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1 Introduction
WiFi is widely deployed and will continue to play a significant role in the presence 
of next generation cellular networks like 5G. One of the pillars of 5G is the support 
of ultra-low latency (ULL) applications such as augmented reality, virtual reality, 
and telemedicine. Latency or delay in the network is the primary concern for these 
applications, and it must be minimized to enable such applications. However, if 
WiFi is included in an ULL link, there could be large and variable delays due to the 
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Is it possible to find hidden relationships among variables in WiFi network using 
machine learning (ML)? Can we use ML to find a variable that significantly affects the 
TCP throughput in WiFi? In this work, we employ a publicly available WiFi dataset to 
investigate these questions. We use ML techniques, including principal component 
analysis (PCA), linear regression (LR), and random forest (RF), to study the effect of link 
speed, received signal strength, round-trip time (RTT), and number of available access 
points on TCP throughput in WiFi. More specifically, we are interested in employing ML 
to find the variable that most accurately predicts and thereby most significantly affects 
the throughput. Simple correlation analysis indicates that a combination of multiple 
variables is more likely to act as a reasonable predictor of the throughput, whereas a 
single variable, such as RTT, alone is not likely to predict the throughput with reason-
able accuracy. From PCA, the first principal component (PC1) is seen as highly correlated 
to RTT. During predictive analysis, it is observed that the LR model is unable to find any 
hidden relationship between throughput and other variables. However, the RF model 
discovers that RTT explains the variation in throughput more closely and as such it pre-
dicts the throughput more accurately compared to other variables. PC1 captures nearly 
all of the variation in throughput with the RF model and predicts throughput with very 
high accuracy, which indirectly confirms RTT as the variable that most significantly 
affects the TCP throughput in WiFi. Consequently, we discover a very close relationship 
between RTT and TCP throughput using appropriate ML techniques, and these results 
can be helpful in developing a better understanding of the relationship between 
latency and throughput for designing future low-latency networks.
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inherent WiFi protocols. The round-trip delay in TCP—i.e., the delay encountered by 
the packet to reach the destination plus the delay experienced by the acknowledge-
ment of that packet to arrive at the source—includes the WiFi-induced delay as well 
the delay incurred over the Internet, and we refer to it as the round-trip time (RTT). 
Considering these upcoming ULL applications, the effect of RTT on TCP throughput 
in WiFi networks is of significant interest. Consequently, RTT is one of the variables 
whose relationship with TCP throughput in WiFi is being investigated in this paper, 
and a better understanding of the relationship between RTT and TCP throughput 
can be beneficial in advancing the knowledge of the relationship between latency and 
throughput for designing better low-latency networks.

In this work, we aim to use machine learning (ML) to find hidden relationships among 
variables within WiFi networks. We study the effect of various variables in the WiFi net-
work, such as link speed, received signal strength, RTT, and number of available access 
points, on TCP throughput in WiFi. The WiFi dataset that we use for this purpose is a 
subset of the publicly available Cell vs WiFi dataset [1]. Our goal is to employ ML tech-
niques, such as linear regression (LR), random forest (RF), and principal component 
analysis (PCA), to find the variable that most significantly affects the TCP throughput 
in WiFi.

We conduct three different types of analyses on the WiFi dataset including correlation 
analysis, principal component analysis, and predictive analysis. In correlation analysis, 
we simply check for visible correlation between different variables and the throughput 
via pairwise scatter plots and correlations. We also examine the correlations between 
the original variables and principal components (PCs) as well as proportions of variance 
for PCs. Before performing predictive analysis, we divide the available data into a train-
ing set and a test set. The performance of a variable or a combination of variables or a 
PC used to build the model using LR or RF for predicting the throughput is compared in 
terms of percentage of variance (PoV) between the actual training set and fitted values, 
and root mean square error (RMSE) between the actual test set and predicted values.

Visual observations of the results of correlation analysis indicate that link speed or 
received signal strength alone or in combination with other variables are likely to act as 
a reasonable predictor of TCP throughput in WiFi, whereas other individual variables, 
such as RTT or number of available access points, alone are not likely to reasonably pre-
dict throughput. The principal component analysis reveals that the first principal com-
ponent (PC1) is highly correlated to RTT. During predictive analysis, a PoV of 24.49% 
is captured when all four variables are used by the LR model as compared to a PoV of 
4.27% when only RTT is used. When used in combination with the RF model to produce 
fitted and predicted values for TCP throughput, RTT achieves a PoV of 87.63% and a 
RMSE of 1.33. This result outperforms all single variables as well as their combinations. 
When PC1 is used in generating the RF model, a very high PoV of 99.61% and a very low 
RMSE of 0.23 are observed. This leads us to conclude that RTT significantly impacts the 
TCP throughput in WiFi, and we can state the main contribution of this work as follows. 
To the best of our knowledge, our work is the first effort of its kind to apply ML on a pub-
licly available WiFi dataset to discover RTT as the variable amongst other variables that 
most accurately predicts and thereby most significantly affects TCP throughput in WiFi. 
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It also reveals that employing RF in combination with PCA is highly beneficial in finding 
hidden relationship between variables.

Preliminary work in this regard appeared in [2]. In this work, we extend our work in [2] 
as follows. In addition to correlation analysis and predictive analysis, we conduct prin-
cipal component analysis. This enables us to check the correlations between the original 
variables and the principal components, and allows us to find the proportions of vari-
ance for different principal components. A high proportion of variance for a principal 
component indicates that it can explain most of the variance in the dataset. In addition 
to using a single independent variable, we examine using a combination of independ-
ent variables to build the model using LR or RF for predicting the TCP throughput. We 
also investigate the use of principal components in generating RF models to predict the 
TCP throughput to indirectly confirm the hidden relationship between RTT and TCP 
throughput.

The rest of the paper is organized as follows. In addition to providing a brief over-
view of LR, RF, and PCA, Sect. 2 discusses the related work including prior works that 
have used LR and RF for prediction, and previous efforts on estimating wireline TCP 
throughput as well as on modelling and predicting throughput in WiFi networks. A brief 
description of the variables of interest in the WiFi dataset, namely link speed, received 
signal strength, round-trip time, number of available access points, and TCP through-
put, along with a summary of different measures for these variables in this dataset is 
given in Sect. 3. Section 4 presents the details of the steps involved in carrying out the 
three different analyses including the procedure of splitting the dataset into a training 
set and a test set as well as summaries of the different measures for the variables in these 
sets. Results for the different analyses are provided in Sect. 5 along with an in-depth dis-
cussion. Conclusions are summarized in Sect. 6.

2  Background and related work
Machine learning techniques, like LR and RF, have been widely used in the literature for 
prediction [3–9]. Linear regression is used to estimate (or predict) values of a dependent 
variable by observing an independent variable. Random forest, on the other hand, has 
the ability to model highly nonlinear relationships. We use LR and RF on single or mul-
tiple independent variables to predict the dependent variable, i.e., TCP throughput in 
WiFi. Unlike other prediction-related works in the literature, our aim is not to come up 
with a precise prediction of the dependent variable; rather, we use prediction based on 
ML techniques, like LR and RF, as means to find any hidden relationship between other 
variables and throughput, specifically, to find a variable in the WiFi network that most 
significantly affects the throughput.

Principal component analysis is generally used to reduce the dimensionality of a data-
set having a large number of interrelated variables while retaining as much as possible of 
the variation present in the dataset. This is done by generating a new set of uncorrelated 
variables referred to as the principal components. The first few PCs retain most of the 
variation present in all of the original variables [10]. In this work, we are not interested 
in using PCA to reduce the dimensionality of the WiFi dataset. Rather, we first study the 
correlations between the original variables and PCs as well as proportions of variance for 
PCs, and next, we use principal components in generating RF models to predict the TCP 
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throughput to indirectly confirm any hidden relationship between other variables and 
throughput.

Previously, efforts have been made to investigate the issue of estimating wireline TCP 
throughput. Analytical models have been proposed for characterizing TCP through-
put as a function of packet loss rate, round-trip time, and maximum segment size [11, 
12]. Neural networks have been used to find patterns in the evolution of TCP through-
put over time as a time series. These patterns are then used to predict the future TCP 
throughput over time [13]. To predict the estimated TCP throughput over time by using 
historical samples of observed throughput, prediction techniques based on genetic algo-
rithms are applied to estimate the future TCP throughput values [14]. Support vector 
regression has been used for TCP throughput prediction that is based on prior file trans-
fer history and measurements of simple path properties [15].

Modelling and predicting throughput in WiFi networks has been examined previously. 
Analytical prediction of system throughput has been conducted for WiFi networks based 
on medium access control parameters such as minimum and maximum backoff win-
dows [16]. TCP throughput over rate-adaptive WiFi has also been analytically modelled 
[17]. Empirical models for throughput prediction of WiFi networks have been devel-
oped based upon throughput and signal-to-noise ratio measurements [18]. To predict 
the throughput, an empirical model has been proposed that best fits a simulated dataset 
for WiFi networks using directional antennas [19]. Environment-specific received signal 
strength measurements have been combined with simulations to predict the through-
put performance of rate-adaptive WiFi [20]. Measurements of wireless client and access 
point interactions in WiFi have been used as input to a time series-based predictor of 
TCP throughput built on exponentially weighted moving average method [21].

Based on the analysis of traffic collected from WiFi testbeds, a statistical model that 
employs seasonal auto-regressive integrated moving average method has been proposed 
to predict the short-term traffic in WiFi networks [22]. From the collected throughput 
values, a statistical model that uses linear time series analysis based on auto-regres-
sive method has been developed to predict the session throughput of constant bit-rate 
streams in WiFi [23]. Unlike these previous efforts on precise prediction of throughput, 
our work applies ML techniques on a publicly available WiFi dataset to find any hidden 
relationship between other variables and TCP throughput in WiFi and discovers a very 
close relationship between RTT and TCP throughput. The results also reveal that using 
RF in combination with PCA is extremely advantageous in finding hidden relationship 
between variables.

3  WiFi dataset
The WiFi dataset used in the three different types of analyses is a subset of the Cell vs 
WiFi dataset that is publicly available at http:// web. mit. edu/ cell- vs- wifi/ downl oads. html 
[1]. The Cell vs WiFi dataset was collected by Deng et al. using their publicly available 
Cell vs WiFi app [24]. This app collects packet-level traces for a 1 MB TCP upload and a 
1 MB TCP download between the mobile device (or smartphone) and a server for both 
WiFi and cellular networks. The collected data is then uploaded to the server. We focus 
our investigation on the data for WiFi downlink in the WiFi dataset that we extracted 
from the downloaded world-data.arff dataset.

http://web.mit.edu/cell-vs-wifi/downloads.html
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We adopted this WiFi dataset for our investigation due to the following reasons. 
It is a publicly available dataset that is easily accessible. The data in this dataset is 
crowd-sourced and it has been collected through a publicly available app. This dataset 
has been collected through the smartphones of users in several countries, which ena-
bles it to capture a wide variety of conditions.

Out of the variables available in the WiFi dataset, we consider the following five 
variables, and we refer to them as variables of interest:

• wifi_available_count
• wifi_rssi
• wifi_linkspeed
• wifi_tput
• wifi_rtt

wifi_available_count is the number of WiFi access points that are visible to the 
smartphone when its WiFi is turned on. wifi_rssi is the strength of the signal received 
at the smartphone in dBm of the WiFi access point that the smartphone is associ-
ated with. wifi_linkspeed is the data rate of the link in Mbps between the WiFi access 
point and the smartphone after the smartphone has associated with that access point. 
wifi_tput is the TCP throughput in Mbps and wifi_rtt is the TCP round-trip time in 
milliseconds, and they are measured by the Cell vs WiFi app on the smartphone in 
the downlink direction after the 1 MB TCP download between the smartphone and 
the server over the WiFi network and the Internet. A summary description of these 
variables along with their symbols that we adopt in this work is given in Table 1. The 
number of available WiFi access points, received signal strength, data rate of the WiFi 
link, and RTT are the variables that can significantly affect the throughput and we 
aim to use ML techniques to find the variable that most significantly affects the TCP 
throughput in WiFi.

Table 2 presents a summary of the different measures for the variables of interest in 
the entire WiFi dataset. These measures include the minimum, first quantile, median, 
mean, third quantile, and maximum values for a variable. It is interesting to note that 
S varies from 389 bps to 22.9 Mbps while T varies from 4.5 ms to 2.08 s.

Table 1 Description of variables of interest

Variable Description Symbol

wifi_available_count Number of available WiFi access points M

wifi_rssi Received signal strength indicator in dBm I

wifi_linkspeed Link speed (or link data rate) in Mbps R

wifi_tput TCP throughput in Mbps S

wifi_rtt TCP round-trip time in ms T
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4  Methodology for analysis
In this section, we describe the methodology for the three different types of analyses 
that we employ to investigate any hidden relationship between other variables and TCP 
throughput in WiFi. We apply these different analyses on the WiFi dataset to specifically 
find the variable that most significantly affects S (or TCP throughput in WiFi).

To check for visible correlation between other variables and S via correlation analysis, 
we generate pairwise scatter plots with linear regression fits, and pairwise correlations 
between variables of interest. To study the weights of variables of interest for the princi-
pal components as well as the proportions of variance for the principal components, we 
generate principal components using principal component analysis. To generate prin-
cipal components, we use the prcomp function [25] in the stats package [26] in R. The 
weights, also known as loadings, are the correlation coefficients between the original var-
iables and the PCs, and are used to calculate the principal component scores. The pro-
portion of variance for a PC indicates its ability to account for the variance in the dataset. 
For example, a proportion of variance of 0.75 for a PC means that it can explain 75% of 
the total variance in the dataset.

To find any hidden relationship between other variables and S via predictive analy-
sis, we employ well-known machine learning techniques such as linear regression and 
random forest. In this work, we use the term linear regression to represent cases where 
either single or multiple independent variables have been used. Random forest is an 
ensemble method that combines the result of several decision trees. It was developed 
as an extension to classification and regression trees approach [27] and consists of many 
decision trees, i.e., a forest, where each tree is generated from a new training dataset, 
which is a subset that is sampled randomly from the original training dataset. The tree 
splitting process is based on a subset of variables selected randomly from the set of all 
independent variables. Once all trees are developed, the final result of this ML technique 
would be the mean of the results of all trees. The parameter ntree is the number of trees in 
the forest and we set it to 100 in this work.

For predictive analysis, we divide the dataset into two subsets, the training set and 
the test set. As per common practice in the literature, we use random sampling with-
out replacement with an 80–20 ratio to separate the dataset into training and test sets 
[28]. We split the dataset such that 80% of the data in the WiFi dataset that is randomly 
selected comprises the training set while the remaining 20% constitutes the test set.

Tables 3 and 4 provide a summary of the different measures for the variables of interest 
in training set and test set, respectively, including their minimum, first quantile, median, 

Table 2 Summary of variables of interest in WiFi downlink

Measure M I (dBm) R (Mbps) S (Mbps) T (ms)

Minimum 4.00 − 86.00 1.00 0.000389 4.577

1st Quantile 13.00 − 70.00 6.00 0.746936 17.334

Median 25.00 − 65.00 26.00 1.828164 33.813

Mean 22.88 − 64.69 32.81 3.333310 87.916

3rd Quantile 30.00 − 59.00 54.00 4.601842 78.216

Maximum 40.00 − 35.00 65.00 22.950721 2085.083
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mean, third quantile, and maximum values. In the training set, S varies from 389 bps to 
22.9 Mbps and T varies from 4.5 ms to 2.08 s as observed from Table 3. Furthermore, 
Table 4 shows that S varies from 2,534 bps to 22.9 Mbps and T varies from 4.5 ms to 
2.08 s in the test set.

Once we have the training set and the test set, we use variables in the training set as 
input to LR or RF to generate the fitted (or trained) model. We use the lm function [29] 
in the stats package in R, and the randomForest function [30] in the randomForest pack-
age [31] in R to generate the model using LR and RF, respectively. Next, we use the fitted 
model along with variables in the test set to predict S in the test set, and we use the pre-
dict function [32] in the stats package in R to generate predicted values for S. For model 
fitting, we either use a single variable in the training set, such as M, I, R, or T, or multiple 
(two or more) variables for training on S in the training set, and for prediction, we use 
corresponding single or multiple variables in the test set.

To indirectly confirm the hidden relationship between other variables and S via pre-
dictive analysis, we use principal components in generating RF models. First, we add the 
principal component score vectors for the principal components generated during PCA 
to the dataset as new columns, then split the dataset into training and test sets according 
to the procedure explained earlier, and lastly, we use a principal component—more pre-
cisely, the column in the training set corresponding to the score vector of that PC—for 
training on S using RF. Next, we use the trained model along with the PC in the test set 
to predict S.

We selected linear regression for predictive analysis in this work as it is an elementary 
yet efficient ML technique that is widely used to study linear relationships among vari-
ables. We chose random forest as it is a well-known ML method that has been success-
fully used throughout the years to model highly nonlinear relationships. Instead of using 
principal component analysis for its common purpose of reducing the dimensionality of 

Table 3 Summary of variables of interest in training set

Measure M I (dBm) R (Mbps) S (Mbps) T (ms)

Minimum 4.00 − 86.00 1.00 0.000389 4.577

1st Quantile 13.00 − 70.00 6.00 0.749594 17.182

Median 25.00 − 65.00 26.00 1.829997 33.691

Mean 22.86 − 64.68 32.85 3.338773 87.521

3rd Quantile 30.00 − 59.00 54.00 4.605131 78.216

Maximum 40.00 − 35.00 65.00 22.950721 2085.083

Table 4 Summary of variables of interest in test set

Measure M I (dBm) R (Mbps) S (Mbps) T (ms)

Minimum 4.00 − 86.00 1.00 0.002534 4.577

1st Quantile 13.00 − 71.00 6.00 0.738652 17.456

Median 25.00 − 65.00 26.00 1.817592 34.119

Mean 22.95 − 64.72 32.68 3.311456 89.499

3rd Quantile 30.00 − 59.00 54.00 4.580232 79.559

Maximum 40.00 − 35.00 65.00 22.950721 2085.083
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a dataset, we adopted PCA for its ability to provide: (1) correlations between the original 
variables and principal components, and (2) proportions of variance for the principal 
components. In addition, we used the score vectors for principal components from PCA 
in generating RF models to predict the TCP throughput. This enabled us to indirectly 
confirm any hidden relationship between other variables and throughput.

5  Results for analysis
The results for the three different types of analyses on the WiFi dataset, namely correla-
tion analysis, principal component analysis, and predictive analysis, to investigate any 
hidden relationship between other variables and TCP throughput are presented here fol-
lowed by an in-depth discussion at the end of this section.

5.1  Correlation analysis

Figure  1 illustrates pairwise scatter plots with linear regression fits, pairwise correla-
tions, and histograms of variables of interest. In this figure, the pairwise or bivariate 
scatter plots with linear regression fits are shown below the diagonal; the histograms of 
the variables are shown on the diagonal; and correlation coefficients between a pair of 
variables are shown above the diagonal.

As can be seen from this figure, strong positive correlation is present between R (or 
link speed) and I (or received signal strength indicator). This is expected as received sig-
nal strength affects the signal-to-interference-plus-noise ratio, which determines the 
link speed or link data rate. Significant positive correlation is observed between S (or 
TCP throughput in WiFi) and R, and between S and I. This also makes sense as through-
put directly depends upon the link speed and indirectly depends upon the received 
signal strength. Relatively low negative correlation is seen between S and T (or round-
trip time), and between S and M (or number of available WiFi access points). This is 
also understandable as a higher RTT or a higher number of available access points (or 

Fig. 1 Pairwise scatter plots with linear regression fits, pairwise correlations, and histograms of variables of 
interest in WiFi downlink
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interferers) would negatively impact the throughput. Based on these visible correlations, 
one can presume that R or I or their combination with other variables may act as reason-
able predictors of S. On the other hand, one may not expect T or M alone to be reason-
able predictors of S based on simple correlation analysis. Note that the pairwise scatter 
plot between S and T in Fig. 1 indicates a nonlinear relationship between the two.

5.2  Principal component analysis

After applying PCA on the variables of interest, the weights (also known as loadings) 
of variables of interest for the principal components are given in Table 5. They repre-
sent positive or negative correlations between the original variables and the principal 
components. It can be seen from this table that the weights of all variables for the first 
principal component, i.e., PC1, are small except for the weight of T. PC1 appears to be 
highly correlated to the variable T. Similarly, the fifth principal component (PC5) turns 
out to be highly correlated to the variable S. Table 6 shows the proportions of variance 
for the principal components. Note that the proportion of variance for PC1 is 0.9838 
in this table. This means that PC1 can explain 98% of the total variance in the dataset, 
which means that nearly all of the information in the dataset can be encapsulated by the 
first principal component.

5.3  Predictive analysis

In predictive analysis, we compare the performance of different variables or their combi-
nations or different PCs—that are employed by the machine learning techniques to pre-
dict the throughput—in terms of percentage of variance and root mean square error. PoV 
is the percentage of total variance explained in the dependent variable in the training set 
by the independent variable(s) in the model that is constructed using a machine learning 
technique. In our case, the dependent variable is S and the independent variables can be 

Table 5 Weights of variables of interest for principal components

Variable PC1 PC2 PC3 PC4 PC5

M 0.00308 0.11650 − 0.92561 − 0.35626 − 0.05244

I 0.00381 − 0.23621 − 0.37716 0.89317 0.06470

R 0.01337 − 0.96199 − 0.02112 − 0.26710 0.05114

S 0.00377 − 0.07089 0.02318 0.06312 − 0.99521

T − 0.99989 − 0.01367 − 0.00449 − 0.00102 − 0.00298

Table 6 Proportions of variance for principal components

Principal component Proportion 
of variance

PC1 0.98380

PC2 0.01294

PC3 0.00216

PC4 0.00085

PC5 0.00024



Page 10 of 18Chaudhry  J Wireless Com Network        (2021) 2021:200 

M, I, R, and T or PC1, PC2, PC3, PC4, and PC5. PoV is based on the coefficient of deter-
mination (also known as coefficient of multiple determination) [33] and is given by

where Ai is the ith actual value of S in the training set, Fi is the corresponding ith fitted 
value of S that is generated by the machine learning model, N is the number of observa-
tions for S in the training set, and 

−

A is the mean of actual values of S in the training set.
RMSE between predicted values and actual values [34] of S in the test set is given by

where A′

i
 is the ith actual value of S in the test set, P ′

i
 is the corresponding ith predicted 

value of S, and N ′ is the number of observations for S in the test set. Higher PoV and 
lower RMSE indicate better performance.

5.3.1  Linear regression

Table  7 shows the percentage of variance explained in S in the training set by one or 
more independent variables when used in generating the model based on linear regres-
sion. A very low PoV of 4.27% is observed when T alone is used in generating fitted val-
ues for S by this model. The PoV improves when multiple independent variables are used 
for model fitting, and a PoV of 24.49% is obtained when R, I, T, and M are used together.

RMSE between actual values of S in the test set and predicted values is given in Table 7 
as well. A RMSE of 3.71 is seen when T in the test set is used in combination with the 
fitted LR model to generate the predicted values for S. The RMSE decreases when mul-
tiple independent variables (or predictors) in the test set are used to generate the pre-
dicted values, and a RMSE of 3.31 is achieved when R, I, T, and M are used together for 
prediction.

Figures 2 and 3 illustrate actual values of S versus predictions generated when using 
the LR model in combination with a single predictor and multiple predictors, respec-
tively. The black coloured line, referred to as S in test set in these figures, represents the 
actual values of S in the test set. It is clear from these figures that the quality of prediction 

(1)PoV =

(

1−

∑

N

i=1 (Ai − Fi)
2

∑

N

i=1

(

Ai − A
)2

)

× 100,

(2)RMSE =

√

√

√

√

1

N ′

N ′

∑

i=1

(

A
′

i
− P

′

i

)2
,

Table 7 PoV and RMSE for independent variable(s) with LR model

Important results are highlighted in bold

ML technique Independent variable(s) used in model 
fitting and prediction

PoV RMSE

Linear regression R 20.73 3.39

I 10.65 3.59

T 4.27 3.71
M 3.16 3.74

R + I 21.10 3.38

R + I + T 23.44 3.33

R + T + M 23.76 3.33

R + I + T + M 24.49 3.31
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based on the model that uses linear regression is poor as the predictions are far from the 
actual values of S. This poor performance is due to the fact that the LR model could only 
capture up to 24.49% of the variation in S.

Fig. 2 Actual versus predicted values of S when using LR model and a single predictor

Fig. 3 Actual versus predicted values of S when using LR model and multiple predictors

Table 8 PoV and RMSE for independent variable(s) with RF model

Important results are highlighted in bold

ML technique Independent variable(s) used in model 
fitting and prediction

PoV RMSE

Random forest R 34.29 3.08

I 32.89 3.10

T 87.63 1.33
M 18.13 3.44

R + I 47.03 2.76

R + I + T 76.88 1.81

R + T + M 76.84 1.82

R + I + T + M 83.45 1.53
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5.3.2  Random forest

The percentage of variance explained in S in the training set by single or multiple inde-
pendent variables with the model generated using random forest is shown in Table 8. 
As seen earlier in case of LR model, the PoV with RF model improves when multiple 
independent variables are used for model fitting. The PoV is 83.45% when R, I, T, and M 
are used together. However, it should be noted that this PoV is lower than that obtained 
when only using T for model fitting. A PoV of 87.63% is observed when T is used in gen-
erating fitted values for S, which is also much higher than a PoV of 4.27% seen with T in 
the LR model.

Table 8 also reveals RMSE when a single predictor or multiple predictors in the test set 
are used in combination with the fitted RF model to generate predicted values for S. The 
RMSE decreases with an increasing number of predictors, and when R, I, T, and M are 
used together as predictors, a RMSE of 1.53 is seen. However, an even lower RMSE of 
1.33 is achieved when only using T for prediction.

Figures  4 and 5 show actual versus predicted values of S generated when using the 
model based on RF with a single predictor and multiple predictors, respectively. When 
using a single variable for prediction, T outperforms others as is clearly visible in Fig. 4. 
The quality of prediction improves with an increasing number of predictors as noticed 

Fig. 4 Actual versus predicted values of S when using RF model and a single predictor

Fig. 5 Actual versus predicted values of S when using RF model and multiple predictors
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from Fig. 5. However, T outperforms the combination of all predictors as observed from 
Fig. 6. When used in model fitting that employs random forest, T is able to capture a 
very high percentage of variation in S, which results in good performance.

As can be seen from Tables 7 and 8 as well as Figs. 3 and 5, the combination of R, I, and 
T and that of R, T, and M perform similarly. This indicates that exhaustively exploring all 
combinations of different independent variables for predicting S is not necessary, and we 
employ only a few combinations consisting of two or three or all four independent vari-
ables to examine their performance in comparison with only using a single independent 
variable to predict S.

5.3.3  Random forest with principal components

When a principal component is used in combination with RF for model fitting and pre-
diction, the PoV explained in S in the training set as well as the RMSE between actual 
values of S in the test set and predicted values are shown in Table 9. A very high PoV of 
99.61% is achieved when PC1 is used in generating fitted values with the RF model. Also, 
a very low RMSE of 0.23 is observed when PC1 is used for prediction. This is reflected in 
Fig. 7, which shows actual versus predicted values of S. It is also observed from Table 9 
that PC1 performs better than PC5 in terms of PoV and RMSE.

Recall that PC1 was found to be highly correlated to T and was able to explain 98% of 
the total variance in the WiFi dataset as was highlighted in Tables 5 and 6. Also, PC5 had 
been found to be highly correlated to S during PCA. Previously, we found that when T 

Fig. 6 Actual versus predicted values of S based on RF model—T versus all predictors

Table 9 PoV and RMSE for a principal component with RF model

Important results are highlighted in bold

ML technique Principal component used in model fitting 
and prediction

PoV RMSE

Random forest PC1 99.61 0.23
PC2 87.30 1.37

PC3 90.95 1.17

PC4 80.34 1.67

PC5 91.53 1.11
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was used for generating the fitted model using RF, it outperformed other single and mul-
tiple predictors. Currently, we observe that PC1—which was earlier found to be highly 
correlated to T—provides an excellent performance, thereby indirectly re-confirming 
the ability of T to closely predict S. The need to use more computationally complex ML 
techniques, like neural networks, to achieve higher accuracy did not arise as a very high 
prediction accuracy was achieved with RF.

5.4  Discussion

As mentioned in Section 3, the crowd-sourced WiFi dataset, which we have employed 
for these different analyses, was collected using the publicly available Cell vs WiFi app 
[24]. This app gathers packet-level traces between a smartphone (located anywhere in 
the world) and a server (located at the Massachusetts Institute of Technology). If WiFi 
is available and the smartphone is connected to the Internet, the app, when activated by 
the smartphone user, initiates a 1 MB TCP download at the smartphone from the server 
over the WiFi network and the Internet, and collects packet-level measurements for S 
and T among other variables. The app then uploads the collected data along with the 
smartphone’s geographic location to the server.

RTT (or T) consists of the time it takes a packet to reach the smartphone from the 
server and the corresponding acknowledgement to reach the server from the smart-
phone. This includes all different types of delays encountered over the WiFi link and 
the intermediate wired links along both paths (i.e., from server to smartphone and from 
smartphone to server) such as transmission delay (which includes delay caused by MAC 
layer-level retransmissions due to problems over the WiFi link), propagation delay, 
queueing delay, and processing delay.

Congestion is the primary concern for TCP. It happens when routers are overwhelmed 
with traffic. This causes their queues to build up, which eventually overflow causing 
packet losses that lead to delays due to packet retransmissions. TCP is unable to dif-
ferentiate between WiFi-link losses and wired-link losses, and assumes that all packet 
losses indicate congestion. When TCP detects a loss, it retransmits the lost packet, 
and in addition it reduces its transmission rate [35]. This relieves congestion by drain-
ing router queues. Packet losses over WiFi can occur due to wireless channel errors; 

Fig. 7 Actual versus predicted values of S when using RF model and PC1
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collisions while accessing the medium at the MAC layer level; and/or buffer overflow at 
an access point [36]. A packet loss over WiFi is resolved by a TCP-level retransmission.

TCP needs to periodically measure RTT to set the value of its retransmission timeout 
(RTO) [37]. The value of RTO is set slightly higher than RTT. If RTT increases, RTO 
increases, and the sender has to wait longer to retransmit the lost packet, which nega-
tively impacts throughput. Moreover, when RTO expires, TCP sees this packet loss as 
congestion and reduces its congestion window, which degrades throughput. On the 
other hand, if RTT decreases, TCP continues to operate in its current phase and keeps 
increasing its congestion window, which improves throughput. This indicates an inverse 
relationship between RTT and throughput, and generally the TCP throughput is given 
by cwnd/RTT , where cwnd is the size of TCP’s congestion window [38].

From correlation analysis, we observed a significant positive correlation between 
throughput (or S) and link speed (or R), and between throughput and received signal 
strength (or I). Relatively low negative correlation was seen between throughput and 
RTT (or T), and between throughput and number of available access points (or M). 
Based on visible correlations, one could presume that a combination of multiple vari-
ables, including R and I, would act as reasonable predictor of S, whereas T or M alone 
would not be expected to reasonably predict S. The principal component analysis 
revealed that the first principal component (or PC1) was highly correlated to T, whereas 
PC5 was highly correlated to S. The proportion of variance for PC1 turned out to be 
0.9838 during PCA, implying that PC1 could explain 98% of the total variance in the 
dataset.

To compare performance of different variables or their combinations or different PCs 
that were employed by the machine learning techniques to predict S, percentage of vari-
ance was used to measure the quality of the fitted model whereas root mean square error 
was used to measure the accuracy of prediction resulting from the fitted model. A maxi-
mum of 24.49% of the variation in S was captured when all variables, including R, I, T, 
and M, were used for generating fitted values by the model that employed linear regres-
sion, and this low PoV resulted in poor quality of prediction. Also, a very low PoV of 
4.27% was observed when only T was used in generating fitted values with the LR model.

When used in generating fitted and predicted values for S with the model that 
employed random forest, T was able to achieve a PoV of 87.63%, a RMSE of 1.33, and 
outperformed all single variables as well as their combinations by providing the highest 
PoV and the lowest RMSE. A very high PoV of 99.61% and a very low RMSE of 0.23 were 
observed when PC1 was used in combination with the RF model to generate fitted and 
predicted values, respectively. PC1 even performed better than PC5 in terms of PoV and 
RMSE. Recall that PC5 was earlier found to be highly correlated to S.

Previously, TCP throughput has been modelled as a function of different variables 
including RTT [11, 12]. The relationship between TCP throughput and measurements of 
path properties, including queueing delays and packet loss, has been investigated using 
machine learning [15]. It is shown that TCP throughput predictions can be improved by 
up to a factor of 3 when these path properties are considered by a support vector regres-
sion-based machine learning model. While investigating hidden relationships among 
variables in WiFi using random forest-based machine learning models, we discover a 
very significant relationship between S and T. In fact, our investigation using machine 
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learning reveals RTT as the variable that most significantly affects TCP throughput in 
WiFi.

6  Conclusions
In this work, we studied the relationship between TCP throughput and other variables in 
the WiFi network such as link speed, received signal strength, RTT, and number of avail-
able WiFi access points. The objective was to discover any hidden relationship between 
throughput and these variables using machine learning. More specifically, we were inter-
ested in discovering a variable in the WiFi network that significantly affected through-
put. To this end, we conducted three different types of analyses on a publicly available 
WiFi dataset, which included employing ML techniques like linear regression, random 
forest, and principal component analysis.

A correlation analysis was not conclusive about the effect of other variables on TCP 
throughput in WiFi. The LR model was not able to find the hidden relationship between 
throughput and RTT as linear regression is only useful for capturing linear relationships 
between variables. With the RF model, RTT succeeded in closely capturing the variation 
in throughput due to random forest’s ability to capture highly nonlinear relationships 
between variables. The first principal component, that had been found to be highly cor-
related to RTT during principal component analysis, captured almost all of the variation 
in throughput when used with the RF model. This indirectly re-confirmed the ability of 
RTT to closely predict TCP throughput.

TCP throughput has an inverse relationship with RTT, and it has previously been mod-
elled as a function of RTT among other variables. Unlike any previous effort on model-
ling and predicting TCP throughput, our investigation reveals RTT as the sole variable 
that most accurately predicts and thereby most significantly affects TCP throughput 
in WiFi. Our work discovers a very close relationship between RTT and TCP through-
put, and these results can be beneficial in advancing the knowledge of the relationship 
between latency and throughput for designing better low-latency networks.
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