity is performed as follows:


     Z   e   =        m   1   e         m   2   e       ⋮       m   N   e              Z   c   =        m   1   c   =   m   c         m   2   c   =   m   c       ⋮       m   N   c   =   m   c        =        m   c         m   c       ⋮       m   c              Z   e   −   Z   c   =        m   1   e   −   m   c         m   2   e   −   m   c       ⋮       m   N   e   −   m   c          











If the quantities are not correlated themselves, Equation (11) assumes the following:


    F   o b   =   min  ⁡                 m   1   e   −   m   c         m   2   e   −   m   c       ⋮       m   N   e   −   m   c          T            σ   1   2     0   ⋯   0     0     σ   2   2     ⋯   0     ⋮   ⋮   ⋱   ⋮     0   0   ⋯     σ   N   2          − 1          m   1   e   −   m   c         m   2   e   −   m   c       ⋮       m   N   e   −   m   c                 



(12)







The inverse of a matrix is a special matrix that “undoes” the effects of the original matrix.


    F   o b   =   min  ⁡               m   1   e   −   m   c       m   2   e   −   m   c     ⋯     m   N   e   −   m   c                  1     σ   1   2        0   ⋯   0     0      1     σ   2   2        ⋯   0     ⋮   ⋮   ⋱   ⋮     0   0   ⋯      1     σ   N   2                    m   1   e   −   m   c         m   2   e   −   m   c       ⋮       m   N   e   −   m   c                 



(13)







The objective function can be represented as follows:


    F   o b   =   min  ⁡             m   1   e   −   m   c       2       σ   1   2      +          m   2   e   −   m   c       2       σ   2   2      + ⋯ +          m   N   e   −   m   c       2       σ   N   2           



(14)






     ∂   F   o b     ∂   m   c      =   min  ⁡    F   o b     =          − 2     m   1   e   −   m   c         σ   1   2      −          2     m   2   e   −   m   c         σ   2   2      − ⋯       −    2     m   N   e   −   m   c         σ   N   2            = 0  



(15)






    m   c   =        m   1   e       σ   1   2     +     m   2   e       σ   2   2     + ⋯ +     m   N   e       σ   N   2         1     σ   1   2     +   1     σ   2   2     + ⋯ +   1     σ   N   2         



(16)






    m   c   =     ∑      m   i   e       σ   i   2          ∑    1     σ   i   2           



(17)







Thereby, the standard uncertainty, based on GUM [30], is as follows:


        u     m   c     2   =          1     σ   1   2         1     σ   1   2     +   1     σ   2   2     + ⋯ +   1     σ   N   2        ×   u     m   1   e         2   +          1     σ   2   2         1     σ   1   2     +   1     σ   2   2     + ⋯ +   1     σ   N   2        ×   u     m   2   e         2   + ⋯       +          1     σ   N   2         1     σ   1   2     +   1     σ   2   2     + ⋯ +   1     σ   N   2        ×   u     m   N   e         2        



(18)







Equation (18) becomes Equation (19) when     σ   i   2     is assumed to be equal to     u     m   i     2     for i = 1, 2, …, N.


    u     m   c     =     1    ∑    1     σ   i   2            



(19)









3. Results and Discussion


This study discussed three distinct applications using DR methodology related to petroleum derivatives: (i) disputes related to a supplier and customer regarding the flash point measured by the Tag Closed Cup Tester in jet fuel [31]; (ii) an interlaboratory study applied to the final boiling point of gasoline [32]; and (iii) the comparison of three test methods for determining the mass fraction of sulfur in diesel oil [33,34,35].



The experimental part of this study was conducted in the first half of 2024, and all the instruments were calibrated.



3.1. Case Study 1: Dispute Between Supplier and Customer


Suppose the maximum flash point value allowed for jet fuel in Brazil is assumed to be 40.0 °C, based on real data from the Brazilian oil and gas industry provided in Table 1. Is it possible to commercialize this product?



Table 1 contains the flash points and their respective expanded uncertainties for the supplier and customer for this evaluation.



This case study is a typical dispute scenario within the oil and gas industry. The supplier’s results indicate that the product meets the specifications, while the customer’s results suggest that it does not.



Mathematical model:     m   1   c   =   m   2   c    



Reconciled value: From Equations (17) and (19), applying the DR technique, it is noticed that the flash point measured by Tag Closed Cup Tester is clearly beyond the specified limits; thus, the reconciled value,     m   c     = 37.5 °C, and its minimized uncertainty,     U     m   c       = 2.0 °C, that is, 35.5 °C to 39.5 °C, fall below the allowable maximum limit, which is 40.0 °C.


        m   c   =      36.0     2.5   2     +   40.5     3.5   2         1     2.5   2     +   1     3.5   2        = 37.5   ° C         U     m   c     =     1     1     2.5   2     +   1     3.5   2         = 2.0   ° C      











In this specific case, it was noticed that the significant advantage of utilizing this approach has a negative impact on the arithmetic average and expanded uncertainty, as it is widely employed today. Considering the supplier result as 36.0 °C ± 2.5 °C and the customer result as 40.5 °C ± 3.5 °C, the arithmetic average value is 38.2 °C, and its expanded uncertainty is 2.2 °C (         2.5  /  2       2   +       3.5  /  2       2     ), resulting in a range of 36.0 °C to 40.4 °C.



According to these conventional statistics, which did not consider the weight of the measurement uncertainty, the product fell within the specification. However, the uncertainty band partially overlapped with the specification limit, placing it outside the specification. This discrepancy led to a dispute between the parties involved, as depicted in Figure 2.




3.2. Case Study 2: Interlaboratory Study of the Final Boiling Point of Gasoline


Table 2 presents the data and their corresponding uncertainties obtained from 12 laboratories that participated in the ASTM interlaboratory study on gasoline’s final boiling point (FBP).



Mathematical model:     m   1   c   =   m   2   c   = ⋯ =   m   12   c    .



Reconciled value: From Equations (17) and (19), respectively, the reconciled value is     m   c     = 179.2 °C and the minimized uncertainty is     U     m   c       = 2.6 °C.


     m   c   =          173.5    6.0 2    +   180.9    12.0 2    +   181.6    7.0 2    +   182.1    8.1 2    +   174.2    6.0 2    +   181.6    8.5 2    +   180.0    6.7 2          +   188.0    11.0 2    +   183.0    10.0 2    +   183.6    13.0 2    +   173.0    7.2 2    +   185.5    7.0 2                1    6.0 2    +   1    12.0 2    +   1    7.0 2    +   1    8.1 2    +   1    6.0 2    +   1    8.5 2    +   1    6.7 2          +   1    11.0 2    +   1    10.0 2    +   1    13.0 2    +   1    7.2 2    +   1    7.0 2             










    m   c   = 179.2   ° C  










     U     m   c      =   1        1    6.0 2    +   1    12.0 2    +   1    7.0 2    +   1    8.1 2    +   1    6.0 2    +   1    8.5 2    +   1    6.7 2          +   1    11.0 2    +   1    10.0 2    +   1    13.0 2    +   1    7.2 2    +   1    7.0 2           = 2.6   ° C  











By observing Figure 3, from the FBPs and their respective expanded uncertainties, average value, and reconciled value, it became apparent that the reconciled value fell within the uncertainty range of all the laboratories. This behavior was not noticed when the arithmetic mean of all the laboratories was used to represent the best estimate of the true value.



In this case, 3 (laboratories 1, 5, and 11) of the 12 were outside the mean value and their respective uncertainty ranges. Using the reconciled values was more realistic than relying only on the mean value, as according to Grubbs’ test, none of the values were considered outliers.




3.3. Case Study 3: Metrological Evaluation of Three Distinct Test Methods to Determine Sulfur in Diesel Oil


Table 3 compares the data derived from three distinct test methods for determining the sulfur mass fraction in the same sample of diesel oil.



From the mathematical model     m   1   c   =   m   2   c   =   m   3   c    , and from Equations (17) and (19), respectively, the following is obtained:


        m   c   =      6.6   0.4   6   2     +   4.9     0.60   2     +   6.3   0.6   2   2         1   0.4   6   2     +   1     0.60   2     +   1   0.6   2   2        = 6.1    mg   k    g    - 1            u     m   c     =     1     1   0.4   6   2     +   1     0.60   2     +   1   0.6   2   2         = 0.30    mg   k    g    - 1         











Based on these results, which were (6.6 ± 0.46) mg kg−1, (4.9 ± 0.60) mg kg−1, and (6.3 ± 0.62) mg kg−1 for each test method, and the reconciled uncertainty interval, which was (6.1 ± 0.30) mg kg−1, ASTM D4294 [33] was not statistically compatible with the other two test methods, ASTM D5454 [34] and ASTM D7039 [35], when utilizing the DR approach, as there was no partial overlap between its experimental value and the reconciled value. See Figure 4.





4. Conclusions


This study comprehensively explained the DR technique, enabling the readers to comprehend and apply it when necessary. The presented case studies demonstrated that the technique was straightforward in linear systems and more rigorous than the existing methods employed in commercializing and quality systems of petroleum products. This approach effectively reduced the measurement uncertainties, making it suitable for resolving legal disputes with meticulous examination.



In the petroleum industry, effective DR measures enable organizations to reconcile data discrepancies, identify potential risks, and take proactive steps to mitigate them, ensuring accurate and consistent data across various systems and processes. This streamlines operations and promotes a culture of transparency and accountability. The petroleum industry uses DR in its processes to ensure improved operational efficiency, legal clarity, and compliance in its commercial transactions.



In future works, DR can be applied in various areas within the applied sciences, such as engineering, materials science, environmental science, agricultural sciences, food science and nutrition, geosciences, biotechnology, and pharmaceutical sciences. By applying DR in these applied science areas, researchers and scientists can ensure accurate and reliable data analysis, improve process optimization, support evidence-based decision-making, and advance scientific knowledge and innovation.
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Figure 1. Simplified flowchart of the DR process. 
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Figure 2. Reconciled value and average value. 
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Figure 3. Uncertainty bars, reconciled value, and average value. 
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Figure 4. Reconciled data associated with the compatibility study (----, reconciled uncertainty bars) [33,34,35]. 
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Table 1. Dispute between supplier and customer.
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	Flash Point
	Expanded Uncertainty
	Specification





	Supplier
	36.0 °C
	2.5 °C
	In



	Customer
	40.5 °C
	3.5 °C
	Out










 





Table 2. FBP and respective uncertainties.
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	Laboratory
	FBP (°C)
	Expanded Uncertainty (°C)





	1
	173.5
	6.0



	2
	180.9
	12.0



	3
	181.6
	7.0



	4
	182.1
	8.1



	5
	174.2
	6.0



	6
	181.6
	8.5



	7
	180.0
	6.7



	8
	188.0
	11.0



	9
	183.0
	10.0



	10
	183.6
	13.0



	11
	173.0
	7.2



	12
	185.5
	7.0



	Average value
	180.6
	










 





Table 3. Measurement data of sulfur mass fraction, mg kg−1.
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	ASTM D5453 [34]
	ASTM D4294 [33]
	ASTM D7039 [35]





	
	6.2
	5.4
	6.3



	
	6.9
	4.9
	5.2



	
	6.1
	5.3
	6.3



	
	6.1
	4.6
	5.8



	
	7.5
	4.9
	6.3



	
	7.2
	5.8
	6.9



	
	7.0
	4.9
	5.6



	
	6.9
	5.9
	6.3



	
	6.5
	4.9
	6.2



	
	6.8
	4.7
	7.2



	
	6.6
	3.8
	6.2



	
	6.5
	3.9
	7.7



	
	6.7
	4.4
	5.9



	
	6.1
	4.6
	5.9



	
	6.0
	
	6.3



	
	7.0
	
	



	Arithmetic average
	6.6
	4.9
	6.3



	Standard deviation
	0.46
	0.60
	0.62
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