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Abstract 20 

The Time-Intensity (TI) method evaluates the perceived intensity of a sensation 21 

over time, and it is a suitable method to measure perception changes during and/or 22 

after consumption. Compared to static methods, TI requires additional training and 23 

more replicates to obtain reliable results. In order to investigate inter-individual 24 

variation between panelists, this study proposes a new index called Time-Intensity 25 

Reliability Index (TI-RI). The TI-RI was tested with a dataset obtained from the 26 

sensory evaluation of four types of aromatized wine matrices by a trained panel. 27 

The proposed index is able to predict differences in panelists’ repeatability of TI 28 

curves and it could be used to assess the precision of other sources of variation 29 

such as products, attributes and replicates. 30 

 31 

Keywords: Time-Intensity method, Inter-individual variation, Repeatability, 32 

Reliability Index.  33 



1. Introduction 34 

Traditional sensory methods have treated food evaluation as a static phenomenon. 35 

Yet the dynamic nature of food sensory evaluation, however, arises from 36 

processes such as chewing, breathing, salivation, tongue movements, and 37 

swallowing (Dijksterhuis, 1996). This dynamic nature leads to changes of flavor 38 

and taste attributes over time, and for this reason, a methodology enabling the 39 

study of these changes over time is needed. Time-Intensity (TI) methodology 40 

evaluates the perceived intensity of a sensation over time and can be used to 41 

profile sensory attributes whose perception changes during and/or after 42 

consumption/use. However, compared to static methods, the TI method requires 43 

additional training and replicates in order to obtain reliable results (Peyvieux & 44 

Dijksterhuis, 2001; Chaya, 2017). 45 

Most dynamic sensory methods of analysis try to reduce inter-individual differences 46 

and propose an average/aggregated curve (Liu & McFie, 1990; Overbosch et al., 47 

1986). A “measure of the reliability” (T-IR) was proposed by Bloom, Duizer & 48 

Findlay (1995). In this case, T-IR was calculated as the absolute average of a set 49 

of standardized (centered and reduced) standard deviations (St), representing the 50 

variability at each sampling point (t) in a set of repeated time-intensity trials. 51 

Furthermore, Peyvieux & Dijksterhuis (2001) proposed the use of Principal 52 

Component Analysis (PCA) to study the consistency of the panel and hence the 53 

efficiency of the training. The loading plots of the panelists and their replicates 54 

were used to identify the “odd” replicates. Echols et al. (2003) graphically assessed 55 

panel performance using Strip-plots of the parameter estimated for each sample 56 

through three replications by each panelist. In addition, Reinbach et al. (2007) 57 



analyzed the ability of the assessors to replicate the assessments by calculating 58 

the Euclidean distance between each pair of replicates for the whole curves. 59 

Until now, most of the proposed methods have not been intended to account for 60 

panelist variation. For example, if one wishes to study the impact of individual oral 61 

physiology on sensory perception, the aggregated methods could help in the 62 

evaluation of differences among products, but they do not help in the investigation 63 

of inter-individual variation. Although TI-R could be the most suitable index to 64 

measure inter-individual variation, in its current stage computation, it is not 65 

sensitive enough.  66 

Thus, the aim of this paper is to propose a new index, called Time-intensity 67 

Reliability Index (TI-RI), to evaluate the repeatability of TI data. 68 

With respect to T-IR, this study proposes two main modifications: i) it does not 69 

reduce St (it does not divide by standard deviation) as a way of accounting for 70 

individual variations, and ii) it does not use a fixed and predetermined number of 71 

points, but instead, uses the total time (total duration of TI curve) with 1-second 72 

intervals. The proposed index will be tested with a dataset obtained from four types 73 

of spiked (aromatized) wine matrices. For this, the TI evaluations of the retronasal 74 

aroma intensity of four aroma descriptors associated to the chemical odorants 75 

added to the wines, were recorded by a trained panel.   76 

In this paper, we will present the TI-RI values for all replicates by matrix, aroma 77 

and panelist, as well as a visual inspection of some TI replicate curves and their 78 

associated RI values. We will compare TI-RI with other measurements of 79 

repeatability, and analyze the effect of different factors (matrix, aroma and panelist) 80 

on TI-RI values. We will finally complete these results with the classical analysis of 81 



the curves of the TI parameters. Conclusions about the possible uses of TI-RI will 82 

finally be outlined.  83 

 84 

2. Material and Methods 85 

2.1 Products 86 

Four wine matrices were prepared using a commercial dealcoholized still rosé wine 87 

as the base. Addition of food grade ethanol (Panreac Química S.A., Barcelona, 88 

Spain) and procyanidin extract (Les Dèrives Resiniques & Terpéniques, S.A., 89 

France) was carried out at two different levels in order to have four different types 90 

of wine matrices (Table 1).  91 

Four different aroma compounds (isoamyl acetate, ethyl butanoate, ethyl 92 

decanoate, ethyl hexanoate) (Sigma-Aldrich, Steinheim, Germany) all at the same 93 

concentration (60 mg/L) were individually added to each of the four wine matrices. 94 

Only one aroma compound was added to each type of wine matrix. In order to 95 

increase the sensitivity of the panel, and considering that the retronasal TI-96 

evaluation of the wines was carried out immediately after mouth rinsing and spitting 97 

off the wine. The concentration of each aroma compound was much higher than its 98 

previously described odor threshold (Francis & Newton, 2005),  99 

 100 

2.2 Training of panelists 101 

Ten panelists (four male and six female) were recruited and the training was 102 

performed in three steps: 1) Recognition and evaluation of the aroma compounds 103 

at two different intensities (Table 2) defined in a preliminary test. The panel 104 

generated the terms described in Table 2 for each of the four chemical odorants; 105 



2) Introducing the assessment protocol to the panelists; 3) Familiarization of the 106 

panelists with the temporal sensory methodology and computer software. During 107 

training, one of the panelists (P8) gave up, and consequently their data could not 108 

be used in this study. 109 

 110 

2.3 Assessment protocol 111 

The panelists were instructed about the assessment protocol before each session. 112 

In the procedure, 15 mL of the aromatized wine were placed into the oral cavity, 113 

performing a soft rinsing and then spitting out after 30 seconds. During rinsing, 114 

special care to keep the lips closed, not to swallow and not to open the velum-115 

tongue border prior to expectoration was taken. Between samples, the panelists 116 

were asked to clean their mouths by rinsing  with water, eating some crackers, and 117 

then finally drinking more water. All TI recordings were collected after spitting the 118 

samples out, producing an abrupt increase of recorded intensity at the very 119 

beginning of the TI curve, a comparison to other more conventional protocols of TI 120 

curves. 121 

  122 

2.4 Time-Intensity (TI) evaluation 123 

Time-Intensity (TI) evaluation of retronasal aroma intensity was assessed after 124 

spitting-out the wines recording up to a maximum of three minutes by means of 125 

Compusense software. Each wine sample was presented to the panelists twice in 126 

random order. In the same session (one day), the four aroma attributes were 127 

independently evaluated in the same wine matrix. Therefore, a total of eight time-128 

intensity evaluation sessions were carried out (four wine matrices and the 129 



corresponding duplicated sessions). A total of 288 TI curves were generated (nine 130 

panelists, four types of aromas, four wine matrices, and two replicates). 131 

The TI parameters extracted from the Time-Intensity curve and analyzed in this 132 

study include the highest recorded intensity in the TI curve (Imax), time at which the 133 

maximum intensity occurs (Tmax), total area under the curve (AUC), and time to 134 

finish the aroma perception (Tend).  135 

 136 

2.5 Methods to explore reliability of TI measurements 137 

2.5.1 Measure of the reliability (T-IR) 138 

Few indicators of  reliability of repetition are available in the literature. The only 139 

existing index is T-IR was proposed by Bloom et al. (1995). The T-IR is calculated 140 

as follows: 141 

𝑻-𝑰𝑰 = 𝟏
𝒎 �|𝒁𝒔𝒔|

𝒔=𝒎

𝒔=𝟏

 

Where, m is the number of predetermined time points. This index reflects 142 

dispersion between curves, in which the absolute value (|Zst|) of the differences 143 

(𝑆𝑡 − 𝑆̅) is divided by their standard deviation (Sst) consequently reducing the 144 

computed variability among curves. (𝑆̅) is the mean of the standard deviation for all 145 

time points.  146 

𝒁𝒔𝒔 =
𝑺𝒔 − 𝑺�
𝑺𝒔𝒔

 

St is calculated as follows: 147 
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Where, r is the number of replicates; Itj is the intensity measured in the replicate j at 148 

the instant t; 𝐼�̅� is the mean of the intensity between replicates at time t. 149 

 150 

2.5.2 Time-Intensity Reliability Index (TI-RI) 151 

The Time-Intensity Reliability Index (TI-RI) is the sum of the absolute values of the 152 

difference between the standard deviation for each time point (St) and the mean of 153 

the standard deviation for all time points (𝑆̅), divided by the number of replicates 154 

minus one (r-1). The final value of the sum is divided by the total time evaluation or 155 

by the number of time points (tend). 156 

𝑻𝑰-𝑰𝑰 =
𝟏
𝒔𝒆𝒆𝒆

�
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 157 

The lower the variation between curves (i.e., the higher the reliability) the lower the 158 

TI-RI index and vice versa, the higher the variation between curves, the higher the 159 

TI-RI index.  160 

TI-RI has two modifications compared to the Measure of the reliability (T-IR): a) it 161 

does not divide by standard deviation as a way of accounting for individual 162 

variations and b) it does not use a fixed and predetermined number of points (m) 163 

but uses the total time with 1-second intervals. 164 

 165 

2.5.3 Strip-plot of parameters 166 

A graphical data technique known as Strip-plot is often used to summarize a 167 

univariate data set. Given the large volume of TI-curves, previous authors have 168 



proposed the simultaneous visualization of the parameters using Strip-plots 169 

(Echols et al., 2003). The Strip-plot is an alternative to a histogram or a density 170 

plot, in which each horizontal line corresponds to one panelist, the vertical black 171 

lines are the values of the replicates, and the black cross is the mean. The Strip-172 

plots provide a global insight of variation within and between individuals for a 173 

specified TI parameter. An example is shown in Figure 2. 174 

 175 

2.6 Statistical analysis 176 

Statistical analyses were performed using STATGRAPHICS Software 177 

(Statgraphics Centurion XVII version). Analysis of variance (ANOVA) followed by 178 

post hoc Tukey’s Honestly Significant Differences (HSD) test was performed to 179 

study the effect of the panelist, the aroma type, and the wine matrix on TI-RI.  180 

 181 

3. Results and Discussion 182 

3.1 TI-RI results by panelist, aroma and matrix 183 

The TI-RI value was calculated in order to evaluate the repeatability of the data 184 

according to panelist, aroma, and matrix (Table 3). Table 3 shows the TI-RI values 185 

of nine panelists, four types of aromas and four wine matrices. Regarding the 186 

panelists, some differences in reliability for certain aromas and wine matrices were 187 

observed. For example, panelist 2 (P2) had better repeatability in the evaluation of 188 

almost all aromas, showing high reliability (low TI-RI values) for all wine matrices 189 

regarding four descriptors, with the exception of W10P for strawberry flavored 190 

candy and banana aromas. 191 



If we look at the wine matrix, variation in reliability across the different aromas and 192 

panelists was found. For example, the W0C matrix yielded the lowest TI-RI (0.294), 193 

obtained from the banana aroma and P2. However, in the same W0C matrix, the 194 

highest TI-RI (1.819) was found in the strawberry flavored candy aroma, assessed 195 

by P9. Figure 1 (a, b, respectively) shows the TI curves related to these TI-RI 196 

results. 197 

 198 

 199 

Figure 1.  Time-Intensity curves obtained from W0C matrix for a) Panelist P2 and 200 

banana aroma and b) Panelist P10 and strawberry flavored candy aroma. Both 201 

examples illustrate a low (TI-RI=0.294) and a high (TI-RI= 1.819) reliability index, 202 

respectively. 203 

 204 

Taking the aroma type into consideration, we can observe that pineapple aroma 205 

was evaluated with higher repeatability between panelists in comparison to the 206 

others aromas. The only case, in which the pineapple aroma showed a TI-RI value 207 

greater than one, occurred with the W10P matrix and P5. On the other hand, 208 



banana aroma had higher TI-RI (10 cases for TI-RI > 1) values, revealing that the 209 

panelists did not coherently evaluate this descriptor in both sessions.  210 

 211 

3.2 Comparing TI-RI to other measurements of TI curve variations, 212 

Strip-plots provide a global insight of variation within and between individuals for a 213 

specified TI parameter. Figure 2 shows an example of Strip-plot of Area Under the 214 

Curve (AUC) for the W0C matrix and dried plum aroma. Each horizontal line 215 

corresponds to one panelist, the vertical black lines are the values of the two 216 

replicates, and the black cross is the mean. For example, the variation of P5 is 217 

higher than P2 and P3, because the distance between both vertical black lines is 218 

higher. This is also consistent with a high TI-RI value of 1.053 for panelist P5. 219 

 220 

 221 



Figure 2. Strip-plot of AUC for dried plum aroma evaluation in W0C matrix. 222 

Computed TI-RI are shown in the same examples. 223 

 224 

The differences between P2 and P3 (TI-RI values of 0.490 and 0.794, respectively) 225 

are not captured with Strip-plots of AUC. This is because Strip-plot of AUC is less 226 

sensitive than TI-RI. In addition, the results of other parameters such as Imax are 227 

even less sensitive. 228 

An illustration of the better sensitivity of T-IR and TI-RI compared to Strip-plot is 229 

shown in Figure 3 (a, b, c, respectively). Figure 3 also presents the computed T-230 

IR of the same curves. TI-R was seen to be less sensitive to variations than TI-RI. 231 

Figure 3b represents a much lower repeatability than Figure 3c. This difference 232 

can be seen with TI-RI (0.794 and 0.490, respectively) but it is not with T-IR (0.535 233 

and 0.555, respectively). In the case of a much lower repeatability (Figure 3a), an 234 

increase in T-IR (0.861) is observed but it is not as important for TI-RI (1.053). 235 

A comparison between Figure 2 with Figure 3, shows  that TI-RI is more sensitive 236 

at capturing the differences between panelists’ repeatability. Therefore, these 237 

examples show how T-IR could help in the identification of very low repeatability, 238 

but it is not however sensitive enough when subtler differences between curves are 239 

found. The remaining computed T-IR followed a similar trend (results not shown). 240 



 241 

Figure 3. TI curves for W0C matrix and dried plum aroma recorded by panelists P5 242 

(a), P3 (b) and P2 (c). Computed values of TI-RI and T-IR are also displayed in the 243 

plots. 244 



 245 

3.3 Statistical analysis of panelist, matrix and aroma effects on TI-RI 246 

The effect of panelist, wine matrix and aroma on TI-RI was analyzed with 3-way 247 

ANOVA. Table 4 shows the ANOVA table, where it can be seen that panelist and 248 

aroma had a significant effect on TI-RI (p-value<0.05).  249 

Figures 4 and 5 respectively, show the effect of the panelist (at a level of 250 

significance of 0.05) and of aroma (at a level of significance of 0.10) on TI-RI. The 251 

plots show the effect of panelists (across all matrices and aromas) and the effect of 252 

aroma (across all matrices and panelists), respectively. Figure 4 shows 253 

significantly higher TI-RI values of P10 compared to P2 and P6, which means that 254 

the reliability of panelist P10 was significantly worse than P2 and P6 reliability. 255 

 256 

Figure 4. Study of the effect of panelists on TI-RI using Tukey’s HSD test. 257 

 258 



Figure 5 shows the effect of aroma on RI (across all panelists and matrices). 259 

Pineapple aroma presented a significant lower TI-RI than the strawberry flavored 260 

candy aroma, which means that the pineapple aroma was more easily identified by 261 

panelists and had better repeatability, i.e. the TI curves of pineapple aroma were 262 

closer between replicates. In contrast, the strawberry flavored candy aroma was 263 

not identified with the same accuracy between replicates.  264 
  265 

266 
Figure 5. Study of the effect of aroma on TI-RI using Tukey’s HSD test. 267 

 268 

3.4 Statistical analysis of matrix, panelist and aroma effects on TI parameters 269 

Taking into consideration the most frequent TI parameters (Imax, tmax and AUC), a 270 

classical analysis for each aroma on matrix and panelist with matrix x panelist 271 

interaction was carried out. The p-values of these analyses are presented in Table 272 

5. The highest source of variation was the panelist, which showed significant 273 



effects on all aromas and almost all parameters. This variation among panelists 274 

could be due to a real differences in the panelists' oral physiology (saliva 275 

composition and flow, breath flows, etc.) or to other differences, such as training 276 

efficiency, scale use, etc.,. Despite these reasons for such differences, the fact that 277 

the only significant effect of matrix was found in the pineapple aroma (see Table 5 278 

and Figure 6) could be related to the higher reliability found in this aroma and 279 

demonstrated by a significantly lower TI-RI (see Figure 5). It is well known that the 280 

lower the variation in the data, the higher the power of the test to show significant 281 

differences. This is why any method designed to improve the analysis of variation 282 

among replicates could positively contribute to TI evaluation.  283 

 284 

 Figure 6. Effect of wine matrix on Imax for pineapple aroma. See Table 1 for matrix 285 

code explanation. 286 

 287 



4. Conclusions 288 

This work provides insight into the study of TI data reliability. The proposed method 289 

(TI-RI) to account for individual variations has shown its ability to predict 290 

differences in panelists’ repeatability in TI curves. In addition, TI-RI has shown to 291 

be more sensitive than other indicators of TI data repeatability such as T-IR or 292 

Strip-plots of parameters. The slight modification introduced in its computation 293 

compared to T-IR is easy to include in the existing software.  294 

Using TI-RI during panel training would be beneficial in identifying the most difficult 295 

attributes and/or the less reliable panelists. This could be very helpful not only in 296 

terms of training efficiency in TI method, but also in terms of discrimination of the 297 

whole panel when a specific panelist, attribute or product shows poor repeatability. 298 

If TI training is finished and replicates of TI evaluation have been obtained, TI-RI 299 

could positively contribute to find out about the panelists, attributes and/or products 300 

showing a better/worse accuracy. This information could guide the panel leader in 301 

making decisions, such as discarding or maintaining data from a panelist or 302 

repeating the evaluation of a specific attribute, based on TI-RI values. However, 303 

the robustness of the method should be verified with other product categories and 304 

TI protocols.  305 

Given the protocol of the conducted experiment, this study did not allow the 306 

panelists to swallow the wines and the panelists had to wait to report TI data until 307 

they spat the samples out. Therefore, the TI curves have a particular shape (abrupt 308 

increase at starting time). This assessment protocol is quite specific to this data 309 

and could have an impact on TI-curves shapes. Therefore, more studies confirming 310 

that other TI-curves are sensitive to the proposed TI-RI should be carried out. 311 



This study is based on two repetitions per panelist. A time period up to a maximum 312 

of 180 seconds recorded with 1-second intervals was used. The effect of more 313 

replicates and a longer or shorter duration should be considered in future studies. 314 

Finally, similarly to other measurements like T-IR (Bloom et al., 1995) and the 315 

computed distance between TI-curves (Reinbach et al., 2007), TI-RI, not quoted. It 316 

would be very difficult to set a limit above which the reliability is poor. However, as 317 

long as the replicates are obtained, it could be helpful in comparing the precision of 318 

different factors (panelists, products, attributes) within the same TI experiment,. 319 

And in the TI method, replicates are highly commended.  320 

 321 
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Table captions 362 

 363 

Table 1. Ethanol and procyanidin extract concentrations of wine matrices. 364 

Wine matrix Ethanol (%, v/v) Procyanidin extract (mg/L) 

W0C 0 0 

W10C 10 0 

W0P 0 200 

W10P 10 200 

  365 



Table 2. Aroma compounds used to aromatize the wines and concentrations used 366 

in the training of the panel. 367 

Aroma Concentration (mg/L) 

Compound Descriptor Low High 

Isoamyl acetate Banana 30 90 

Ethyl butanoate Strawberry flavored 
candy 

30 90 

Ethyl decanoate Dried plum 30 90 

Ethyl hexanoate Pineapple 30 90 

  368 



Table 3. TI-RI values of panelists for each aroma compound in different wine 369 

matrices. 370 

See Table 1 for matrix code explanation.   371 
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P01 0.555 - 0.541 0.405 0.628 1.011 1.247 0.750 0.805 0.507 0.976 0.665 0.364 0.748 0.345 0.687 

P02 0.294 0.938 0.490 0.528 0.391 0.996 0.370 0.426 0.384 0.476 0.446 0.625 1.201 1.029 0.428 0.342 

P03 1.266 0.981 0.794 0.515 0.592 0.644 0.375 0.585 1.463 0.946 1.018 0.817 0.402 0.387 0.587 0.955 

P04 0.703 0.785 0.606 0.611 1.345 0.842 1.143 0.405 0.637 0.737 0.489 0.311 0.509 0.419 1.001 0.558 

P05 0.858 0.848 1.053 0.541 0.676 0.966 0.669 0.558 0.964 0.704 0.479 0.623 0.702 0.628 0.674 1.104 

P06 0.494 0.887 0.646 0.450 1.090 0.460 0.389 0.422 0.432 1.199 0.474 0.532 1.036 0.347 0.497 0.515 

P07 1.030 - - 0.631 0.449 0.541 0.374 1.124 0.421 0.644 0.674 0.440 0.405 0.345 0.385 0.950 

P09 1.238 0.869 0.405 0.594 0.955 1.688 0.602 0.799 0.831 0.775 0.852 0.581 1.355 0.659 1.468 0.854 

P10 0.795 1.819 - 0.621 0.885 0.885 0.679 0.464 0.851 1.209 1.765 0.774 1.199 0.674 0.728 0.943 



Table 4. ANOVA table of the effects of panelist, wine matrix and aroma on TI-RI. 372 

Source 
Sum of 
Squares 

Df 
Mean 

Square 
F-Ratio p-Value 

MAIN EFFECTS      
A:PANELIST 2.0774 8 0.2597 3.03 0.0038 
B:MATRIX 0.0287 3 0.0096 0.11 0.9530 
C:AROMA 0.6923 3 0.2308 2.70 0.0488 
RESIDUAL 10.6997 125 0.0856   
TOTAL (Corr) 13.5311 139    

Numbers in bold mean p-values < 0.05.  373 



Table 5. Classical analysis of TI parameters (Imax, tmax, AUC) on panelist and wine 374 

matrix. 375 

  
p-Value 

Aroma Parameter Panelist Matrix Matrix*Panelist 

Banana 
Imax 0.0001 0.8082 0.2843 

tmax 0.0169 0.1340 0.3652 

AUC 0.0001 0.0952 0.504 

Strawberry 
Imax 0.0001 0.6449 0.5947 

tmax 0.3433 0.5600 0.9641 

AUC 0.0001 0.0730 0.4726 

Dried plum 

 
Imax 0.0001 0.6514 0.4229 

tmax 0.2703 0.0718 0.5359 

AUC 0.0001 0.7938 0.2163 

Pineapple 

 
Imax 0.0001 0.0252 0.0902 

tmax 0.0002 0.9681 0.6067 

AUC 0.0001 0.1045 0.1636 
Numbers in bold mean p-values < 0.05, in italic mean p-value < 0.1. 376 


