ML-Based Downlink Throughput Prediction and
Feature Importance Analysis in a Realistic LTE

Testbed Using COTS Smartphone

Md Mahfuzur Rahman Senior Member, IEEE, Nishith Tripathi Senior Member, IEEE,
Cindy Yang Yi Senior Member, IEEE, Jeffrey H. Reed Fellow, IEEE, and Lingjia Liu Fellow, IEEE

Abstract—We propose a machine learning (ML)-based frame-
work for downlink throughput prediction in LTE networks using
real-time measurements from commercial off-the-shelf (COTS)
user equipment (UE). The experimental platform integrates the
srsRAN software stack deployed on a Dell desktop functioning
as a Long Term Evolution (LTE) eNodeB, operating at 2.4 GHz.
A Google Pixel 7a smartphone is used as the UE to collect
physical layer features, including signal-to-noise ratio (SNR),
channel quality indicator (CQI), modulation and coding scheme
(MCS), and power headroom report (PHR). These features serve
as predictors in model training. We evaluate the performance
of three regression models — Linear Regression, Decision Tree
Regression, and Random Forest Regression — using a supervised
learning approach. The Random Forest model demonstrates
superior performance, with a Root Mean Squared Error (RMSE)
of 1.33 Mbps (without bandwidth), across a throughput range
of 1-18 Mbps. Feature importance analysis reveals that SNR
and PHR exhibit strong predictive relevance, underscoring their
sensitivity to channel conditions and interference dynamics.

Index Terms—Linear Regression, Decision Tree Regression,
Random Forest Regression, channel quality indicator (CQI),
bandwidth, modulation and coding scheme (MCS), power head-
room report (PHR), signal-to-noise ratio (SNR), Google Pixel 7a,
commercial off-the-shelf (COTS) UE.

I. BACKGROUND AND RELATED RESEARCH
A. Introduction

The evolution of Long Term Evolution (LTE) networks has
led to increased demands for intelligent resource management,
particularly as mobile networks become more dynamic, data-
intensive, and user-centric. With the growing emphasis on net-
work automation and intelligence, there is an urgent need for
experimental platforms that support data-driven optimization
of LTE systems. This need has been addressed, in part, through
the adoption of software-based radio access network stacks
such as srsSRAN and OpenAirlnterface (OAI), which provide
full-stack, open-source implementations of the LTE protocol
stack compatible with standard 3GPP specifications [1], [2].
srsSRAN has become particularly popular in academic and in-
dustrial research due to its ease of deployment, modular archi-
tecture, and seamless compatibility with commercial off-the-
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shelf (COTS) user equipment (UE) and software-defined ra-
dios (SDRs). These features enable realistic and cost-effective
experimentation and provide researchers with the flexibility to
configure LTE systems and collect reproducible performance
metrics under various deployment scenarios [3], [4]. Unlike
large-scale operator networks, srsRAN-based configurations
allow fine-grained control over the physical and protocol
layers, making them suitable for prototyping, diagnostics, and
performance prediction.

As mobile data services continue to grow, accurately pre-
dicting LTE throughput based on real-time radio metrics has
become crucial for achieving responsive scheduling, efficient
link adaptation, and adaptive load balancing. LTE throughput
is impacted by several interrelated physical-layer parameters,
including signal-to-noise ratio (SNR), reference signal re-
ceived power (RSRP), and modulation and coding scheme
(MCS) levels [5], [6]. Capturing complex and often non-
linear interactions among these variables requires sophisticated
modeling approaches. To this end, machine learning (ML)
methods have been applied to build predictive models capable
of inferring downlink or uplink throughput using radio mea-
surements collected from COTS smartphones. These models
include Linear Regression, Decision Tree Regression, and
Random Forest Regression, which are capable of learning
from field measurements in real time [7], [8]. Random Forest
Regression, in particular, has demonstrated strong performance
in various LTE prediction tasks, including path loss estimation
[9], signal strength mapping, and throughput inference.

Recent studies have confirmed the effectiveness of these
models for LTE networks. For example, Rehmani et al. [§]
applied ensemble learning techniques to real LTE datasets
and reported high prediction accuracy, while Dias et al. [10]
built LTE-specific models for predicting signal strength and
planning coverage. Similar efforts by Koenig et al. [11]
showed the applicability of such approaches across multiple
RATsS, including LTE and 5G.

This work builds on the aforementioned contributions by
designing a lightweight, non-intrusive LTE measurement and
prediction pipeline based entirely on open-source tools and
COTS hardware. Our experimental platform uses srsSRAN
running on a high-performance desktop as the LTE eNodeB,
interfaced with smartphones that operate as a UE. We collect
physical-layer metrics such as channel quality indicator (CQI),
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signal-to-noise ratio (SNR), modulation and coding scheme
(MCS), and power headroom report (PHR) from YouTube
traffic traces. These features are used to train predictive models
that estimate downlink throughput without requiring active
probing or external traffic generators. Our goal is not to modify
the LTE air interface but to supplement it with predictive
intelligence that can guide resource scheduling and admis-
sion control. The predictive models provide inference in real
time and are particularly useful in Open RAN-based systems
where decisions must be made rapidly based on fluctuating
channel conditions. The proposed framework highlights the
feasibility of integrating ML-based throughput prediction into
LTE deployments using low-cost, reproducible setups. It also
underscores the broader role of open-source platforms like
srsSRAN in fostering transparent, replicable wireless research.
Future work may explore the integration of these models into
RAN Intelligent Controllers (RICs) or xApps for closed-loop
optimization in Open RAN environments.

B. Related Research

Several recent efforts have explored the application of ML
techniques for estimating throughput in cellular networks,
with a focus on leveraging radio metrics and environmental
features. In one such study, Minovski et al. [12] utilized
signal strength indicators, including RSRP, RSRQ, and SNR,
to build predictive models for LTE and 5G throughput. Their
measurements, collected in heterogeneous real-world contexts
including subways and rural zones, were facilitated through
commercial tools such as TEMS Pocket and a TWAMP-
based custom probe. The study demonstrated the feasibility
of prediction without dedicated testbed infrastructure. Raca et
al. [13] presented a throughput prediction framework incor-
porating both traditional machine learning and deep learning
techniques using metrics obtained via Android-based logging.
Their evaluation—spanning Random Forest, support vector
machine (SVM), and Long Short-Term Memory (LSTM)
models—highlighted the robustness of LSTM models in dy-
namic environments, especially for adaptive video streaming
applications. Another effort by Al-Thaedan et al. [14] collected
LTE performance traces from three mobile operators and used
statistical learning models including Support Vector Regres-
sion (SVR), K-th Nearest Neighbors (KNN), and Decision
Tree Regression to correlate signal metrics and GPS data
with downlink performance. They reported strong prediction
fidelity from tree-based models, though their experiments
were constrained to offline analysis of operator-generated
data. In a large-scale mobile measurement campaign, Basit
et al. [15] traversed 1000 kilometers using Android devices
and Accuver tools, evaluating Multi-Layer Perceptron (MLP)
and Gradient-Boosted Decision Tree (GBDT) models. Their
findings revealed significant degradation in prediction accuracy
for application level throughput, attributed to high-frequency
variability and conflicting samples. Similarly, Eyceyurt et al.
[16] conducted drive tests in multiple cities to develop uplink
prediction models, noting that model generalization was highly
sensitive to urban density and feature relevance, with KNN

and Decision Tree outperforming others in certain regions.
A report by Abdiel [17] and technical documentation from
Clemson University [18] further examined the suitability of
deep networks for modeling throughput dynamics, emphasiz-
ing their ability to learn nonlinear patterns but also pointing
to the increased complexity and cost of real-time deployment.

These studies underscore the potential of ML for data rate
prediction in mobile networks, but they overwhelmingly rely
on datasets gathered under operator-controlled conditions or
via uncontrolled field measurements. This restricts experimen-
tal flexibility and repeatability. Our work departs from this
trend by employing a self-contained LTE platform powered
by the open-source srsRAN stack and standard Google Pixel
smartphones. This standalone setup allows precise control
over the radio environment, reproducible testing, and tunable
configuration of network parameters. Moreover, we emphasize
model simplicity and efficiency, targeting interpretable algo-
rithms such as linear and tree-based regressors that can be
deployed in real time with minimal overhead. Unlike prior
work that leans heavily on deep architectures, our lightweight
design supports integration within constrained devices while
maintaining predictive robustness. By embedding the learning
pipeline within a software-defined LTE system, we establish
a practical, controlled, and replicable framework for studying
throughput prediction and optimization under modifiable con-
ditions.

II. MOTIVATION AND CONTRIBUTION
A. Motivation

The shift toward modular, intelligent, and software-defined
mobile networks has positioned Open Radio Access Network
(Open RAN) as a foundational architectural model for the
future of cellular systems. By promoting disaggregation, open
interfaces, and Al-native design, Open RAN aims to accelerate
innovation and reduce vendor lock-in [19]. However, translat-
ing these principles into operational systems introduces a num-
ber of unresolved challenges—particularly the need for high-
fidelity training data, non-disruptive testing environments, and
realistic platforms for evaluating ML models. At the same
time, 4G LTE networks continue to play a pivotal role in global
connectivity, particularly in areas where 5G infrastructure is
nascent or economically unfeasible. In these settings, accu-
rately forecasting LTE throughput remains crucial for effective
radio resource management and service optimization. Metrics
such as CQI, MCS, PHR, and SNR are deeply intertwined with
performance outcomes, but their interactions are inherently
nonlinear and context-dependent, making them poorly suited
to rule-based or analytical models.

Machine learning provides a compelling mechanism for
learning these complex relationships from data. Yet, deploying
and validating ML models in live commercial networks is
fraught with limitations—including restricted access to in-
ternal parameters, lack of control over operating conditions,
and risk of service disruption. These barriers underscore the
need for configurable, low-cost LTE research platforms that
enable controlled experimentation. Open-source projects such
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as srsRAN, when coupled with COTS smartphones and SDRs,
offer such a platform. They provide full-stack control and
monitoring capabilities, facilitating experimentation across a
wide range of radio conditions. Despite the availability of these
tools, systematic investigations into ML-based throughput
prediction using real-time COTS UE data in srsSRAN-driven
environments remain sparse. Our work addresses this gap by
illustrating how open LTE testbeds can be leveraged for re-
producible, data-centric experimentation, thereby contributing
to both the Open RAN vision and the practical advancement
of LTE network intelligence.

B. Contribution

To highlight the novelty and practical relevance of our study,
we outline the main contributions as follows:

¢ Low-Cost LTE Platform Using Open-Source Tools: We
present an LTE experimentation framework built using
the srsSRAN open-source stack and a Google Pixel 7a
smartphone.

o Lightweight Regression Models for Throughput Esti-
mation: A data-driven pipeline is developed for predict-
ing LTE downlink throughput using real-time physical-
layer metrics. The framework benchmarks three inter-
pretable regressors — Linear, Decision Tree, and Random
Forest — and highlights their trade-offs in terms of
complexity and performance.

o Insights from Data-Driven Feature Relevance: We
conduct a rigorous feature importance study to uncover
which UE-side metrics most influence throughput predic-
tion.

o Prediction Accuracy Validated with Real Measure-
ments: Experimental results indicate that the Random
Forest model offers the most robust performance, achiev-
ing an RMSE of 1.33 Mbps (without bandwidth) accross
a test range spanning from 1 to 18 Mbps.

III. REGRESSION MODEL FORMULATIONS

We frame LTE downlink throughput estimation as a super-
vised regression task using physical-layer features collected
from COTS UEs. Each input vector is defined as:

x = [CQIL SNR, PHR, MCS,BW], y = throughput

The goal is to learn a mapping § = f(x) that mini-
mizes the prediction error. We evaluated three models, Linear
Regression, Decision Tree Regression, and Random Forest
Regression, selected for their trade-offs between complexity,
interoperability, and accuracy.

A. Regression Models

Linear Regression assumes a linear dependency between
input and output, optimized via least squares:

min » (i — w'x;)? (1)

Decision Tree Regression partitions the input space based
on feature thresholds, fitting a constant output in each region
to minimize intra-node variance:
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Random Forest Regression constructs an ensemble of B
randomized decision trees and averages their predictions:

1 B
yzggnm 3)

Random Forest Regression helps reduce overfitting and
models nonlinearities, while offering feature importance mea-
sures.

B. Data Normalization and Evaluation

All features are standardized using Z-score normaliza-
tion to zero mean and unit variance, implemented with
StandardScaler from scikit-learn, to improve
learning stability. We assess models using three standard
metrics:

o Mean Squared Error (MSE):

n
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o Root Mean Squared Error (RMSE):

RMSE = vMSE = %)
« Coefficient of Determination (R2):
n .02
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These metrics evaluate accuracy (RMSE), sensitivity to

large errors (MSE), and model explanatory power (R?). The

importance of the Random Forest feature further reveals which

physical parameters influence the most throughput, enhancing
the interpretability of the results.

IV. SYSTEM MODEL AND DATA COLLECTION

We developed a custom 4G LTE testbed using the srsRAN
open-source stack to enable controlled and repeatable experi-
mentation in an Open RAN-compliant environment. The eNB
and EPC functions were deployed on a Dell desktop (Intel
i7, 32 GB RAM) running Ubuntu 22.04 LTS with a real-time
kernel to support low-latency, over-the-air operations. A USRP
B210 [20] software-defined radio was used as the RF front-
end, configured at 2.4 GHz for indoor propagation. A Google
Pixel 7a smartphone, operating on Android 14 and configured
using OpenCells guidelines [21], acted as the UE. Ubuntu
terminal captured key physical-layer metrics—including SNR,
CQI, MCS, PHR, and throughput—which served as inputs to

788



the ML models. YouTube data was collected across multiple
locations within the lab to induce varying link conditions. All
logs were cleaned to discard invalid entries, and input features
were normalized using Z-score scaling before training and
evaluation.

YouTube EPC eNB
Server

Fig. 1: Realistic LTE testbed with a smartphone

V. RESULT AND ANALYSIS

The performance of the three machine learning models —
Linear Regression, Decision Tree Regression, and Random
Forest Regression — was evaluated using the test dataset. The
models were compared using MSE, RMSE, and R? score.
The results are presented in Table I, and a grouped bar chart
visualization is shown in Fig. 2 for clarity. Fig. 2 compares

TABLE I: ML Models Comparison

MSE (Mbps?)
0.516 (a),2.912 (b)
0.568 (a), 2.691 (b)
0.496 (a), 1.772 (b)

R? Score
0.842 (a), 0.106 (b)
0.825 (a), 0.174 (b)
0.848 (a), 0.456 (b)

Model

Linear Regression
Decision Tree
Random Forest

RMSE (Mbps)
0.718 (a), 1.706 (b)
0.754 (a), 1.640 (b)
0.704 (a), 1.331 (b)
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Fig. 2: Comparison of model performance

the performance of the regression model with and without
bandwidth as one of the input features. Including bandwidth
(2a) significantly improves all metrics—particularly for Ran-
dom Forest, which achieves RMSE ~ 0.70 and R? ~ 0.85.
Excluding it (2b) degrades performance, with Linear and
Decision Tree models showing R?> < 0.25 and increased

Random Forest Feature Importance

0.893
0 08
o
b
206
g
£
©
£04
o
Q
£
=02
0052 0.028 0.013 0013
0.0
N & Q- o o
@ & & « ¢
(a) With bandwidth
Random Forest Feature Importance
0.40
0.35 0332
v 0.303
S 030
@025
g 0207
5 0.20
g 0158
g015
Eoo
0.05

0.00
& S N 9
5 <« & Y

(b) Without bandwidth

Fig. 3: Feature importance from Random Forest

error. Feature ranking (Fig. 3) confirms bandwidth and SNR
as the top predictors. Their strong contribution validates the
importance of resource allocation in LTE throughput and mo-
tivates bandwidth-aware adaptation strategies. The prediction
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Fig. 4: Actual vs. predicted throughput

scatterplots in Fig. 4 show better alignment with the ground
truth when bandwidth is used, with tighter clustering around
the ideal diagonal. Without bandwidth, predictions deviate
more—especially at higher throughputs—highlighting limited
generalization. Fig. 5 illustrates the effect of bandwidth on
error distribution. With bandwidth, errors are tightly centered
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Prediction Error Distribution (Random Forest)
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Fig. 5: Prediction error distribution

around zero, indicating high confidence. Without it, errors
are more dispersed and skewed, with deviations exceeding
+5 Mbps—suggesting reduced reliability. Overall, adding
bandwidth as a feature leads to 20%—-30% RMSE improvement
and boosts R? from 0.46 to 0.85, demonstrating its critical
role in throughput prediction. These findings support the
design of lightweight, feature-aware schedulers that prioritize
bandwidth, SNR, and PHR for QoS optimization.

VI. CONCLUSION

This work introduced a machine learning framework for
downlink throughput prediction in LTE networks using mea-
surements from a Google Pixel smartphone connected to
an srsRAN-based testbed. The dataset captured key radio
metrics (CQI, SNR, MCS, PHR, bandwidth) under varied link
conditions, including mobility and non-line-of-sight scenarios.
We compared three regression models—Linear, Decision Tree,
and Random Forest—using standard error metrics. Random
Forest achieved the best performance in both scenarios, effec-
tively capturing nonlinear feature interactions. Feature rank-
ing highlighted SNR and bandwidth as dominant predictors,
reinforcing their role in dynamic link adaptation. The pro-
posed approach relies solely on accessible UE-side features,
enabling practical, real-time quality of service estimation.
Future directions include joint modeling of throughput and
error estimation, cross-environment validation, and adaptation
to 5G systems.
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