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Abstract 
 

The globalization process followed by the introduction of several players 

in the internationalized market have increased the competitiveness in 

the market and forced food operators to differentiate their products to 

create value to consumers, which have become demanding for products 

with higher or multiple standards of quality. In this context, the ability of 

food operators to incorporate tangible drivers of consumption in their 

products is essential to obtain a sustainable advantage over 

competitors. Quality, however, has become a very complex concept as 

the socioeconomic changes in society have created a multidimensional 

construct of the term, which may assume several meanings over 

different targets of consumers, food operators and stakeholders. Even 

when only the eating quality of a product is considered, the quality 

assessment becomes a multidisciplinary science, where several 

attributes need to be investigated with a wide spectrum of protocols and 

statistical techniques. However, for the past twenty years the food 

supply chain has mainly assessed quality in terms of appearance and 

eventually too simplistic parameters such as soluble solids or acidity, 

with the solely goal of ensuring the product’s standardization and a 

sufficient shelf life. This type of assessment is very limited and not 

effective to predict the consumer’s perception of a product attribute or its 

degree of liking.  

New instrumentations such as texturometers or near infra-red sensors 

(NIR) have been proposed to analyze quality at pre-harvesting and post-

harvesting of fruit as they are believed to give better predictions of 

consumer perception. However, most of them are still lacking in external 

validation. External validation is a critical point since it increases the risk 

of having a dissonance between what is measured and what is actually 

perceived by consumers. Therefore, there is a huge need to improve the 
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quality assessments protocols with techniques that are more related to 

consumer perception. Recently, the development of new sensory nd 

statistical techniques have opened up a new whole world, where it will 

be possible to perform sensory comparisons that are less time-

consuming and to commute data of very different nature in more 

complex models. These new models are able to handle critical aspects 

such as nonlinearity, multicollinearity, and account for the critical 

variability inherent among assessors and sample’s replicates. They are 

also employable to assess quality at a pre-harvesting stage, since this 

type of assessment shares the same kind of problems. However, their 

interpretation is challenging as they are multi-structured and more 

complex. Therefore, the aim of the PhD program was to develop new 

protocols to perform quality assessments to investigate the relation 

among analytical parameters, sensory attributes and liking of products. 

Considering the industrial nature of this PhD program, which was born 

from the agreement between the company Sata SRL and the research 

department DISAFA under an apprenticeship of higher education 

cannot, all quality assessments were performed under the context of 

applied marketing strategies to promote the quality of horticultural 

products. More specifically, the strategies of branding, taste 

segmentation through the promotion of single-cultivar’s products and the 

introduction of new club varieties were the contexts used to develop a 

tailored quality assessment, designed to deal with the critical aspects 

that arises from each marketing strategy. All quality assessments shared 

a common structure that involved the development and improvement of 

protocols under 3 main aspects: analytical, sensory and statistical. While 

the analytical step involved the improvement of new instrumentation’s 

protocols such as colorimeter and texturometers, the sensory step 

involved the application of new sensory methods to characterize 

products, using trained, semi trained and consumer assessors. The 
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statistical step has foreseen the use of complex models that are able to 

commute data of different sources, obtained by the previous steps. 

In this research it can be concluded that, despite the marketing context 

or the fruit crop, the combination of analytical indexes might be a 

solution to represent sensory attributes that are multicomponent, such 

as colour and texture, especially if indexes are created with suitable 

statistical models such as the Multiple Factor analysis and the Partial 

least square model, which are able to balance the weight of single 

parameters to obtain a global representation of an attribute and to 

investigate its relation with liking. Moreover, the use of more complex 

models is also suitable to deal with many critical aspects, such as the 

variability of fresh produce or the uncertainty linked with the human 

judgment when sensory data need to be collected. This work also 

confirms how new sensory methods, such as Check-all-that-apply, 

Penalty analysis and Projective mapping, are suitable to characterize 

products, regardless the level of training of assessors. We also 

presented new statistical approaches, either to validate attributes to be 

part of the sensory questionnaires, either to interpret the results, limiting 

arbitrariness that is commonly present in this type of assessment. 

However, we do recognize that small data was a limit in this research 

and we hope that future research might apply the approaches and the 

codes shared in this thesis to further validate our new methods. 
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1- Introduction 
 

1.1- The purpose of a higher education and research 

apprenticeship 
 

The globalization process dictated by standardization, deregulation and 

the use of new technologies has led to the introduction of several players 

in the internationalized market, which has increased the competitiveness 

among food operators also in the horticultural sector. The current situation 

forces warehouses and industries to develop different strategies to 

differentiate their products in order to create and deliver value to 

consumers, which are surrounded by countless options in the market and 

have become more demanding for products with higher standards of 

quality. Within this context, the ability of food operators to identify and 

incorporate tangible drivers of consumption in their products is essential 

to increase the perceived quality and customer satisfaction, and to obtain 

a sustainable advantage over competitors (Zaynutdinova et al., 2017).  

Quality, however, has become a very complex concept in the past twenty 

years as the socioeconomic and cultural changes in society have created 

a multidimensional construct of the term, which may assume several 

meanings over different targets of consumers, food operators and 

stakeholders as they have different perspectives throughout the food 

chain (Schreiner et al., 2013). As a consequence, the quality assessment 

has become a multidisciplinary science, where several attributes need to 

be investigated with a wide spectrum of protocols and statistical 

techniques. In the present highly inter-connected food chain, the final 

client is assumed to be the final customer and food operators are claimed 

to play a dual role in which they demand or are subjected to different 

commercial requirements, whether they act as suppliers or clients at each 
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step of the supply chain. In this context, a shared and deep understanding 

of the diverse quality perspectives is key to build solid collaborations in 

order to increase the quality of products, and hence, the customer 

satisfaction. Therefore, only food operators with a multidisciplinary 

approach that integrates knowledge and skills to find a wide range of 

solutions for each step of the food chain will succeed and take over the 

market. 

In this context, Sata SRL, a company located in Quargnento (AL) that 

offers integrated services of consultancy and analytical controls for the 

agri-food supply chain, and the DISAFA department in the role of a 

scientific institution, have decided to invest their resources on a higher 

education and research apprenticeship project in order to develop and 

add value to different analytical services proposed to food operators that 

seek to have a broader and deeper understanding of their product’s 

quality. The goal of the project was to develop new techniques to evaluate 

the quality of fruit products using a multidisciplinary approach that 

integrates: 

• the use of novel instruments; 

• the application of new analytical and statistical protocols used in 

other fields; 

• the development of new indexes and appropriate quality 

assessment’s methodologies to be applied at different stages of 

the agri-food supply chain (pre-harvest, postharvest and 

processed products).  

Considering the importance of including techniques that are more related 

to the consumer experience, the project has also foreseen the sensory 

training of a part of the internal staff of Sata srl in order to broaden the 

quality assessment and apply newly introduced protocols of this area.  
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A key-element of the project was the integration between the knowledge 

and the scientific methodologies that are disseminated and mastered in 

the research field by the DISAFA’s department, with the multiple inputs 

and ideas originated from the careful reading of agricultural sector’s needs 

and problems introduced by Sata SRL. This has led to the creation of 

innovative solutions to the food chain where service companies and 

universities may represent a trustful partner to read and solve problems 

of actors that operate at different steps of the agri-food chain. 

 

 

1.2- The evolution of the quality concept and the 

interaction with new valorization strategies in the 

agri-food sector 

  
Quality has been often described as a combination of intrinsic and 

extrinsic features (Kyriacou et al., 2018), where the intrinsic features 

regard the physicochemical properties that are inherent to the nature of 

the product and are strongly influenced by genotype, environmental 

conditions and agronomic techniques (Gatti et al., 2009), while the 

extrinsic features regard mostly the consumer preference and 

expectations, which are highly impacted by cultural, socioeconomic and 

marketing factors at different degrees (Kyriacou et al., 2018). Recently, 

marketing researches have shown that consumer’s preferences are much 

more affected by lifestyle and fashion trends than economic factors such 

as income and education (Schreiner et al., 2013). Considering lifestyle 

changes over the course of a costumer’s life, consumer preference and 

quality requirements are permanently evolving. Therefore, both intrinsic 

and extrinsic factors are constantly interacting rather than being separate 

and complementary to each other. Fashion trends and companies’ 

marketing strategies, for instance, repeatedly affect consumer preference 
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to create new food trends and quality standards, which will then result in 

the formulation of new intrinsic requirements requested by retailers and 

industries.  

In the agricultural sector, food trends are composed by different product’s 

features that can be distinguished between search, experiential and 

credence attributes based on the type of quality that can be assessed by 

the consumer at different stages (Moser et al., 2011). Search and 

experientials features are tangible characteristics that can be assessed 

before (visually) or after consumption, such as price, dimension, size and 

colour in the first case and texture, taste, aroma, and ease of consumption 

in the second one. Credence features, instead, are intangible outcomes 

related to environmental conservation, origin, supporting small-scale 

agriculture and local rural communities, farmers living or producing 

conditions and workers’ rights (Moser et al., 2011). At the present, the 

sector has identified as most influential a mixture of different types of food 

trends, such as: convenience, functional foods, organic, food flavour and 

regional food (Schreiner et al., 2013; Vukasovič et al., 2016), which are in 

turn a result of a partially contradictory demand for healthy, novel, reliable, 

and sustainable products with higher standards of experiential eating 

quality in terms of convenience and flavour. It is well known that the 

demand for credence features has increased in the last years (Moser et 

al., 2011), especially among young adults such as the so-called “Y” or 

“millennials” (Molinillo et al., 2020) and the “Z” generations (Su et al., 

2019). However, the eating quality remains a pillar of the quality concept 

as it is the baseline for consumer acceptance of food before a costumer 

formulates an idea of preference, and therefore it is vital for the 

successfulness of a product, even though it is not possible to find a 

uniform and static flavour preference among consumers during the course 

of their lives. Confirming this, it has been shown in studies relative to the 

horticultural sector that when price varies within a precise range, purchase 
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decisions are mostly based on the perceived and experiential quality 

(Harker et al., 2003).  

With respect to the abovementioned food trends, whether they are based 

on credential or experiential features, vegetables and fruits are very 

fashionable due to their proved benefits to health (Baselice et al., 2017), 

the intense development of commercial and agronomic strategies that are 

more environmentally friendly (Vukasovič et al., 2016) and the possibility 

to please different targets of consumers due to the widespread availability 

of different quality profiles among vegetable and fruit crops. This 

awareness has led to the transfer of many of the existing marketing 

strategies in the industrial segment to the horticultural sector in order to 

communicate credentials and experientials values intrinsic to a vegetable 

product. Some examples are: the development of premium and private 

label brands, the development of traditional single-variety processed 

products for taste segmentation and local proposition, and the intense 

research to introduce novelty and “premiumness” by means of new crops 

or club varieties in the market. All of these marketing strategies are 

valuable examples of how the sector is valorizing horticultural products by 

promoting recognition and reliability (through branding), differentiation 

and a sustainable consumption of products (through processing followed 

by the creation of different versions of a product), and finally innovation, 

but also creation and protection of the value of new cultivars (especially 

with the introduction of club varieties). Inevitably, all those factors will have 

an impact on consumers and stakeholders’ expectations. For example, in 

the context of a Brand, of which goal is to boost the notoriety of a product 

and promote recurrent purchases throughout the season of a product 

(Zaynutdinova et al., 2017), the length of the season and the homogeneity 

of quality will unequivocally determine the success of a given product.  

However, when applying consolidated marketing strategies coming from 

the industrial field, food operators must take into account differences 
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between fresh and industrial products on the quality management to 

assure consumers and stakeholders quality requirements are fulfilled. 

Unlike processed food, fresh vegetables present many critical aspects to 

be handled: they are perishable, they have a high within batch variability 

and their quality may vary greatly throughout the commercial season and 

over the years depending on the crop or different external factors such as 

pre-harvest conditions (environmental conditions, agronomic techniques, 

time of harvesting) or postharvest conditions (warehouse and retail 

management). Nonetheless, special attention must be dedicated to the 

quality assessment methodology, which will require the development of 

protocols and statistical techniques that are robust to deal with critical 

aspects involving fresh produce, such as the difficulty of comparing 

varieties that are sequentially harvested; and effective to detect and 

display differences among products despite the inner variability linked to 

the batch, considering product differentiation in brands will become more 

and more important in the future (Harker et al., 2003). 

1.3- The current quality assessment methodologies: 

the overview of a multidimensional discipline 
 

To fulfill the requirements of different consumer’s segments, the various 

consumer preferences first have to be identified, especially those 

concerning the perceived taste considering its primary role in food 

acceptance. However, in order to match different targets of consumers, it 

is equally important to identify a corresponding quality profile of the 

product itself and hence assess its quality attributes (Schreiner et al., 

2013). Moreover, the estimation and quantification of key quality attributes 

is important as it enables food operators to monitor the quality of products 

throughout the supply chain (Kyriacou et al., 2018) and verify its 

standardization. Therefore, at the research level, there has always been 
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an intense development of new quality protocols for vegetables and fruit’s 

quality to help food operators to fulfill these goals. 

Because there is available a huge amount of quality protocols to be 

chosen, at the research level an important issue concerning fruit and 

vegetable quality assessments has become the choice of parameters, 

instruments and statistical models to investigate product’s quality either in 

global terms, when several parameters need to be integrated to formulate 

a global judgment of a complex quality attribute (e.g. texture or freshness), 

either from a specific point of view, when a specific parameter is 

potentially a strong indicator of a quality attribute (e.g. total soluble solids 

and sweetness perception). However, when considering the industrial 

sector, the quality assessment is still conducted using only conventional 

parameters such as the total soluble solids (TSS), the titrated acidity (TA) 

and the firmness measured with a penetrometer to monitor the quality 

throughout the supply chain or to validate new products and brands, as 

the limits of some of these parameters have also been established by 

regulation for determinate crops (e.g. the Commission Implementing 

Regulation (EU), 2011 concerning citrus fruits or the UNECE standard 

concerning melons) or are important for logistic purposes (e.g. firmness 

for kiwifruits). Along with them, several visual parameters are assessed 

as they are imposed by European regulation with the solely goal of 

performing an easy quality assessment to ensure product’s 

standardization and an acceptable shelf life. Unfortunately, this type of 

assessment is very limited and there is still a huge lack of correlation 

between the current industrial approach and the consumer perception of 

a product attribute or its degree of liking, as it was demonstrated by 

numerous works (Kyriacou et al., 2018). In fact, currently this type of 

assessment is merely ensuring an ideal of acceptance linked to the 

appearance of products, which is expressed in terms of absence of 

defects concerning external and internal parts of fruits, colour and shape 
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development, regardless their taste. As a result, over the past twenty 

years the appearance of products has mostly determined their 

commercialization value and breeding companies have dedicated most of 

their resources on an intense research for varieties that are more 

appealing to the eyes at expense of varieties that are more appealing to 

the taste (Rocha et al., 2013). This has obviously increased the level of 

dissatisfaction among consumers, whose recurrent purchase is mainly 

based on taste and flavour perception (Magwasa et al., 2015). Therefore, 

there is still an urgent need to improve the current quality assessment 

applied at the industrial level. Nonetheless, the huge gap between what 

has been developed and proposed at the research level and what is 

actually used at the industrial level is also an issue to be investigated in 

order to enhance the transfer of knowhow and technology among the two 

parts. 

At the research level, many are the attempts to develop protocols using 

new instrumentations that are believed to give better predictions of 

consumer perception and are less time-consuming than conventional 

methods once the instruments are calibrated. These new methods usually 

involve the use of more complex instruments such as texture analyzers, 

near infra-red sensors (NIR) sensors and electronic noses (Benedetti et 

al., 2009; Chen et al., 2013a) to investigate different aspects of eating 

quality attributes, such as texture, taste, and aroma, respectively, and 

individuate specific parameters that are more related with consumer 

perception of food. Moreover, since it is assumed that fruit composition at 

harvest is a reliable descriptor of postharvest quality (Nordey et al., 2019), 

there is an attempt also to use some of those instruments at the pre-

harvest phase, like specific NIR sensors such as the DA-meter® 

(University of Bologna patent M02005A000211) or the Kiwi-meters® 

(University of Bologna patent PD2009A000081) (Costa et al., 2009). Even 

though those instruments rely on very different mechanisms, a common 
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feature shared among them is the enhanced sensitivity to capture and 

quantify specific molecules or physical phenomena that are very 

correlated to food perception, for example, the ability to quantify different 

groups of molecules that contributes to the sweetness or fruity aroma 

perception, in the case of NIR or the electronic nose, or the ability of a 

texture analyzer to measure the extent of different physical phenomenon 

in terms of time, deformation and changes in force that occur in food 

during a compression test. 

However, despite many protocols have been proposed for these 

instruments, there is a great variability among them concerning the 

instrument setting, and most are still lacking in external validation, other 

than being expensive, time-consuming to perform calibrations and of 

difficult interpretation in order to be adopted by industries and warehouses 

(Benedetti et al. 2009; Chen et al., 2013a). The lack of an external 

validation is a huge issue as it increases the risk of having a dissonance 

between what is measured and what is actually perceived by consumers. 

While many efforts have been made to individuate factors that affect 

quality of vegetable and fruit products, there is a limited understanding on 

how variations of quality attributes may affect consumer perception and 

how each attribute affect the perception and overall liking of a product 

across different horticultural crops (Kyriacou et al., 2018). This 

phenomenon is even more felt for products that are described by 

multicomponent attributes, which are a result of the interaction of specific 

parameters. For example, the global attribute texture involves specific but 

complex parameters such as crispness and juiciness, that can be 

described by a set of phenomena of different nature, such as sound and 

hardness to describe an apple’s crispiness or the amount of water and the 

velocity of water release to describe apricot’s juiciness. This is why the 

use of sensory methods is still the most advantageous way to assess 

consumer perception. The ability of integrating different aspects of an 
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attribute to formulate a global judgment (Contador et al., 2015) is a key 

component of a quality assessment that is not easily replaced by 

laboratory instrumentation. Therefore, despite all efforts to develop 

instrumental protocols and the well-known drawbacks linked to 

conventional sensory tests such as length of training period in the case of 

panel tests or the variability of responses among individuals in the case 

of consumer tests, the sensory methods are still the most reliable way to 

predict consumer perception of food.  

Sensory methods are widespread among industrialized food companies, 

who routinely use profiling techniques to define and quantify the sensory 

characteristics as this information has numerous applications such as 

product development and improvement, quality control, advertising claim 

substantiation as well as understanding both consumer preferences and 

their relationships with instrumental data (Valentin et al., 2012). 

However, in the agricultural sector, such methods are scarcely 

employed, even at the more technically and scientifically developed 

institutions, such as breeding companies, where yield, product firmness, 

shelf life and pest tolerance, combining ambient adaptation and 

agronomic management were prioritized at the expense of vegetable’s 

sensory traits. Probably, this is due to the fact that conventional 

descriptive analysis, such as Quantitative Descriptive Analysis (QDA), 

are time and resource consuming, which limits its application in many 

breeding programs and among warehouses (Lado et al., 2019).  

Luckily, in the last few years, the development of new sensory protocols 

and the introduction of new statistical models have opened up a new 

whole world to the research and industrial field, where it will be possible 

to perform sensory protocols that are less time-consuming than the 

conventional methods as they do not require a training phase and are 

more effective as they usually rely on our better ability to compare 

products rather than evaluate them on an absolute scale; and to use 
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statistical models that commute data of very different nature, such as 

those of analytical, sensory and consumer tests (Valentin et al., 2012). 

With these new methods, we believe the goal of performing a complex 

multidisciplinary quality assessment can be achieved and protocols 

utilization can be finally extended to the food supply chain. Even though 

a major effort will be needed to interpret new statistical models that are 

multi-structured and complex, researches and industrials will benefit 

from their property of handling nonlinear patterns and collinearity that 

might exist among analytical measurements or between analytical 

measurements and sensory data, and account for the variability 

originated by critical factors intrinsic to this type of study, such as the 

inherent variability among assessors and sample’s replicates. Moreover, 

multi-structured models are also employable to assess quality at a pre-

harvesting stage to adjust or improve the decision making related to 

harvest dates and product commercialization, since this type of 

assessment shares the same kind of problems described above. 

  

2- The Ph.D programme proposition under the 

apprenticeship of higher education and 

research 
 

Over the last 15 years, Sata srl has engaged several partnerships with 

different professionals in the agri-food area to become, from an agronomic 

studio, a limited liability company that meets the increasingly complex 

needs of food operators with services that integrates consultancy and 

analysis designed for different steps of the supply chain. After more than 

20 years performing quality assessments at retail platforms and limitedly 

in laboratory, the company felt the need to improve the current 

methodology to respond to other food operator’s requirements and 
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contribute to disseminate the application of more reliable approaches that 

take into account the consumer perception to investigate the quality of 

products. To achieve this purpose, Sata srl and the DISAFA’s department 

have decided to invest their resources on an employee with a technical 

profile projected towards the food technology and sensory science in 

order to carry out the research program on new approaches to evaluate 

quality of horticultural products. The main goal of the project was to 

develop quality assessment’s methods that provide to the sector a better 

understanding of how variations of quality attributes affect harvesting or 

post harvesting quality, attribute’s perception and overall liking of different 

fruit crops.  

The project was structured in the following steps: 

1. Study and development of new analytical protocols and indices 

with instruments that are commonly employed in the research field 

but of little use in the business world; 

2. Study and application of new methodologies recently introduced 

in the sensory science.  This part was preceded by a theoretical 

and practical sensory training of part of the internal staff of Sata srl 

and most of the sensory data used in the project came from the 

Sata SRL’s panel. 

3. Study and application of statistical tools to handle data issues 

concerning horticultural products assessments; 

Considering that a PhD program under an apprenticeship of higher 

education cannot disregard the current business strategies that interact 

with and impact the theme of its research, in this project, all quality 

assessments were contextualized under recurring marketing strategies to 

promote and communicate the quality of horticultural products. More 

specifically, the following strategies in table 1 were chosen as the 

marketing context for the quality assessment trials. 
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This means that the concepts of quality concerning each type of marketing 

strategy were identified, and each step of the research program was 

designed in order to handle the critical aspects derived from each 

marketing strategy.  

 
Branding 

Taste 

segmentation 

Introduction of 

club varieties 

Marketing 

strategy 

To promote the 

recognition of a 

product and its 

proposed 

quality to obtain 

a recurrent 

purchase over 

time 

to create 

different 

versions of a 

product as 

consumers are 

less resistant to 

higher prices 

compared to 

the standard 

version of the 

same product 

To introduce 

novelty in the 

market and to 

allow creation 

and protection 

of the value of 

new cultivars 

Quality 

management 

strategy 

To assure 

quality and 

homogeneity of 

fruit throughout 

the commercial 

season 

To identify 

quality 

attributes that 

are easily 

distinguishable 

by consumers 

among 

product’s 

versions  

To identify pre 

pre-harvest 

indices that 

assure 

product’s best 

postharvest 

quality  

Design of 

quality 

assessment 

Longitudinal 

study of 

postharvest 

quality 

Vertical study of 

quality 

(comparison 

Longitudinal 

study of pre-

harvest quality 
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among samples 

at 1 time-point) 

Products 

tested 

-Apricots 

-Strawberries 

-Honeydew 

melon 

-Orange 

pigmented 

cultivars 

“tarocco” 

Apple juices 

Kiwi-berries 

(Actinidia 

arguta) 

Apples 

Bananas 

Avocado 

Kiwi-berries 

(Actinidia 

arguta) 

Table 1. The marketing and quality management strategies chosen to 

build the quality assessments developed during the three years of the 

project. 

 

All quality assessments shared a common structure, with content 

variations based on the goal of the marketing strategy: 

 
Branding 

Taste 

segmentation 

Introduction of 

club varieties 

Quality 

assessment steps 

Parameters, protocols and statistical 

analysis included 

1-Physicochemical 

characterization  

-TSS 

-TA 

-Firmness or 

Texture with the 

analyzer 

-Colour 

 

 

-TSS 

-TA 

Firmness or 

Texture with the 

texture analyzer 

-Colour 

 

-TSS 

-TA 

-Firmness or 

Texture with the 

texture analyzer 

-Colour 

-Nutraceutical 

compounds  

2- Sensory 

characterization 

-Panel test 

(conventional 

methods with 

-Panel test          

-Consumer test 

(new methods: 

- 
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quantitative 

scales) 

 

Projective 

mapping and 

Check all that 

apply 

questionnaire 

(CATA) 

3-Univariate 

analysis 

(differences among 

samples for each 

physicochemical 

parameter or 

sensory attribute) 

-Physicochemical 

data: One-factor 

Analysis of 

variance (ANOVA) 

-Sensory data: 

ANOVA mixed 

model 

 

-Physicochemical 

data: One-factor 

Analysis of 

variance (ANOVA) 

-Sensory data: 

ANOVA mixed 

model, Chi-squared 

test, McNemar test 

 

-Physicochemical 

data: One-factor 

Analysis of 

variance (ANOVA) 

4-Multivariate 

analysis  

(global analysis of 

relationships 

between parameters 

and between 

samples)  

-Multiple factor 

analysis 

-Multiple Factor 

analysis 

-Multiple factor 

analysis for 

contingency 

table 

-Multiple factor 

analysis 

5-Regression 

analysis 

(identification of 

main attributes to 

predict overall liking 

or harvesting quality) 

-Fuzzy model 

-Partial least 

squares model 

-Nonlinear partial 

least squares 

model 

-Partial least 

squares model 

 

Table 2 Parameters, protocols and statistical analysis included for each 

quality assessment steps 

By assessing the table 2, in the univariate step it is possible to notice that 

for sensory methods the number of statistical approaches is higher than 

the number of statistical approaches used for the physicochemical data.  
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3- The activities carried out: 
 

3.1- Study and development of new analytical protocols and 

indices with instruments that are commonly employed in the 

research field but of little use in the business world 

 

Alongside with the use of conventional methods to determine TSS and TA 

values, we have focused on the creation of protocols and indices using 

the instruments TA.XT2+ texturometer (Stable Micro Systems, Surrey, 

U.K.) and the CR-400 colorimeter (Konica Minolta, Tokyo, Japan). Both 

instruments and related software are designed to perform advanced 

analysis of texture and colour by providing additionally synchronized data 

measurement alongside the traditional analysis data (e.g. gumminess 

other than firmness in the case of the texture analyzer) and a higher 

flexibility when programming the instrument to perform a protocol as they 

allow the customization of library tests. This means that users are allowed 

to measure a wider range of more specific parameters compared to the 

commonly used instruments by food operators such as penetrometers, 

which are only able to measure the firmness of a product, and colour 

charts, which do not allow to split colour in its several attributes, such as 

qualitative traits, as taint, or quantitative traits, as luminosity or saturation 

(Pathare et al., 2013).  

It is important to note that, although both instruments are already 

commonly used in the research field, a shared methodology with validated 

indices are still lacking due to the great variability of protocols that were 

proposed for the same type of product; and the lack of information 
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concerning how the instrument should be set to perform the analysis is 

still a huge problem since many articles have been omitting this 

information (Chen et al., 2013b). More specifically, considering the texture 

analysis of horticultural products, few attentions have been paid to the 

preparation of samples in terms of shape and specimen, and there is often 

a huge confusion regards the choice of which parameters should be taken 

into account for each specific horticultural crop as in the case of the 

texture analysis profile (TPA), where the instrument is set to give the full 

range of parameters regardless the type of fruit (Nishinari et al., 2018).  

Therefore, the new protocols were developed taking into account the 

abovementioned sources of variability, and were further enriched with 

composite indicators by integrating the parameters obtained by the 

instruments in new formulas when the parameter itself was considered to 

be poor to predict the wanted attribute (e.g. composite colorimetric indices 

to investigate the stage of maturity) (table 1).  

Chroma  √𝑎2 ∗ +𝑏2 ∗  (Pathare et al., 2013) 

Hue angle  𝑡𝑎𝑛−1
𝑏∗

𝑎∗
 (Pathare et al., 2013) 

CI  1000 × 𝑎 ∗ 𝐿 ∗× 𝑏 ∗⁄  (Pathare et al., 2013) 

MIC  𝐿 ∗× 𝑎 ∗ 𝑏 ∗⁄  (Manera et al., 2013) 

COL  2000 × 𝑎 ∗ (𝐿 ∗× 𝐶 ∗)⁄  (Pathare et al., 2013) 

H index: (180 − ℎ) (𝐿 ∗ +𝐶 ∗)⁄  (Cristina et al., 2014) 

Table 3. Example of composite colorimetric indices already tested in 

literature that were used in the quality assessments. 

Also, in the case of the texture analyzer, we have developed new scripts 

on the instrument’s software to assess indexes that were not yet present 

in the current software, such as crispness (Fig. 1) and variants of the 

default measurement of hardness (Fig 2 and 3). 
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Fig. 1 Example of a force-distance curve obtained by the modified 

compression test’s script. The number of positive (green) and negative 

(red) peaks and the average drop were automatically calculated between 

the 3rd and 4th anchors (anchors in red) in order to estimate the crispness 

of products. 
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Fig. 2 The script created by altering the texture analyzer’s software 

original script for the Texture Profile Analysis (TPA) test. From lines 36 to 

42, news instructions were introduced to measure the parameter Young’s 

module. The parameter is claimed to be a reliable indicator of hardness, 

as indicated in Chen et al. (2013b). 
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Fig. 3 Example of a force-distance curve obtained by the modified 

Texture Profile Analysis (TPA) test’s script. The red line between the 7th 

and 8th anchors indicates the first curve’s slope (Young’s module), as 

described in Contador et al. (2015). 

 

3.2- Sata SRL’s sensory training and application of new 

methodologies recently introduced in the sensory science 

3.2.1 Sensory training 
Even though many of the recently introduced sensory methods do not 

require training of assessors, it was necessary to introduce the sensory 

training of Sata srl’s employees as some of the quality assessments were 

performed under a longitudinal study using conventional methods (e.g. 
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quantitative tests using scales compliant to ISO 4121-2003 (ISO, 2003), 

such as those under the marketing strategy “Branding”. Around 18 

employees were invited to be part of the Sata SRL’s panel and were 

subjected to theoretical lessons imparted by Professor Cristiana Peano 

and by the apprentice doctoral student regarding sensory physiology and 

quality attribute’s definitions. For each crop subjected to the trials a 

technical sheet was provided with relevant specific attribute’s definitions. 

The practical lessons included the use of sensory standards (table 4) in 

different concentrations to train and test the discrimination and 

classification ability of assessors, as recommended by ISO 8586 (ISO, 

2012) and through the use of conventional methods such as the “duo-trio” 

and “triangle” tests. Finally, prior to the quality assessments, assessors 

were trained to score product’s attributes according to a commercial 

reference, individuated for each fruit species subjected to the trials. Most 

of the fruit provided came from the Sata SRL’s retail client Pam Panorama 

S.p.A., which sponsored the training and some of the quality assessment 

performed in this project alongside with the Ph.D. programme funding. 

 

Sensory standards supplied  
by AROXATM (Cara Technology, 

Leatherhead, UK) Descriptors 

Taste 

sodium chloride salty taste 

fructose and sucrose sweetness 

sucrose octaacetate bitterness 

citric acid sourness 

monosodium glutamate umami taste 

Odour and 
aroma 
notes 

cis-3-hexenol freshly cut grass 

2-aminoacetophenone fruity, grape-like odour 

dimethylsulfide rotten vegetables 

geraniol floral odours 

methyl thioacetate cooked vegetables 

ethylphenyl acetate honey 

geosmin earthy notes 
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nonanal dried grass or cucumber skin 

benzaldehyde almond flavour 

ethyl hexanoate  pineapple, tropical fruit 

trans, cis-2,6-nonadienal cucumber or watermelon 

isoamyl acetate banana 

2-isobutyl-3-methoxypyrazine 
herbaceous, peper, earthy 
notes 

Tactile 
 

sensations 

tannic acid astringent 

ferrous sulphate metallic 
 

Table 4. List of compounds acquired for panelist’s training 

3.2.2 Application of new methodologies recently introduced in the 

sensory science 
 

After a long period of bibliographic research, it was decided to focus on 

two emerging sensory methods: The Projective mapping with trained 

assessors and the Check-all-that-apply (CATA) with consumers, with the 

latter being also followed by the Penalty analysis in order to link attribute 

perception to the acceptance of a product. Those methods are already 

largely employed in the sensory sector as they allow users to 

characterize products and investigate attribute’s perception in an easier 

way by exploiting our more natural capability of judging products by 

comparison rather than evaluating them on an absolute scale (Valentin 

et al., 2012). Here an example how assessors were instructed to 

perform the projective mapping: 
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Figure 4 A picture of the power point slide presented to SATA SRL’s 

assessors in order to perform the projective mapping method of 

monovarietal apple juices 

 

However, at the same time the new methods present room for 

improvement as there are several ways in which the sensory tests can 

be prepared and presented to assessors and, in addition, data can be 

treated with different statistical techniques, which can represent a 

potential source of arbitrariness when evaluating the results, leading to 

different or misleading conclusions from a same set of data (Jaeger et 

al. 2013).  

Therefore, for what concerns the preparation step of sensory tests, 

special attention was dedicated to the selection of attributes that were 

brought to be part of questionnaires or lists that were given to panelists 

prior to the test. In particular, different processes that involved data 
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mining (example of results displayed in fig. 5) or qualitative research 

such as focus group (example of results displayed in fig. 6) were 

adopted in order to ensure that only relevant attributes were introduced 

to the tests. The choice between the former or the latter approach 

depended on how much information of products was available in the 

web, since this is a precondition to use the data mining process. 

Moreover, to obtain a correct interpretation of results, a relevant part of 

this work concerned the use of statistical analysis to validate sample’s 

attributes, and therefore, the step 2 of this project was very dependent 

and connected with step 3, where univariate and multivariate models 

were studied and tested on data.  

 

Fig. 5 The word cloud represents the frequency of attributes that were 

counted through a data mining process of several articles based on 

quality assessments of apple juices. This process was performed to 

prepare the list of attributes to be used during a projective mapping test 

of apple juices. 



30 
 

 

Fig. 6 The word cloud represents the frequency of terms obtained from a 

focus group to select relevant attributes to be part of a Check-all-that-

apply questionnaire for a kiwi-berry quality assessment. 

 

3.3- Study and application of statistical tools to handle data 

issues concerning horticultural products assessments 

 

From a statistical point of view, the quality assessments of each 

marketing strategy were performed following a similar procedure: the 

use of univariate techniques to individuate differences among samples 

for each sensory attribute and/or analytical parameters, and the use of 

multivariate techniques to summarize the quality assessment results and 

to enable the identification of more complex relationships among 

samples and attributes. Also, regression techniques were employed in 

order to further investigate the relationship among selected attributes 

from the analysis of the previous steps and the overall liking scores 

obtained from the panel or the consumer test assessment. The criteria to 

choose the statistical techniques involved their ability to deal with 

different critical aspects concerning the samples (horticultural products 
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with a high degree of variability within the same batch), the goal of the 

marketing strategy (longitudinal or vertical quality assessment of 

samples), and the type of data (continuous or discrete data). In all 

assessments performed in this project the type of data has introduced 

several aspects that needed to be handled. Analytical and conventional 

panel test sensory methods often provided to our experiment continuous 

data, while sensory methods such as CATA and Projective mapping 

provided counted or categorical data, hence, the use of statistical tools 

that deal with parameters of different nature was key to perform an 

integrated quality assessment. Also, the relationship among parameters 

and sensory attributes was another critical issue because it is known to 

be very heterogeneous, as it can be linear, highly collinear, or non-linear 

at a same experiment (Lombardo, 2011, Dias et al., 2011), which may 

require the use of techniques that deal with multicollinearity or are 

model-free by nature, meaning that they allow to set different 

relationship among parameters at the same time. Moreover, it is well 

known that the introduction of sensory methods leads to the introduction 

of dependent data as assessors, being them consumers or panelists, 

represent a random factor across samples or across time within a same 

sample (Kuznetsova, 2015). Differently from fixed factors, where specific 

levels are chosen for a treatment variable, and the same levels can be 

replicated in other experiments, random factors present levels that are 

chosen randomly from the population of all possible levels. As a result, 

future replications of the experiment might or might not select this exact 

same level (e.g. sensory tests conducted in other laboratories). The 

reason to consider assessors as a random factor is based on our 

interest to extend the results to the population where they come from 

rather than account for their specific estimate’s effects (Kuznetsova et 

al., 2014). This requires the use of proper models such as the mixed 

models, which are able to deal with fixed and random factors and 

account for the variability introduced by each assessor. Moreover, the 
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same approach may be extended for sample’s replicates if served 

separated (e.g. longitudinal study of a brand’s quality), as horticultural 

samples are prone to biological heterogeneity during the season 

(Kusnetsova, 2015).  

In Figure 6, we summarize how data was treat in our assessments. It is 

clear that the introduction of sensory data the assessment increases the 

quality assessment complexity as it introduces data of different type, 

which explains the use of different statistical methods. 

 

 

 

 

 

  

Input for creation of regression models

Relationship
among

samples and 
attributes

Relationship
among

phisicochemica
l parameters
and sensory
attributes

Relationship
among

samples

Figure 6- Flowchart that represents the different steps of the quality 
assessments used to investigate quality of products under the 3 marketing 
strategies. 
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To conclude, all models were created with the statistical software “R 

studio” (R Studio, 2018). The use of this type of software was essential 

to perform the abovementioned study as it is an open software where 

users can dispose of a high number of models that are available in 

several packages. Moreover, the number of packages is always 

increasing as it is possible to users to contribute to the software’s 

structure. Some of the main models employed in this research were: 

• The multiple factor model is a non-constrained multivariate model 

that extracts latent factors to summarize samples’ information 

through a dimension-reduction process, with the additional 

feature (compared to principal component analysis) of assessing 

datasets where variables are structured in groups, therefore, it is 

a model useful to analyze multicomponent parameters, such as 

texture and taste (Giuggioli et al., 2020)  

• The partial least square model is a constrained multivariate 

model that separates the dataset into dependent and 

independent variables. By doing this the model is able to extract 

the latent factors accounting for as much of the dependent factor 

variation as possible while modeling the responses well. 

Therefore, the model cand be used to perform predictions 

avoiding multicollinearity problems (Mendes da Silva et al., 2021) 

 

3.4- The main results of the Ph. D. program: the 3 articles 

In this thesis, it was decided to present the results obtained of 3 articles, 

where each article represent one of the abovementioned marketing 

strategies: 
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1- The developed quality assessment of a retail apricot brand: this 

article displays a quality assessment methodology to highlight 

how varieties may affect the quality standardization of a brand. It 

takes into account the summer perishable crop apricot, where 

the use of different varieties is the only possible way to ensure 

the minimum commercial period required by retail clients. The 

quality assessment consists on a longitudinal study, where 

varieties that are sequentially harvested are compared, 

especially in terms of sensory quality. We have shown that with 

the use of proper techniques, it is possible to model the 

uncertainty of human judgment and different relationships 

between quality attributes and the overall liking to identify strong 

quality indicators. The developed methodology is currently 

employed to assess quality of Sata SRL’s retail clients and to 

identify the most important quality indicators for their brands. 

2- The sensory characterization of single-cultivar apple juices: this 

article displays a quality assessment employing the projective 

mapping method to identify the main sensory descriptors of apple 

juices. In particular, we share instructions to perform a data 

mining process to exploit available data and create assessor’s 

vocabulary, and we propose a statistical method to validate the 

most important sensory attributes of each juice. This article offers 

the sector a method to reduce the arbitrariness of result’s 

interpretation. 

3- The pre-harvesting quality assessment of maturity and ripening 

indices of kiwi-berry fruits (A. arguta): in this article, we display a 

new methodology to investigate which analytical parameters are 

more reliable to describe the harvesting quality of kiwi berries. In 

particular, we show how the use of models that take into account 

composite indicators are suitable tools to summarize a quality 

attribute influence on the harvesting quality. With this article we 
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offer the sector a methodology that can be employed when the 

quality assessment involves attributes that are summarized by 

multiple analytical parameters (e.g. colour, texture).  
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4- A novel statistical approach to assess the 

quality and commercial viability of a retail 

branded perishable fruit 
This chapter is dedicated to the article publication: 

Mendes Da Silva, T., Peano, C., & Giuggioli, N. R. (2019). A novel 

statistical approach to assess the quality and commercial viability of a 

retail branded perishable fruit. CyTA - Journal of Food, 17(1), 581–592. 

https://doi.org/10.1080/19476337.2019.1621389 
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5- A New Sensory Approach Combined with a 

Text-Mining Tool to Create a Sensory 

Lexicon and Profile of Monovarietal Apple 

Juices 
 

This chapter is dedicated to the article publication: 

Mendes da Silva, T., Marinoni, D. T., Peano, C., & Giuggioli, N. R. 

(2019). A new sensory approach combined with a text-mining tool to 

create a sensory lexicon and profile of monovarietal apple juices. Foods, 

8(12). https://doi.org/10.3390/foods8120608 
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6- The use of a new explanatory methodology 

to assess maturity and ripening indices for 

kiwiberry (Actinidia arguta): Preliminary 

results. 
This chapter is dedicated to the article publication: 

Mendes da Silva, T., Briano, R., Peano, C., & Giuggioli, N. R. (2020). 

The use of a new explanatory methodology to assess maturity and 

ripening indices for kiwiberry (Actinidia arguta): Preliminary results. 

Postharvest Biology and Technology, 163. 

https://doi.org/10.1016/j.postharvbio.2020.111122 
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Conclusions 
 

In this Ph.D. program, the goal of developing quality assessments under 

different marketing strategies to obtain a better understanding of 

relationships among parameters and sensory attributes over different 

crops has been achieved sufficiently. In this research, each of the three 

steps concerning the development of new analytical, sensory and 

statistical protocols was subjected to specific actions of improvements, 

which have included the proposition of several strategies to solve the 

drawbacks of conventional methods.  

Concerning the first step of this research, the improvements made on the 

creation and management of the analytical data regarded mainly the 

creation of composite indexes through the combination of single 

parameters derived from new and conventional instrumentation. The 

composite indexes were important to better represent complex or global 

quality attributes such as colour and texture, allowing the researcher to 

integrate the measurements in a way that is more related with a sensory 

attribute. In all articles, the combination was performed by either creating 

manually new calculations with the instrumentation’s original parameters 

(e.g. colorimetric indexes) or fusing parameters under constructs with 

statistical techniques such as the MFA or the PLS models, with the latter 

having the advantage of not determining a priori the weight of parameters 

or the relationship among them in the construct. In fact, considering our 

results, not all indexes derived from calculation have turned to be better 

indicators than the conventional parameters.  
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The introduction of calculations and constructs based on analytical data 

has provided information concerning the relation among parameters and 

the sensory attributes and their suitability for specific crops. In particular, 

our work provides detailed information on how and why the use of 

simplistic indicators can mislead or are not sufficient to estimate sensory 

attributes. Some examples are the use of TSS, the ratio TSS/TA or BrimA 

(TSS – acidity* k) to measure sweetness in different crops (Mendes da 

Silva et al., 2019a; Mendes da Silva et al., 2019b) or the use of firmness 

measured with the penetrometer to indicate the sensory attribute 

hardness (Mendes da Silva et al., 2021). Our work also illustrates that the 

choice and interpretation of parameters derived from new instrumentation 

such as colorimeter and texture analyzer are crop dependent and we 

provide important information considering which parameters should be 

used and how they should be interpreted for specific crops (Mendes da 

Silva et al., 2021; Giuggioli et al. 2020).  

However, despite the results achieved, we do recognize that in this project 

the quality assessments were not always performed over several years 

and some of them are actually only concentrated in 1 year, which means 

that our considerations still need to be validated in further research trials. 

Furthermore, it was not possible to include other relevant instrumentation 

in the project in order to provide detailed information that concerns aroma 

of products, such as the electronic nose. This loss of information was 

accepted by the research program considering that, with the exception of 

off-notes, consumers are often not able to distinguish specific aroma 

notes of a product and the overall liking is often linked to a general and 

acceptable note of aroma related to a determined product and its intensity 

rather than its qualitative profile. 

Concerning the second step of this project, it can be concluded that the 

new sensory methods employed on product’s characterization (projective 

mapping and CATA) were efficient as assessors, being them semi trained 
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people or consumers, were able to distinguish different versions of 

products that were subjected to the assessments. In fact, in all 

assessments, their judgments were in agreement with previous literature 

of trained panels regardless if assessors were subjected to full training, 

theoretical training (Mendes da Silva et al. (2019b) or no training at all. 

Moreover, the obtained data was validated with the innovative statistical 

approaches: the combinatory calculus for what concerns the projective 

mapping and the NM-PLS model following the Penalty analysis of CATA 

results. Thanks to the statistical approach, the number of attributes to be 

considered relevant for a specific product version or for the overall liking 

judgement is not determined a priori, reducing the arbitrariness of 

interpretation. However, it is important to note that a huge drawback of 

our work was the impossibility to validate data with different groups of 

assessors or to recruit a large number of consumers. We hope the 

developed methodologies will be applied by other researches in order to 

confirm their efficacy.  

Finally, considering the third part of this research, the use of complex 

multivariate statistical models such as PLS, NM-PLS, MFA were vital in 

order to deal with many critical aspects of quality assessments. To begin 

with, the possibility of using models that manage data of different type 

(continuous, ordinal or categorical) allowed the researcher to perform an 

integrated evaluation, without losing important information concerning 

the interaction among analytical parameters and sensory attributes. 

Moreover, with those models, it was possible to aggregate single 

parameters obtained by analytical instrumentation, such as colorimeter 

and texture parameters, to obtain constructs that represent a global 

attribute. At the level of a single construct, this was very important 

considering that parameters derived from colorimeter and texture 

analyzer are complementary to represent colour and texture of products. 

Moreover, when applying the multivariate model with this approach, the 



79 
 

data is better represented in the multivariate global space (model’s 

dimensions) as the iterative process that enables the creation of model’s 

dimensions is mostly governed by the global constructs that are 

weighted and balanced among each other rather than a single set of 

very heterogenous parameters coming from different analytical or 

sensory sources. This prevents that a single parameter that is naturally 

characterized by a higher variability will have a major influence on 

model’s dimension. Moreover, in this way, it is possible to assess 

samples is a space that reproduces consumer behavior, which may not 

focus their attention on a set of specific attributes, instead, they integrate 

all the descriptors of the product to reach a global consensus. 

Finally, we also demonstrated that in some cases, it is important to use 

constrained techniques in order to relate parameters or sensory 

attributes to the liking judgment of products. In our work, this strategy 

has been adopted especially when the parameters that are the main 

cause of differences among samples are not the ones related with the 

liking of products. By using constrained techniques such as the PLS 

model (or its variation to the nonlinear case NM-PLS), it is possible to 

split the database in dependent and independent constructs, which in 

turn allows the creation of dimensions by maximizing the variation of the 

dependent variables and this is vital to obtain a common space where 

the dependent variable of interest, such as liking (Mendes da Silva et al., 

2021) or the harvesting quality (Mendes da Silva et al., 2020a) is well 

explained (well represented in the common space). Moreover, the PLS 

and the fuzzy model allows the user to set different type of relationships 

between the dependent and the independent data, which is very 

important in quality assessments as many quality attributes, especially 

those concerning the texture of products, display a nonlinear relationship 

with liking. And finally, those models are also suitable for quality 
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assessments with small data, which was the main drawback of our 

works. 

We also highlighted the importance of using models that deal with the 

uncertainty linked to the human judgement such as the uncertainty 

present in sensory assessments. All quality assessments involving 

sensory tests performed throughout time (such as those under the 

branding strategy) have foreseen the use of ANOVA mixed models 

where the random variance derived from assessor’s judgment can be 

accounted (Mendes da Silva et al., 2019a) or modelled (Mendes da 

Silva et al., 2021) and this is very important to reduce the model’s error 

term and reduce the possibility of committing the type error 1 rate of 

fixed effects, meaning that the null hypothesis (i.e. no significant 

differences among samples) might be rejected when it should be 

accepted. Moreover, this type of model is able to handle missing data 

linked to the fact that assessors may not be able to participate to all 

sensory sessions throughout time within a same quality assessment. 

This characteristic is vital for companies such as Sata SRL’S, where the 

employee’s routine do not allow a single assessor to be always present 

in the company to perform all sensory sessions. This also meets a more 

general need of panel leaders from different companies who might face 

repeatably the “turn over” process of company’s personal, which may 

happen during the course of a quality assessment. Finally, also in the 

multivariate case we present the fuzzy model as a solution to deal with 

human uncertainty. Even though the current literature describes the 

need of expert knowledge as a drawback of the model, for consulting 

firms such as Sata SRL, it represents a potential instrument to develop 

tailored tools for clients based on the company’s knowledge. 

Overall, the use of R software was vital to develop the quality 

assessments under the statistical point of view as this tool allows the 

user to choose freely the type of model that is most appropriate to solve 
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the quality assessment’s critical aspects. We hope that the R codes 

shared in the annex of this document may hope researches to perform 

quality assessments with a better performance and reduce the time a 

food technologist devotes to gather data and analyze it. Therefore, a 

food technologist can dedicate more time to the final part of a quality 

assessment, which is to interpret, display and share the results to other 

researchers, clients or other interlocutors, increasing the impact of his 

work. 
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Annex 1- Some of the R codes used in this 

research: 
 

1. The fuzzy model created in the article: A novel statistical 

approach to assess the quality and commercial viability of a retail 

branded perishable fruit: 

#install the “sets” package 

install.packages("sets") 

#recall the “sets” package 

require(sets) 

#define the range of sensory attributes values 

sets_options("universe", seq(1, 9, 0.5))#the sensory attributes function will vary from 1 to 
9 

#set the fuzzy functions for each sensory attribute (fuzzification step of numerical 
variables) and store it the object “variables” 

variables <- set(hardness = fuzzy_partition(varnames = c(low = 1, good = 5, high = 9),sd 
= 1.19), aroma = fuzzy_partition(varnames = c(scarce = 1, good = 5, excellent = 9),sd = 
1.48), juiciness= fuzzy_partition(varnames = c(low = 1, intermediate = 5, high = 9), sd = 
1.19), overall_liking = fuzzy_partition(varnames = c(scarce = 1, ok = 5, excellent = 9), 
FUN = fuzzy_cone, radius = 1.1)) 

#set the rules of model and store it in the object “rules” 

rules <- set(fuzzy_rule(aroma %is% scarce && juiciness %is% low && hardness %is% 
good, overall_liking %is% scarce),  

             fuzzy_rule(aroma %is% good && juiciness %is% low && hardness %is% good, 
overall_liking %is% ok), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% low && hardness %is% 
good, overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% intermediate && hardness 
%is% good, overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% high && hardness %is% 
good, overall_liking %is% ok), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% high && hardness %is% 
good, overall_liking %is% excellent), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% intermediate && hardness 
%is% good, overall_liking %is% excellent), 

             fuzzy_rule(aroma %is% good && juiciness %is% high && hardness %is% good, 
overall_liking %is% excellent), 
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             fuzzy_rule(aroma %is% good && juiciness %is% intermediate && hardness 
%is% high , overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% intermediate && hardness 
%is% high , overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% intermediate && hardness 
%is% high , overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% good && juiciness %is% low && hardness %is% high , 
overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% low && hardness %is% high , 
overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% high && hardness %is% 
high , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% good && juiciness %is% high && hardness %is% high , 
overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% high && hardness %is% high 
, overall_liking %is% ok), 

             fuzzy_rule(aroma %is% good && juiciness %is% intermediate && hardness 
%is% low , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% low && hardness %is% low , 
overall_liking %is% scarce), 

             fuzzy_rule(aroma %is% good && juiciness %is% low && hardness %is% low , 
overall_liking %is% ok), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% low && hardness %is% low 
, overall_liking %is% ok), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% intermediate && hardness 
%is% low , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% good && juiciness %is% intermediate && hardness 
%is% low , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% intermediate && hardness 
%is% low , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% intermediate && hardness 
%is% low , overall_liking %is% ok), 

             fuzzy_rule(aroma %is% scarce && juiciness %is% high && hardness %is% low , 
overall_liking %is% ok), 

             fuzzy_rule(aroma %is% good && juiciness %is% high && hardness %is% low , 
overall_liking %is% ok), 

             fuzzy_rule(aroma %is% excellent && juiciness %is% high && hardness %is% 
low , overall_liking %is% ok)) 

 #create the model recalling the objects “variables” and “rules” 

model <- fuzzy_system(variables, rules)  
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#print and plot the model’s function 

print(model) 

plot(model) 

#Defuzzyfication of model: use of real sensory values of independent attributes aroma, 
juiciness and hardness to obtain values for the dependent attribute overall_linking 

example.2 <- fuzzy_inference(model, list(aroma = 4,25, juiciness = 3,05, hardness = 
7,15)) 

plot(example.2) 

gset_defuzzify(example.2, "centroid") 

example.3 <- fuzzy_inference(model, list(aroma = 3,15, juiciness = 3,8, hardness = 
6,50)) 

gset_defuzzify(example.3, "centroid") 

example.4 <- fuzzy_inference(model, list(aroma = 4,0, juiciness = 5,25, hardness = 
4,70)) 

gset_defuzzify(example.4, "centroid") 

example.6 <- fuzzy_inference(model, list(aroma = 4,05, juiciness = 5,25, hardness = 
5,20)) 

gset_defuzzify(example.6, "centroid") 

example.7 <- fuzzy_inference(model, list(aroma = 2,71, juiciness = 2,71, hardness = 
4,71)) 

gset_defuzzify(example.7, "centroid") 

plot(example.7) 

example.8 <- fuzzy_inference(model, list(aroma = 2,6, juiciness = 2,7, hardness = 3,35)) 

gset_defuzzify(example.8, "centroid") 

example.9 <- fuzzy_inference(model, list(aroma = 4,15, juiciness = 3,9, hardness = 
7,30)) 

gset_defuzzify(example.9, "centroid") 

example.9 <- fuzzy_inference(model, list(aroma = 4,15, juiciness = 3,9, hardness = 
7,30)) 

gset_defuzzify(example.9, "centroid") 

example.12 <- fuzzy_inference(model, list(aroma = 3,65, juiciness = 4,1, hardness = 
7,20)) 

gset_defuzzify(example.12, "centroid") 

example.13 <- fuzzy_inference(model, list(aroma = 4,5, juiciness = 5,06, hardness = 
6,68)) 

gset_defuzzify(example.13, "centroid") 
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plot(example.13) 

example.14 <- fuzzy_inference(model, list(aroma = 4,0, juiciness = 3,19, hardness = 
3,87)) 

gset_defuzzify(example.14, "centroid") 

example.15 <- fuzzy_inference(model, list(aroma = 3,5, juiciness = 3,0, hardness = 
5,40)) 

gset_defuzzify(example.15, "centroid") 

 

2. The data mining process applied in the article: A New Sensory 

Approach Combined with a Text-Mining Tool to Create a Sensory 

Lexicon and Profile of Monovarietal Apple Juices: 

#install packages needed to perform the data mining process 

Needed <- c("tm", "SnowballCC", "RColorBrewer", "ggplot2", "wordcloud", 

"biclust", "cluster", "igraph", "fpc") 

install.packages(Needed, dependencies = TRUE) 

install.packages("Rcampdf", repos = "http://datacube.wu.ac.at/", type = 

"source") 

#store the folder path where articles to be subjected to the data mining process 

are saved in folder C in the object “cname” 

cname <- file.path("C:", "texts")    

cname    

dir(cname)  

#recall package “tm” 

require(tm) 

#create the corpus (the group of articles to be subjected to the data mining 

process) and store it in the object “docs” 

corpus<-DirSource(cname) 

docs <- VCorpus(corpus)   
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#check the “corpus” general information  

summary(docs)  

#start the data mining process: Preprocessing of corpus 

#remove meaningless words (stopwords) to the process (“and”, “with”, etc) 

docs <- tm_map(docs, removeWords, stopwords("english")) 

docs <- tm_map(docs, PlainTextDocument) 

#remove punctuation (dots, etc) 

docs <- tm_map(docs,content_transformer(removePunctuation)) 

#remove symbols 

for (j in seq(docs)) { 

  docs[[j]] <- gsub("/", " ", docs[[j]]) 

  docs[[j]] <- gsub("@", " ", docs[[j]]) 

  docs[[j]] <- gsub("\\|", " ", docs[[j]]) 

  docs[[j]] <- gsub("\u2028", " ", docs[[j]])} 

# remove anything other than English letters or space 

removeNumPunct <- function(x) gsub("[^[:alpha:][:space:]]*", "", x) 

docs <- tm_map(docs, content_transformer(removeNumPunct)) 

#remove numbers 

writeLines(as.character(docs[1])) 

docs <- tm_map(docs,removeNumbers) 

docs <- tm_map(docs, PlainTextDocument) 

#transform every word in lowercase 

docs <- tm_map(docs, content_transformer(tolower))    
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docs <- tm_map(docs, PlainTextDocument) 

DocsCopy <- docs 

#merge word to create meaningful expression  

writeLines(as.character(docs[1])) 

for (j in seq(docs)) 

{docs[[j]] <- gsub("apple aroma", "apple_aroma", docs[[j]]) 

  docs[[j]] <- gsub("apple taste", "apple_taste", docs[[j]]) 

  docs[[j]] <- gsub("fruity flavors", "fruity_flavors", docs[[j]])} 

docs <- tm_map(docs, PlainTextDocument) 

#remove words that are not useful or relevant to the scope 

docs <- tm_map(docs, removeWords, c("sensory", "consumers", "juice", "food", 

"juices", "analysis", "fruit", "particular", "a", "b", "c", "d", "e", "ca", "et", "al", 

"aftertaste", "ns", "ab", "bc", "de", "-", ",", "p", "gl", "ml", "_", "'", "g", "t", "l", "mm", 

"cb", "l", "eg", "'s", "f", "ac", "ie", " ", "citrus", "±", "sweetapple", "appleapple", 

"±")) 

#remove the white spaces left from the past remove functions 

docs <- tm_map(docs, stripWhitespace) 

#transform the corpus in a text document 

docs <- tm_map(docs, PlainTextDocument) 

##end of preprocessing: Creation of a document term matrix: a document 

where rows are articles and words are columns  

dtm <- DocumentTermMatrix(docs)   

##inspect the matrix in order to assess the degree of sparsity (the number of 

rows that are empty. If sparsity is high, a high number of terms are cited few 

times  
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inspect(dtm)  

##convert the text document in a matrix where count of terms is made globally 

(not by each article) 

freq <- colSums(as.matrix(dtm))    

length(freq) 

#reorder terms by citation order  

ord <- order(freq) 

#check more frequent terms 

freq[head(ord)] 

##inspect least frequently occurring terms 

freq[tail(ord)] 

##esport the matrix in a excel file 

m <- as.matrix(dtm)    

dim(m) 

write.csv(m, file="DocumentTermMatrix.csv")  

###Filtering of terms: remove terms that are less frequent 

dtms <- removeSparseTerms(dtm, 0.9) # This makes a matrix that is 90% 

empty space, maximum.    

dtms 

###recheck terms 

freq <- colSums(as.matrix(dtm)) 

freq 

###or check terms that are cited at least 3 times 

freq2<-findFreqTerms(dtms, lowfreq=2) #termini che compaiono almeno 3 volte 
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freq2 

#create dataframe and plot it 

wf2 <- data.frame(word=names(freq), freq=freq)    

View(wf2)    

plot(wf2, cex= 0.5) 

 

### measure the frequency of which two terms co-occur (or show up together) 

in documents across  

#Note also, that it is not an indicator of nearness or contiguity. 

findAssocs(dtms, "cooked", 0.5)#the degree of correlation is set to be 0.5 

findAssocs(dtms, "candy", 0.5 

####build a clustering based on terms association 

####reverse the matrix DTM to a TDM 

tdm <- TermDocumentMatrix(docs, control=list(wordLengths=c(1,Inf))) 

####remove sparsity 

tdm2 <- removeSparseTerms(tdm, sparse=0.90) 

####transform the text document into a matrix 

m2 <- as.matrix(tdm2) 

distMatrix <- dist(scale(m2)) 

####apply the cluster method 

fit <- hclust(distMatrix, method="ward.D") 

plot(fit) 

##### or create a word-net  
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tdm <- TermDocumentMatrix(docs, control=list(wordLengths=c(1,Inf))) 

tdm2 <- removeSparseTerms(tdm, sparse=0.90) 

termDocMatrix <- as.matrix(tdm2) 

##### change it to a Boolean matrix 

termDocMatrix[termDocMatrix>=1] <- 1 

##### transform into a term-term adjacency matrix 

termMatrix <- termDocMatrix %*% t(termDocMatrix) 

##### inspect terms numbered 5 to 10 

termMatrix[5:10,5:10] 

install.packages("igraph") 

library(igraph) 

##### build a graph from the above matrix 

g <- graph.adjacency(termMatrix, weighted=T, mode="undirected") 

g <- simplify(g) 

##### set labels and degrees of vertices 

V(g)$label <- V(g)$name 

V(g)$degree <- degree(g) 

layout1 <- layout.fruchterman.reingold(g) 

#####plot thw word-net 

plot(g, layout=layout1) 

###### create the histogram and the wordcloud 

######after cleaning of the DTM matrix with excel, reload the dataset 
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Dataset<-read.table("clipboard", header=TRUE, sep="", row.names = 1, 

na.strings="NA", dec=",", strip.white=TRUE, stringsAsFactors=TRUE) 

###### histogram 

install.packages("ggplot2") 

require(ggplot2) 

p <- ggplot(subset(Dataset, freq>2), aes(x = reorder(word, -freq), y = freq)) + 

geom_bar(stat = "identity") +  xlab("Terms") + ylab("Frequencies")+ 

theme(axis.text.x=element_text(angle=45, hjust=1)) 

p  

#####wordcloud 

install.packages("wordcloud") 

install.packages("RColorBrewer") 

require(RColorBrewer) 

library(wordcloud) 

wordcloud(Dataset$word, Dataset$freq, colors=brewer.pal(6, "Dark2"), 

random.color=F, random.order=FALSE, rot.per=0.3) 
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3. The multiple factor analysis applied on projective mapping data 

from the article: Evaluation of the quality of ready to eat avocado 

Cv. Hass, article under review in the journal: International Journal 

of Food Science and in the article: A New Sensory Approach 

Combined with a Text-Mining Tool to Create a Sensory Lexicon 

and Profile of Monovarietal Apple Juices: 

#install and recall packages 

install.packages("FactoMineR") 

require(FactoMineR) 

#load data  

Dataset<-read.table("clipboard", header=TRUE, sep="", row.names = 1, 

na.strings="NA", dec=",", strip.white=TRUE, stringsAsFactors=TRUE) 

#1° approach: create the MFA model for the projective mapping data as 

continuous (either assessor’s coordinates and scores) and print biplot of 

groups, attributes and samples 

res = MFA(Dataset, group=c(2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 1, 1, 1, 

1,1,1,1,1,1,1),# use assessor’s coordinates by grouping them 2 by 2 and use 

individually sensory attributes 

type=c(rep("c", 22)),# set all data to be continuous, not scaled 

ncp=5,#keep 5 dimensions in the model 

 name.group=c("Ass1","Ass2", "Ass3", "Ass4", "Ass5", "Ass6", "Ass7", "Ass8", 

"Ass9", "Ass10", "Ass11", "Ass12", "firmness", "creaminess", "sweetness", 

"bitterness", "flavor intensity", "aroma intensity", "hazelnut notes", "rancid 

notes", "grass notes", "overall liking"),#name assessor’s coordinates and 

sensory attributes 

 num.group.sup= c(13, 14, 15, 16, 17, 18, 19, 20, 21, 22),#set sensory 

attributes (represented by columns 13th up to 22nd from the uploaded dataset) 

as supplementary 

 graph=TRUE)#print graphics 
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##2°approach: create the MFA model for the projective mapping data as 

continuous (assessor’s coordinates) and frequency (assessor’s citations) and 

print biplot of groups, attributes and samples 

res = MFA(Dataset, group=c(2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 4, 6, 7, 

15),#group coordinates of assessors 2 by 2 and group the sensory attributes by 

type of global attribute 

type=c(rep("c", 15),"f", "f", "f", "f"), #set assessor’s coordinates to be continuous 

data and group of attributes to be frequency data 

ncp=5, name.group=c("Ass1","Ass2", "Ass3", "Ass4", "Ass5", "Ass6", "Ass7", 

"Ass8", "Ass9", "Ass10", "Ass11", "Ass12", "Ass13", "Ass14", "Ass15", "texture", 

"taste", "aspect", "notes"),#name assessor’s coordinates and global attributes 

 num.group.sup= c(16,17,18,19), #set global attributes to be supplementary 

data 

graph=TRUE)#print graphics 
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4. The NM-PLS model applied on the Penalty analysis results, from 

the article under review in the Journal of sensory studies: 

Application of CATA and Non-Metric Partial Least Squares 

regression to evaluate attribute’s perception and consumer liking 

of apples 

#install and recall the “plspm” package 

install.packages("plspm") 

require(plspm) 

#create the inner model (global constructs), a matrix where correlations 

among independent global constructs and dependent construct are set with 

the logical interger 1 

texture=c(0,0,0,0) 

taste=c(0,0,0,0) 

notes=c(0,0,0,0) 

liking=c(1,1,1,0) 

matrice_inner=rbind(texture, taste, notes,liking) 

colnames(matrice_inner)=rownames(matrice_inner) 

#plot the inner model 

innerplot(matrice_inner) 

#load data  

Dataset<-read.table("clipboard", header=TRUE, sep="", row.names = 1, 

na.strings="NA", dec=",", strip.white=TRUE, stringsAsFactors=TRUE) 

#group single sensory attributes by global constructs (outer model) and 

store it under the object “blocks” 

blocks = list(1:2, 3:4, 5:9, 10) 

#set the nature of each variable and store it under the object “scaling”:  

scaling <- list(c("ORD", "ORD"), 

                    c("ORD", "ORD"), 

                    c("ORD", "ORD", "ORD", "ORD", "ORD"), 

                    c("NUM"))# data from codified Penalty analysis as ordinal, 

scores of liking as continuous 
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#set global constructs to be reflective (A) or formative (B) and store it under 

the object “modes” 

modes = c("A", "A", "B", "A") 

#create the NM-PLS model and store it as “pls” 

pls = plspm(Dataset, matrice_inner, blocks, modes = modes, scaled=T, 

scheme= "centroid", scaling =scaling, plscomp = c(1,1,1,1), boot.val = T) 

#check unidimensionality of constructs: 

pls$unidim 

#check the relationships among global constructs (inner model) and among 

the single attributes and their own construct (outer model) 

plot(pls, what = "inner", arr.width = 0.1, cex= 1.5, cex.txt = 1.5, 

colpos="black", colneg="gray") 

plot(pls, what = "loadings", arr.width = 0.1, cex= 1.5, cex.txt = 1.5, 

colpos="black", colneg="gray") 

#check if loadings between single attributes and their own construct 

pls$outer_model 

#check if loadings between single attributes and other constructs 

pls$crossloadings 

#check R2 of model: 

pls$inner_summary[, "R2", drop = FALSE] 

#check model’s goodness-of-fit 

pls$gof 

#perform boostrapp’s validation 

pls$boot 
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5. The ANOVA mixed model performed on sensory data from 

article, as described in Mendes da Silva et al. (2021): Modelling 

strawberry quality in a longitudinal study under the marketing 

concept of branding 

#install and recall package “nlme” and “lsmeans” 

install.packages("nlme") 

require(nlme) 

install.packages("lsmeans") 

require(lsmeans) 

#load data in longformat taking into account the missing data 

Dataset<-read.table("clipboard", header=TRUE, sep="", na.strings="", 

dec=",", strip.white=TRUE, stringsAsFactors=TRUE) 

#create the default anova’s model (using the covariance structure 

compound symmetry, where correlation patterns among random factor 

errors is costant) and store it in the object “lme.Model.1” 

lme.Model.1<-lme(Aroma  ~ Samples, #set dependent variable as aroma 

and samples as independent fixed factor 

 random = list(Assessors = ~ 1) , #set assessors to be a random factor 

 data=Dataset, na.action=na.omit) #tell the model there are missing values 

#try to improve the model with the AR1 covariance structure, where 

correlation patterns among random factor errors declines over time, and 

store the model in the object “lme.Model.2”  

lme.Model.2<-lme(Aroma ~ Samples, random = list(Assessors = ~ 1),  

data=Dataset, correlation = corAR1(),#set the covariance structure to be 

autoregressive “AR1” 

 na.action=na.omit) 

#compare models performance 

anova(lme.Model.2, lme.Model.1) 

 

 

 

 



101 
 

 

 

 

 


