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Gain-probability diagrams in consumer research 

Abstract 

Marketing scholars often compare groups that occur naturally (e.g., socioeconomic status) or due 

to random assignment of participants to study conditions. These scholars often report group 

means, standard deviations, and effect sizes. Although such summary information can be helpful, 

it can misinform marketing practitioners’ decisions. To avoid this problem, scholars should also 

report the probability that one group’s member will score higher than another group’s member, 

and by various amounts. In this vein, newly conceived gain-probability diagrams can depict 

relevant, concise, and easy-to-comprehend probabilistic information. These diagrams’ nuanced 

perspective can contradict traditional significance test and effect size implications. 
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Gain-probability diagrams in consumer research 

Introduction 

Inter-group differences, like those between consumers exhibiting unlike distribution-

channel-hopping patterns, often interest consumer researchers (Lee and Jung, 2020). In non-

experimental research, consumer groups may differ on cultural or personal characteristics (e.g., 

gender, socioeconomic status, psychological traits). In experimental research, consumer groups 

may differ based on manipulations such as different questionnaire presentations or brand 

communications (Antonetti and Baghi 2021; Guin et al. 2012). 

When comparing groups, consumer researchers often rely on group means, standard 

deviations, null hypothesis significance testing, and effect sizes. Yet, these traditional ways to 

report inter-group comparisons—whether they entail significance testing or effect sizes—lack 

probabilistic information relevant to practitioners’ decision processes. Although many marketing 

practitioners prefer more intuitive and less complex marketing research findings (Tarka 2018), 

statistical significance tests do not satisfy this requirement because they do not represent how 

most marketers process information. 

The exposition proceeds as follows. After reviewing the shortcomings of popular 

approaches to reporting inter-group differences, the decision-making benefits of gain-probability 

(G-P) diagrams are explained and illustrated. For marketing practitioners, G-P diagrams could 

augment or replace the binary thinking induced by null hypothesis significance testing (NHST) 

or effect-size-related rules-of-thumb (Baguley, 2009; Kirk, 1996; Li and Ali, 2020; Olejnik and 

Algina, 2000, 2003; Trafimow 2019b). 
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Reporting Group Differences: NHST and Effect Sizes 

Consistent with calls to increase marketing scholarship’s relevance to managers and 

public policymakers (e.g., Martin and Scott 2021; Varadarajan 2003), some researchers 

‘translate’ their academic findings into practical language (e.g., Hanssens 2015). When 

researching inter-group differences, this often means ‘translating’ NHST results. Aside from the 

methodological limitations of statistical significance tests, their practical interpretation is 

problematic (e.g., Cohen 1994; Hubbard 2016; Li and Ali, 2020; Schmidt 1996; Schmidt and 

Hunter 1997; Trafimow 2003; Woodside 2016; Ziliak and McCloskey 2016). Arguably, 

statistical significance tests do not provide all the information marketing practitioners require. 

For example, merely knowing consumers’ responses to two versions of an online ad differ 

significantly (i.e., A/B test) is insufficient for choosing the more effective ad (Anderson 2021). 

NHST induces binary thinking (e.g., two ads either do or do not differ significantly), yet 

marketing practice dictates a more nuanced understanding of budget-constrained choices (Li and 

Ali, 2020; Trafimow 2019b). Specifically, marketers should determine the costs and benefits of 

alternative decisions and evaluate them relative to targeted criteria (Anderson 2021). 

To address this issue, some researchers report effect size indices such as Cohen’s d. 

However, effect size calculations cannot answer some important questions despite their statistical 

usefulness. Consider a previous large-scale study on consumer affluence (Hyman, Ganesh, and 

McQuitty 2002). The data show that men are more willing than women to try new brands (MM = 

3.69, SDM = 0.91 vs. MW = 3.54, SDW = 0.79; t(699) = 2.34, p = 0.02). Although statistically 

significant, Cohen’s d = 0.19 fails to meet the conventional criterion of 0.2 for a small effect size 

(Cohen 1988). Yet, marketing practitioners basing their promotional strategy on this finding 

might ask either of the following two questions: 
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1. What is the probability that a randomly selected man will be more (or less) willing 

than a randomly selected woman to try new brands? 

2. What is the probability that a randomly selected man will be more (or less) willing to 

different degrees than a randomly selected woman to try new brands? 

Consistent with their statistical training, quantitative marketing researchers have 

answered questions like the first one throughout the last century (i.e., since marketing research’s 

origination). When making gender-related promotional decisions, confidence about the best 

course of action seemingly follows from the answer, especially when ‘big data’ permits 

microtargeting (Proserpio et al. 2020). Hence, many marketers believe the answer to such a 

question can best inform marketing practice. Regardless, the informativeness of an answer to the 

second question is far greater. Suppose the probability is 0.65 that a randomly selected man is 

more willing than a randomly selected woman to try new brands. Standard mathematical wisdom 

implies a gender-sensitive marketing plan. However, suppose the probability that ‘brand trial 

willingness’ for a randomly selected man versus a randomly selected woman differs by a pre-

specified critical amount is far less than 0.65. In that case, the appropriate marketing plan might 

change. Conventional statistical reporting does not facilitate such nuanced decision-making. 

Reporting Group Differences: G-P Diagrams 

The G-P diagrams described here and derived from Trafimow et al. (2021) can overcome 

the limitations of relying on NHST and effect size calculations. Trafimow et al. (2021) presents 

complex mathematics for computing probabilistic information when researchers assume that 

group data were drawn from skew-normal or log-normal populations (see Appendix 1 for a 

mathematical summary). In contrast, G-P diagrams provide a more accessible interpretation of 

those mathematics. 
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Free online apps developed and posted by the authors can create two types of G-P 

diagrams. Type A diagrams provide the probabilities of higher scores, by varying amounts, in 

one group versus another group. These diagrams are especially relevant when justifying a 

marketing decision that requires meeting a criterion value (e.g., achieving 25% recall of a new ad 

campaign by targeted consumers). Type B diagrams provide probabilities in interval form. For 

example, a marketer may wish to know the probability that a randomly selected person from one 

group will score higher, by between 0.2 and 0.3 points, than a randomly selected person from 

another group. The more detailed Type B diagrams reveal the relationship between probabilities 

of different intervals. Marketing practitioners should rely on Type B diagrams when they cannot 

specify a priori criteria for decision-making. 

G-P Diagrams Under Skew-Normal Distributions 

 Although most consumer data are skewed, consumer researchers typically assume these 

distributions are normal and thus use t-tests to compare group means (Blanca et al. 2013; Ho and 

Yu 2015; Micceri 1989). Although a detailed mathematical explanation of the relationship 

between normal and skew-normal distributions is beyond this presentation’s scope, the following 

statistical information is sufficient for generating G-P diagrams.1 Normal distributions have two 

parameters (mean 𝜇 and standard deviation 𝜎) whereas skew-normal distributions have three 

parameters (location 𝜉, scale 𝜔, and shape 𝛼). When the shape parameter equals 0, the 

distribution is normal, the location equals the mean, and the scale equals the standard deviation 

(i.e., 𝛼 = 0, 𝜉 = 𝜇 and 𝜔 = 𝜎). In contrast, when the shape parameter does not equal 0, the 

distribution is skew-normal, the location does not equal the mean, and the scale does not equal 

the standard deviation (i.e., 𝛼 ≠ 0, 𝜉 ≠ 𝜇 and 𝜔 ≠ 𝜎). Despite its elementary nature, this 

 
1 Several sources provide such explanations (e.g., Azzalini 2014; Azzalini and Capitanio 1999; Ye and Wang 2015). 
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information about parameters has three important implications. First, the family of normal 

distributions constitutes a small subset of the larger skew-normal distribution family. Second, 

skew-normal mathematics applies to normal distributions, but not vice versa. Third, skew-normal 

distributions apply more broadly than normal distributions. 

 Appendix 2 contains instructions for using a free app, available at https://probab. 

shinyapps.io/inde_prob/, for creating G-P diagrams from skew-normal distributions. Again, 

consider the aforementioned consumer affluence study and assume skew-normal data for male 

versus female willingness to try new brands (Hyman et al. 2002).2 The estimated skew-normal 

parameters are as follows: (1) for men, location = 4.04, squared scale = 0.96, and shape = -0.50, 

and (2) for women, location = 3.85, squared scale = 0.70, and shape = -0.52. Here, the 

probability a randomly selected man is more willing to try new brands than a randomly selected 

woman is 0.55. Although not overwhelming, this value implies a stronger relationship than 

suggested by a Cohen’s d = 0.19. However, G-P diagrams of Type A (Figure 1) and Type B 

(Figure 2) provide a fuller picture. (See Appendix 1 for the relevant formulae.) 

----- Place Figures 1 and 2 here ----- 

 Figure 1 shows critical values, such as 0.0, 0.4, 0.8, and so on to the right, and -0.4, -0.8, 

and so on to the left. The aforementioned 0.55 value, which is the probability that corresponds to 

a 0.0 value along the X-axis, is the probability that a randomly selected man is more willing than 

a randomly selected woman to try new brands. A critical value of 0.4 along the X-axis 

corresponds to a probability of 0.42 along the Y-axis. The correct interpretation is ‘the 

probability is 0.42 that a randomly selected man is more willing than a randomly selected woman 

to try new brands by at least 0.4 scale points’. Thus, if there is a financial or other reason why the 

 
2 Michael Hyman provided the raw data used for this study. 
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0.4 value is critical, a marketer would have good reason to believe the probability of exceeding 

that value is 0.42. As the critical value increases—and thus a randomly selected man must be 

increasingly favorable about trying new brands than a randomly selected woman—the 

probability of exceeding the critical value decreases. 

 Figure 1 also contains negative values along the X-axis. For example, the critical value of 

-0.4 along the X-axis refers to the probability that a randomly selected man would be less willing 

than a randomly selected woman to try new brands by less than 0.4 scale points. Shifting to the 

left along the X-axis makes meeting such critical values increasingly likely. 

 Although Figure 1 provides helpful information, a marketing practitioner without an a 

priori critical value may instead want to know the probability of being within various group 

difference intervals, an issue best addressed with the Type B G-P diagram shown in Figure 2. 

Unlike Figure 1, Figure 2 provides vertical bars representing probabilities of a value falling 

within particular intervals. For example, the interval between 0.0 and 0.4, with a corresponding 

probability of 0.13, indicates a 13% chance a randomly selected man will be between 0.0 and 0.4 

scale points higher than a randomly selected woman on willingness to try new brands. 

Figure 2 is noteworthy in the context of a seemingly unimpressive effect size (i.e., 

Cohen’s d = -.19). It is substantially asymmetric, with larger corresponding bars to the right than 

the left of the x-axis’ zero point. The effect is small near the zero point but large at the extremes. 

For example, the interval to the right side of Figure 2 shows a probability of 0.08 for all group 

difference values more than 2.0 scale points. On the left side, the interval indicating all values 

more negative than 2.0 scale points is associated with a probability of 0.04. The correct 

interpretation is ‘men have an 8% chance of exceeding women by at least 2.0 scale points, 

whereas women only have a 4% chance of exceeding men by at least 2.0 scale points’. Thus, the 
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probabilities associated with men or women being more willing to try new brands differ little at 

low values, moderately at middling values, and substantially at extreme values. Unlike either 

type of G-P diagram, traditional summary statistics (e.g., means, standard deviations, effect 

sizes, or p-values) fail to capture such results. 

----- Place Figure 2 here ----- 

G-P Diagrams Under Log-normal Distributions 

Data from the aforementioned affluence study includes male and female respondents’ 

self-reported living space (Hyman et al. 2002). The mean square feet of space for men exceeds 

the space for women (MM = 2300, SDM = 705 versus MW = 2186, SDW = 671). This inter-group 

difference is not statistically significant, and the effect size is almost zero (t(564) < 1, Cohen’s d 

= 0.04). However, a closer examination provides a more nuanced picture. 

Living space is not skew-normal distributed, and a log-normal distribution provides a 

better fit for the data. Like normal distributions, log-normal distributions have two parameters: 

mean and standard deviation. However, the mean and standard deviation refer to actual scores 

for normal distributions; in contrast, all scores are transformed via the equation 𝑌 = ln(𝑋) for 

log-normal distributions. The mean and standard deviation of the transformed distribution are 

parameters for a log-normal distribution, referred to here as ln means and ln standard deviations. 

The estimated ln mean and ln standard deviation for men’s living space are 7.69 and 

0.31, respectively, and for women’s living space are 7.64 and 0.32, respectively. To determine 

whether men are more likely than women to inhabit a meaningfully larger space, researchers can 

use the free app at https://dlnprobability.shinyapps.io/independent/ to create G-P diagrams (see 

Appendix 3 for instructions). Because a marketer may lack an a priori critical value for living 

space difference, the Type A diagram, included for reference as Figure 3, may be unhelpful. 
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Although absolute amounts (i.e., scale point differences) pertain to marketing decisions about 

different groups’ willingness to try new brands, the Type B diagram is more flexible. For 

example, researchers could calculate the probability a randomly selected man would be twice (or 

more) willing than a randomly selected woman to try new brands. 

----- Place Figure 3 here ----- 

The Type B diagram’s flexibility regarding the living space variable is valuable. Unlike 

Figure 1, Figure 3 provides probabilities of exceeding criterion values when those values are 

unevenly spaced along the X-axis. Suppose the probability that a randomly selected man has 1.1, 

1.2, 1.3, or more times the living space of a randomly selected woman. To the right of the neutral 

point, the values along the X-axis are equally spaced; in contrast, to the left of the neutral point, 

the values corresponding to 1.10, 1.20, …, 2.00 are reciprocals. For example, the reciprocal of 

1.1 is 0.909, the reciprocal of 1.2 is 0.833, and so on. The consequence is the lack of even 

spacing on the left side of Figure 3, which hinders probability comparisons. 

Fortunately, Type B diagrams do not suffer from this problem. Figure 4 shows a Type B 

diagram for a log-normal distribution. As the probabilities are similar, the two middle bars are 

almost the same height: 0.085 for the interval between 1.00 and 1.10 and 0.083 for the interval 

between 0.909 and 1. Limited to these two bars, researchers would conclude the same as from 

traditional significance test and effect size calculations: the living space for men and women 

differ minimally (i.e., 0.002). However, the bars immediately to the right or left represent 0.076 

and 0.069, respectively. This difference is 0.007 rather than the previously reported 0.002. The 

next left-right pair of bars represent values of 0.066 and 0.048, which differ by 0.018—nine 

times the initial 0.002 difference. The asymmetric bar pattern in Figure 4 contradicts the null 

effects suggested by traditional statistical analyses. 
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----- Place Figure 4 here ----- 

Additional Examples of Better Marketing Decisions with G-P Diagrams 

Running a Vaccination Ad Campaign 

How should public health marketers decide whether to run a new ad campaign designed 

to overcome vaccine hesitancy? If they conducted an experiment exposing a vaccine-hesitant 

treatment group to test ads and a vaccine-hesitant control group to similar dummy ads, and then 

identified which participants were vaccinated subsequently, comparing the vaccinated proportion 

of each group could inform the decision. However, as is often true for consumer studies, assume 

(1) privacy concerns dictate that intentions data must serve as a proxy for behavioral data, (2) 

vaccination intentions measured on a discrete Likert-type scale are treated as continuous, and (3) 

intention corresponds to the related behavior, albeit imperfectly (Fishbein and Ajzen 1975). In 

this case, the difference in mean intentions or the effect size are unlikely to provide strong 

evidence for or against the campaign. 

Instead, public health marketers should determine whether extreme intentions differ 

meaningfully between control and treatment groups. Because intentions correspond imperfectly 

with behaviors, people with only moderate vaccination intentions may ultimately decline; 

however, strong vaccination intentions in either direction should be more indicative of eventual 

vaccination status. Thus, the campaign is more likely to succeed if a treatment group member’s 

probability of being within a specific high range of intention scores meaningfully exceeds a 

control group member’s probability. 

Per the examples from the Hyman et al. (2002) data, researchers can first determine 

whether skew-normal or log-normal distributions better characterize the data and then construct 

the appropriate G-P diagrams. Although the mean difference may be statistically non-significant 
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and the effect size may be small, the corresponding G-P diagram may reveal important effects. 

Ad campaign exposure that spurs subsequent vaccinations among the vaccine-hesitant provides 

an excellent reason to run the campaign despite statistical non-significance and small effect size. 

Running a Healthy Lifestyle Ad Campaign 

Suppose the U.S. Department of Health and Human Services (HSS) is considering a new 

ad campaign to increase people’s dietary fiber intake by increasing their fruit and vegetable 

consumption. To assess the campaign’s likely efficacy, HSS researchers expose some randomly 

selected people to several test ads and expose other randomly selected people to several control 

ads. Study participants maintain a food diary during the subsequent month from which 

researchers estimate daily grams of fiber consumed. If consumption is skew-normal distributed, 

the appropriate research question is the likelihood the campaign would increase or decrease fiber 

consumption. Finding a statistically non-significant increase in mean fiber consumption by test 

ad viewers suggests scrapping the ad campaign. 

Instead of the difference between group means, researchers should determine whether the 

campaign would increase the probability of fiber consumption by an amount sufficient to create 

health-related benefits. A G-P diagram showing the campaign increases the probability of dietary 

fiber consumption within a specified health-improving consumption range would justify the 

campaign’s cost despite a non-significant inter-group mean difference. 

Modifying a Product Configuration 

Companies regularly assess the effect of modifying one of their product’s attributes on 

sales and profitability. In this vein, a company’s marketing research department could conduct a 

preference study comparing consumers’ responses to a modified product prototype versus the 

current product. The study could entail recruiting non-brand users and asking some of them to 
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assess the prototype and others to assess the current product. Then, the researchers could 

measure participants’ willingness to buy the assessed version. Suppose willingness to buy 

(expressed as a probability) for participants exposed to the prototype is significantly greater, and 

the effect size is substantial. In that case, conventional wisdom suggests the company switch to 

selling the prototype. However, to justify costs associated with revamping the product, the 

difference must exceed a specified threshold for the likely sales increase. If the G-P diagram 

shows the willingness of a randomly selected person to buy the prototype is unlikely to exceed 

the probability of a randomly selected person to buy the current version by the requisite amount, 

the company should ignore the misleading implications of the significance test and effect size 

computations. 

Discussion 

 The cliché that marketing is a science with applied goals does not denigrate marketing 

theory. As Lewin (1951) noted, “There’s nothing so practical as a good theory” (p. 169). Yet, 

many marketing academicians believe academic approaches and practitioners’ interests misalign 

due to a typical scholarly communication style that renders research findings incomprehensible 

and useless to practitioners (Kelemen and Bansal 2002; Nunan 2020). For example, many 

marketing academicians favor NHST and research reporting consistent with their quantitative 

methods training. In contrast, most marketing practitioners seek managerially relevant findings 

rather than statistical significance (Kennedy et al. 2014). In essence, practitioners focus on inter-

group differences that can inform ROI-driven decisions about marketing interventions. 

In an International Journal of Market Research editorial, Nunan (2020) highlighted 

“enabling managers to understand the value of research evidence” and “improving managerial 

decision-making” as priorities. Marketing researchers regularly seek new tools for revealing 
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rigorous and practically relevant research insights (Mouncey 2014). Highly nuanced and 

asymmetric information can impede practitioners’ efforts to mold consumers’ behaviors 

(Woodside 2013, 2016, 2019). G-P diagrams can clarify such information by surpassing 

traditional summary statistics and focusing on the probabilities associated with inter-group 

differences. They can express these differences in absolute (e.g., scale points) and relative (e.g., 

the probability a randomly selected member of one group scores a multiple higher or lower than 

a randomly selected member of another group) terms. 

 Consumer researchers need not be discommoded by the mathematics’ complexity 

underlying G-P diagrams (see Appendix 1). They merely need to understand these diagrams 

conceptually and take a few minutes acclimating to the free online app. Researchers wanting to 

create customizable G-P diagrams can copy-and-paste app-generated probabilities into a 

spreadsheet. The only current inconvenience is toggling between the G-P diagram app and a 

spreadsheet to obtain different probabilities for different degrees of effects. Researchers can 

complete the desired G-P diagram after several minutes of such toggling. 

Two caveats about using G-P diagrams are as follows. First, researchers can assume a 

suboptimal data distribution (e.g., assume a skew-normal distribution when a log-normal 

distribution better fits the data). Without an established history, the inaccuracy this mistake 

introduces to G-P diagram usage is unknown. Fortunately, scrutinizing graphic data displays (see 

Valentine et al. (2015) for a review) can reduce the likelihood of such mistakes. Second, sample 

statistics may or may not provide good estimates of corresponding population parameters. Using 

the well-documented a priori procedure, which addresses specifications for precision and 

confidence, can ensure the former (see Trafimow (2019a) for a review). However, this procedure 

typically requires a large sample to overcome poor precision, poor confidence, or both.  
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Appendix 1: Estimating Locations, Squared Scales, and Shapes 

 Using the skew-normal app requires location, squared scale, and shape information. 

Trafimow, Wang, and Wang (2019) and Trafimow, Wang, and Wang (2021) show this 

information is readily obtainable. 

 Commencing with population level and as indicated by Equation A1, location relates to 

the mean and the squared scale relates to the variance, 

𝜉 = 𝜇 − √
2

𝜋
𝛿𝜔            and            𝜔2 =

𝜎2

(1−
2

𝜋
𝛿2)

,   (A1) 

where 𝛿 =
𝛼

√1+𝛼2
 and 𝛼 denotes the shape parameter. At the sample level, estimates are 

necessary. Fortunately, many statistical programs can calculate a sample mean �̅�, standard 

deviation 𝑠 (or variance 𝑠2), and skewness 𝛾1 for each condition. Using the method of moments, 

researchers can use these calculations to estimate population shape, location, and scale 

parameters for each condition. 

First, estimate the shape parameter, which necessitates applying Equation A2 to estimate  

the absolute value of delta |�̂�|, 

   |𝛿| = √
𝜋

2

�̂�1

2
3

�̂�1

2
3+(

(4−𝜋)

2
)

2
3

,      (A2) 

where the sign of 𝛿 is the same as the sign of 𝛾1. In turn, estimate the shape or skewness 

parameter �̂� using Equation A3: 

    �̂� =
�̂�

√1−�̂�2
.      (A3) 

Finally, use the delta estimate to estimate the location and scale parameters. Equation A4 

rewrites Equation 3 with estimators obtained from samples rather than population parameters. 
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𝜉 = �̅� − √
2

𝜋
𝛿�̂�            and            �̂�2 =

𝑠2

(1−
2

𝜋
�̂�2)

.   (A4) 
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Appendix 2: Skew Normal Distributions 

The only requirement for using the free online app for generating G-P diagrams 

(https://probab.shinyapps.io/inde_prob/) is to enter estimates of the skew normal parameters— 

the location (mean), squared scale (standard deviation), and shape (skewness)—for each of the 

two groups. Trafimow, Wang, and Wang (2019) show how to obtain these estimates (see 

Appendix 1). 

In the first three cells, enter the estimated location, squared scale, and shape for one 

group, and in the next three cells, enter the same information for the other group. The last two 

cells allow for more versatility. For example, suppose the goal is to calculate the probability that 

a randomly selected person in one group will score higher than a randomly selected person in the 

other group. In that case, enter -1 for ‘a’ and 0 for ‘b’. That starting point provides flexibility for 

obtaining probabilities for varying degrees of difference. Regarding absolute values, ‘a’ 

continues to be -1, and ‘b’ can differ. For example, entering 0.40 for ‘b’ will render the 

probability a randomly selected person from one group will score higher than a randomly 

selected person from the other group by at least four-tenths of a scale point. 

The app’s computations depend on a simple linear equation: 𝑍 = 𝑋 + 𝑎𝑌 + 𝑏. Using 

negative or positive numbers depends on the group corresponding to X or Y. For example, 

suppose the control group corresponds to X, and the experimental group corresponds to Y. If ‘a’ 

is -1, a randomly selected member of the experimental group score being 0.40 scale points higher 

than a randomly selected member of the control group means setting ‘b’ at -0.40, not +0.40. 

Using +0.40 for ‘b’ implies that a randomly selected person from the experimental group needs 

to score 0.40 or more scale points less than a randomly selected person from the control group. 
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Alternatively, absolute scale values might be less interesting than whether a randomly 

selected person from one group will be 1.1, 1.2, et cetera higher on the dependent variable than a 

randomly selected person from the other group. In that case, it is essential to keep ‘b’ at 0 and let 

‘a’ equal 1.1, 1.2, et cetera to move in the positive direction; or reciprocals of those numbers to 

move in the other direction. 

Once all the boxes have been completed, clicking ‘update’ calculates the desired 

probability. Probabilities for various values of ‘a’ or ‘b’ can be computed using the online app 

and then entered into a spreadsheet (e.g., Excel), so the G-P diagrams of Type A, Type B, or both 

can be produced. 
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Appendix 3: Log-normal Distributions 

 To use the free online software for G-P diagrams found at https://dlnprobability. 

shinyapps.io/independent/, it is necessary to enter log-normal parameter estimates. The first two 

cells pertain to ‘a’ and ‘b’ as explained in the preceding section. The next two cells allow for 

delta log-normal and log-normal distributions. Delta log-normal distribution data includes zeros. 

If the data contain zeros, enter the probability of a zero for each group in those cells. Far more 

often, however, the data will contain no zeros, in which case the distributions are log-normal, not 

delta log-normal. Hence, it is best to enter ‘0’ in both boxes. The following two cells are 

for the ln means of each distribution, which are the means obtained by the data transformation Y 

= ln (X). The subsequent two cells are for the ln variances of these distributions. 

 Once all the cells are filled, clicking the ‘update’ button calculates the desired 

probability. Probabilities for various values of ‘a’ or ‘b’ can be computed and then entered into a 

spreadsheet (e.g., Excel), so G-P diagrams of Type A, Type B, or both can be produced. 

https://nam10.safelinks.protection.outlook.com/?url=https%3A%2F%2Fdlnprobability.shinyapps.io%2Findependent%2F&data=04%7C01%7Cdtrafimo%40nmsu.edu%7C3f5706ec02ab447d729708d8ccaa9890%7Ca3ec87a89fb84158ba8ff11bace1ebaa%7C1%7C0%7C637484380361668229%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=Cj9kzL48XYBjS1F1GEtxT8fJ2W4p4MKmtetTVJB27nM%3D&reserved=0
https://nam10.safelinks.protection.outlook.com/?url=https%3A%2F%2Fdlnprobability.shinyapps.io%2Findependent%2F&data=04%7C01%7Cdtrafimo%40nmsu.edu%7C3f5706ec02ab447d729708d8ccaa9890%7Ca3ec87a89fb84158ba8ff11bace1ebaa%7C1%7C0%7C637484380361668229%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=Cj9kzL48XYBjS1F1GEtxT8fJ2W4p4MKmtetTVJB27nM%3D&reserved=0



