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Make/Target a product for a population segment You can conduct a consumer study on different products for which you know various characteristics.



Attitudes Eating habits Purchase intent D Demography h



Product



Conssumer



Conssumer



Who is the consumer?



Consumer p preferences



Product Sensory attributes + other



Goal:



Product characteristics



to know who will buy which product to create a product that will suit a segment need www.camo.com



Make/Target a product for a population segment



Product



Consumer



Consumer



Who is the consumer?



Product Sensory attributes + other
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Example dataset: tomato study 17 tomato varieties (products) 11 descriptive evaluations (attributes) grade: 0 to 10 evaluated by 14 trained assessors (panelists). average values 379 consumers grading their liking of the tomatoes tomatoes. They tested only 10 varieties each. missing values 95 variables to describe the background information of the consumers



Relating type of  customers’ liking to the  characteristics of tomato The data set was collected in 2001 by the Centre Technique des Fruits et Légumes (CTIFL) and the Institut National de la Recherche Agronomique (INRA) in France, sponsored by the Ministère de la Recherche and organized by the Association des Centres Techniques Agricoles (ACTA). www.camo.com



Overview of the data
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Grouping on the preference Clustering analysis. • Pre-treatment: P t t t – Fill missing values (PCA method) – Average correction (consumers use the scale in different ways)



• Clustering methods: – Cluster analysis (K-means (K means and Euclidian distance distance, 2 and 3 groups) – Support pp Vector Machine www.camo.com



Clustering analysis: Validation by PCA: 2 or 3 clusters? The score plot shows an overlap of the clusters: l t differentiation diff ti ti along l PC1 15
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The loading plot shows that the products are quite similar on PC1 and 2 to 3 groups on PC2
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Validation of the segments: SIMCA • Soft S f Independent I d d Modeling M d li off Cl Class A Analogies: l i – Make a PCA model for each class; – Project new samples onto the model.
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Validation of the segments: SIMCA • Soft S f Independent I d d Modeling M d li off Cl Class A Analogies: l i – Make a PCA model for each class; – Project new samples onto the model.
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2 or 3 clusters: Distance of the models 2 clusters 1.6



3 clusters



Model Distance 2.4
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Very small model distances, high probability of overlapping segments
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Confusion matrix: 2 clusters With 5% significance: the samples are all classified into at least 2 groups overlapping l i More restrictive model 25% significance predicted
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Non-classified Non classified in any group: 0 0.3711 3711 The samples are not predicted well in their own class and overlapping the groups are both too restrictive for their own members and too wide for non-members. Conclusions: the cluster are overlapping and are not real segments. www.camo.com



Confusion matrix: 3 clusters With 5% significance: the samples are all classified into at least 2 groups overlapping l i 25% significance i ifi predicted real p
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Non-classified: 0.1873 Classified in all groups: 0.1787 Classified in 1-2 being 1: 0.0765, being 2: 0.3238 Classified in 1-3 being 1: 0.2118, being 3: 0.2885 Conclusions: the cluster are overlapping and are not real segments. www.camo.com



PCA on demographic data with 3 clusters



The clusters do not make sense in the demographic data neither neither. www.camo.com



Another example: Apples graded by children 0.5 3
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References: Martens, H., Anderssen, E., Flatberg, A., Gidskehaug, L.H., Høy, M., Westad, F., Thybo, A. & Martens, M. Regressing a matrix on descriptors of both its rows and of its columns, by low-rank L-PLS Regression. Computational Statistics and Data Analysis, 48, 103-125, 2005. www.camo.com



0.6



0.7



PC1 0.8



Confusion matrix predicted



real



1



2



1



46/52



0



2



0



32/64



1&2



6



30



Significance Si ifi level l l 5% Non-classified: 2 (from cluster 2) Conclusions: Cl t 1 iis validated. Cluster lid t d Cluster 2 is not homogeneous but this segmentation makes sense sense. www.camo.com



PCA on the children background
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The 2 clusters make sense in the children background : their usual preference for red apple p pp is the main explanatory p y factor for the g grades of preference. www.camo.com
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Support Vector Machine: Validation? • A common used black box to classify the samples. predicted real
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• All samples in cluster 1 are recognized in its own cluster,, but none for cluster 1! • And 74 % of cl2 are recognized as belonging to cl3. www.camo.com



Conclusion on the clustering • The segmentation is not possible on the tomato dataset: there is onlyy one cluster. • Cluster analysis and SVM will always find clusters, but it can not be applied without a validation validation. • Proper validation of the clusters include a SIMCA classification for the cluster analysis and a prediction for SVM. • Verification V ifi ti on d demographic hi d data t iis a +
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Rappel ☺ : Partial Least Square Regression PLS – Partial Least Squares Regression: Model both X and Y - matrices simultaneously
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X Y, X, Y Z • PLS regression deals with 2 matrices The sample p ((object) j ) dimension must be equal q Consumer preferences



Sensory attributes + other



Pro oduct



Pro oduct



Consumer



Product characteristics, i.e sensory y evaluations



You can relate consumer preferences to Product characteristics h t i ti ((sensory, composition) iti ) If you have other information on the descriptors (X variables), how to integrate it? www.camo.com



L-type data in consumer preference analysis Consumer
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Matrix product X’YZ’ has dimension: K x L Model alternatives: True L-PLS model (Unscrambler GenX) / A two-step process (U (Unscrambler bl 9 9.8 8 approach) h) www.camo.com



True L-PLS model • Regular two-block PLS: X-weights (used to calculate scores and loadings) can be obtained from th A fi the firstt eigenvectors i t of: f



• Three-block / L-PLS: Weights for X and Z (used to find X and Z scores and loadings) may be obtained from the A first eigenvectors of:
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L-PLS in a two-step process (The Unscrambler 9 9.8 8 approach) 1. Calculate G = Correlation Matrix (Z,Y) 2. Use G as new response matrix linking Z and Y. Consumer1, Consumer2, ... 3. Model [Y | G] = X’B Background1 B k Background2 d2
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G



Loading plot interpretation The loading plot for X and Y will now show 4 sets of variables: 1. The products (variables from the identity matrix) 2. The product variables, var1, var2, … (variables from the original X matrix) 3. Product responses, Res1, Res2, … (variables from the original Y matrix) 4. Background information from responses (variables from the Z matrix). www.camo.com



Overview of the data
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Preference of the consumers



Sensory profile and chemical  measurements on the tomatoes
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X (products and their characteristics) variance
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Y(consumers and their background) variance 80
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Explained Calibration Variance
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The liking Th liki off the th consumer can b be explained l i db by 57% with ith th the b background k d data but it is very different from 1 customer to the other. www.camo.com



Correlation loadings X and Y



Few consumer  like mealy  tomatoes



Suppression of the individual  identification to get a better view www.camo.com



Results cleaned up



Consumer Age gradient
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Conclusion on Age • Juicyness and sweetness are very important for young y g consumers • Consumers in their 30s like acidic tomatoes • Consumers in their 40s like firm tomatoes • Older consumers like mealy tomatoes www.camo.com



Results cleaned up
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Conclusion on location • Tomatoes A, O, C will sell better in Nantes N B, B L are the best seller potential in • Tomatoes N, Dijon, J, F, H, I are liked in Dijon as well • Tomatoes E, E M, M Q, Q G are prefered in Lyon • In Nantes the taste and flavor characteristics are the most important
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Results cleaned up People who use cocktail  People who use cocktail and cherry tomatoes



...want tomatoes that have an excellent  external color! And are juicy sweet and with external color! And are juicy, sweet and with  tomato odor and flavor: best choice A
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Results cleaned up



The age and the proximity to a garden  are correlated... www.camo.com
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Conclusions • S Segmentation t ti off the th consumers is i nott always l straightforward t i htf d and possible. • Segmentation should be validated. • L L-PLS PLS enables you to deal with 3 data tables with only one common dimension: interpretation of sensory data and consumer background g is p possible. detection of trend • Interpreting sensory and background with L-PLS is easy even when segmentation is difficult difficult.
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Get value out of your data



Th k Thank you for your attention f tt ti Marion Cuny  Marion Cuny [email protected]
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