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Abstract—Congestion Control (CC) is essential to 
ensure efficient network performance, especially for 
real-time applications where the stability of latency 
and throughput is critical. Traditional CC methods 
have difficulty adapting to the rapid fluctuations in the 
network, which can lead to performance degradation 
in a dynamic environment. Self-Clocked Rate 
Adaptation for Multimedia (SCReAM) congestion 
control algorithm has been proposed for efficient 
multimedia transmission, but it can still hardly adapt 
to challenging unpredictable congestion patterns.  To 
address this issue, we propose a framework called 
LoSCM (Logistic Regression with SCReAM via 
Machine Learning). This machine learning-based 
congestion control mechanism integrates logistic 
regression with SCReAM to improve congestion 
prediction and response. LoSCM operates using a 
structured framework consisting of four major blocks. 
Extensive experimental evaluation demonstrates that 
LoSCM outperforms SCReAM in mitigating 
congestion and improving network adaptability. 
LoSCM can reduce congestion markers by 100%, 
Network Queue Delays (NQDs) by 17%, and Smoothed 
Round-Trip Times (sRTTs) by 2%. In addition, we also 
illustrate that the effectiveness of LoSCM in optimizing 
congestion control can reach a 44% reduction in NQD 
and an 11% improvement in sRTT. These results 
highlight that LoSCMs are efficient and robust 
mechanisms that can improve network performance in 
various real-time communication scenarios. 
 
Keywords—delay-sensitive applications, machine 
learning, network stability, LoSCM, logistic regression, 
latency reduction, Self-Clocked Rate Adaptation for 
Multimedia (SCReAM) 

I. INTRODUCTION 

The tremendous evolution of communications 
technologies has resulted in novel networking 

environments such as ultra-dense heterogeneous networks, 
millimeter wave (mmWave) networks, cognitive radio 
networks, and data center networks. Each network has 
distinct capabilities and requirements that can change 
dramatically due to varying situations. The growing 
functionality of the latest networks has also encouraged the 
deployment of additional new services and technologies, 
such as Augmented Reality (AR), online gaming, edge 
computing, and autonomous driving, all placing ever-
increasing demands on communications networks. In 
order to sustain network stability and ensure fair resource 
allocation, congestion control is a critical element of the 
Transport Layer Protocol (TCP). The requirements of 
modern network designs make it difficult for many 
congestion control algorithms [1]. 

Congestion control mechanisms are essential for 
preserving network efficiency, specifically in bandwidth-
constrained and latency-sensitive environments. These 
mechanisms are designed to prevent network resources 
from overload by managing the data rate transmitted over 
the network. Conventional congestion control techniques, 
such as TCP congestion control, depend on packet loss and 
delay to determine the transmission rate. TCP can be 
inefficient in modern network environments, especially 
those that support streaming multimedia or other real-time 
communications. In these situations, latency and delay-
sensitive applications, such as video streaming or gaming, 
are severely affected by congestion and experience 
substantial reductions in their Quality of Service (QoS) [4]. 

In recent years, Machine Learning (ML) has made 
considerable progress in various areas, including computer 
networks, speech recognition, computer vision, and 
navigation systems, where ML models can address 
complex problems by exploring collected data and 
learning from the surrounding environment, enabling 
networks to gain insights from data exchanges. Because 
ML has achieved remarkable success in networking, 
integrating ML technologies promises to improve end-to-
end congestion control significantly. Therefore, 
researchers and engineers have started exploring the 
possibilities of integrating ML into developing 5G 
network standards. The viability and potential of enhanced 
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computer networks and 5G protocols with ML capabilities 
have been shown in early research and discussions [1]. 

This paper proposes a LoSCM approach to minimize 
congestion control by integrating a machine learning 
model, logistic regression, into the SCReAM algorithm. 
This work aims to predict network congestion markers 
based on real-time network metrics such as round-trip time 
RTT and packet loss rateLost, explicitly targeting reducing 
congestion events marked by rateCe. RTT is the time a 
data packet travels from sender to receiver and back. 
Where rateCe is the rate of packets marked with 
congestion experienced CE bits (an indicator of congestion 
events in the network), while the rateLost is the percentage 
of packets lost during transmission. The LoSCM algorithm 
can more accurately predict possible congestion scenarios 
and dynamically adjust the transmission rate to mitigate 
latency and congestion markers while preserving the 
throughput at an appropriate level. LoSCM significantly 
reduces delays and rates, improving overall network 
stability and user experience, especially for latency-
sensitive applications.  The key contributions of this paper 
include integrating a logistic regression model with 
SCReAM to create LoSCM, enabling more dynamic and 
accurate congestion prediction and response.  To the best 
of our knowledge, this work presents the first approach 
that integrates SCReAM with a real-time machine learning 
approach.  

The remainder of the paper is organized as follows: In 
Section II, we review related work, providing an overview 
of traditional congestion control algorithms and recent 
developments in ML-based approaches. The methodology, 
Section III, presents the design of the logistic regression 
model and the modifications made to the SCReAM 
algorithm for congestion prediction. Section IV discusses 
the results of our experiments in the logistic regression 
model and the LoSCM. Finally, Section V concludes the 
paper by summarizing the essential findings and outlining 
future research directions. 

II.  LITERATURE REVIEW 

Classical congestion control techniques frequently have 
difficulty adapting efficiently to modern networks and 
their complex and changing conditions. Therefore, 
applying Machine Learning (ML) to congestion control 
algorithms has attracted considerable attention. Legacy 
approaches depend on predetermined reactions to the 
network conditions, such as throughput, delay, and packet 
loss, that may not be optimal in the face of changing 
network-changing conditions. ML provides a workable 
approach by offering an intelligent, data-driven solution 
that enables congestion control to adapt its parameters 
dynamically in response to real-time information, thereby 
enhancing network efficiency. Several research studies 
have addressed different ML approaches, including 
supervised, unsupervised, and reinforcement learning for 
congestion signal prediction, transmission rate 
optimization, and more intelligent congestion window 
adjustment. We aim to focus on supervised learning 
techniques, as our model is designed to operate 
concurrently with the SCReAM algorithm, ensuring 

seamless integration and adaptive performance. Here, we 
provide an overview of ML-based approaches for 
improving congestion control’s performance, reliability, 
and responsiveness in different network environments. 

Kong et al. [8] presented two learning-based TCP 
congestion control techniques to overcome the 
shortcomings of classical approaches, particularly in 
under-buffered networks. Loss Predictor TCP (LP-TCP) is 
the first approach that utilizes supervised learning with a 
loss predictor to mitigate packet loss and optimize the 
trade-off between throughput and latency. Reinforcement 
Learning (RL)- based TCP CC (RL-TCP) is the second 
approach that employs reinforcement learning to adapt to 
the varying network constraints and performs better than 
classical methods such as NewReno in throughput and 
latency. While fairness between several connections 
continues to be an essential area for enhancement, this 
study contributes to congestion control studies by 
highlighting the promise of machine learning to enhance 
TCP performance in different networks. 

A fully distributed online-based learning congestion 
control algorithm, PCC Vivace, is presented in Ref. [6]. 
The suggested algorithm is an emulation learning-based 
congestion control algorithm based on the efficient 
optimization capability of machine learning; the learning 
system constantly explores the behavior and computes the 
state behavior-related utility of the following time slot. The 
utility function relies primarily on some feedback, such as 
RTT and end-to-end loss rate, which determines if the 
affected action is expert behavior or not. The utility shows 
the state of the network and is gathered on the transmitter 
end. 

Jayaraj et al. [9] developed a classification method 
based on machine learning via Expectation Maximization 
(EM) to identify contention and congestion-driven losses 
in Optical Burst Switching (OBS) networks. This approach 
enables TCP to appropriately react to network congestion 
by detecting the exact source of packet loss, thus 
eliminating needless rate degradation caused by 
incorrectly interpreted losses. The work in this paper laid 
the foundation for further advances in ML-based 
congestion control, showing that ML can improve 
throughput and decrease delay by allowing for more 
accurate congestion management in TCP. This classifying 
scheme surpassed traditional rule-based techniques and 
has considerable implications for how TCP deals with 
complicated, bursty environments such as optical 
networks, essential for maintaining high levels of 
throughput without sacrificing stability. 

Mirza et al. [10] employed a machine learning 
technique, particularly Support Vector Regression (SVR), 
to predict TCP transmission rate in dynamic network 
scenarios. Using SVR, congestion control algorithms can 
actively regulate transmission rates by estimating 
throughput based on previous network data, thus 
minimizing packet loss and enhancing network robustness. 
The proposed model showed that predictions based on ML 
can surpass standard-based congestion estimation 
formulas that frequently fail when conditions are highly 
fluctuating. The work presented a basis for applying 
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supervised learning techniques to congestion control, 
demonstrating how prediction models can substantially 
improve the ability of TCP to adapt in high throughput, 
dynamic network environments. The research also 
highlighted the promise of ML techniques in closing the 
gap between theory-based throughput estimates and actual 
real-time network demands. 

Although previous studies focused on optimizing 
SCReAM in 5G environments, they still lack the predictive 
capabilities to reduce the network congestion [20]. 
Jagmagji et al. [25] introduced a rigorous method to 
develop machine learning models, which were used with 
the help of the SCReAM congestion control algorithm to 
predict network metrics. The suggested system may be 
utilized to substitute the implementation of SCReAM 
without the need for a SCReAM environment, thereby 
decreasing the consumption of resources and reducing the 
necessity of performing experiments in the real network.  

The logistic regression model has been used to predict 
congestion in urban transport systems because of its ability 
to deal effectively with binary classification problems, as 
presented in Ref. [11]. The simplification and 
interpretation capabilities of logistic regression provide a 
good fit for applications that require fast and 
comprehensible outputs, particularly in real-time 
congestion monitoring and prediction environments. The 
results show that while logistic regression cannot achieve 
the high levels of precision of more complex models, it 
provides a trade-off between efficiency and computing 
power. This balance enables it to effectively deploy in 
limited computing environments or where fast judgment is 
essential for congestion handling. Our work used a logistic 
regression model with SCReAM to predict and respond to 
network congestion. 

The existing approaches need to sufficiently focus on 
using ML to assist SCReAM in predicting congestion and 
adjusting rates in real time. Furthermore, there has yet to 
be any previous research or work on implementing ML 
with SCReAM, which indicates this approach’s novelty. 
Therefore, addressing the limitations of SCReAM in 
dealing with changing network conditions is the main 
reason for integrating Machine Learning (ML) into 
SCReAM. Through ML, such as logistic regression, 
SCReAM can be more intelligent and effectively use real-
time data. They can reduce latency, eliminate bottlenecks, 
and improve performance under challenging networks. 

III. METHODOLOGY 

Our methodology focuses on developing a logistic 
regression model to predict network congestion and 

embeds the trained model output into the SCReAM 
algorithm, producing LoSCM. The goal was to improve 
the performance of SCReAM in detecting congestion 
efficiently to mitigate both congestion-marked packets and 
delays in the network. The methodology employed in this 
study is demonstrated in Fig. 1. It comprises several key 
components, starting from the dataset collection from 
SCReAM, data preparation and logistic regression 
model’s training (Algorithm 1), initializing model 
parameters (Algorithm 2), predicting congestion 
(Algorithm 3), and adjusting the transmission rate based 
on prediction (Algorithm 4).  

Fig. 1 shows the proposed integration of SCReAM and 
LoSCM, using SCReAM as the basic congestion control 
scheme and LoSCM to add prediction features. SCReAM 
includes transmitter and receiver components that deal 
with congestion using hybrid loss-based and delay-based 
techniques, adjusting transfer rates using metrics such as 
CWND (Congestion Window), RTT, and bytes in flight. 
LoSCM supplements SCReAM by capturing these metrics, 
performing logistic regression model training, and 
providing proactive congestion prediction. This prediction 
enables SCReAM to dynamically optimize transmission 
rates, which helps minimize latency and packet loss. The 
combination establishes a feedback cycle in which 
SCReAM feeds data into LoSCM’s model, and LoSCM’s 
predictions enhance SCReAM’s overall efficiency. Both 
combined systems can enhance congestion control 
performance, manageability, and flexibility for real-time 
environments. These parts are interpreted later by 
Algorithms (1−4), then will be explained in Section III. 

A. The SCReAM Algorithm 

This section provides an in-depth look at the SCReAM 
algorithm, covering its origins, primary elements, 
architecture, and practical deployment techniques and 
emphasizing its applicability to multiple real-time 
applications besides its original WebRTC focus. SCReAM 
was first proposed in 2014 and then standardized in 2017 
[18]. It blends loss-based and delay-based techniques into 
one hybrid model to handle network congestion in LTE 
networks. Packet conservation can control congestion by 
dynamically adapting network parameters, such as 
transmission rate and queuing time. SCReAM minimizes 
short-term latency variations with a practical congestion 
window calculation algorithm. Including self-clocking 
also helps achieve shorter time scale operations, increasing 
its overall utility. 
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Fig. 1. Proposed methodology workflow. 

Although the design of SCReAM was initially targeted 
for use in WebRTC, it is possible to utilize it for a wide 
range of applications involving RTP streams. The 
underlying rate adaptation concept and other mechanisms, 
developed from TCP-friendly window-based and 
LEDBAT protocols [22], are based on the SCReAM 
algorithm. Another fundamental concept in network 
congestion is packet conservation, which SCReAM 
adopted [23]. 

SCReAM’s core components, shown in Fig. 2, 
including network congestion, media rate, and sender 
transmission control. The sender has additional 
components, such as a UDP socket and RTP packet queue. 
An RTP payload decapsulator, an optional dejitter buffer, 
and a video decoder are typically present at the receiver 
side. Given that SCReAM’s primary congestion 
management algorithm operates on the transmitting end.  
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Fig. 2. SCReAM architecture [25]. 

Due to an embedded self-clocking concept, SCReAM is 
often more applicable than rate-based algorithms. This 
feature enables the algorithm to operate within short, 
precise time intervals, typically the length of a single RTT. 
SCReAM implementation can follow two paths: a test 
application with software like Visual Studio on Windows 
or a Linux-based BW test application. The first approach 
includes a single, built-in transmitter and receiver in C++ 
and auxiliary classes such as NetQueue, Video Encoder, 
and RTPQueue. Coordinator code, scream_v_a, integrates 
these components into a unified framework. The first 
method supports experimental methodology, while the 
second offers a preliminary testing approach for SCReAM. 

B. Logistic Regression Model 

This section presents a detailed review of logistic 
regression, its variants, mathematical basis, and practical 
applications. This helps to emphasize logistic regression’s 
suitability for modeling binary and multinomial responses 
and shows its advantages over linear regression techniques. 
A type of numerous important regression technique used 
to investigate the relation of a binary output to several 
categorical outputs is known as logistic regression.  The 
other logistic regression methods are conditional logistic 
regression, polytomous logistic regression, ordinal logistic 
regression, and adjacency categorical logistic regression 
[12]. Regression analysis is a particular case in which the 
prediction variable is divided into two or more groups. In 
this case, the conventional regression method cannot 
describe the relationship between the independent and 
response variable [13].  

The more frequent version of this type of analysis, in 
which the response variable has only two values, is the 
binary logistic regression model, or it is called the logit 
model [14]. Nevertheless, the technique can be expanded 
with three or more classes of dependent variables, such as 
polytomous or multinomial [15]. Applying logistic 
regression is like any other regression model. It can be 
classified into two main types based on the research 
objective: to identify the association between the 
dependent and independent variables or to build a 
predictive tool that can be used for prediction. A benefit of 
using logistic regression rather than linear regression is 
that with linear regression, the parameters are 
approximated by the ordinary least squares method, which 
contains several requirements that must be met. Following 
these requirements is essential to avoid incorrect 
inferences about the estimated coefficients [16]. 

The specific form of a binary logistic regression 
model generally used is shown in Eq. (1): 
 

𝑃(𝑌 = 1)       =      
௘ഁబశഁభ೉భశഁమ೉మశ⋯శഁ೛೉೛

ଵା௘ഁబశഁభ೉భశഁమ೉మశ⋯శഁ೛೉೛      (1) 

        =      
ଵ

ଵା௘ష(ഁబశഁభ೉భశഁమ೉మశ⋯శഁ೛೉೛)  

 
Y is called the dependent variable, while X1, X2, ...., and 
Xp are called the independent variables. The dependent 
variable Y, the target “congestion event” in our logistic 
regression model, accepts either 0 or 1; 1 represents the 
presence of a particular event, and 0 represents the lack of 
it. Thus, P [Y = 1] denotes the possibility of the occurrence 
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of this event, and P [Y = 0] denotes the possibility of the 
absence of this event. Since the overall probability is equal 
to one all the time,  

𝑃[𝑌 = 0]  =  1 −  𝑃[𝑌 = 1] . here, 𝛽0  represents the 
intercept and the remaining 𝛽´𝑠 represent the regression 
coefficients. The logistic regression model in LoSCM uses 
this equation to compute probabilities during training and 
prediction. 

The definition for the logit transformation of 𝑃[𝑌 = 1] 
is shown in Eq. (2): 

 

𝑙𝑜𝑔𝑖𝑡 (𝑌)   =   ln ቀ
௉(௒ୀଵ)

௉(௒ୀ଴)
ቁ    (2) 

=    β0 + β1X1 + β2X2 + ⋯ + βpXp 
 

The logit of  (𝑌) can be transformed back to the odds by 
performing an exponential on the outcomes in Eq. (2).  

The odd of 𝑌 = 1  is defined as the ratio of the 
likelihood that  𝑌 = 1 happens to the likelihood that  𝑌 =
1 does not happen, as shown in Eq. (3). 

 
𝑂𝑑𝑑𝑠[𝑌 = 1]  =   𝑒୪୬[୭ୢୢୱ(ଢ଼ୀଵ)]   (3) 
         =   𝑒ஒ଴ାஒଵ ⋯ାஒ୮ଡ଼୮ 

 
Additionally, these odds can be utilized to compute the 

probabilities according to Eq. (2). Fig. 3 shows a general 
illustration of the distinction between a simple linear 
regression line and a logistic regression curve. The role of 
Eq. (2) in the logistic regression model is producing a 
linear equation from a nonlinear relation between 𝑃[𝑌 =
1] and the independent variables [𝑋] describing the impact 
they can have on the dependent variable. 
 

 
Fig. 3. Linear regression vs logistic regression [13]. 

C. Training a Logistic Regression Model for Congestion 
Prediction 

This section describes the mechanism for preparing and 
training the logistic regression model, which is intended to 
improve the SCReAM algorithm’s performance in 
predicting congestion more quickly by integrating logistic 
regression as a predictive model. Algorithm 1 
demonstrates the functions carried out by this section, 
including the data preprocessing, training, and evaluation 
processes that will be used later in LoSCM. Algorithm 1 
outlines the steps for preparing the dataset, training the 
logistic regression model, and evaluating its performance. 
It involves data collection, feature engineering, train-test 

split, model training, and performance validation using 
metrics like accuracy, precision, recall, and the ROC curve. 
Optimizations for delay, packet loss, and congestion 
indications of network metrics are expected to benefit from 
the changes. The following subsections present and 
discuss each part of this section in more detail.  

1) Data collecting, loading, and initial exploration 

First, we prepared the dataset used for the logistic 
regression model training by running 3600 experiments, 
each with a different parameter set of input parameters, 
including the initial RTT, initial Network Queue Rate 
(NQR), start bitrate, minimum bitrate, and maximum 
bitrate.  

SCReAM uses the initial RTT as the basis for the round-
trip time in the network, which is helpful for the simulation 
of network behavior because it gives a baseline assumption 
for the time required for packets to travel through the 
network. The NQR is the bandwidth rate (bit per second) 
assigned to the queue, defining how quickly data may 
leave the queue. Setting NQR also prevents the queue from 
becoming a bottleneck by emulating realistic network 
behavior and enabling it to modify according to various 
network conditions. MinBitrate is a minimum bitrate 
allowed for a stream to ensure a base bitrate. MinBitrate 
also helps ensure that some data gets through even under 
heavy congestion and helps maintain a minimum Quality 
of Service (QoS) for the stream. The startBitrate is the 
starting point for the SCReAM adaptation mechanism and 
specifies the initial bitrate for the stream. Before the 
adaptive algorithm stabilizes, it sets a reasonable starting 
value that strikes a balance between throughput and 
latency. The maxBitrate specifies the maximum 
acceptable bitrate for the stream and serves as a cap to 
ensure that the stream does not overwhelm the network 
connection or receiver capacity. Furthermore, it preserves 
the stabilization and the fair bandwidth distribution 
between the streams. 

We utilized the hyper-algorithm proposed in Ref. [24] 
to create the logistic regression model training dataset. We 
have used and modified five input parameters in each 
experiment in the ranges shown in Table I. Each 
experiment produces 2000 SCReAM output samples, 
capturing several network metrics, including Network 
Queue Delay (NQD), sRtt, congestion window CWND, 
network throughput, packet loss rates rateLost, and 
congestion markers rateCe. NQD is the estimated queue 
delay of the entire network calculated by SCReAM. In 
contrast, sRtt predicts future round-trip times by sampling 
packet behavior over a connection and averaging the 
results. 

After running each experiment, we calculated the 
average of the 2,000 network metrics samples, producing 
one set of network metrics. Then, we collected the 
resulting outputs in a dataset file with 3600 
rows/experiments (representing 7,200,000 network 
samples), where each row represents one experiment’s 
averaged network metrics extracted from the SCReAM 
algorithm under a specific scenario. 
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TABLE I. SELECTION OF PARAMETERS’ PAIR VALUES 

Parameter Pair Value 

RTT [0.004−0.025 s] 

NQR [100 Mbps] 

startBitrate [1−10 Mbps]  

minBitrate [1−10 Mbps] 

maxBitrate [10−20 Mbps] 

 
We then used pandas, a standard Python library for 

processing patterned data, to load the dataset. This 
preliminary examination can help to decide whether 
preprocessing, including normalization and handling of 
missing values, is necessary. 

2) Missing data detection and handling 

Any missing data will prevent the model from making 
incorrect predictions with false results. The code, therefore, 
examines each row in the data set for potential missing 
values. When present, the number of times it occurs will 
be counted, and the distribution of missing values across 
the columns will be displayed. We have checked our 
dataset through this method, and no missing data was 
found. If there are any, the missing values can be removed, 
or there is another way to replace the missing data with the 
column averages so that the sample size is preserved 
without compromising the validity of the data too much. 
We have to be careful to choose the right way that does not 
affect our dataset and to mention if there is any missing 
data. By replacing the missing data with the column 
average, the mean-variance substitution flattens the data 
and guarantees statistical equality of the data. This method 
can be suitable when some values are missing in a few or 
evenly distributed ways, allowing the dataset to be 
prepared for appropriate model learning. 
 

Algorithm 1. Data Preprocessing, Model Training, and 
Evaluation 
Input: CSV file scream_output_2.csv 
Output: Evaluation Metrics (Accuracy, Confusion Matrix, 
Precision, Recall, F1-Score), ROC Curve, Histograms 

1. Import required libraries. 
2. 𝑑𝑎𝑡𝑎 =  𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑓𝑟𝑜𝑚 𝐶𝑆𝑉 
3. Calculate missing_data and total_missing values. 
4. if total_missing > 0 then 
5. Display missing values with their percentage and 

fill missing values with column means 
6. else 
7. Display “No missing values” 
8. end if 
9. 𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =  0.01 ×  𝑚𝑎𝑥(𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡) 
10. 𝑟𝑎𝑡𝑒𝐶𝑒_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =  0.01 ×  𝑚𝑎𝑥(𝑟𝑎𝑡𝑒𝐶𝑒) 
11. 𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 =

൜
1, 𝑖𝑓 𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡 >  𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

 

12. Define 𝑋 =  [𝑟𝑡𝑡, 𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟]  as 
features 

13. Define 𝑌 =  𝑟𝑎𝑡𝑒𝐶𝑒_𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 as target 
14. 𝑠𝑐𝑎𝑙𝑒𝑟 =  𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑆𝑐𝑎𝑙𝑒𝑟() 
15. 𝑋_𝑠𝑐𝑎𝑙𝑒𝑑 =  𝑠𝑐𝑎𝑙𝑒𝑟. 𝑓𝑖𝑡_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑋) 
16. Split 80% of dataset as train set, 20% as test set. 
17. 𝑚𝑜𝑑𝑒𝑙 =  𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛() 

18. 𝑚𝑜𝑑𝑒𝑙. 𝑓𝑖𝑡(𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑟𝑎𝑖𝑛) 
19. 𝑦_𝑝𝑟𝑒𝑑 =  𝑚𝑜𝑑𝑒𝑙. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋_𝑡𝑒𝑠𝑡) 
20. 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑒𝑑) 
21. 𝑐𝑚 =  𝑐𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛_𝑚𝑎𝑡𝑟𝑖𝑥(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑒𝑑) 
22. 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑒𝑑) 
23. 𝑟𝑒𝑐𝑎𝑙𝑙 =  𝑟𝑒𝑐𝑎𝑙𝑙_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑒𝑑) 
24. 𝑓1 =  𝑓1_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑒𝑑) 
25. 𝑦_𝑝𝑟𝑜𝑏 =  𝑚𝑜𝑑𝑒𝑙. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡_𝑝𝑟𝑜𝑏𝑎(𝑋_𝑡𝑒𝑠𝑡)[: , 1] 
26. 𝑓𝑝𝑟, 𝑡𝑝𝑟, _  =  𝑅𝑂𝐶_𝑐𝑢𝑟𝑣𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑦_𝑝𝑟𝑜𝑏) 
27. 𝐴𝑈𝐶_𝑠𝑐𝑜𝑟𝑒 =  𝐴𝑈𝐶(𝑓𝑝𝑟, 𝑡𝑝𝑟) 
28. Plot ROC curve visualization (fpr vs tpr). 
29. 𝑡𝑢𝑛𝑒𝑑_𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 =  {𝐶: [0.1, 1, 10, 100]} 
30. 𝑐𝑙𝑓 =

 𝐺𝑟𝑖𝑑𝑆𝑒𝑎𝑟𝑐ℎ𝐶𝑉(𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛(), 𝑡𝑢𝑛𝑒𝑑_𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠
5, 𝑠𝑐𝑜𝑟𝑖𝑛𝑔 = ′𝑓1′) 

31. 𝑐𝑙𝑓. 𝑓𝑖𝑡(𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑟𝑎𝑖𝑛) 
32. Output best parameters and corresponding 

performance metrics 
33. Calculate scaler mean, scale, model coefficients, 

and intercept. 
34. Save scaler mean, scale, model coefficients, and 

intercept as .npy files 
35. 𝑦_𝑝𝑟𝑜𝑏_𝑓𝑢𝑙𝑙 =  𝑚𝑜𝑑𝑒𝑙. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡_𝑝𝑟𝑜𝑏𝑎(𝑋_𝑡𝑒𝑠𝑡) 
36. 𝑛𝑜𝑛_𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛_𝑝𝑟𝑜𝑏 =

 𝑦_𝑝𝑟𝑜𝑏_𝑓𝑢𝑙𝑙[𝑦_𝑡𝑒𝑠𝑡 ==  0] [: , 0] 
37. 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛_𝑝𝑟𝑜𝑏 =  𝑦_𝑝𝑟𝑜𝑏_𝑓𝑢𝑙𝑙[𝑦_𝑡𝑒𝑠𝑡 ==

 1][: , 1] 
38. Plot 10 bins histograms for non-congestion 

prediction probability (rateCe_indicator = 0) 
39. Plot 10 bins histograms for congestion prediction 

probability (rateCe_indicator = 1) 
40. End of Algorithm 

 

3) Feature engineering and threshold definition 

The model’s features chosen for the training between 
the SCReAM network metrics are RTT and packet loss 
rate (rateLost), where the prediction target is the 
congestion markers (rateCe). We provide thresholds that 
generate binary indicators from rateLost and rateCe to 
facilitate the prediction of the congestion status. We 
specify the threshold value as 1% of the maximum values 
in rateLost and rateCe to increase LoSCM sensitivity, and 
we can adjust this value to meet our needs. These metrics 
identify when a rate’s value crosses a threshold, converting 
it into binary data for better interpretation using a logistic 
regression model. Binary indicators help calibrate the 
models to concentrate only on significant congestion 
markers, enhancing the prediction ability and keeping the 
model simple. The algorithm can interpret complex 
designs in the congestion traffic data by using threshold-
based indicators, avoiding overfitting noise or unimportant 
variations in network metrics. 

4) Feature selection and scaling 

We choose RTT and rateLost indicators as primary 
features, as they are the main predictions of congestion, 
whereas the target indicator rate is the outcome we want to 
predict. Initially, the features are scaled to a standardized 
normal distribution where the mean is 0, and the standard 
deviation is 1. The scaling is performed using a standard 
scaler. Logistic regression is responsive to the data range, 
so scaling is an essential stage in the training process, as it 
allows for a more stable training process with scaling 
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features that are unbiased by wide-ranging values of any 
of the features and provides for more rapid confluence. 

5) Train test split 

To assess the model precisely, we split the data into a 
training set of 80% and a test set of 20% so that the model 
can learn from the more significant part of the data while 
being assessed on samples it has never seen. This split 
allows controlling the model’s generalization to ensure 
that it is not simply memorizing training data patterns but 
learning to make predictions about novel data. 

6) Model training and evaluation 

The first step was to instantiate a logistic regression 
model from sklearn. The training dataset was used to train 
the model, enabling it to learn features from network 
congestion markers by establishing a relationship between 
RTT, packet loss, and congestion markers. During training, 
the model computed coefficients and an intercept that best 
separated the classes (congestion vs. no congestion) based 
on the features. The fit function trained the model using 
the training data (Xtrain, Ytrain). The optimization of the 
weights (β) and the intercept (β0) were employed to 
minimize the logistic loss function. The default parameters 
used for the logistic regression model including L2 
regularization, Tolerance for stopping criteria, C = 1.0 for 
inverse regularization strength, intercept scaling of 1, 
Limited-memory Broyden–Fletcher–Goldfarb–Shanno 
(lbfgs) optimization solver, a maximum of 100 iterations, 
and inclusion of an intercept term. Additional exposure 
allowed the model to predict on test data in an efficient 
way. The accuracy, precision, recall, F1−Score, and 
confusion matrix are computed to represent the model’s 
performance in identifying congestion events (markers) 
instead of non-events. These multi-faceted measures give 
a more comprehensive sense of model performance: 
overall accuracy indicates correctness, precision reflects 
the certainty of positive predictions, recall represents 
sensitivity, and F1−Score shows the harmonic average of 
precision and recall. For additional understanding of 
prediction errors, the confusion matrix allows 
visualization of true positives TP, false positives FP, true 
negatives TN, and false negatives FN. 

7) ROC curve and AUC for model evaluation and 
validation 

The Receiver Operating Characteristic (ROC) and the 
area under the ROC curve (AUC) scores indicate model 
capability by evaluating the processing of false positives 
vs. true positives. ROC is a way to visually represent a 
classification’s performance to choose an appropriate 
operating point or threshold. At the same time, AUC is a 
measurement of the performance of a classifier. Note that 
ROC and AUC can be used as metrics to assess the 
machine learning algorithms [26]. We can illustrate the 
trade-off of true positive rate versus false positive rate by 
displaying the ROC curve and computing the AUC. A 
robust model performance is represented by a high value 
of the AUC (close to 1). This technique is beneficial when 
false positives and negatives affect overall system 
performance. A confusion matrix was used as a validation 

process for the logistic regression model to identify true 
positives, true negatives, false positives, and false 
negatives. In addition, we computed the ROC curve and 
AUC to evaluate the trade-off between true positive and 
false positive rates, where higher AUC indicates an 
excellent model performance. 

8) Hyperparameter tuning with grid search 

The GridSearchCV method was used to optimize the 
regularization parameter C of the logistic regression model. 
The C parameter balances underfitting and overfitting, 
where smaller values of C impose tighter regularization, 
while larger values allow more flexibility. Different C 
values were explored for regularization purposes. The best 
value of C was determined to be 0.1, which provided the 
optimal balance and resulted in the highest accuracy, 
precision, recall, and F1−Score. This stage is critical to 
obtaining optimum performance from the model, 
improving the ability of the model to perform 
generalization efficiently, and increasing the model’s 
confidence in real-world implementations 

9) Model and scaler export for SCReAM Integration 

Once the model is optimized, the scaler parameters 
(mean and scale), intercept, and coefficients are stored 
as .npy files for embedding into SCReAM’s C++ sender 
code. The coefficients are the weights or importance of 
each feature in predicting congestion. The intercept is the 
bias term in the model, while the scaler mean-scale is 
utilized to normalize the input features before they are fed 
to the model. This ensures the features have the same scale 
to enhance the model’s prediction performance. The stored 
files provide consistency of model use across different 
environments. 

10) Probability distribution analysis for congestion 
prediction 

A histogram of prediction probabilities demonstrating 
the spread of congestion and non-congestion predictions 
across the test set is generated to assess model confidence. 
Generating this histogram helps to evaluate the level of 
separation of probabilities among classes, whereby a good 
separation means that the model can identify congestion 
events from non-events, which is a fundamental property 
for real-time congestion control. 

D.  Integrating Logistic Regression for Adaptive 
Congestion Control in SCReAM 

LoSCM consists of the following Algorithms 2−4 that 
will be integrated with SCReAM. Algorithm 2 enables 
dynamic network congestion management; Algorithm 3 
helps SCReAM predict and respond to network conditions 
to optimize latency, while Algorithm 4 adjusts the 
transmission rate based on congestion prediction. Each 
algorithm in this section is presented and discussed in 
detail in the following subsections. 

1) Loading the model parameters 

The Initialization model function in Algorithm 2 will 
read the pre-trained model parameters required for proper 
congestion prediction. By reading pre-trained model data, 
this algorithm initializes the logistic regression model 
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parameters, including scaler mean, scaler scale, 
coefficients, and intercepts. It ensures robustness by 
validating file existence and parameter sizes, providing an 
essential setup for accurate congestion prediction. The 
broad explanations are organized into the following points. 
 Parameter Initialization: This function initializes all 

the scaler_mean, scaler_scale, model\_coefficients, 
and the model_intercept. 

 Reading from Files: Model parameters stored in .npy 
files will be loaded into their corresponding vectors. 
The function checks for the existence of each file or 
generates an error message if a file is missing, 
increasing robustness. 

 Model Size Verification: After loading, the function 
also checks vector sizes. By ensuring that only 
correctly loaded parameters are used, this step 
prevents errors in model predictions. 

 Feedback Message: Upon completion of the loading 
process, the user receives a feedback message. 

These parameters are essential in providing SCReAM 
with scaled inputs and accurate congestion predictions, 
allowing LoSCM to adjust the network rate dynamically. 
 

Algorithm 2. Initialize Model Parameters for LoSCM 
Input: Model parameters (scaler_mean.npy, 
scaler_scale.npy, model_coefficients.npy, 
model_intercept.npy) 
Output: Loaded model parameters (scaler_mean, 
scaler_scale, model_coefficients, model_intercept) 

1. Initialize vectors scaler_mean, scaler_scale, and 
model_coefficients 

2. Open scaler_mean.npy, scaler_scale.npy, 
model_coefficients.npy, and model_intercept.npy 
(all in binary mode) 

3. if any file fails to open then 
4. Print “Error opening model parameter files!” 
5. return 
6. end if 
7. Read data into vectors: scaler_mean, scaler_scale, 

model_coefficients, and model_intercept 
8. if vector sizes are not as expected (size of 2) then 
9. Print “Error: Model vectors are not the expected 

size!” 
10. else 
11. Print “Model parameters loaded successfully.” 
12. end if 
13. End of Algorithm 

 

2) Predicting network congestion 

Algorithm 3 predicts the probability of network 
congestion using real-time inputs (RTT and packet loss 
rate). It scales input features, applies a logistic function, 
and checks the probability against a predefined threshold 
to indicate whether congestion is likely. This algorithm 
utilizes predictCongestion function to receive estimations 
from the logistic regression model parameters for 
predicting the probability of network congestion. The rest 
of the explanation is divided into the following points. 
 Feature Normalization: Using scaler parameters 

helps to normalize current_rtt and current_loss inside 
SCReAM. Current_loss is the packet loss rate in the 

network, and it is derived by monitoring lost packets 
over a given time window. On the other hand, 
current_rtt represents the most recent RTT 
measurement. This scaling optimizes LoSCM 
predictive accuracy by keeping the two functions in 
a comparable range. 

 Value Clamping: The values rtt_norm and 
packet_loss_norm are the normalized values of the 
RTT and the packet loss, respectively, and they are 
clamped between −3.0 and 3.0 to prevent outliers 
from affecting predictions, thereby enhancing the 
stability of congestion predictions. 

 Calculating Linear Combination: A logistic function 
is calculated by multiplying the standardized values 
by the model coefficients and combining them with 
the intercept. This linear combination supplies the 
input to calculate the probability of congestion. 

 Threshold Check: The model returns a probability 
score representing the probability of congestion. If 
this value is above a certain threshold (we have set it 
to 0.85), the function yields true, showing the 
predicted congestion. 

This prediction method enables proactive congestion 
control, allowing the LoSCM to predict congestion 
markers and adjust in real time prior to congestion 
affecting network performance. 
 

Algorithm 3. Predict Network Congestion for LoSCM 
Input: Current RTT (current_rtt), Current Packet Loss 
(current_loss) 
Output: Congestion Prediction (true if congestion is 
predicted, false otherwise) 

1. if size of (scaler_mean, scaler_scale, and 
model_coefficients) ≥ 2 then 

2. 𝑟𝑡𝑡_𝑛𝑜𝑟𝑚 =
(௖௨௥௥௘௡௧_௥௧௧ ି ௦௖௔௟௘௥_௠௘௔௡[଴])

 ௦௖௔௟௘௥_௦௖௔௟௘[଴]
 

3. 𝑝𝑘𝑡_𝑙𝑜𝑠𝑠_𝑛𝑜𝑟𝑚 =
(௖௨௥௥௘௡௧_௟௢௦௦ ି ௦௖௔௟௘௥_௠௘௔௡[ଵ])

௦௖௔௟௘௥_௦௖௔௟௘[ଵ]
 

4. Limit rtt_norm to range [−3.0, 3.0] 
5. Limit packet_loss_norm to range [-3.0, 3.0] 
6. 𝑙𝑖𝑛𝑒𝑎𝑟_𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛 = 0.5 ∗

𝑚𝑜𝑑𝑒𝑙_𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠[0] ∗ 𝑟𝑡𝑡_𝑛𝑜𝑟𝑚 +
𝑚𝑜𝑑𝑒𝑙_𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠[1] ∗ 𝑝𝑎𝑐𝑘𝑒𝑡_𝑙𝑜𝑠𝑠_𝑛𝑜𝑟𝑚 +
𝑚𝑜𝑑𝑒𝑙_𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 

7. 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛_𝑝𝑟𝑜 =
ଵ

(ଵ ା ௘ష೗೔೙೐ೌೝ_೎೚೘್೔೙ೌ೟೔೚೙
 

8. if congestion_prob > 0.85 then 
9. return true  (Congestion predicted) 
10. else 
11. return false (No congestion predicted) 
12. end if 
13. else 
14. Print: “Error: Model vectors are not the expected 

size!” 
15. return false 
16. end if 
17. End of Algorithm 

 
 

3) Adjusting the transmission rate based on prediction 

Algorithm 4 dynamically adjusts the CWND based on 
predicted congestion. It reduces CWND to prevent 
congestion when detected and incrementally increases it in 
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congestion-free scenarios, maintaining a balance between 
throughput and delay. The adjustRateBasedOnPrediction 
function in Algorithm 4 automatically adjusts the CWND 
according to congestion predictions based on real-time 
network conditions. This function considers RTT, Packet 
Loss Rate rateLost, and ECN-based congestion markers 
rateCe to decide whether to raise or drop the CWND. The 
further explanation is organized into the following items. 
 Current Metric Retrieval: This function retrieves the 

SCReAM real values for sRtt, rateLost (Packet Loss 
Rate), and rateCe (ECN-based congestion markers), 
representing real-time indicators of network 
conditions. 

 Congestion Prediction: The function passes the 
current RTT and packet loss rate to 
predictCongestion. If it predicts congestion, it will 
decrease CWND to avoid exacerbating it. 

 CWND Adjustment: CWND is gradually 
incremented by the MSS level for a managed ramp-
up whenever no congestion is detected. The network 
is kept steady without being overloaded by this 
balancing of increase and decrease in CWND. 

 Cooldown Reset: The cooldown timer is reset to 
ensure that the changes match the network 
requirements to prevent unwanted CWND growth. 

This rate adaptation scheme provides a forward-looking 
method for managing network congestion and reducing 
RTT. It also helps in improving responsiveness to 
congestion markers in live-streaming environments. 

 
Algorithm 4. Adjust Transmission Rate Based on 
Congestion Prediction for LoSCM 
Input: time_ntp (current timestamp) 
Output: Adjusted Congestion Window (cwnd) 

1. 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑟𝑡𝑡 =  𝑠𝑅𝑡𝑡 
2. 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑙𝑜𝑠𝑠 =  𝑟𝑎𝑡𝑒𝐿𝑜𝑠𝑡 
3. 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑒𝑐𝑛 =  𝑟𝑎𝑡𝑒𝐶𝑒 
4. Predict congestion using predictCongestion with 

inputs current_rtt and current_loss. 
5. if congestion is predicted (congestion_predicted is 

true) then 
6. 𝑐𝑤𝑛𝑑 =  𝑚𝑎𝑥(𝑐𝑤𝑛𝑑𝑀𝑖𝑛, 𝑐𝑤𝑛𝑑 ×  0.99) 
7. 𝑙𝑎𝑠𝑡𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑𝑇_𝑛𝑡𝑝 =

 𝑡𝑖𝑚𝑒_𝑛𝑡𝑝              (Cooldown Reset) 
8. else 
9. 𝑐𝑤𝑛𝑑 =  𝑚𝑖𝑛(𝑐𝑤𝑛𝑑 +

 𝑚𝑠𝑠, 𝑚𝑎𝑥𝐵𝑦𝑡𝑒𝑠𝐼𝑛𝐹𝑙𝑖𝑔ℎ𝑡 ×
 𝑏𝑦𝑡𝑒𝑠𝐼𝑛𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑒𝑎𝑑𝑅𝑜𝑜𝑚) 

10. 𝑙𝑎𝑠𝑡𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑𝑇_𝑛𝑡𝑝 =  0 
11. if no recent loss, ECN, or virtual congestion 

markers then 
12. return 
13. end if 
14. end if 
15. End of Algorithm 

IV. RESULTS AND DISCUSSION 

In this study, we developed a LoSCM, an advanced 
adaptive congestion control mechanism, by implementing 
a logistic regression into the SCReAM algorithm to predict 
and react to congestion, which lead to reduced network 

latency and congestion markers. The results and discussion 
section will be divided into the logistic regression model 
training output and the LoSCM output. The logistic 
regression model training section will present the results 
of the logistic regression model , Algorithm 1, while the 
LoSCM results will be presented in the second section, 
which are related to Algorithms 2−4.  

A. The logistic regression model 

The first stage in the development process was to collect 
the data used in the logistic regression model training 
algorithm. Recall that the input parameters shown in Table 
II are used to generate the logistic regression model 
training dataset. The training dataset for the logistic 
regression model was created using 3600 experiments, 
with each experiment generating 2000 samples of network 
metrics such as RTT, NQD, packet loss rate, and 
congestion markers (rateCe). These samples were 
averaged to create a dataset of 3600 rows, each 
representing the network’s behavior under specific 
conditions. The data preprocessing was then applied by 
loading the dataset using Python libraries, handling 
missing data by replacing it with column averages, if 
necessary (no missing data was found), and scaling the 
feature engineering (RTT and rateLost) into a standardized 
normal distribution. The model training was done by 
splitting the dataset into an 80% training set and a 20% test 
set. Then, the logistic regression model will be trained 
using features such as RTT and packet loss rate to predict 
congestion markers (rateCe). Finally, evaluating model 
performance was performed using metrics like accuracy 
(95%), precision (92%), recall (99%), and F1−Score 
(95%).After the training, the logistic regression algorithm 
produced four parameters with their shapes, including 
scaler mean, scaler scale, intercept, and coefficients. 

In Table II the scaler mean for the RTT is 15.71, which 
represents the average value of the RTT (ms) inside the 
dataset file after standardization. On the other hand, the 
scaler mean for the rateLost indicator is about 0.5 (close to 
a binary indicator’s midpoint), representing the average of 
the actual data rate indicator lost inside the dataset file due 
to packet loss. The scaler mean shape is 2, which shows 
that two input features are used in the model training. 
Scaling ensures that the input features are centered for 
proper model convergence. 

Next, it can be seen that the scaler scale, the standard 
deviations of the input features after standardization, for 
the RTT is 6.21 (ms), indicating moderate variability, 
while the scaler scale for the rateLost indicator equals 0.49, 
which is also close to binary indicator’s midpoint. 
Standardization helps distribute the contribution of 
features to the model evenly, avoiding the biasing of 
features with larger values. The scaler scale shape and the 
scaler mean have a value of 2 since there are two input 
features.  

Regarding the model coefficients, the model has learned 
two feature weights for the RTT and the rateLost indicator. 
The first RTT coefficient −0.26 indicates a negative 
correlation with the target, rateCe indicator, which means 
that the probability of congestion decreases when the RTT 
increases that aligns with the idea that lower delays usually 
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mean better network status. The rateLost indicator 
coefficient is 3.8539, showing a tight positive correlation 
with the rateCe indicator. The higher readings of rateLost 
indicator mean they are highly related to congestion. 
Notice that the rateCe refers to the data rate of packets 
marked with Congestion Experienced (CE) bits, indicating 
the extent of congestion experienced by the traffic, 
representing the bandwidth of packets encountering 
congestion without being dropped. The model coefficient 
shape is 1,2, confirming that the logistic regression model 
was trained with one target (rateCe indicator) and two 
input features (RTT and rateLost indicator).  

The last two terms are the model intercept and model 
intercept shape. The model intercept equals −0.91, 
indicating the bias in the logistic regression model. A 
negative value of the intercept means that the logistic 
regression model predicts a lower probability of 
congestion when all features are at their standardized mean 
(equals 0 after implementing the scaling). The model 
intercept shape is 1, showing a single bias term for binary 
data classification. 

 
TABLE II. LOGISTIC REGRESSION MODEL TRAINING RESULTS 

Metric Value 

Scaler Mean 
15.71077335 for rtt 

0.50138889 for rateLost_indicator 

Scaler Mean Shape 2, 

Scaler Scale 
6.21444587 for rtt 

0.49999807 for rateLost_indicator  

Scaler Scale Shape 2, 

Model Coefficients 

 

−0.26264308 for rtt  

3.8539117 for rateLost_indicator 

Model Coefficients Shape 1, 2 

Model Intercept −0.91088321 

Model Intercept Shape 1, 

 
After training the logistic regression model, it is 

essential to optimize the model performance to ensure 
accurate predictions, which will help enhance the 
reliability and robustness of the logistic regression model. 
We implemented a performance measurement tool, a 
confusion matrix, to identify the model’s strengths and 
weaknesses. The confusion matrix contains four 
components for binary classification, including True 
Positive TP, True Negative TN, False Positive FP, and 
False Negative FN. As shown in Table III, the TN includes 
355 cases correctly predicted to be “not congested”. In 
comparison, the FP includes 30 cases incorrectly predicted 
to be “congested” when they are “not congested”, which 
are false alarms. On the other hand, TP contains 331 
correctly predicted cases of congestion. In contrast, the FN 
has 4 cases falsely reported as “not congested” when they 
are, in fact, “congested”, referred to as failure to detect 
congestion. The above results show a high efficiency in 
classifying the congestion and not congestion situations by 
the trained model, with only a few incorrect classifications.  

The accuracy of the logistic regression model is 0.95 
(95%). In other words, the model is 95% accurate in 
classifying the test samples when a high level of accuracy 
indicates the model's overall reliability. The precision of 
the model is 0.92 (92%), indicating the proportion of actual 
congestion cases adequately detected by the model with a 
high congestion detection sensitivity due to the low ratio 
of FP. The recall, the sensitivity, and the true positive rate 
are all terms for the same evaluation metric that equals 
0.99 (99%), which refers to the ratio of the actual positive 
cases that the model detected with a high congestion 
detection sensitivity due to the low ratio of FN.  

It is crucial to understand the difference between 
precision and recall. Precision focuses on minimizing false 
positives, while recall focuses on minimizing false 
negatives. The other evaluation metric is the F1−Score, 
which equals 0.95 (95\%), indicating the harmonic average 
of precision and recall and providing a balanced measure. 
After applying the logistic regression model validation 
through the hyperparameter tuning, the best 
hyperparameter C is 0.1. C is the hyperparameter that 
adjusts the regularization strength in the logistic regression 
optimization process. This means that the best 
hyperparameter for the logistic regression model is 
determined via grid search cross-validation and has a value 
of 0.1, where smaller C values represent more 
regularization and thus protect the model from overfitting 
to the trained data. Overall, C = 0.1 was determined to give 
the best results, including the accuracy, precision, recall, 
and F1−Score. 

 
TABLE III. LOGISTIC REGRESSION MODEL EVALUATION METRICS 

Metric Value 
Confusion Matrix 
−True Negative (TN) 
−False Positive (FP) 
− False Negative (FN) 
−True Positive (TP) 
Accuracy 
Precision 

 
355 
30 
4 

331 
0.95 
0.92 

Recall 
F1−Score 
Best Hyperparameter C 

0.99 
0.95 
0.1 

 

 
Fig. 4. ROC curve model performance with AUC. 
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In Fig. 4, the model’s ROC curve is near the top left 
corner, indicating an outstanding performance. The figure 
shows that the AUC is 0.96 (96\%), indicating an excellent 
performance ratio for the model in identifying congested 
and non-congested cases. 

Fig. 5 refers to the distributions of the predicted cases 
probability for non-congestion and congestion markers. 

The upper part probabilities are centered around 1.0, 
implying confidence in the model’s prediction of non-
congested cases. A few cases arise at lower probabilities, 
indicating incidental uncertainty or interference with 
congestion predictions. However, the vast proportions of 
non-congestion predictions are significantly high, 
demonstrating high model reliability. 

In the lower part of Fig. 5, we see a pattern with most 
congestion prediction probabilities grouped around 1.0. 
This concentration means that the model predicts 
congestion with high certainty. Very few cases are close to 
0, indicating the model’s ability to effectively discriminate 
between congestion and non-congestion. The well-defined 
probabilities demonstrate the model’s success in 
classifying these states to predict non-congestion and 
congestion. Such a high degree of reliability in 
classification is crucial to ensure that the congestion 
control mechanism can identify and react to congestion 
markers reliably and with minimal uncertainty. 
 

 
Fig. 5. Probability distributions for non-congestion and congestion 

predictions. 

B. LoSCM 

LoSCM aims to reduce congestion signaling in the 
network, meaning the network is experiencing fewer 

congestion markers. The default input parameters set for 
the initial evaluation phase are shown in Table IV. 

 
TABLE IV. DEFAULT INPUT PARAMETERS FOR LOSCM 

Input Parameter Value 
RTT 10 ms 
NQR 20 Mbps 
startBitrate 2 Mbps  
minBitrate 2 Mbps 
maxBitrate 13 Mbps 

 
Table V demonstrates the output of SCReAM and 

LoSCM in terms of the network metrics with the 
improvement percentage for the used input parameter 
based on default SCReAM settings. It also demonstrates 
the substantial improvements that can be obtained by 
combining logistic regression with SCReAM to form the 
LoSCM framework. 

We notice that the LoSCM has eliminated the 
congestion signaling rate marker (rateCe) with a total of 
222 Mb, achieving a 100% improvement compared to 
SCReAM, which is essential for maintaining low latency 
and efficient congestion control in real-time multimedia 
applications. In addition, it is found that there is a decrease 
in the total average NQD from 4.56 ms to 3.80 ms, 
resulting in a total of 16.67% performance improvement. 
For sRtt, there was a minor reduction from 12.08 ms to 
11.81 ms, resulting in a modest improvement of 2.23%. 
Such small reductions indicate that our model is limiting 
minimal RTT fluctuations. 

 
TABLE V. PERFORMANCE COMPARISON: SCREAM VS. LOSCM 

METRICS 

Network 
Metric 

SCReAM 
 

LoSCM 
 Improvement 

% 

rateCe 
111 Kbps 

(Sum: 222 Mbps) 
 

0 Kbps 
 

100 

NQD 4.56 ms  3.80 ms  16.67 
sRtt 12.08 ms  11.81 ms  2.23 
CWND 45.62 kbps  21.25 kbps  53.42 
THR  13 Mbps  10.36 Mbps  20.30 

 
Based on the reduced delays, the trade-off causes a 

further reduction in CWND from 45.62 kb to 21.25 kb. 
Such reduction is done to provide a smooth transmission. 
However, this reduction applies only to the implemented 
scenario in the initial phase of evaluating our model. 
LoSCM delivered a throughput of 10.36 Mbps versus 
SCReAM’s 13 Mbps, a drop of 20.30%. Although this 
decrease could seem like a downside, it is essential to 
realize that LoSCM prioritizes delay mitigation and 
congestion control over throughput optimization. 

Fig. 6 shows the output of rateC in SCReAM versus 
LoSCM, and we can notice that SCReAM shows 
numerous and significant rateCe peaks across the timeline, 
indicating that SCReAM is more likely to respond 
offensively to network congestion markers, frequently 
triggering ECN markers. As a result, this can result in 
unstable network throughput and latency management. On 
the other hand, LoSCM eliminates the entire rateCe values 
by 100%, reflecting a more gradual reaction to network 
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status, avoiding unwanted activation of congestion 
markers, and resulting in smoother traffic flow. 

 

 
Fig. 6. Congestion signaling rate marker comparison between SCReAM 

and LoSCM. 

Fig. 7 shows that LoSCM substantially decreases NQD 
compared to SCReAM, resulting in more stable and 
smoother queuing behavior. The LoSCM graph shows 
more minor fluctuations versus SCReAM, which 
experienced more giant spikes and variability. The gradual 
behavior that we noticed for the NQD with the sudden 
reduction is caused by the original SCReAM design, which 
is utilized to resolve the issue of the estimated queue delay 
being incrementally elevated due to clock drift. 

 

 
Fig. 7. Network queue delay comparison between SCReAM and 

LoSCM. 

Fig. 8 shows the smoothed RTT between LoSCM and 
SCReAM. LoSCM has continuously lower sRtt values, 
where sRtt is closer to baseline for the entire observation 
period, demonstrating better delay management 
performance. LoSCM shows less variation in sRtt values. 
This stability indicates that LoSCM offers a predictably 
consistent delay profile. 

 
Fig. 8. Smoothed RTT comparison between SCReAM and LoSCM. 

Fig. 9 shows the CWND values for SCReAM and 
LoSCM compared over time. SCReAM’s CWND ranges 
between 40 and 55 kb, indicating an aggressive response 
to push the network’s capability to deliver maximized 
throughput. SCReAM’s larger CWND provides higher 
throughput but at the expense of higher congestion 
probability and delay. As the smaller CWND mitigates the 
risk of congestion, LoSCM consistently retains a much 
smaller and more constant CWND of around 20 kb. 
LoSCM compromises on lower CWND to reduce delay 
and steadier traffic, which is essential for time-critical 
applications.  

 
Fig. 9. Congestion window comparison between SCReAM and LoSCM 

Fig. 10 shows the throughput over time for SCReAM 
and LoSCM. Throughput measures the rate at which data 
is successfully sent across the network. SCReAM 
maintains a constant higher throughput rate than LoSCM, 
ranging from 13 Mb to 15 Mb. However, LoSCM provides 
a throughput of around 10 Mb, slightly lower than 
SCReAM. The decrease in throughput is a balance 
achieved to enhance other crucial performance metrics, 
such as a lower delay and congestion marker. 
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Fig. 10. Network throughput comparison between SCReAM and 

LoSCM. 

We conducted 100 experiments for SCReAM and 
LoSCM, each with varying input parameter settings in a 
random manner. The min/max percentages of the 
improved performance over all experiments for the 
presented network metrics are shown in Table VI. LoSCM 
shows an enhancement ranging from 18.15% to 100%, 
resulting in a substantial degradation in congestion 
markers rateCe and cumulative rateCeS values. This drop 
illustrates LoSCM’s efficient management of network 
resources, allowing for seamless network traffic and fewer 
congestion-related disruptions. In addition, the ability of 
LoSCM to substantially reduce NQD was demonstrated, 
with improvements ranging up to 43.64%. Furthermore, 
LoSCM also provides better sRtt performance, ranging up 
to 10.77%, with reduced delay and more stable behavior. 
With as low as 29.1% reduction in CWND, LoSCM 
efficiently manages the data flow in the network, avoiding 
network congestion and reducing the potential for packet 
loss to a minimum level. 

TABLE VI. IMPROVEMENT PERCENTAGE OF 100 RANDOM 

EXPERIMENTS BETWEEN SCREAM AND LOSCM 

Network Metric 
Improvement (%) 

min − max 

rateCe 18.15 − 100 

rateCeS 18.15 − 100 

NQD 0.34 − 43.64 

sRtt 0.22 − 10.77 

CWND 

THR 

29.1 − 62.08 

2.29 − 50.5 

Furthermore, the mean values of the network metrics for 
the 100 experiments are shown in Figs. 11−16. Fig. 11 and 
Fig. 12 show the rateCe and the total rateCe of SCReAM 
and LoSCM. SCReAM has an exceptionally highly 
fluctuating rateCe, which ranges from ~ 0 to 1,415 kbps. 
For the rateCeS values, the ranges are from 0.4 kbps to 2.8 
Gbps. We can also notice that around 8% of the 
experiments have a value similar to LoSCM. These 
variations indicate high congestion markers and a less 
stable network state under SCReAM, resulting in 

increased delays and packet loss. LoSCM keeps the rateCe 
values uniformly low across all experiments, where most 
values are close to zero without noticeable spikes or 
fluctuations. This reduction shows a substantial drop in 
congestion signals compared to SCReAM, indicating a 
steadier and less congested network state.  

 

 
Fig. 11. Average rateCe comparison for 100 random experiments: 

SCReAM vs. LoSCM 

In Fig. 13, we observe that the NQD values of SCReAM 
vary significantly between experiments. The delay values 
oscillate considerably within the range of approximately 4 
ms to 7 ms, showing a more significant variation in 
queuing delays. In contrast, LoSCM shows a constant and 
solid tendency with minimum fluctuation, holding the 
NQD values in the region of around 3.5 ms to 4.5 ms in all 
experiments. 

 
Fig. 12. Average rateCeS Comparison for 100 Random Experiments: 

SCReAM vs. LoSCM 

 
Fig. 13. Average network queue delay comparison for 100 random 

experiments: SCReAM vs. LoSCM. 

Although the SCReAM and LoSCM have the same 
behavior regarding the sRtt delay in Fig. 14, compared to 
LoSCM, SCReAM shows higher sRtt values and more 
oscillations. SCReAM has a wide range of sRtt values 
from 10 to 28 ms. LoSCM provides more excellent stable 
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performance with lower sRtt values throughout. LoSCM’s 
sRtt range lies between about 10 and 23 ms. 

 
Fig. 14. Average sRtt comparison for 100 random experiments: 

SCReAM vs. LoSCM. 

Fig. 15 demonstrates that SCReAM has greater CWND 
variability with higher peaks, from around 40 to 80 kbps. 
This behavior shows a more offensive strategy for using 
the network resources with a smaller range, roughly 
between 15 and 30 kbps. Although our model shows less 
CWND, it provides more consistent CWND settings and 
less variability, which means stable performance and more 
control over overload. Adjusting the input parameter 
setting for LoSCM makes achieving much lower CWND 
reduction values possible. 

 

 
Fig. 15. Average CWND comparison for 100 random experiments: 

SCReAM vs. LoSCM. 

 
Fig. 16. Average throughput comparison for 100 random experiments: 

SCReAM vs. LoSCM. 

SCReAM fluctuates between 12 Mbps and 16 Mbps 
with greater throughput, as shown in Fig. 16. LoSCM, in 
contrast, shows a more minor throughput variation, 
ranging from 8 Mbps to 10 Mbps, with more consistent 
trends across experiments. Although, there are some 
experiments (14, 22, 32, 38, 39, 55, and 56) where the 
LoSCM has a better trade-off regarding a slight reduction 

in the throughput values. In order to achieve better stability 
and improved congestion control, LoSCM slightly 
compromises throughput while mitigating rates and 
ensuring more predictive network performance. 

V. CONCLUSION, LIMITATIONS AND FUTURE WORK 

In modern network systems, dynamically adapting to 
network conditions is critical to mitigate congestion, 
reduce latency, and increase throughput. By leveraging 
machine learning, network protocols can intelligently 
optimize resource allocation, improve stability, and 
balance trade-offs between delay, throughput, and 
reliability. This work presents LoSCM, a novel 
mechanism that uses Machine Learning to integrate 
logistic regression with the SCReAM algorithm. By 
predicting real-time metrics such as RTT, rateLost, and 
rateCe, LoSCM enhances the ability to predict and respond 
to network congestion more effectively than traditional 
approaches. Through adaptive adjustments of transmission 
rates, LoSCM significantly minimizes network latency 
and congestion markers.  

Our proposed approach totally mitigated (100%) the 
rateCe. Also, it reduced the NQD by 44% and the sRTT by 
11%. Another important contribution of this work is the 
provided structured methodology for training and 
validating the logistic regression model using real-time 
network metrics. Therefore, the primary outcome of this 
work is the proposal of LoSCM to improve the congestion 
management capabilities of SCReAM through machine 
learning. LoSCM focuses on reducing latency and 
congestion metrics, making it a feasible solution for 
modern network environments where dynamic adaptation 
is crucial. 

 There are some limitations to LoSCM, although it 
significantly improves latency and congestion 
management. Its use in scenarios requiring high data rates 
may be limited by its lower throughput than SCReAM. In 
addition, they depend on high-quality training data, and 
their performance may deteriorate under network 
conditions that differ significantly from the training 
conditions. Due to the simplicity of logistic regression and 
its reliance on specific input metrics, the proposed LoSCM 
approach may face challenges in scaling to highly diverse 
or large-scale network environments. While logistic 
regression is computationally efficient and easy to 
interpret, it may have difficulty capturing complex, non-
linear relationships in network dynamics compared to 
more advanced models such as deep learning or 
reinforcement learning. The model’s adaptability to a 
broader range of network scenarios may be limited by its 
reliance on limited input metrics.  

While this study primarily compares LoSCMs with 
SCReAM, future work will extend the evaluation to 
include the comparison with advanced congestion 
algorithms such as BBRs, PCCs, Vivaces, and COPAs. 
This will show the relative strengths and areas for 
improvement of LoSCM concerning performance, latency, 
and adaptability. We will also explore advanced machine 
learning models such as neural networks, gradient 
boosting, or reinforcement learning that can better capture 
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nonlinear patterns and adapt to different network 
conditions. Evaluating more transfer learning approaches 
may be beneficial in reducing training requirements for 
new environments. Addressing the improvement of the 
diversity of the data sets will also be more suitable to 
incorporate scenarios with different network topologies, 
traffic patterns, and applications, such as IoT or 
multimedia streaming. We plan to implement LoSCM in 
scenarios with multiple concurrent flows to overcome 
scalability issues and to evaluate fairness and throughput 
performance. Finally, optimizing the algorithm for high 
data throughput by incorporating mechanisms for more 
enormous bottleneck windows and frequent feedback 
updates is valuable. 
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