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A HYBRID APPROACH FOR OUTLIER DETECTION IN PHARMACEUTICAL
COLD CHAIN LOGISTICS: A CASE STUDY

ABSTRACT

Pharmaceutical cold chain management is a complex process that involves temperature-controlled
production, storage, packaging, and delivery activities. Pharmaceutical products are typically
highly sensitive to environmental factors including temperature fluctuations, humidity, light and
vibrations. Therefore, pharmaceutical cold chains include serious human health as well as financial
and regulatory risks. The highest risk for cold chain breakage occurs during logistics activities.
This study proposes a hybrid approach called Route Detection-based Support Vector Regression
(RD-SVR) algorithm for detecting temperature outliers during transportation of pharmaceutical
products. This classification-based framework is used for identifying cold chain breakages and
safeguarding product quality. The proposed RD-SVR model is performed on a data set including
one-year data logs of two vehicles gathered from one of the biggest logistics companies in Tiirkiye.
The results are visualized and evaluated by considering the risks and routes. Unfortunately, there
is very limited literature on the use of big data analytics in cold chains. Therefore, the proposed
approach and example case study contributes to both theory and practice by suggesting a way for
ensuring quality, safety and reliability of pharmaceutical products during transportation.
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1. INTRODUCTION

A cold chain is a temperature-controlled supply chain that involves the production, storage and
transportation of sensitive and perishable products such as fruits and vegetables, meat, seafood,
dairy products, pharmaceuticals, and some chemicals. Cold chain storage and transportation
involves many irreversible risks including product degradation and regulatory violations (Ding et
al., 2023; Lin et al., 2023). Therefore, risks in cold chain storage and transportation must be
thoroughly analyzed and proactive interventions should be implemented to prevent irreversible
consequences. An effective cold chain management necessitates specialized packaging systems
and vehicles, and continuous real time monitoring of environmental factors such as temperature,
humidity, light, and vibration. The emergence of Industry 4.0 technologies and increasing
digitalization of supply chains help to increase traceability of supply chain operations and develop
data-driven approaches in cold chains.

Pharmaceutical cold chains, being a critical stakeholder of the cold chain, play a critical role for
the healthcare industry for ensuring the safety and efficacy of medications. Pharmaceutical
products are highly sensitive to environmental factors such as extreme or fluctuating temperatures
and humidity. Improper environmental conditions may lead to chemical degradation, compromise



the efficacy of medications, and even cause the death of humans. Therefore, all phases of
pharmaceutical cold chains need to be managed effectively due to their direct and critical effects
on public health.

Pharmaceutical products often require product-specific storage, packaging and transportation
conditions that necessitate strict control to ensure their integrity and compliance with regulatory
standards. The highest risk of temperature variations occurs during the transfer of the products.
Pharmaceutical products are typically transported with refrigerated vehicles to meet the desired
temperature during the route. Failure to maintain the desired temperature throughout the route, in
other words, breakage of the cold chain, may cause serious health risks. Additionally, breakdown
of the cold chain may lead to substantial financial risks owing to wasted inventories, regulatory
penalties, and damaged reputation. The high costs of pharmaceutical products are further
exacerbated by product deterioration, leading significant financial losses both for manufacturers
and logistics companies. Hence, managing pharmaceutical cold chain risks is essential, as their
consequences can be severe and fatal. Machine learning algorithms are suitable for risk
classification and prediction in the pharmaceutical cold chain field (Konovalenko & Ludwig, 2021;
Mangini et al., 2024). Outlier detection is one way to handle such risks (Zhao et al., 2013).

Transportation of temperature-sensitive pharmaceuticals is a challenging task that requires
monitoring temperature deviations and detecting anomalies that could indicate a cold chain
breakage. In order to contribute to this critical research area, this article employs hybrid Route
Detection-based Support Vector Regression (RD-SVR) algorithm for outlier detection during
transportation of temperature-sensitive pharmaceutical supply chains. Our model can be
considered as a classification problem. The main objective of this research is to test if a
classification-based outlier detection algorithm can be used to detect the out-of-range temperature
measurements causes to breakage of the pharmaceutical cold chain, in a refrigerated transportation
vehicle. The research question is “Can RD-SVR algorithm be used to detect out-of-reference
temperature measurements on location-based temperature data in pharmaceutical cold chain
logistics?”.

The proposed methodology is applied on data gathered from two vehicles of an international
logistics company for a one-year time horizon. The developed algorithm consists of two phases.
In the first phase, a route detection algorithm is developed in accordance with the sensor data. This
algorithm determines all the routes of the vehicles within a one-year period, while at the same time
eliminating unnecessary data. Thus, data cleaning is also performed in this phase. In the second
phase, route-based outlier detection is performed using Support Vector Regression (SVR) to detect
anomalous temperature of the pharmaceutical products during transportation. The advantages of
using SVR can be expressed by its robustness and being convenient to multi-dimensional data,
(Awad et al., 2015).



The remainder of the article is structured as follows. Section 2 presents the relevant literature.
Section 3 explains the proposed approach, case study company, and data collection. Section 4
gives and discusses the results. Finally, Section 5 concludes the paper.

2. LITERATURE REVIEW

Cold chain refers to the post-production supply chain activities of temperature-sensitive products
within the required temperature and humidity ranges to guarantee product safety (Joshi et al., 2009;
Salin & Nayga Jr, 2003). The main definition of the cold chain can be described as controlling and
monitoring the temperature of the related products along the entire supply chain (Shashi et al.,
2018). Cold chain products are categorized in five groups: 1) fruits and vegetables; 2) bakery and
confectionary; 3) dairy and frozen dessert; 4) meat and sea food; 5) drugs and pharmaceuticals
(Allied Market Research, 2022). This classification can be categorized under two fields mainly,
food cold chain and pharmaceutical cold chain (Centobelli et al., 2021).

2.1. Cold Chain Risks

A supply chain inherently involves multiple sources of risk. In a supply chain, risk can be defined
as failure, damage or loss caused by unforeseen events (Zsidisin & Ritchie, 2009). There are many
risk categorizations of supply chain. Yildiz Ozenc et al. (2023) provides a comprehensive literature
review which integrates all risks and risk categorizations in a supply chain. One of the most
important features that separate the cold chain from the supply chain is the regulatory
requirements. Pharmaceutical cold chain has special regulatory requirements for transportation
and storage (Ruiz-Garcia & Lunadei, 2010). Risks in the cold chain are more vital and should be
kept under control. In literature, cold chain risks have been categorized in many ways. Liao et al.
(2023) 1is stated cold chain risk as lack of infrastructure, lack of green transportation, lack of
capacity building, operation problems in cold chain transport, loss of energy, temperature control
and packaging. Shen & Qian (2023) identified the risks of cold supply chain as five criteria:
Refrigeration risk, Supply and demand risk, Logistics risk, Information risk and Environmental
risk. Lin et al. (2023) developed a hierarchy model for vaccine transportation quality and risk in
cold chain with five criteria and twenty-six sub-criteria and determined the most influential sub-
criteria for vaccine transportation quality and risk as local weather conditions, topography, road
characteristics, cold-chain logistics standardization, and national economic development. Ding et
al. (2023) identified fifteen risk factors in three risk assessment aspects, operation risk, hardware
risk, and shipper risk, that threaten cold chain operations. They resulted that the most important
risk aspect is shipper risk and six key factors that significantly impact cold chain logistics are
excessively long container loading time, insufficient pre-cooling of goods, poor or improper
product packaging, dockside or shipboard power supply system malfunction, improper cargo
stacking, and human error affecting temperature settings by using the best-worst method. Arslan
et al. (2023) identified five risk criteria of food cold chain. They prioritized these risks as financial



risks, delivery risks, technological ability risks, environmental risks, quality risks and social risks
consecutively by using Decomposed Fuzzy Set-Based FMEA approach.

As aresult of the literature research conducted to identify cold chain risks, we concluded that every
risk in the cold chain indicates one major risk. That risk is the breakage of the cold chain. The most
important reason for the breakage of the cold chain is the situation where the temperature goes out
of the limit during transportation.

2.2. Outlier Detection

Out of the limit temperatures can be interpreted as outliers in a series of data. Therefore, detecting
the breakage of the cold chain can be considered as an outlier detection, also known as anomaly
detection, problem. In a way, outliers can be defined as inconsistent values in a set of data (Barnett
et al., 1979). There are several methodologies of outlier detection, and they are grouped in different
ways in the literature (Escalante, 2005; Han et al., 2012). These methodologies can be categorized
as statistical-based techniques, density-based techniques, classification-based techniques,
clustering-based techniques, and also machine learning and deep learning techniques (Chandola et
al., 2009). Machine learning is a useful approach in an industrial context and has a wide range of
applications (Bertolini et al., 2021; Oliveira et al., 2024). Anomaly detection is one of the crucial
machine learning tasks (Kang et al., 2020). Numerous studies apply machine learning techniques
for anomaly detection in the existing literature (Hernandez-Jaimes et al., 2024; Mascali et al.,
2023; Oliveira et al., 2024; Ravinder & Kulkarni, 2023; Olimov et al., 2022; Zhao et al., 2013).
As well as machine learning algorithms, deep learning algorithms have recently become popular
for anomaly detection (Abusitta et al., 2023; Seo et al., 2024; Tian et al., 2025; Zipfel et al., 2023).

Various learning algorithms such as artificial neural networks (ANNs), support vector machines
(SVMs), Bayesian networks, etc., can be applied as a classification-based outlier detection method
(Chandola et al., 2009). SVMs have always been a preferred method in outlier detection for various
study fields (Baldomero-Naranjo et al., 2021; Thongkam et al., 2008; Y. Zhang et al., 2013). In
the study, where classifiers were compared, it was concluded that these classifier models can
distinguish various anomalies, and it was determined that the SVM had the highest predictive
power among the classifiers (Carvalho et al., 2019). SVM can be generalized for regression
(Alpaydin, 2020). This generalized version is called Support Vector Regression (SVR). SVR is a
machine learning method where a model determines the significance of a variable in describing
the relationship between input and output (F. Zhang & O’Donnell, 2020). SVR is used as the
classification-based algorithm. Similar to classification, SVR is defined by its use of kernels, a
sparse solution, and control over the margin and the number of support vectors (Awad et al., 2015).

Due to the temperature data being easy to label in a distinctive way, RD-SVR model is proposed
as a classification-based outlier detection. Outlier detection helps to classify the temperature during
transportation in cold chain weather if valid or invalid. The most significant aspect of the cold
chain is to keep the temperature in the desired range throughout the entire supply chain activities



and processes. However, in the cold chain field there are very limited number of studies which
focuses on outlier detection via machine learning. There is a lack of studies using classification-
based outlier detection in pharmaceutical cold chain field in best of our knowledge. This study
aims to fill the gap in existing literature.

3. METHODOLOGY

This section explains the research methodology of this research study under the concept of
objectives, research questions, techniques, and work plan. Based on our research question,
classification-based outlier detection framework is developed as route detection-based support
vector regression algorithm. Steps of the framework are planned as research planning, literature
review, data collection, data mining analysis, and results. The flow chart of the developed
framework is given in Figure 1.
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Figure 1. Flowchart of Research Methodology



In Phase I, the research objectives are determined, and the research question is formulated. There
are mainly three objectives of the study. The first objective is to identify the anomalous
temperature in pharmaceutical cold chain logistics which may cause the risks and damage the
product safety. Second objective is to develop an algorithm for analyzing, interpreting and
managing the risks in pharmaceutical cold chain. Finally, the third objective is to investigate and
analyze the performance of developed techniques in this field. While reaching these objectives,
route detection-based support vector regression algorithm is proposed. In frame of these purposes,
a research question is conducted. The research question of the study is “Can RD-SVR algorithm
be used to detect out-of-reference temperature measurements on location-based temperature data
in pharmaceutical cold chain logistics?”

In Phase II, a comprehensive literature review was conducted. The literature review was divided
into two topics basically: cold chain risks and classification-based outlier detection. The first topic
aims to identify cold chain risks and determine the most addressed risk in literature. The second
topic is directly related to choosing proper algorithm for analyzing and handling the risks.

Phase III is the data collection phase. In frame of the research question and the research objectives,
cooperation was made with one of the most significant logistics companies in the sector. The
company provides cold chain transportation data. The company is engaged in the storage and
transportation of pharmaceutical products. The cold chain structure is illustrated in Figure 2.
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Figure 2. Cold Chain structure

The company's operation center is located in Kocaeli, Tiirkiye. Cold products are stored in cold
rooms of the warehouse. They are then transported to pharmaceutical warehouses by refrigerated
vehicles according to the demand. From pharmaceutical warehouses, they are delivered to
customers. The temperature is constantly monitored both in the storage area and in transportation.
The company provided us with the temperature data during transportation over a one-year period.
Further information about the data is given in Sub-section 3.1.

Phase IV is the analysis phase. Detecting anomalous temperature in cold chain logistics can be
considered as a binary classification problem. For this purpose, a route detection-based support
vector regression algorithm is developed to detect anomalous temperature along the route as a
classification-based outlier detection.



Phase V is the conclusion phase. In this phase all the results of the analyses are presented and
discussed in the context of the research question. Also, the performance of the developed model is
evaluated. Detailed results and discussions will be given in the relevant sections later in the paper.

3.1. Cold Chain Data

The quality and safety of cold chain products must be ensured from the producer to the end
consumer during storage and transportation. Pharmaceutical products are transported in the cold
chain with refrigerated vehicles in the cooperated company. When transporting products, the
temperature value in the vehicle should be between 2°C and 8°C. The company's refrigerated
vehicles are cooled with air conditioners. There are two air conditioners in each vehicle in case of
any breakdowns. Monitoring the temperature and humidity inside vehicles is carried out using data
loggers. These devices are used to monitor the internal environmental conditions of vehicles and
collect data.

The case study company provides storage and transportation services for pharmaceutical cold
chains. They use top-notch technology in both storage and transportation to keep the products in
the desired temperature range. The desired temperature range is between 2°C and 8°C. The air
conditioners keep the temperature in the desired range. The situation in the storage area is more
stable and under control. In case of any malfunction, backup air conditioners are activated, and the
technical team intervenes immediately. For this reason, out-of-limit situations are rarely
experienced in the storage area. However, situation in transportation is a bit challenging since the
Tiirkiye's road characteristics has some difficulties. Air conditioners fail more often. The
temperature and the humidity inside the vehicles are monitored via an online tracking system. The
system warns in out-of-limit situations. Consequently, we chose to investigate the transportation
in cold chain rather than storage as a research area.

The company provided us with one year of data from the data loggers in the two vehicles on route
base. Data loggers are measuring devices used in temperature and humidity measurement, which
record the temperature or temperature-humidity values of the environment in which it is located
until its capacity is full, can store the recorded information in its memory and allow the information
in its memory to be transferred to the computer when necessary. There are three data loggers in
each refrigerated vehicle of the company. Two of them measure the temperature inside the vehicle
and one of them measure the humidity inside the vehicle. Each data logger measures approximately
every 2 minutes. Thus, in the transportation of the data, we have two temperature values, one
humidity value, vehicle identity, date, time, latitude and longitude information between April 2023
and March 2024. An example of the given data includes heads and tails of one file is given in
Table 1.



Table 1. An example of the data given

TYPE VALUE unitid dtupdategmt lat lon
2 27 54808 2023-08-01 00:01:10 | 40,984723 | 29,251308
5 59 54808 2023-08-01 00:01:10 | 40,984723 | 29,251308
3 26,799999 54808 2023-08-01 00:01:10 | 40,984723 | 29,251308
2 26,9 54808 2023-08-01 00:03:10 | 40,984723 | 29,251308
5 59 54808 2023-08-01 00:03:10 | 40,984723 | 29,251308
3 26,799999 54808 2023-08-01 00:03:10 | 40,984723 | 29,251308
2 26,9 54808 2023-08-01 00:05:11 | 40,984723 | 29,251308
5 59 54808 2023-08-01 00:05:11 | 40,984723 | 29,251308
3 26,799999 54808 2023-08-01 00:05:11 | 40,984723 | 29,251308
2 29,099999 54808 2023-08-30 09:38:23 | 40,881196 | 29,260263
5 70 54808 2023-08-30 09:38:23 | 40,881196 | 29,260263
3 29 54808 2023-08-30 09:38:23 | 40,881196 | 29,260263
2 29,099999 54808 2023-08-30 10:10:26 | 40,881196 | 29,260263
5 70 54808 2023-08-30 10:10:26 | 40,881196 | 29,260263
3 29 54808 2023-08-30 10:10:26 | 40,881196 | 29,260263
2 29,2 54808 2023-08-30 10:12:27 | 40,881196 | 29,260263
5 70 54808 2023-08-30 10:12:27 | 40,881196 | 29,260263
3 29,099999 54808 2023-08-30 10:12:27 | 40,881196 | 29,260263

In the data, there are 3 “type” values in the first column which are TYPE 2, TYPE 2 and TYPE 5.
These values are data logger records. TYPE 2 and TYPE 3 represent the temperature values and
TYPE 5 represent the humidity values inside the vehicle. In the second column, “value” represents
the temperature and humidity values. In third column, “unitid” represents the vehicle identity. The
fourth column shows the date and time of the records. The fifth and sixth columns show the
coordinate of the vehicle. In this study, TYPE 2 values are used for analysis as temperature data.
In-vehicle temperature data from TYPE 2 for August and December (in order to see the differences
between summer and winter months) are given in Figure 3 and Figure 4. The red lines represent
the temperature range which is desired to be within all temperature values. The blue dots

demonstrate the temperature values.
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Figure 4. Temperature vs Time Graph for December.

Transportation data is gathered as monthly basis for two refrigerated vehicles over one year period.
Each refrigerated vehicle has 12 data files monthly. Each data file has approximately 150000
columns.

3.2. RD-SVR Model

A hybrid approach, Route Detection-based Support Vector Regression (RD-SVR) is developed for
classification-based outlier detection for pharmaceutical cold chain to detect anomalous
temperature during transportation of pharmaceutical products. The proposed model consists of two



consecutive algorithms: Route Detection (RD) algorithm and Support Vector Regression (SVR)
algorithm. The route detection algorithm is developed entirely based on the unique cold chain data
on hand. In addition to determining the routes, the algorithm also performs big data cleaning, which
is one of the most important processes for sensor data. Then, the support vector regression
algorithm determines the outliers based on each route during transportation as a classification-
based outlier detection method. The flowchart of the proposed RD-SVR model is demonstrated in
Figure 5.
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3.2.1. Route Detection Algorithm

Sensor data is considered big data. It is very critical to handle big data cleaning in order to
accurately identify anomalies in the field of pharmaceutical cold chain. For this purpose, a rule-
based algorithm named route detection is developed to identify the routes while pruning the data.
RD algorithm analyses the overall 12 months of data row by row. It aims to identify each distinct
route that the refrigerated vehicle takes, by tracking the change in the location and temperature
measurements. This process helps to prune the data by identifying the routes and neglecting the
measurement taken when vehicle is inactive.

Reverse geocoding is an essential process to determine the routes of refrigerated vehicles. Location
information of the refrigerated vehicles is given as latitude and longitude information in the data.
However, to determine routes, the address of the vehicle is needed to know instead of the
coordinates. Therefore, reverse geocoding is employed to transform latitude and longitude to the
address.

In order to apply reverse geocoding, all latitude and longitude pairs of each vehicle from different
data files are combined into a set of coordinates. To accomplish this, only a unique set of
coordinates can be worked on. Eventually, approximately 300000 unique coordinates data
remained. A Python script is prepared, and reverse geocoding service is used to convert the data.
The script communicates with the service by sending a coordinate and writing the result back into
a file.

As we know, the route of the vehicles always starts with the operation management center of the
company, which is located in Kocaeli, Tiirkiye. The end point depends on customer demand. Since
the final destination may vary, the routes of the vehicles should be extracted from the data. To find
the routes, we checked the changing addresses starting from Kocaeli in the data on a city-by-city
basis by considering temperature inside the vehicle. Each vehicle must maintain an inside
temperature between 2°C and 8°C along the route. The cooling inside the vehicles begins before
loading. Thus, the interior temperature values during loading meet the required temperature values.
We set the threshold as the interior temperature of the vehicle meets the 8°C or under very first
time while the vehicle is at Kocaeli location. Then, we eliminated the data before this threshold.

The key aspect of the route detection algorithm is to determine the city where the vehicle finishes
unloading. Because the final destination of the routes can be changed according to customer
demand. The vehicles should be active on the routes, and they do not have to be active after
delivering the pharmaceutical products to the final destination. In other words, the air conditioners
are switched off on the way back and the temperature inside the vehicle starts to increase. Even if
the vehicles are inactive data loggers inside the vehicles record the temperature and humidity in
almost two minutes. Therefore, the data on when the vehicles are inactive should be eliminated.
While eliminating the data, we examined the cumulative increase in temperature and set a



threshold for the temperature. When the temperature reached 10°C, we assumed that the vehicle
was on the way for returning to the operation center. Temperature data between 8°C and 10°C on
the return should not be considered as an outlier. Besides, these data constitute a very small part
of the whole data. The data higher than 10°C on the way returning is eliminated by the developed
RD algorithm. Like this way the RD algorithm prunes the data. As illustrated in Figure 6, most of
the unnecessary data was eliminated by using the RD algorithm.

10

0
Beelelilerennsnne

temperature
=3

2

2023-08-01 2023-08-05 2023-08-09 2023-08-13 2023-08-17 2023-08-21 2023-08-25
time

Figure 6. Temperature vs Time for August after data pruning with the RD algorithm.

All routes over one year period are determined monthly for each vehicle by using the developed
RD algorithm. For example, one of the vehicles had six routes in August. These routes are given
in Figure 7.
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Figure 7. All routes of a refrigerated vehicle in August.

All the routes of each vehicle are demonstrated on the maps of Tiirkiye. As an example, Route 2
of the vehicle in August is given in Figure 8. The route is stated as a green line on the map.
Coordinates of the vehicle with valid temperature are stated as a blue pin and coordinates of the
vehicle with invalid temperature stated as a red pin on the map in Figure 9. Figure 10 demonstrates
the route after data elimination as a part of the RD algorithm with valid and invalid temperature.
These figures were created as HTML files. When the curser hovers on the pins, it shows the
temperature, date and time of the measurements. A map-based representation of all routes can be
shared upon request.
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3.2.2. Support Vector Regression

If the training dataset has class labels, outlier detection can be considered as a classification
problem and any classification methods can be used (Han et al., 2012). In our problem, the class
label is very clear: Valid and invalid temperature. Support Vector Machine (SVM) is selected as a
classification method for outlier detection in this study. The SVM can be used in several ways in
binary classification. As a variation of SVM, we used Support Vector Regression (SVR) which is
proposed by (Drucker et al., 1996) and used only for classification problems, (Fadil et al., 2021).
SVR is a data mining algorithm used to predict a real number by mapping an input data to a
function, using training data, (H. Yu & Kim, 2012). To match the requirement for SVR, we labeled
our data as 1 for valid and 0 for invalid temperature values.

SVR can be used with custom and predefined kernels which have several parameters. In context
of this study, linear, polynomial, Radial Basis Function (RBF) and sigmoid kernels and ¢ and
gamma parameters are used. The parameter ¢ determines the cost of the mislabeled predictions.
Picking a higher ¢ value helps the model to accurately classify all training examples. The gamma
parameter determines the significance of a single training example. Picking a higher gamma means
that other examples need to be closer to have an impact.

In this study the SVR implementation which is provided by Sckit-learn is used (Buitinck et al.,
2013; Pedregosa et al., 2011). The default values of the parameters in this library are rbf for kernel,
scale for gamma and 1 for c.

4. RESULTS

Hyper parameter optimization is used to select the optimal parameters (Claesen & De Moor, 2015;
T. Yu & Zhu, 2020). Here, the terms parameters include the kernel function, ¢ and gamma values.
Possible sets of parameters are processed through grid search. The sets of all parameters are given
in Table 2.

Table 2. Parameter values for SVR.

Parameter Name Parameter Value
Kernel linear | polynomial | rbf | sigmoid
C 0.1 1 10 100
gamma auto scale

The cross-validation value for the grid search is taken as 3 and the candidate sets of parameters
and scored based on Means Squared Error (MSE).



A total of 12 months of data was given to the algorithm as 4 different data sets. The data sets
contain 1-month, 4-months, 8-months and 12-months of data. The reason for giving data to the
algorithm as four different data sets is to investigate the performance of the developed RD-SVR
model on different data sizes. Each data set is randomly split into two parts, 20% test and 80%
train. For each train set, grid search returns the parameter set which gives the best result. The best
set for each run is given in Table 3.

Table 3. Optimal set of parameters for each data set.

Data sets C Kernel | Gamma
1-month 100 rbf auto
4-months 100 rbf scale
8-months 100 rbf scale
12-months 100 rbf scale

For each set of parameters determined by the grid search, R? score and MSE are calculated using
the test sets. Results are given in Table 4.

Table 4. Results for each optimal set of parameters.

Data set Parameters R? MSE
1-month ¢:100, kernel:rbf, gamma:auto 0.7958 0.0039
4-months ¢:100, kernel:rbf, gamma:scale 0.9183 0.0084
8-months c:100, kernel:rbf, gamma:scale 0.9136 | 0.0077
12-months ¢:100, kernel:rbf, gamma:scale 0.9174 0.0073

According to the results, SVR provides high accuracy based on a high R? value and low error
terms, indicating that the SVR algorithm performs well for this study. The fitted graph of the SVR
predictions for all data sets is given in Figure 11. According to the graphs, for both valid and
invalid samples, the predictions from SVR align with the training data.
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Figure 11. Visual representation of SVR’s train set and predictions on for all data sets

Classification results of the RD-SVR model for all data sets are given as confusion matrix in
Figure 12.
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Figure 12. Confusion matrices for all data sets

Anomalous temperature detection using proposed RD-SVR model results for each data set are
given in Table 5. The table shows Precision, Recall, F1-Score and Accuracy value for each label
in the data sets. In the table, label represented as 0 and 1 which indicates invalid temperature and
valid temperature, and support represents the number of data point of each label in each data set.
The results of the data sets are compared according to Precision, Recall, F1-Score and Accuracy.
As the data size increases, precision, recall and Fl-score of anomalous temperature is getting

higher which indicates that the RD-SVR model is suitable for big data. Additionally, the accuracy
of the model is high for each data set.



Table 5. RD-SVR Model Results

Data Set Label Precision Recall F1-Score Support Accuracy
0 0.70 0.75 0.72 73

I Month 1 1.00 0.99 0.99 3630 0.99
0 0.83 0.83 0.83 1745

4 Months | 0.98 0.98 0.98 13121 0.96
0 0.83 0.81 0.82 2979

8 Months 1 0.98 0.98 0.98 26914 0.6
0 0.83 0.82 0.82 4577

12 Months | 0.98 0.98 0.98 41860 097

This paper also evaluates the performance of the developed RD-SVR model for different data
sizes. As indicated in Figure 12 and Table 5, our proposed hybrid approach performs well for each
data set.

S. DISCUSSION AND CONCLUSION

The cold chain is an important part of global trade. Any failure to transport cold products in a
healthy and safe way affects the links in the supply chain, whether companies or customers.
Therefore, cold chain storage and transportation involve significant risks, and the effects of these
risks are substantial as well. Pharmaceutical transportation, one of the most crucial aspects of the
cold chain, uniquely involves both regulatory risks and human health risks. Due to these risks, a
more careful approach is necessary, along with specific studies in this area. Recently, with
advanced technologies, monitoring real-time data has made it easier to enhance the visibility and
traceability of the supply chain. Data mining approaches can be utilized in cold chain management,
particularly for detecting outliers. Advanced algorithms are required for analyzing large volumes
of data collected from sensors and monitoring devices.

Real-time temperature monitoring and the ability to quickly identify points of disruption in the
cold chain are essential to prevent product degradation, ensure regulatory compliance, and improve
operational efficiency. Previous literature highlighted the usage potential of different data mining
techniques in cold chain logistics. However, the increasing volume and complexity of data from
sensors and GPS systems in modern cold chains present challenges for traditional outlier detection
methods and highlight the need for advanced researches in this area. In order to contribute to this
area, a classification-based outlier detection framework was developed to effectively clean big data
and detect outliers using suitable data mining algorithms along the route. To achieve this, the RD-
SVR model was proposed entirely for the requirements of the problem in this study. The developed



model can be considered as one of the most appropriate algorithms for detecting anomalous in big
data over a one-year period with high accuracy.

We believe that this study contributes significantly to both theory and practice. Theoretically, no
similar studies using classification-based outlier detection have been encountered in the literature
on the cold chain; thus, this study contributes to filling that gap by developing highly suitable
model for the nature of the problem in this field. From a practical standpoint, this study is a case
study, demonstrating a real-world application within the company, which makes its
implementation both relevant and feasible. The pharmaceutical products transported in the cold
chain are highly expensive and include some for rare diseases. Preventing disruptions in the cold
chain is crucial for the company's costs. Therefore, this study helps mitigate potential cold chain
disruptions, reducing costs for the company and minimizing health risks for the patients.
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