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Abstract 

Distributed Denial-of-Service (DDoS), is one of the most serious threats to the server and 
network. Having a deeper understanding of DDoS patterns is crucial to build defense and 
filter systems to guard the network. This paper, using the CICDDoS2019 dataset, is trying 
to perform data analysis over common DDoS of various kinds. An exploratory data 
analysis is applied to the dataset to reveal the general characteristics of DDoS attacks 
and select features; and several models including SVM, random forest, and multiple layer 
perceptron are compared for their performance on differentiating normal network 
traffic and DDoS packets. Random forest is recognized as the best model against DDoS, 
with 99.99% accuracy using selected features. 

Keywords 

DDoS; Network Security; Machine Learning. 

 

1. Project Overview 

For this project, we used exploratory data analysis and programmed machine learning classifiers to 

separate and distinguish DDoS attacks from benign data. 

We used Python to code the analysis and the machine learning classifiers. For the analysis, we used 

the Python [1] libraries pandas [2], matplotlib [3], and seaborn [4] to make graphs and visualize the 

data in the exploratory data analysis. We then used sklearn [5] in Python, to create the machine 

learning models and classifiers, and to cross validate the results. The sklearn models we used were: 

Random Forest, AdaBoost, Gaussian Naive Bayes, Decision Tree, and Multiple-Layer Perceptron. 

The dataset we used was the CICDDoS2019 Dataset [6], a csv dataset containing up to date DDoS 

attacks in 2019. Four feature selections are tested and compared for their classification performance 

including one baseline proposed by other research [7].  

As DDoS attacks are a large danger towards corporations, especially those that rely on network traffic, 

many of these corporations are put at risk that could damage their futures. Everybody’s personal 

information should be private, and DDoS attacks are a danger to society as well. Furthermore, during 

the first quarter of 2020, the number of DDoS attacks was 542% of the number of the fourth quarter 

of 2019 [8]. Thus, as DDoS attacks are becoming more common, the need for DDoS attack 

recognizers has risen. With this project, we detect DDoS attacks to prevent them from attacking these 
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corporations and the public as a whole. By detecting these attacks, society will be protected from a 

larger amount of these attacks. 

Ultimately, the Random Forest model had the highest precision and recall score, but it took, on 

average, more than 100 seconds to fit the data into the model. The Decision Tree model had a 

precision and recall score almost as good as the Random Forest Model, but only took less than 4 

seconds on average to fit the data. Overall, the best model was the Random Forest Model, since it 

was more robust than the Decision Tree model, despite their nearly-identically accurate, high 

precision and recall scores. The baseline feature set was the worst feature set, with the lowest average 

precision and recall score, and was also the slowest fitting as well. 

2. Literature Reviews 

When designing a framework to detect DOS and DDOS attacks, data packages should depart by 

protocol and queuing [9]. A framework can provide a specific classifier to each data package. Setting 

up an experiment to analyze data, one can separate protocol by features with information gain, and 

then use DDOS and DOS attack protocol and get data.  

There are several methods to detect DoS attacks [10], such as delay measurement, throughput 

measurements, loss measurement, and so on. These methods are similar to monitoring and tracking 

data, and they use several ways to detect them. There are other ways of detecting DDoS attacks [11], 

such as methods based on statistical analysis, based on artificial intelligence and based on defense 

system structure.  

Furthermore, the SDN (Software Defined Network) environment, based on KNN algorithm, through 

modular distribution refines the detection process and improves the detection accuracy, but when the 

sample size is high, it will increase the false positive rate [12]. While clustering algorithms are 

sensitive to the initial cluster centers [13], adaptive clustering algorithm based on dynamic index and 

automatic selection of initial clustering center, which enhances the detection effect compared with 

the traditional K-means algorithm [13].  

There are multiple reasons as to why DDoS attacks are difficult to eliminate or prevent. First, DDoS 

attacks take advantage of the openness of the Internet and the network communication mode of 

sending packets from any source address to any target address [14]. Secondly, it is difficult to 

distinguish and eliminate the illegal packets hidden in the legitimate packet traffic, which increases 

the difficulty of preventing and eliminating DDoS attacks [14]. Therefore, to deal with DDoS attacks, 

we have to start with the abnormal network traffic monitoring, the identification of data packets, the 

periodic repair of system vulnerabilities, and the rules that network users should abide by [14]. 

A DDoS attack is to forge a large number of request packets to send to the target device in a short 

period of time, resulting in a large number of data packets to request connection at the same time, 

resulting in the attack device does not have enough time to process these request packets, so the CPU 

utilization of the attacked device will rise sharply, leading to its paralysis [14]. Thus, we should be 

able to see in our exploratory data analysis that attacks will most likely have a higher packet count 

than that of benign data. 

There are three main detection methods for DDoS attacks [15]. The first one is Signature-based detect, 

which checks the signature for each connection and does a simple match. The second one is called 

Anomaly-based detection, which will pass the acceptable “network activity” and trigger an anomaly 

detection for non-acceptable activity. And the third one is called Stateful Protocol Analysis (SPA), 

which can “understand” each connection’s activity based on a predefined protocol database. For a 

real-world experiment, a combination of these three methods is recommended. Out of the Naive 

Bayes, k-NN algorithm for clustering, SVM, and C4.5-based decision tree models, the C4.5 algorithm 

has the highest classification rate and the lowest required time [15].  

The MLP classifier can detect and handle abnormal network traffic [16]. It was found that the original 

features chosen by the detector had “some redundancy” [16]. It was also found that there were some 
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problems with the classifier when dealing with a new type of attack that had never been seen before, 

and it produced an unsatisfactory result. To solve this problem, a method to perceive the detection 

errors and reconstruct the detector dynamically was created. Thus, using the MLP classifier should 

be expected to run worse than some of the other classifiers due to the feature redundancy. 

Principal components analysis (PCA) can help improve the attack detection rate of models [17], but 

also increase the false positive rate. In “Predicting Application Layer DDoS Attacks Using Machine 

Learning Algorithms,” the Naive Bayes model saw a 2.56% improvement with PCA while the K-

Nearest Neighbor model had a 1.77% increase with PCA. 

Due to a lack of detected attacks, some classifiers may be inaccurate in detecting that type of attack 

[7]. As expected, a small number of a certain type of attack will produce a worse precision and recall 

score when run through a classifier. Thus, a valid amount of attacks and benign data should be needed 

for the models to accurately classify the data types. 

3. Dataset 

The dataset used in this research contains normal network flows and flows with DDoS attacks [6]. 

The research group from Canadian Institute for Cybersecurity generated the dataset named 

CICDDoS2019. They analyzed new attacks that can be carried out using TCP/UDP based protocols 

at the application layer and proposed a new taxonomy. The rest of this subsection explains the detailed 

taxonomy of DDoS attacks and illustrated in Figure 1, in terms of reflection-based and exploitation-

based attacks. 

 

Fig. 1. Sub-section of DDoS attacks. [6] 
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CICDDoS2019 [6] contains benign data and the most up-to-date common DDoS attacks, which 

resembles true, real-world data (PCAPs). The team took top priority in generating realistic 

background traffic while building this dataset. They used their proposed B-Profile system [18] to 

profile the abstract behavior of human interactions and generate naturalistic benign background traffic. 

For this dataset, they built the abstract behavior of 25 users based on the HTTP, HTTPS, FTP, SSH, 

and email protocols. 

In this dataset, different modern reflective DDoS attacks such as PortMap, NetBIOS, LDAP, MSSQL, 

UDP, UDP-Lag, and SYN are included, which are collected on two separate days. As Table II shows, 

they executed 7 attacks on the testing day, including PortScan, NetBIOS, LDAP, MSSQL, UDP, 

UDP-Lag, and SYN. 

 

Table 1: Information of users. [6] 

 

 

Table 2: Information of attacks. [6] 

 

4. Technical Section 

4.1 Exploratory Data Analysis 

Exploratory Data Analysis (EDA) was performed in order to learn of the importance of each feature 

within each classifier and the features’ correlations to each other. The CICDDoS2019 Dataset 

contains the most up to date DDoS attacks. 

By doing EDA on the Destination Ports features, it was found that benign data and attacks usually 

arrive at different ports, with results as shown in Figure 2. Attacks cover a wider range of ports, while 

benign traffic happens to a small portion of ports with few outliers. 
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Fig. 2. Box plot of the destination ports of attacks and benign data. 

 

Furthermore, in Figure 3, it was found that attack durations are generally shorter than benign data. 

While the majority of the attacks occurred between 0 and 2,000,000 microseconds, the benign data’s 

durations were evenly spaced between 0 and 10,000,000 microseconds. Thus, attacks generally last 

shorter than benign data flow. 

 

 

Fig. 3. Violin plot of the flow durations of attacks and benign data. 

 

As analysis was done on the total length of forward packets of attacks and benign data, it was found 

in Figure 4 that the total length of attack forward packets was generally longer than those of benign 

forward packets. Based on this box plot, the maximum length of benign data packets, save for a few 

outliers, was in less than the 25th percentile of the total length of the forward packets of the attacks. 

 

 

Fig. 4. Box plot of the total length of forward packets of attacks and benign data. 

 

The plotting the forward packet length mean of both attacks and benign data, in Figure 5, shows that 

the average length of the attacks was more spread out than the average length of benign packets. 
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While the mean of the benign packet length was around 0, the mean attack packet length ranged from 

0 to 1500. 

 

Fig. 5. Violin plot of the forward packet length means of attacks and benign data. 

 

Figure 6 shows the violin graph of the total length of backward packets of attacks and benign data. It 

is shown that the total length of backward attack packets was generally under 100, while the length 

of the backward benign packets was evenly spaced between 0 and 200. Thus, the length of backward 

attack packets of attacks was generally shorter than backward benign packets. 

 

 

Fig. 6. Violin plot of the total length of backward packets of attacks and benign data. 

 

Figure 7 below shows that more than 50% of backward benign packets have a length much greater 

than 0, while the backward attack packets have a length of around 0, save for a few outliers. Thus, it 

became apparent that backward benign packets are generally longer than backward attack packets. 

 

 

Fig. 7. Box plot of the backward packet length means of attacks and benign data. 
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As part of the analysis, correlation matrices were created to find the relationships of every pair of 

features within the 15 most important features of each classifier, which was found by sorting each 

feature by importance in each classifier. In this correlation matrix, the intersection of each pair of 

features is their Pearson’s correlation coefficient. Determining the linear relationship between the two 

features, the coefficient has a range of -1 to 1, where -1 is a strong, negative relationship and 1 is a 

strong, positive relationship. 

 

Fig. 8. Correlation Matrix of the 15 most important features of the Random Forest Classifier 

 

 

Fig. 9. Correlation Matrix of the 15 most important features of the AdaBoost Classifier 
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In Figure 8, it was found that there were several redundant features, as there were some features that 

had Pearson’s correlation coefficients greater than 0.8 when compared to other features. Moreover, 

there were many pairs of features whose Pearson’s correlation coefficient was around 0, showing that 

there are many features that have no correlation, making the classifier more diverse, and ultimately 

stronger. 

In Figure 9, the correlation matrix of the AdaBoost Classifier’s 15 most important features, there are 

significantly less positively correlated pairs of features, and many more nonlinearly correlated pairs 

of features to be used in the classifier. 

In Figure 10 below, there were no redundant features, and many less features with negative 

relationships. There were three features that did not change, regardless of the type of data, so they 

were dropped. The next three most important non-zero features were used instead. Furthermore, the 

number of non-linearly correlated features was more than that of the Random Forest Feature Set and 

the AdaBoost feature set. 

 

Fig. 10. Correlation Matrix of the 15 most important features of the Decision Tree Classifier 

 

4.2 Modeling 

4.2.1 Feature Selection 

By using the Label Encoder algorithm from the sklearn library, the ‘ Label’ feature, which labels 

whether a sample is an attack or benign data, became encoded into the ‘DataType’ feature, which 

contained 0 and 1, representing Attacks and Benign Data respectively. We then filtered out the 

columns whose entries contained non-numbers, which left the dataset with columns containing only 

integers and floats. However, as the dataset contained 88 features, only 15 features were decided to 

be used in each classifier to reduce time and memory usage. 

The five models used were Random Forest, AdaBoost, Decision Tree, Gaussian NB, and MLP 

classifier. For each of these models, we used each of the 15 most important features of the models, to 

be fitted into each model. 

In Figure 11, while the Random Forest Classifier marked many features as “important,” the key 

features were decided to be all those as important or more important than the ‘ Min Packet Length’ 
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feature. While the ‘Inbound,’ ‘Avg Bwd Segment Size,’ and ‘URG Flag Count’ features were the 

most important features, the rest of the features seemed to be about equally as important. The 

‘Inbound’ feature refers to whether the packets are arriving or leaving the machine, where 1 is arriving 

and 0 is leaving. 

 

Fig. 11. Feature Importance of the Random Forest Classifier 

 

However, in Figure 12, there are much less features described as important by the AdaBoost Classifier. 

There is still a fairly large amount of “important” features as shown by this graph, but the ‘Source 

Port’ feature seems to be the most important by a large amount; ‘Source Port’ was more than 25% of 

the maximum importance, while the second most important feature, ‘Destination Port,’ was less than 

10% of the maximum importance. 

 

 

Fig. 12. Feature Importance of the AdaBoost Classifier 

 

In Figure 13, the Decision Tree Classifier marked only three features as “important,” and the ‘Inbound’ 

feature was astoundingly large. At more than 60% of the maximum importance, ‘Inbound’ seemed it 

would be the deciding factor in most of the predictions by the Decision Tree Classifier, 

overshadowing the other two “important” features, ‘Source Port’ and ‘Destination Port.’ 

While the Gaussian Naive Bayes model and MLP model were used, they did not classify by feature 

importance like the Random Forest Classifier, the AdaBoost Classifier, and the Decision Tree 

Classifier, so the 15 most important features of these two models could not be determined. 

The “Network Traffic Behavioral Analytics for Detection” paper [7], which used the CICIDS2017 

Dataset, also used 15 features for their modeling. So, we decided to use these 15 features as a baseline 

feature set to compare our results to. 
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Fig. 13. Feature Importance of the Decision Tree Classifier 

 

4.2.2 Model Comparison 

In these comparisons, every one of the models used the AdaBoost Classifier’s 15 most important 

features, and was run on a computer with an Intel i7 core processor. 

Random Forest (RFC) was used with an n-estimator of 100, the number of trees in the forest. It had 

a high precision and recall score: 0.999997 and 0.999091, respectively. However, the Random Forest 

Classifier took 1 minute and 56 seconds to fit the data. 

AdaBoost (ABC) was used with an n-estimator of 50, which is the number of estimators at which 

boosting ends. ABC also had a high precision and recall score, but was much faster than the Random 

Forest Classifier, albeit being slightly less accurate. Fitting the data within 55.5 seconds, the 

AdaBoost Classifier received a precision rating of 0.9945 and a recall rating of 0.9945. 

Gaussian Naive Bayes (GNB) had a relatively low precision and recall score, despite being 

extremely fast: it fit the data in 344 milliseconds. However, its precision score was 0.5448 and recall 

score was 0.5054, scores which are very inaccurate. 

Decision Tree (DTC) was used with the ‘gini’ criterion and the “best” split strategy. It was relatively 

extremely fast and accurate. Fitting the data in 4.7 seconds, it had a precision score of 0.9963 and a 

recall score of 0.9973. 

Multiple-Layer Perceptron (MLPC) was used with 100 hidden layers and with ‘relu’ as an 

activation function. Its learning rate was constant, and its solver was ‘adam.’ As a neural network, it 

was an extremely slow model. It took 18 minutes and 22 seconds to fit the data. Even then, it had a 

precision score of 0.5027, but a recall score of 0.9986.  

5. Evaluation 

“Network Traffic Behavioral Analytics for Detection of DDoS Attacks” [7] used multiple algorithms 

of machine learning to detect DDoS attacks in network communication flows using the Intrusion 

Detection Evaluation Dataset (CICIDS2017), which contains normal network flows and network 

flows with DDoS attacks. This data was generated through the Canadian Institute of Technology with 

realistic network and benign background traffic. However, since the dataset had a miniscule amount 

of detected Bot attacks, the algorithms were not able to accurately train and learn the correct 

proportions of bot attacks in relation to other DDoS attacks. Their objective was to identify and 

classify every type of DDoS attack. Using Exploratory Data Analysis, they mapped out the most 

important features and did not include redundant features in their feature set for their models. With a 

lack of redundant features, the models should theoretically be more accurate. They also used multiple 

models, such as Multinomial Logistic Regression, K-Nearest Neighbor, Random Forest Classifier, 

Naive-Bayes, and Dense Neural Network. 
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By running each model three times, using the 15 most important features of Random Forest, 

AdaBoost, and Decision Tree, there were a total of 15 feature settings. The metrics used to evaluate 

the models were their precision, recall, robustness, and time used to fit the data, with precision and 

recall being the more important metrics. For security prior task such as DDoS detection, a high 

accuracy of a classifier is more important than a quickness of another. Catching DDoS attacks can 

save corporations much money, and thus an accurate classifier is much more important than a quick 

classifier. Robustness is also important because it allows a classifier to be more accurate when there 

are outliers in the dataset. 

The precision of each of the Random Forest model, the AdaBoost model, and the Decision Tree model 

was generally high, while the MLP Classifier’s precision score was erratic, and the Gaussian Naive 

Bayes model was generally inaccurate. The models using the Random Forest Feature Set had an 

average precision score of 0.9358, and the models using the Decision Tree Feature Set had an average 

precision score of 0.8950, while the models using the AdaBoost Feature Set had an average precision 

score of 0.8077. The classifier that had the highest average precision score was the Random Forest 

Classifier, which was 0.9991. But, the classifier-feature set combo that had the highest overall 

precision score was the Decision Tree Classifier using the Decision Tree Feature Set, which was 100% 

accurate. 

Table 3. Precision for each classifier for each feature selection 

 

The average recall of the models was higher than the average precision of the models. Parallel to the 

precision scores of these models, the Random Forest model, AdaBoost model, and the Decision Tree 

model all had high recall scores. Similarly, the MLP Classifier and the Gaussian Naive Bayes model 

had high recall scores only inconsistently. The feature set which had the highest average recall score 

was the Random Forest Feature Set as well, with an average recall of 0.9975. However, once again, 

the classifier-feature set combo with the highest recall score was the Decision Tree Classifier with 

the Decision Tree Feature Set, which had a 100% recall. 

 

Table 4. Recall for each classifier for each feature selection 
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In terms of time used to fit each classifier for each feature selection, the Gaussian Naive Bayes Model 

was consistently the fastest model, with the Decision Tree Classifier as a close second. The MLP 

Classifier was consistently, by far, the slowest model, taking at least 18 minutes to fit each feature 

set, while the second slowest classifier took less than 2 minutes, on average, for their fittings. On 

average, the feature set which took the least amount of time to fit was the Decision Tree Classifier 

Feature Set. The slowest feature set was the Baseline feature set, which took, on average, a longer 

time than the other feature sets, especially in the case of the MLP Classifier. 

 

Table 5. Time used to fit each classifier for each feature selection 

 

We also performed cross validation, using the sklearn [5] library. Our cross validation was done with 

each model for each feature set, with five folds for each model. The averages of the accuracies for 

each feature set is in Table 6. The Random Forest model had the highest average accuracies over all 

of the feature sets, while the Decision Tree model was barely less accurate. The accuracies of the 

Gaussian Naive Bayes and MLP model were also much higher than expected- the average accuracy 

of the MLP Classifier was never below 0.997. 

 

Table 6. Average accuracy of cross validation for each model and feature set 

 

As shown in Table 7a, the validated precision and recall for Random Forest, AdaBoost, and Decision 

Tree were all extremely close to 1.0. However, the Decision Tree took, on average, much less time 

to fit the data than the Random Forest and AdaBoost Models, as shown in Table 7b.  On average, it 

took Decision Tree 3.73 seconds to fit the data, while Random Forest and AdaBoost both took at least 

50 seconds on average to fit. Furthermore, with the Decision Tree Feature Set, the Decision Tree 

Model got both a precision and recall score of 1.0 while fitting in 868 milliseconds, perfectly 

differentiating attacks and benign data. Thus, the Decision Tree Model with the Decision Tree Feature 

Set was the best classifier-feature set combo. 

Overall, the best model was the Random Forest model. Despite taking many times longer to fit the 

data than the Decision Tree model, the Random Forest model is more robust [19], and slightly more 

accurate with these datasets. Since outliers happen in real life, it is better to have the Random Forest 

model, a model that can accurately classify, than the Decision Tree Model, a model that is prone to 

overfitting. 
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On the other hand, the Gaussian Naive Bayes Model and the Multiple-Layer Perceptron Model did 

not have precision and recall scores as good as the other three models. Despite taking the shortest 

amount of time, the Gaussian Naive Bayes Model was deemed the worst model. As mentioned before, 

the time metric was not as important as the precision and recall metrics when evaluating the models. 

Even though the MLPC took over 22 minutes on average to fit the data, its average recall was much 

better than that of the GNB Model and was on par with the other three classifiers. Thus, since the 

average precision and/or recall of the GNB Model was significantly less than those of the other four 

models, the GNB Model was the worst model. 

The Random Forest Feature set was the most accurate of the feature sets, as it was the only feature 

set to have all of its models get above 0.8 precision, receiving the highest average precision score. 

However, the Baseline Feature Set was the worst feature set. Using this feature set, the models all 

received a precision score below their average, three models got their lowest precision score, and the 

other two models received precision scores almost as low as their lowest. 

 

Table 7(a). Average Precision and Recall for each model over four feature sets 

 

Table 7(b). Average time, in seconds, used to fit each model over four feature sets 

 

6. Administrative 

Finding resources from the internet and recording the information, we spent 3 hours writing the 

literature reviews. The Exploratory Data Analysis took 10 hours, as we needed to learn seaborn, find 

the important features, make the box plots and violin graphs, and make the correlation matrices. If 
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we had more time, we would have done more cross-feature analysis. The Modeling took about 25 

hours. We first needed to get the data downloaded, and then we needed to identify which features 

were integers. Exploratory data analysis was done instead to find the feature sets. We also needed to 

run every model to make sure every model worked. Furthermore, we also did cross-validation for 

each model and feature set. The Final Report took about 10 hours. We reported and summarized all 

of our actions and findings, along with editing and citing sources.  

7. Lessons Learned 

We learned how to use the Pandas and Numpy packets from Python to do data pre-processing and 

import our program and dataset. We also learned exploratory data analysis, as we saw the relations 

between each feature. We also used exploratory data analysis for choosing features for each model to 

get the most accuracy as a result when predicting. We also used multiple “scikit-learn” packets to 

train, test and evaluate a classification model or algorithm. This included Naïve Bayes, Decision Tree, 

Random Forest, Adaboost, and the Multiple-Layer Perceptron classifier. The Supported Vector 

Machine was also experimented with before the beginning project. We also used a hyper-parameter 

tuning method to do parameter tuning on the SVM. Finally, we used the scikit-learn and matplotlib 

packets to evaluate the training time duration, accuracy, precision, and recall rates for each 

classification algorithm, and we used those results to generate plots for statistics and eventually 

evaluating which algorithm and dataset was best. We also learned how to do cross-validation to decide 

which model was the most accurate. 

8. Conclusion 

There are multiple ways of classifying DDoS attacks and benign data using machine learning, with 

some faster or more accurate than others. Furthermore, choosing important features can help with the 

accuracy of a model. Also, while using a dataset, it is necessary to have a large amount of data for 

each data type for the models to classify more accurately. Since the CICDDoS2019 dataset [6] had a 

large amount of up-to-date data, we used that dataset. 

During exploratory data analysis, it was found that attacks are generally more widespread in which 

ports they go to, and their flow duration is generally shorter than that of benign data. Benign forward 

packets are generally shorter than attack forward packets, while benign backward packets are 

generally longer than attack forward packets. Three of the feature selections used, the Random Forest 

Feature Set, the AdaBoost Feature Set, and the Decision Tree Feature set all included the 15 most 

important, non-empty features of the respective models. The final feature set was the baseline feature 

set that we tested against, which came from “Network Traffic Behavioral Analytics for Detection of 

DDoS Attacks” [7], a project which classified different types of attacks using 15 features. Ultimately, 

the Random Forest model, the AdaBoost model, and the Decision Tree model all had an average 

precision and recall score of about 1.0. However, due to the robustness of the Random Forest model, 

and its higher average accuracy, the Random Forest Model was the best model. The MLP model took 

the longest by far to fit the data, but its recall score was generally much better than that of the Gaussian 

Naive Bayes model. Thus, while the Gaussian Naive Bayes model took the shortest amount of time 

to fit the data, it was the worst model because it had the lowest average precision and recall score. 

Continuing this project in the future, we will focus on classifying each type of attack accurately. A 

future project would include stopping DDoS attacks before they affect the network. Another feature 

to a future project would be notifying the network admin whenever an attack is about to occur, thus 

allowing the network to become safer through this security.  
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