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Abstract. Ensuring the delivery of temperature-controlled products in transpor-
tation is an increasing challenge, especially in countries with continental exten-
sion and tropical climate such as Brazil. Products with this type of specificity
generally have a higher added value and involve specialized equipment and labor.
Thus, route mapping is necessary for the logistics of the cold chain. The study
aimed to predict the transport conditions in the cold chain. The data set analyzed
includes the temperature of the loads and the route information (Southeast to
Northeast and South of Brazil). The classification of temperature excursions con-
sidered data below 15°C or above 30°C. The Naive Bayes and Multilayer Percep-
tron algorithms are used to predict the optimal temperature excursion model. The
Multilayer Perceptron algorithm proved to be the most suitable for a thermal
route mapping model. With this identified standard, logistics decision making
can be improved to reducer o waste and ensure product integrity with less re-
course.
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1 Introduction

The cold chain begins in the production phase. The raw materials needed to produce a
specific product are processed, followed by the transport of the product at low temper-
atures under strict conditions, refrigerated storage and its subsequent distribution by
land, sea or air, finally, is acquired by the patient [1-2]. The cold chain is part of the
supply chain, where temperature monitoring plays a vital role in the system. At the
same time, automatic data collection is an essential aspect of cold chain management
[3-7,2].

Cold chain logistics refers to a systematic operation where perishable products re-
quire a low-temperature environment. They are collected in an environment with spe-
cific temperature ranges in each process before reaching the final consumer. It is nec-
essary temperature management in the production, transportation, storage, distribution,
and marketing of these drugs, which not only guarantee a high-quality product but re-
duce waste in transportation and reduce cost [1-2,5,7]. Therefore, the manufacturer
must balance the two situations and choose the best product distribution strategy to



avoid degradation and maintain product quality [4,5,8]; and increased public health
[9,10,11].

In this way, continuous temperature monitoring and the availability of reliable re-
ports for these products are essential [12,13]. Thus, the relevance of this theme is justi-
fied because, despite technological advances, temperature monitoring in the cold chain
of pharmaceutical products is still a challenge for the value chain of pharmaceutical
products. This study aimed to classify the transport conditions of pharmaceutical prod-
ucts using data mining techniques.

2 Material and Methods

The study included temperature excursion trials in two Brazilian regions during the
summer and winter of 2019.

2.1  Parameters tested during transport tests

The drugs were conditioned in thermal packaging under adequate environmental con-
ditions and transported land ways by truck to the Northeast and South regions of Brazil,
the parameters included in the tests to determine the optimal temperature excursion are
presented in Table 1.

Table 1. Temperature excursion parameters set by manufacturers.

Excursions Optimal temperature excursion conditions
15a30°C Yes
<15a>30°C No

Source: [14].

2.2 Prediction of optimal temperature excursion conditions

The study data were collected at a pharmaceutical distribution company in S&o Paulo
and contain anonymous records regarding transportation and temperature excursion.
Data mining applies to this study, through techniques (algorithms), to support the trans-
portation planning of pharmaceutical products in search of strategic information that
allows the extraction of implicit information existing in the databases, contributing to
the process identify and classify new standards [15-17]. The steps of the data mining
process are selection, pre-processing, data mining, and post-processing for knowledge
discovery [16, 17]. The results obtained with data mining can be used in information
management, information request processing, decision making, and process control.
The data contained in the databases are used to learn a particular target concept [15-
18]. Tasks performed by data mining techniques (such as classification) allow the build-
ing of models that can be applied to unclassified data. Such a procedure categorizes



them into classes, to relate the meta attribute (whose value will be predicted) and a set
of prediction attributes [15-18].

Data pre-processing of the data was performed in Microsoft Excel® spreadsheets for
further processing in Weka® data mining software version 3.8 [19-22]. The attributes
used for the construction of the predictive model in data mining by the classification
technique (modeling classification) were: "seasons,” "period," "forecasted-routes,"
"temperature,” and "optimal-temperature-excursion." A pre-processing stage was per-
formed in the data to obtain the best result in the classification. In that stage, we per-
formed a discretization of the attributes "period"” (late, night, dawn and morning) and
"optimal-temperature-excursion” (yes and no, Table 1). Discretization reduces and sim-
plifies data, making learning faster, and results in denser [15].

The algorithms Naive Bayes (weka.classifiers.bayes.NaiveBayes) and Multilayer
Perceptron (weka.classifiers.functions.MultilayerPerceptron) were applied to the con-
struction of a model of rules for the prediction of the temperature excursion depending
on the route (northeast, south), the period (dawn, morning, afternoon, night) and the
season (summer, winter). The validation of the model was parameterized using cross-
validation. The validation was applied both for the training set with 75% (5,308 in-
stances) of the total data. The testing was done using 25% (1,770 instances) of the total
data (7,078 instances).

The classification process was performed in two stages. In the first step, a training
model (training set) was constructed that describes a predetermined set of data classes.
In the second step, the model is used for sorting. The validation method is a simple
technique that uses a labeled class test set. The test samples are randomly selected and
are independent of the training samples. The filter was used Stratified Remove Folds to
stratifying the data set, to separate the training set and the test set. All classification
algorithms used in this study used the cross-validation test option (cross-validation).

2.3 Evaluation of the prediction model

The last step is to evaluate the prediction; this analysis was made based on the perfor-
mance values obtained through the prediction model test [23]. The performance evalu-
ation measures of prediction models used were confusion matrix, accuracy, precision,
sensitivity (recall), and Matthews correlation coefficient (MCC). The Kappa statistic
measures the learning capacity of the algorithm. The confusion matrix is a matrix with
results obtained during the model test step, widely used in models that use classification
algorithms. It is also called the confusion matrix of a hypothesis, this hypothesis offers
a valid measure of the classification model, by showing the number of correct classifi-
cations versus the predicted classifications for each class, over a set of examples. The
number of hits, for each class, is on the main matrix diagonal, and the other elements
represent errors in the classification (Table 2). The confusion matrix of an ideal classi-
fier has all these elements equal to zero since it does not make mistakes.



Table 2. Confusion matrix

Prediction Observed True Observed False
Expected true TP FP
Expected false FN TN

TP = true positive; FN = false positive; FP = false negative; TN = true negative. Source: [23].

3 Results and Discussion

The mean metrics for unbalanced classes of the Naive Bayes algorithm presented the
following results: the correctly classified instances were equal to 86.61%, instances
classified incorrectly equal to 13. 39%, with Kappa statistics equal to 0.64. Considering
the average accuracy detailed by class, the true positive rate was equal to 0.87, the false
positive rate 0.21, accuracy 0.87, sensitivity 0.87 (recall), and the MCC was equal to
0.64. For the Multilayer Perceptron, the average metrics for unbalanced classes were
93.73% for correctly classified instances, 6.27% for incorrectly sorted instances, 0.82
for Kappa statistics. For the average accuracy detailed by class, the results were equal
to 0.94 for true positive rate, 0.16 for false-positive rate, 0.94 for accuracy, 0.94 for
sensitivity (recall), and 0.82 to MCC. The results of the comparison of Naive Bayes
and Multilayer Perceptron algorithms comparing unbalanced and balanced classes are
presented below in Table 3.

Table 3. Classifier performance for unbalanced class prediction models

Class imbalanced Classifier model - Stratified cross-validation
Metrics Naive Bayes Multilayer Perceptron
Correctly classified instances 86.61% 93.73%
Incorrectly classified instances 13.39% 6.27%
Kappa statistic 0.64 0.82

Class Class
Detailed accuracy by class Yes No WA*  Yes No WA*
TP Rate 0.90 0.75 087 0.98 0.79 0.94
FP Rate 0.24 0.10 021 0.21 0.02 0.16
Precision 0.92 0.71 087 094 0.94 0.94
Recall 0.90 0.75 087 0.98 0.79 0.94
MCC 0.64 0.64 0.64 0.82 0.82 0.82

*WA = Weighted average.

The performance of the Multilayer Perceptron, within the unbalanced classes, was
higher than the Naive Bayes. That includes the lower false-positive rate, the higher
percentage of correctly classified instances, lower percentage of ranked instances in-
correctly and the Kappa statistic close to 1 (0.82) indicating the proper performance of



the algorithm to classify the temperature excursion to the northeast and southern regions
of Brazil (Table 3).

The metrics for balanced classes of the Naive Bayes algorithm presented mean val-
ues of 73.48% for correctly classified instances, 26.52% for instances classified incor-
rectly, with Kappa statistics equal to 0.47. The average accuracies detailed by class
presented values equal to 0.73 for the true positive rate, 0.26 for the false-positive rate,
0.75 for accuracy, 0.74 for sensitivity (recall), and 0.48 for the MCC. The Multilayer
Perceptron presented average performance metrics for balanced classes, higher than the
Naive Bayes with 96.07% of correctly classified instances, 3.93% of instances sorted
incorrectly, including 0.92 for Kappa statistics. The results were equal to 0.96 for true
positive rate considering the average accuracy detailed per class; 0.04 for false-positive
rate, 0.96 for accuracy, 0.96 for sensitivity (recall), and 0.92 to MCC. The results of the
comparison of algorithms comparing unbalanced and balanced classes for the Naive
Bayes and Multilayer Perceptron algorithms are presented below in Table 4.

Table 4. Classifier performance for balanced class prediction models

Class balanced Classifier model - Stratified cross-validation
Metrics Naive Bayes Multilayer Perceptron
Correctly classified instances 73.48% 96.07%
Incorrectly classified instances 26.52 % 3.93%
Kappa statistic 0.47 0.92

Class Class
Detailed accuracy by class Yes No WA* Yes No WA*
TP Rate 0.62 0.85 0.73 0.98 0.94 0.96
FP Rate 0.85 0.38 0.26 0.06 0.02 0.04
Precision 0.80 0.69 0.75 0.94 0.98 0.96
Recall 0.62 0.85 0.74 0.98 0.94 0.96
MCC 0.48 0.48 0.48 0.92 0.92 0.92

*WA = Weighted average.

In class balancing, Multilayer Perceptron performance outperformed Naive Bayes,
including lower false-positive rate, the higher percentage of correctly classified in-
stances, lower percentage of instances misclassified and Kappa statistics. These class
performance metrics presented values close to 1 (TP Rate, Precision, Recall, MCC) that
indicates the proper performance of the algorithm to classify the temperature excursion
condition for the northeast and southern regions of Brazil (Table 4).

The Naive Bayes algorithm correctly classified the "yes" class for optimal tempera-
ture excursion (true positive = TP), with an average rate of 87% for unbalanced classes
and 73% for balanced classes. The class "no," for an excursion outside the temperature
parameters presented a rate of 75.47% for unbalanced classes and 84.81% for balanced
classes (true negative = TN) indicating a proper performance of the algorithm in the
classification task (Table 5).



However, the Multilayer Perceptron algorithm correctly classified the "yes" class for
optimal temperature excursion (true positive = TP). With an average rate of 94% for
unbalanced classes and 96% for balanced classes, and the "no" class for an excursion
outside the temperature parameters had a rate of 79.21% for unbalanced classes and
94.16% for balanced classes (true negative = TN) indicating better performance than
Naive Bayes in the classification task (Table 6). The results obtained confirm the pos-
sibility of predicting the optimal temperature specifications in the transport of pharma-
ceutical products.

Table 5. Naive Bayes classification confusion matrix

Class imbalanced - Naive Bayes

a b Total Classified as
1.210 132 1,342 a=yes

105 323 428 b=no

1,315 455 1,770

Class balanced - Naive Bayes Classified as
549.99 335.01 885 a=yes
134.40 750.0 885 b=no
684.39 1085.61 1,770

Table 6. Multilayer Perceptron Classification Confusion Matrix

Class imbalanced - Multilayer Perceptron

a b Total Classified as
1,320 22 1,342 a=yes

89 339 428 b=no

1,409 361 1,770

Class balanced - Multilayer Perceptron Classified as
867.19 17.81 885 a=yes
51.69 833.31 885 b=no
918.88 851.12 1,770

When connecting the results of the present study with the advantages of real-time
cargo tracking, we can build rules for reducing logistics operations costs. We might
also manage expenses, minimize product value loss, and maximizing the total value of
items. Other advantages ate to contribute to decision-making related to distribution and
storage planning, finding possible quality failures, and identifying risks for real-time
action to mitigate such risks [3,6,24].

The cold chain refers to the transportation of perishable products, which are temper-
ature sensitive throughout a supply chain through thermal and refrigerated packaging
methods, and planning logistics to protect the integrity of shipments [1-2,25,26]. The



products can be damaged in the complex transport operations; the strategic use of en-
vironmental sensors in transportation and storage is essential. Damage can be mainly
by shock or temperature variations. Perishable products maintain chemical reactions
whose rate can be attenuated by low temperatures. However, delays and poor planning
can have negative consequences or reduce the efficiency of the shipping shipment
[27,28].

4 Conclusions

The Multilayer Perceptron algorithm integrated with performance metrics determined
better results with superior stability to solve problems and predict temperature excur-
sion within the optimal standard of transport specification regardless of the use of class
balancing filter.
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