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Cosmetic researchers recruit consumers to evaluate new formulas as part of the product development process. This screens out poorly performing formulas in favor of better ones for further testing. Trained experts score new formulas on a battery of sensory attributes until a few formulas are selected for more costly, blind-use tests (BUTs) featuring randomly recruited consumers. Once formulas pass a BUT, they are ready for commercialization. Resources would be more efficiently used if BUT results could be predicted from earlier rounds of testing. However, predicting the relationship between sensory testing and BUT testing is limited by the lack of data in common between the two methods. Even though hundreds of consumer responses are recorded, only their means are merged into the set of data used for analysis. This reduces the amount of data available for decision-making and introduces the challenges associated with analyzing small samples. This paper proposes improving on this mean-based approach by adding bootstrapping when combining sensory expert responses with BUT responses. It compares the BUT predictions captured via bootstrapping versus the predictions obtained using only the means from the original data sets.
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1 INTRODUCTION
Protecting skin from sunlight-related damage is an important way to reduce the appearance of aging and a growing portion of the cosmetics market (Hughes et al., 2013). Consumers spent an estimated $8.5 billion on sun care cosmetics in 2022, with sales expected to reach $16 billion by 2030, based on an 8.3% compound annual growth rate (CAGR) estimate (Grand View Research, 2024). This growth is driven by rising awareness of the benefits of photoprotection over time, as shown by research in the United States on middle and high school students who demonstrated increasing use of sunscreen from 2007 to 2019 (Rajagopal et al., 2021).
To remain competitive in this growing market, product researchers work to improve the sensorial attributes of photoprotection products without sacrificing their UV-shielding efficacy. New formulations are measured on their sensorial attributes and categorized by their different sensory profiles. Researchers use these categories to benchmark new formulas against sensorially similar known market winners and to look for promising sensorial white space.
After sensorial testing is completed, the most promising formulas are approved for more costly, blind-use testing that features randomly recruited samples of current photoprotection product consumers. This test is usually the last step in validating a new formula, as scoring significantly higher than competing formulas in a blind-use test remains one of the best ways to eliminate confirmation bias (Kardish et al., 2015).
Being able to accurately predict a BUT result based on data collected from a sensorial panel would significantly improve the process of validating new formulas. Researchers would know in advance how a new formula performs sensorially and would adjust it before proceeding to the final stage of BUT validation. However, these sorts of predictions are made difficult thanks to the lack of a common dataset on which to base the analysis work. Test subjects and protocols are completely different, so the data must first be merged in an unbiased way.
A common approach to combining these two types of tests is to first calculate means by formula and then pair them across the test results (Dijksterhuis, 1995). This approach to merging and analyzing data hails back to the days of Pearson and is called data fusion, as carefully documented by Marcoulides (2017) in her thesis. However, even though many sensory and blind-use responses are recorded, only a single mean from each test remains for predictive analysis. Thus, the BUT prediction comes from a small (often fewer than 30) sample of means and carries with it all the risks associated with a small sample size.
This paper describes one method for increasing the reliability of predictions made from small sample sizes, such as these, through a re-sampling technique known as bootstrapping. Bootstrapping is used in a variety of ways, such as to make better use of electronic health record (EHR) databases when researching clinical events and diseases (Wanyan et al., 2021; Garg and Shah, 2016), to build sufficiently large databases for the training of machine learning algorithms (Hu et al., 2023), to assess the feasibility of different controlled study designs (Sengupta et al., 2023), and to use real-world data (RWD) for clinical trial simulation (CTS) in preparation for conducting actual trials (Chen et al., 2021). This paper compares BUT predictions made using the means-based approach with those made using the bootstrapping approach.
2 MATERIALS AND METHODS
Research on photoprotection formulas was conducted between 2018 and 2021 in a series of eight BUTs held in China and Spain. Twenty-one of the formulas in these BUTs were matched against previously executed sensorial test results. This combined data set was then used to build a linear regression model to predict the BUT results of four newly created formulas based on their performance in sensory testing. These predictions were compared against the actual study results of the four new photo-protection formulas tested in the 2023 BUT.
Agreement with the descriptive statement “Lets skin breathe” was chosen as the attribute to predict based on research showing a correlation (R = 0.51) with how well consumers liked each formula overall. It is abbreviated as Breath and was measured using a 5-point Likert rating scale (Likert, 1932). The sensorial attributes of Slipperiness on the skin, Penetration of the formula into the skin, and Greasiness of the formula on the skin were chosen as predictive attributes based on their supposed relationship to Breath. These three attributes are abbreviated as Slipperiness, Penetration, and Greasiness and are based on a 15-point line (Gomide et al., 2021) rating scale. Descriptive statistics for these variables are calculated in Table 1 for both the original means-based dataset and the bootstrapped dataset.
TABLE 1 | Descriptive measures–original and bootstrapped datasets.
[image: Table 1]Regression analysis was used to predict the BUT attribute Breath by using Slipperiness, Penetration, and Greasiness as regressors, as shown in Table 2. The results are significant—each of the sensory attributes is significant with p < 0.05. The model passes the Shapiro–Wilks test for normality and the F test for model fit with p < 0.05. R2 is below 0.5, but a literature review shows that an R2 between 0.10 and 0.50 is acceptable when “some or most of the explanatory variables are statistically significant” for data obtained from human behavior (Ozili, 2022), which is the case here.
TABLE 2 | Regression of Breath vs. Three Sensory Measures.
[image: Table 2]However, there are reasons to be concerned about the predictive capability of the model because of its small sample size. Here is where the bootstrapping technique provided useful, additional understanding. As background, bootstrapping is a commonly applied technique for managing around the difficulties of small sample sizes (Wright and Field, 2011) by resampling the underlying data that were originally summarized. Through bootstrapping, the means were calculated anew and then randomly paired from the sensory data to the BUT data hundreds of times. The results from these randomly resampled means were then analyzed to understand the likelihood of the regression result, given the distribution of the underlying data. Bootstrapping the predictive model this way provided confidence intervals for regression coefficients and goodness of fit measures based on the empirical distribution of the estimates drawn from all the available data.
Bootstrapping was performed using the Bayesian bootstrapping technique proposed by Rubin (Rubin, 1981), which is implemented by the bayesboot (Bååth, 2018) library package accessible through the R software (R Core Team, 2023) environment. The regression analysis was calculated using the lm procedure, and confidence intervals for each statistic were calculated using the hdi function from the bayestestR (Makowski et al., 2019) library, also accessible through R. Finally, the prediction was compared to the actual research conducted in 2023 on the new formulas.
3 RESULTS
The bootstrapped regression results are shown in Table 3. Despite the significant results obtained for each dependent variable when performing regression using the original means, the bootstrapped results show that the highest density intervals (hdi) for F and R2 calculations were close to 0 on the low end and included 0 when adjusted R2 was measured.
TABLE 3 | Regression of Breath vs. three sensory measures using Rubin’s Bayesian bootstrap.
[image: Table 3]Table 4 compares the results for Breath calculated via the bootstrapped prediction model versus the results calculated using the original means-based model. The prediction based on the bootstrapped data was closer to the actual data in three of the four new formulas tested. This is not surprising—bootstrap estimates, which are based on the empirical distribution of the coefficients, are known to be more robust and potentially less biased than the corresponding estimates from classical theory-based approaches.
TABLE 4 | Comparison of actual BUT results versus predictions.
[image: Table 4]To visualize the difference between the two predictions, an independent regression analysis was performed against Breath for each of the three dependent variables. These results differ from those of the regression analysis shown in Tables 2, 3 because they are univariate regression analyses rather than multivariate. Even so, these plots illustrate how the bootstrapped result differed from the original means-based result. In these univariate visualizations, the regression coefficients are consistently smaller for the bootstrapped results, which is consistent with the differences in the multivariate analysis. Additionally, the means of the 2023 test results are visualized, so the difference in the predictions can also be seen via two regression line plots.
3.1 Key to visualizations
In the visualizations, colored circles with white centers indicate the 2023 test result means for the new formulas, and circles with black centers indicate the prior results that the prediction was based on. Each small colored dot indicates a randomly matched bootstrapped mean. The black dashed line indicates the regression line based on the original means, and the blue dashed line indicates the regression line based on the bootstrapped data. The thin, solid blue lines indicate regression lines drawn from the 95% highest density interval for the regression coefficient.
Figure 1 illustrates the relationship between Penetrates and Breath. Three of the four 2023 formula results are higher than expected, and the relationship is maintained.
[image: Figure 1]FIGURE 1 | Visualization of univariate regression analysis of Penetrates against Breath with 2023 formula means.
Figure 2 illustrates the relationship between Penetrates and Slipperiness. Three of the four 2023 formula results are higher than expected, and the relationship is maintained.
[image: Figure 2]FIGURE 2 | Visualization of univariate regression analysis of Slipperiness against Breath with 2023 formula means.
Figure 3 illustrates the relationship between Penetrates and Greasiness. Three of the four 2023 formula results are higher than expected, and the relationship is cast into doubt.
[image: Figure 3]FIGURE 3 | Visualization of univariate regression analysis of Greasiness against Breath with 2023 formula means.
4 CONCLUSION
The classical approach using the 21 means calculated for each formula yielded statistically significant results for the three sensory attributes and for the overall regression model, as shown in Table 2. These results proved less robust than they initially appeared when data obtained from the most recent 2023 BUT scored beyond the predictions of the regression model, as shown in Table 4. Even though the original means-based regression met all the criteria for model fit, the bootstrapped analysis result led to smaller coefficients of regression and a tighter confidence interval that yielded predictions that deviated less from the actual 2023 data. Bootstrapping improved on the assumptions of the classical approach and provided a clearer picture of the risk of prediction error by calculating the highest density interval for each statistic. This approach addressed the risks associated with small sample sizes by returning to the larger sample of data on which the original means were based. In this way, the BUT database of 4,980 responses and the sensorial database of 412 responses were more fully utilized to make the predictions.
This improved understanding of predictive accuracy is crucial in the fast-paced cosmetics industry, where timely and reliable product validation can significantly enhance competitive advantage. The bootstrapping approach not only mitigates the risks associated with small sample sizes but also leverages the richness of the underlying data, paving the way for more informed and efficient product development cycles. Further research could explore the integration of additional sensory attributes into the predictive model, as well as the application of this method to other product categories within the cosmetics industry.
5 DISCUSSION
As can be seen from the visualizations, the new formulas from the 2023 BUT scored higher than expected, given their sensory results. In fact, three of the four new formulas earned the highest mean scores in the entire data set. However, these new high scores for breathability did not correspond well with the scores in the sensorial evaluations. While the higher BUT scores are a natural result of continuously improving the formulas over the 5-year period studied, they may also reflect improvements to the breathability of the new formulas that remain uncaptured in the scope of current sensory evaluations. Additional sensorial measures may be needed to capture the root causes of these gains.
The bootstrapped coefficients improved on the original means-based prediction, but they were more useful in describing the precision of the prediction itself. Despite significant results for all three dependent variables in the original means-based regression analysis, the predictions were substantially lower than the actual results. Slipperiness and Penetration remain valuable predictors; the predictive relevance of Greasiness should be re-evaluated given the recent BUT outcome. The results from the 2023 BUT illustrate the peril of making predictions from a small sample size and the need to continuously update predictive models to align with evolving consumer preferences.
Although Bayesian bootstrapping was used in this case, the wealth of data available to sample from suggests that any reasonable bootstrapping approach would have yielded similar results. The results from the Bayesian approach were more convenient because of the smoother outcome they tend to generate and the ease of using the bayesboot package.
An additional class of techniques that could be useful in this type of analysis are measurement error correction models, such as those provided in the mecor (Nab et al., 2021) package. These techniques are particularly powerful when validation studies are part of the data. Specifically designed validation studies could be added to the sensorial data at a relatively low cost to enable the use of this approach. This is an improvement opportunity to suggest to sensory evaluation teams to further reduce measurement error.
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