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ABSTRACT
As the popularity of video streaming entertainment continues to

grow, understanding how users engage with the content and react

to its changes becomes a critical success factor for every stakeholder.

User engagement, i.e., the percentage of video the user watches be-

fore quitting, is central to customer loyalty, content personalization,

ad relevance, and A/B testing. This paper presents DIGITWISE, a

digital twin-based approach for modeling adaptive video streaming

engagement. Traditional adaptive bitrate (ABR) algorithms assume

that all users react similarly to video streaming artifacts and net-

work issues, neglecting individual user sensitivities. DIGITWISE

leverages the concept of a digital twin, a digital replica of a physical

entity, to model user engagement based on past viewing sessions.

The digital twin receives input about streaming events and utilizes

supervised machine learning to predict user engagement for a given

session. The system model consists of a data processing pipeline,

machine learningmodels acting as digital twins, and a unifiedmodel

to predict engagement. DIGITWISE employs the XGBoost model in

both digital twins and unified models. The proposed architecture

demonstrates the importance of personal user sensitivities, reduc-

ing user engagement prediction error by up to 5.8% compared to

non-user-aware models. Furthermore, DIGITWISE can optimize

content provisioning and delivery by identifying the features that

maximize engagement, providing an average engagement increase

of up to 8.6 %.
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1 INTRODUCTION
Ever since video streaming emerged as one of the main applications

of the Internet, with a current share of network traffic of around

65% [1], researchers have been looking for the optimal measure of

viewer satisfaction. HTTP Adaptive Streaming (HAS), is the leading

approach for video streaming and involves a media server breaking

down a video into segments and encoding each segment in various

versions distinguished by bitrate and resolution settings [2]. These

versions are then organized into a bitrate ladder, sometimes called

an encoding ladder, which is essentially a structured list of pairs

representing bitrate and resolution. Each client/user, also known as

a player, requests the server for a manifest file, containing informa-

tion about the bitrate ladder and other related data. The delivery

of the video occurs segment by segment: when a client requests

the next segment, it selects a representation from the bitrate ladder

based on an adaptive bitrate (ABR) algorithm. This selection aims to

adapt to changing network conditions while balancing conflicting

performance goals. For instance, opting for a higher bitrate can

enhance video quality but may lead to buffering if the segment does

not arrive in time for playback.

User Engagement. The knowledge of how and howmuch users

are impacted by streaming events, such as rebuffering or visual arti-

facts, i.e., knowledge of user sensitivities, would allow video stream-

ing providers to make better decisions in encoding and delivery.
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This in turn would save resources and increase viewer satisfaction

and view time, which strongly correlates with revenue [3]. Inter-

estingly, sensitivities are rarely considered in the design of ABR

algorithms, implicitly assuming that all users react the same way to

the same streaming experience. Research shows this assumption is

imprecise and that user sensitivity to artifacts, design choices, and

network limitations is fundamental to their unique behavior [4].

However, the discovery and modeling of user sensitivities remain

challenging. Initially, user engagement was modeled as uniform

and solely dependent on the quality of service (QoS) factors such

as throughput, delay, and jitter [5]. Eventually, QoS factors gave

way to a more sophisticated measurement of quality of experience

(QoE) [6], where users were directly asked about their experience

while watching video content, typically via controlled laboratory

experiments. Here, user sensitivities were an inextricable part of

the evaluation but mixed with every other external factor that

cannot be gauged by analyzing session data, i.e., confounding fac-

tors, such as interest in the particular content or testing conditions.

Instead of separating these confounding factors, initial research

focused on modeling the subjective QoE via objective metrics such

as video bitrate or number of stalling events [7]. Finally, researchers

realized the importance of tracking and modeling actual user en-

gagement expressed in terms of view time [8] or user abandonment

likelihood [9]. This measure has the critical advantage of directly

impacting video streaming stakeholders such as service and/or

content providers. However, collecting user engagement through

controlled experiments is a significant challenge since viewers must

simulate their watching patterns without choosing the provided

content. Therefore, it is harder to single out user sensitivity from

confounding factors. Although many studies have collected and

utilized large datasets containing key features, none are in the pub-

lic domain [8, 3, 10]. At the same time, gathering such a dataset is a

tremendous effort, which requires users to install plugins on their

systems that can record their interactions with streaming services.

This is typically collected via crowdsourcing [11] and following

many users for weeks or months. Furthermore, it is complicated to

track users across multiple devices. An alternative is collaborating

with a video streaming provider to collect the necessary data [8].

Digital Twins. Having established the importance of modeling

user sensitivities and their impact on engagement, it is necessary

to identify the best model for this task. A promising concept for

modeling individual user sensitivities is that of digital twins (DTs),

i.e., digital replicas of physical twins (PTs) that behave as closely

as possible to the real entity for the intents and purposes of the

application. This is an already established technology in the manu-

facturing sector, where it enhances monitoring and forecasting of

machines’ conditions [12], but it struggles to find a broader scope

of application, partly due to the difficulty of producing a general,

application-agnostic definition of a DT. [12]. Therefore, the present

study leverages DTs that focus on two properties:

■ Composition: a DT is not stand-alone but included in a system,

together with its PT and an application that leverages the DT to

understand or predict properties of the PT.

■ Data persistency: a DT keeps a record of its PT states at all times.

In its most refined version, a video streaming engagement DTwould

replicate the exact behavior of its PT for that session, as is the case

for other industries [13]. In other words, it would pause, seek, stop

watching, etc., when the user would. This DT is tough to reproduce

in a video streaming setting, as fine-grained user behavior is often

not related to the session itself but to confounding factors.

In this paper, we introduce DIGITWISE, a machine learning-

based system that trains on data collected from every step of the

video streaming pipeline, then leverages XGBoost-based DTmodels

to learn unique user sensitivities, and outputs via another XGBoost

model, predictions for video streaming engagement. Figure 1 de-

lineates such context. In addition to accurately predicting user

engagement, DIGITWISE allows a system analyzer to explore how

changing the value of a streaming parameter would impact a group

of users’ engagement. All that is required is to generate several

viewing sessions that differ only in a considered parameter and

input these sessions into the DT model, which will output the

engagement for each alternative. For example, a video streaming

provider interested in the best encoding parameters for their videos

can use this system to check the impact of each encoding parameter

on their subscribers.

This paper makes the following contributions:

■ We present new findings on the impact of viewers’ unique sensi-

tivities on their video streaming engagement based on real-world

streaming sessions.

■ We release our extensive dataset of user streaming sessions both

for the reproducibility of the present work and to allow further

work in this respect, given the lack of publicly available data
1
.

■ We develop DIGITWISE, a machine learning-based model that

accurately estimates user engagement by leveraging the concept

of DTs and user sensitivities.

■ We utilize DIGITWISE in conjunction with a cloud-based testbed

to compare the impact of different design choices (ABR, bitrate

ladder, etc.) on user engagement.

2 RELATEDWORK
In this section, we investigate a set of studies that tackled the prob-

lem of modeling user experience in video streaming. The current

state of the art can be categorized regarding the following features:

(𝑖) the source of input data: real user sessions vs. controlled labo-

ratory experiment, (𝑖𝑖) the employed model: ad-hoc, closed-form

functions vs. machine learning models, and (𝑖𝑖𝑖) the model’s objec-

tive: QoE vs. engagement. Dobrian et al. [8] provide foundational

knowledge regarding the importance of moving toward modeling

engagement and how different video streaming features impact

it. They collect and analyze a unique dataset of client-side mea-

surements from millions of video viewing sessions, focusing on

different quality metrics and engagement levels (see Table 1 for

more details). Then, they apply correlation and linear regression

of compressed metrics (e.g., number of buffering events, average

quality) to model user engagement. Their findings have important

implications for content providers to optimize user engagement by

reducing buffering, minimizing buffering events for long video-on-

demand and live content, and increasing the average bitrate for live

content. The authors stress the significance of using measurement-

driven insights to improve Internet video delivery. Balachandran et

al. [3] expand on the previous paper by using the same dataset to

develop a decision tree able to classify user sessions into 10% bins

1
Available at https://github.com/emanuele-artioli/digitwise
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Table 1: Comparing the dataset of DIGITWISE with the state-of-the-art.

Dobrian Balachandran Shafiq Rodriguez Robitza Lebreton Huang DIGITWISE
et al.[8] et al. [3] et al. [10] et al. [4] et al. [11] et al. [9] et al. [14]

startup delay ✓ ✓ ✓ ✓ ✓ ✓ ✓
bitrate ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
stalls ✓ ✓ ✓ ✓ ✓ ✓ ✓
device type ✓ ✓ ✓
content type ✓ ✓ ✓ ✓
video duration ✓ ✓ ✓ ✓
codec ✓ ✓ ✓
time of day ✓ ✓ ✓

Table 2: Comparing the architecture of DIGITWISE with the state-of-the-art.

Dobrian Balachandran Shafiq Rodrıguez Robitza Lebreton Huang DIGITWISE
et al.[8] et al. [3] et al. [10] et al. [4] et al. [11] et al. [9] et al. [14]

input real sessions real sessions real sessions laboratory test real sessions laboratory test laboratory test real sessions

model linear regression decision tree decision tree ad-hoc function N/A ad-hoc function ad-hoc function XGBoost

output engagement engagement engagement QoE engagement engagement QoE engagement

of engagement with 70% accuracy. To achieve this, they analyze

potential confounding factors, removing or dividing them into dif-

ferent classes before training, allowing the model to avoid many

pitfalls. Shafiq et al. [10] investigate the impact of network fac-

tors on user engagement. They build a bagged decision tree-based

model capable of accurately predicting whether a user will stop

watching before reaching the end of the video by only utilizing the

first 10 seconds of network activity. Rodriguez et al. [4] investigate

the importance of the user’s preference for video content and its

impact on a subjective video quality metric. They classify content

into soccer, reportage, and tech documentary and assign each user

a coefficient per content. These coefficients are added as variables

to typical streaming features like rebuffering in a preference fac-

tor function that resizes the opinion score of each view. Another

valuable contribution of this paper is the usage of video lengths

similar to real streams. Robitza et al. [11] use crowdsourcing to

collect an extensive dataset about user engagement on multiple

popular services, with the vast majority of recorded sessions com-

ing from YouTube. By leveraging the ITU-T P.1203 QoE model [15]

and session-level information, they show commonalities and differ-

ences among user groups and how these relate to whether users

stopped watching at the beginning, middle, or end of a streaming

session. Lebreton et al. [9] consider a more extensive set of features

and use them to model the user quitting ratio as a function of time.

They offer streaming platforms the ability to predict the likelihood

of losing a certain number of viewers due to encoding and ABR

decisions. They ponder using user sensitivities as a feature to aid

in modeling engagement but ultimately limit their scope to model

users quitting because of bad quality and not user engagement.

Huang et al. [14] realize the potential of leveraging DT-based solu-

tions for video streaming user experience. To develop an optimal

ABR algorithm, they extract user QoE factor sensitivities through

nonlinear regression. Having obtained the set of factor coefficients

for each user, they compute a PQoE model that considers the im-

pact of factors exponentially decreasing with time. Tables 1 and

2 compare the proposed DIGITWISE and related work on two as-

pects: the completeness of the dataset and the model architecture.

The dataset used is the most complete with respect to features that

have been shown to impact user engagement. Model-wise, DIGIT-

WISE does not include the content type and codec simply because

those features were missing from the training data due to our data

provider’s privacy policies. A more complete dataset would not

require changes in the DIGITWISE architecture and would allow a

more robust modeling of user engagement.

3 DIGITWISE
Figure 2 illustrates the DIGITWISE architecture, including the two

main planes: (𝑖) sensitivity plane and (𝑖𝑖) engagement plane.
The sensitivity plane consists of four components: input data-

base, data processing, per-user DT, and sensitivity database. The

process begins by collecting data from Bitmovin Analytics [16]

into a database. In this study, the dataset consists of one row per

session event, meaning a new row of data is collected each time a

user starts, plays, pauses, seeks, or quits the session or an internal

event happens during the streaming that impacts QoE (e.g., bitrate

change, stall). This new row of data includes information about

time, location, user identifier (ID), video ID, session ID, device type,

bitrate, etc. Such a rich dataset allows us to draw accurate conclu-

sions about the impact of many factors on user engagement, isolate

the effects of confounding factors, and verify the results of changing

the values of a factor. Subsequently, the data undergo a processing

task aimed at: (𝑖) eliminating sessions, i.e., the rows relating to the
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Figure 2: DIGITWISE architecture.
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Figure 3: Inputs and outputs of the Data Processing compo-
nent.

same viewing experience, with collection errors or missing data,

(𝑖𝑖) engineering new useful features such as video popularity or

engagement, (𝑖𝑖𝑖) consolidating all data related to the same session

into a single row through the calculation of aggregate metrics, (𝑖𝑣)

selecting users with enough data to enable reliable models, and (𝑣)

performing feature selection. Figure 3 shows the input and output

parameters to and from the data processing component. The pro-

cessed data is then utilized to train a set of initial models known as

DTs. Each DT is trained on a subset of sessions by a specific user,

enabling the models to learn individual user sensitivities. Once the

models are effectively trained, information gain [17] and permu-

tation importance [18], which will be explained in the following

subsection, are employed to extract user sensitivities. These sen-

sitivities, which provide valuable insights into user engagement,

replace the need for user IDs since they contain information regard-

ing what differentiates one user from others, i.e., its sensitivities

becoming available in the sensitivity database.
The engagement plane, consisting of two main components

(i.e., concatenation module and engagement model), uses the pro-

vided data by the sensitivity plane to estimate user engagement

accurately. The concatenation module combines the provided sensi-

tivity features with the selected features associated with the same

user from the data processing component. The output of the con-

catenation module is fed into a unified engagement model. The
engagement model is trained on all user-engineered features and

their sensitivities. Consequently, it can leverage similarities among

all users while providing distinct engagement predictions based on

the individual user. In the following, we dive into the details of the

sensitivity and engagement planes.

3.1 Sensitivity Plane
Input Database. Data about user sessions, collected from player

logs by the analytics server, are stored in a database. Each record

includes more than 100 raw features that capture all events occur-

ring in the player, whether caused by the user or internal player

processes (e.g., ABR algorithm). These features encompass informa-

tion such as the time of day the video was streamed, what content

delivery network (CDN) server was used to deliver it, what user

and device streamed it, and when events like bitrate switch and

stalls occurred.

Data Processing. Figure 4 shows the DIGITWISE pipeline con-

sisting of various tables given to/generated by computational com-

ponents. The Raw Data table shows the prototype of raw data

including 3 + 𝑘 features: user_id, video_id, session_id, and 𝑘

extra raw features. The first step in our preprocessing pipeline

regards data cleaning. Many collection errors and incongruent in-

formation plague the raw features, therefore we set up a series of

commands to identify and fix these issues:

■ Standardize null values into a value recognized by the models;

■ Remove users with watching patterns incompatible with real,

single people, i.e., watching the same video hundreds of times;

■ Remove userswith less than 50 viewing sessions, to avoid training

DTs on too little data;

■ Remove users who watched less than five different videos, to

avoid picking up on patterns that are specific to the video and

not the user;
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Figure 4: DIGITWISE pipeline.

■ Video duration is not consistent along each video id, so it is

standardized to each video’s max video duration;

■ Remove sessions that encountered errors, since we only need

sessions that ended because of the user’s choice;

■ Remove sessions with negative event end time, which would

make it impossible to gauge engagement;

■ Remove sessions that were watched for less than 10 seconds;

■ Remove sessions longer than 24 hours since they are likely to

be 24/7 live channels whose engagement we cannot compare to

regular videos;

■ Event duration is sometimes negative, thus, remove affected ses-

sions;

■ Sometimes videotime end is greater than video duration, which

is impossible, thus, remove affected sessions.

We also take care of engineering several features to allow the mod-

els to extract as much information about the viewing sessions as

possible:

■ Convert time into hour of day, as time of day impacts user en-

gagement [19];

■ Convert video id into a video popularity score, that reflects how

many times each video was watched, which is another feature

impacting user engagement [19];

■ The type of event (play, pause, seek, etc.) gets condensed into a

more precise and less redundant space;

■ Device class (TV, laptop, phone, etc.) gets remapped into screen

size, to leverage its order;

■ Add bitrate switches as the difference between the bitrate in the

previous event and the current event;

■ Add latency between client and analytics server as the difference

between the timestamp added at client side before sending data

and the one collected at server side as data arrives;

■ Engagement is derived as maximum videotime end divided by

video duration, in other words the furthest point in the video the

user reached before quitting.

Data Compressing. The analytics server collects data from

one row per event, meaning that each time the player receives a

playback request, starts playing, changes bitrate, pauses, etc., one

new row is appended to the data about that user, video, and session.

This data shape is valuable for time-sensitive applications such as

an online DT predicting real-time engagement. Our current goal of

offering video streaming service providers insight into their design

choices will likely not benefit from the added complexity of devel-

oping a time-sensitive model to handle event-based data. Therefore,

the raw data needed to be compressed from one row per event into

one row per user/session via aggregate metrics such as averages

and standard deviations. As shown in Figure 4, the occurred events

during two sessions of user 𝑢1 are compressed into two rows in

Compressed Data table, each of which has 2 + 𝑝 features including

user_id, session_id, and 𝑝 engineered_features, where 𝑘 < 𝑝 .

Compressing multiple rows of raw data into one row inevitably

reduces some parts of information due to the order and positions

of events that significantly impact user engagement. For example,

this is clear when considering the scenario of two users playing

the same video simultaneously. The first user experienced the first

minute of playback with frequent stalls and is now at minute 10

after 9 minutes of smooth playback. The second user experienced

the first 9 minutes without problems and is now overwhelmed by

frequent stalls for a minute. Which user do we assume is the most

likely to stop engaging with the content in the immediate future?

This problem is highlighted in [9], and we offer a simple but effi-

cient solution as follows. To retain information on whether certain

events were concentrated more towards the playback’s beginning

or end, we compute the skewness metric for features that benefit

from it, such as bitrate switches and stalls. In the example above,

while the stalls’ mean and standard deviation are the same, the

skewness is positive for the first user with initial stalls and negative

for the second where the stalls occur at the end.

User Selection. To avoid models that are skewed towards a

particularly prevalent engagement value, we separate sessions into

ten engagement bins (meaning, we group sessions with engagement

from 0 to 10%, from 10% to 20%, etc.) and sample these groups so

that they have the same number of sessions. Then, we count how

many sessions are left for each user and remove each user with less

than 100 sessions to avoid DTs from training on too few data points

to be relied upon. Once filtered, each user’s sessions are split, 80%

make up a training set, the remaining a test set.
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Feature Selection. Another important step of the processing is

feature selection. Many of the 𝑝 engineered features show a high

correlation. Although not directly harmful to model predictions,

a high number of features slows down training and hinders the

production of feature importance scores. Therefore, we devise a

semi-automatic feature selection comprising the following steps:

■ We train a Random Forest Regressor [20] model on the com-

pressed dataset.

■ From the trained model, we extract feature importance computed

as the mean decrease in entropy [17].

■ We calculate the Spearman rank correlation [21] coefficient ma-

trix for the feature set.

■ We sum the correlation coefficients for each feature to compute

a rough indication of how much each feature is correlated to all

others.

■ We divide the previously obtained feature importance by the sum

of correlation coefficients just computed to obtain a new measure

of feature importance that is penalized when other features are

strongly correlated to it.

■ For better interpretation, we normalize the coefficients.

The features with the highest coefficient are important and have

low correlations among themselves. We can select the feature set

that maximizes the performance to computing cost tradeoff by opti-

mizing a single threshold for feature importance. Furthermore, we

removed any feature that might compromise the customer’s or its

users’ privacy. The selected feature table in Figure 4 shows

2 + 𝑛 columns including user_id, session_id, and 𝑛 selected fea-

tures, where 𝑛 < 𝑝 . It is important to note that determining an

appropriate threshold value is a delicate and fundamental tradeoff:

a high threshold value will only allow the few most significant fea-

tures, resulting in a fast, simple, and interpretable model. However,

the model runs the risk of missing out on the performance gain

that less important features might have brought. A low threshold

allows the model to extract as much information as possible from

the data but increases its computational requirements and might

even hinder its performance in the case of collinear features, as

explained in the previous section.

Per-user DT. For each user’s processed session data, e.g., two

rows associated with user 𝑢1 in the selected feature table in Fig-

ure 4, we train a model, taking the role of a DT and modeling the

user features into an engagement prediction. In other words, we

need to determine the sensitivity coefficient value for each user’s

selected feature based on the calculated engagement value from

the raw data (see the sensitivities table in Figure 4). For this

task, we use XGBoost [22], an ensemble algorithm that leverages

boosted decision trees to achieve high performance by focusing its

training on the iteratively hardest predictions. Aside from its ease

of interpretation and fast convergence, literature has shown how

XGBoost is often among the best predictors of tabular data [23]. It

is worth mentioning that the optimal hyper-parameters for each

user’s model, such as the number of trees to train and the number of

features each tree had at its disposal, are identified through halving

grid search [24]. This technique generates many candidate mod-

els with randomly picked sets of hyper-parameters, trains them

on limited amounts of data, evaluates their performance via cross-

validation, discards the ones with poor performance, and trains

the survivors on more data, iterating until only the best model is

left. Having obtained a reliable level of performance, these models

are scrutinized to extract each feature’s impact on engagement.

XGBoost natively offers the importance of features via information

gain [17].

3.2 Engagement Plane
Concatenation Task. Having obtained each feature’s importance

for each user, we use this information about user sensitivities as an

embedding of that user, substituting the sensitivities to the user ID

(see selected feature and sensitivities table in Figure 4).

Category embedding [25] is a typical technique in machine learn-

ing that aims at compacting a high-cardinality categorical feature,

i.e., user ID, into a low-dimensional, numerical vector where each

scalar represents that user’s position concerning other users in a

particular dimension. This step allows machine learning models to

extract meaning from categorical features, which would be hard

without converting them into embedded numerical dimensions.

These dimensions are usually hard to interpret and are discovered

by the embedding algorithm upon training. On the contrary, each

dimension of our user sensitivity vector has a precise meaning,

i.e., it represents the sensitivity of that user to a specific selected

feature.

Engagement Model. These sensitivities, which provide valu-

able insights into user engagement, replace the need for user IDs

since they contain all the information regarding what differentiates

one user from others. Once the user sensitivities have been concate-

nated with their respective sessions, these enhanced sessions are

fed as input into a unified XGBoost model. This model is optimized

via halving grid search [24], similar to the sensitivity models. This

way, we get the best of both worlds: a sufficient amount of sessions

to extract the general behavior (similar to a degree in each user) and

the digital-twin improvement upon it by using specific information

about each user.

4 PERFORMANCE EVALUATION
To evaluate the performance of DIGITWISE in various scenarios

and also compare it with state-of-the-art approaches, we set up

a Python Jupyter notebook to run on an Ubuntu server sporting

an Intel Xeon Gold 5218 CPU @ 2.30GHz (128 cores), an NVIDIA

Quadro GV100 GPU (32 GB VRAM, 5,120 CUDA Cores), 384 GB of

RAM, and 9.6 TiB of RAID5 SSD storage. The code is available on

GitHub, together with the data used for the training
2
.

4.1 Dataset
In this study, we focus on one dataset consisting of a real world

video streaming services related to car race events betweenMay and

August 2023. This translated into a dataset with 102,233,138 rows

and 102 features, describing events from 3,261,381 unique viewing

sessions of 50,942 real users watching 3,181 different videos. Such

a varied dataset contains much information deemed irrelevant to

the current study. Therefore, only the features shown in Figure 3

are effectively used by DIGITWISE. Vice versa, many features that

are useful for engagement modeling are absent from the available

data. Notable examples include the codec, any information about

2
Available at https://github.com/emanuele-artioli/digitwise
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the session’s environment such as viewing distance or light con-

ditions, user demographics, etc. Furthermore, the data relates to a

single content provider with a narrow scope (car races). Therefore,

considerations about content type and impact on the user base are

impossible. Including greater variability and additional features

will likely improve DIGITWISE’s performance, and future efforts

will be made in this direction.

4.2 Experimental Scenarios
We define the following scenarios to assess DIGITWISE’s perfor-

mance under varying design parameters. Additionally, we will com-

pare it with three alternative approaches. Finally, we will demon-

strate how DIGITWISE can assist video streaming service providers

to fine-tune their streaming service parameters.

Scenario 1: Comparing the impact of XGBoost and Multi-Layer
Perceptron (MLP) on the DIGITWISE performance.We identified two

potential model architectures for DIGITWISE, namely XGBoost and

MLP [26]. These represent the two leading approaches with regard

to machine learning on tabular data, respectively, Decision Tree-

based models and Neural Networks. Both models are optimized

via halving grid search, and their training time and mean average

error results will be compared. We are interested in a model that is

not only precise in its prediction of engagement, but can also offer

accurate predictions early in the session. Customers would benefit

from knowing the user engagement after only a few minutes into

the session, and be thus able to implement changes in the session

before the user stops engaging. Therefore, each model is trained

multiple times, each time with a different training dataset where

only session events happening in the first seconds or minutes are

included.

Scenario 2: The impact of extracting sensitivities coefficients on
the DIGITWISE performance. After identifying the optimal data

modeling architectures, we assess the influence of user sensitivities.

This evaluation involves training the selected model architectures

on the same data twice: first without considering user sensitivities

and then with the inclusion of user sensitivities. The discrepancy

in performance between these two models reflects the additional

information gained from incorporating the sensitivity coefficients.

Scenario 3: Determining the appropriate threshold value for the
feature selection module. We mentioned before how a single thresh-

old value is responsible for the feature selection step. By tweaking

this value, we can influence which features will make their way

into the training data for DIGITWISE.

Scenario 4: Assessing the performance of DIGITWISE compared
to the state-of-the-art approaches. In this scenario, we will compare

the performance of DIGITWISE with the following state-of-the-art

models over various time horizons and threshold values:

■ Balachandran et al. [3] sets up its Decision Tree-based model for

a classification task of predicting user engagement in a 10-bin

fashion using the whole session data. They obtain an accuracy

of 70%. In other words, 7 out of 10 times, the model classifies the

real session engagement within a margin of error of 10%.

■ Shafiq et al. [10] developed a binary model capable, with 87%

accuracy, of predicting whether the user will download the whole

video after only seeing the first 10 seconds of network data.

Sensitivity 
Database

Engagement ModelSystem 
Analyzer

CAdViSE

CAdViSE
EC2 Instance I

EC2 Instance II

Input A

Input B

Output A*

Output B*

Predicted 
Engagement E1

Predicted 
Engagement E2

CAdViSE
Testbed

Figure 5: Service tuning architecture.

■ Finally, we compared DIGITWISE with [9], whose model groups

the data by video and outputs the percentage of users that will

stop watching each video "midway through". They then compute

the Pearson Correlation Coefficient [21].

Scenario 5: Changing streaming parameters and measuring its
impacts on the user engagement by DIGITWISE. In this scenario, we

will show a useful application of the DIGITWISE model in fine-

tuning the streaming parameters by measuring user engagement.

To this end, we leverage CAdViSE [27], a cloud-based adaptive

video streaming evaluation framework for the automated testing

of adaptive media players. CAdViSE simulates content streaming

using AmazonWeb Services (AWS). Its main goal is to offer a testbed

for comparing different streaming parameters (e.g., ABR algorithms,

bitrate ladder, etc.) under the same network and player conditions,

but it is used in this context to produce realistic session data whose

parameters can be carefully determined.

Figure 5 shows the architecture used for Scenario 5. For example,

let’s assume a system analyzer is interested in the impact that a

particular ABR algorithm has on a set of users. They can then gen-

erate CAdViSE sessions that share the same network trace, content

streamed, segment size, etc., and differ only in their ABR of choice.

By adding the interested users’ sensitivities to these simulated ses-

sions and using the combination as input to the trained engagement

model, the system analyzer can obtain multiple engagement predic-

tions for each user, one prediction per ABR, and their difference is

the expression of the impact of said ABR on that user’s engagement.

To benchmark this scenario, we generate 100 CAdViSE sessions

for each combination shown in Table 3. We concatenate the gen-

erated sessions with user sensitivities drawn randomly from the

available users and run the engagement model to predict an engage-

ment value for each session. Then, we compute aggregate metrics

such as the average engagement for each value of the initially

chosen feature.

This tells us the potential for that design choice: if we were

hypothetically using the value for each feature that is shown to

have the lowest engagement for the chosen users, how much could

the engagement improve by switching to the value shown to have

the highest engagement?

4.3 Results and Analysis
Scenario 1.

Figure 6 and Figure 7 show the cumulative times for the training

of: (𝑖) the sensitivity models, (𝑖𝑖) the benchmark models, i.e., the

models that train on the whole data set without the sensitivity
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Figure 6: XGBoost training time.
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Figure 7: MLP training time. Figure 8: MAE comparison.

Table 3: Measuring the engagement over various CAdViSE
sessions distribution.

Segment size (s) ABR Network trace Mean Std. Min Median Max

1 L2A AmazonFCC 0.638 0.123 0.471 0.720 0.788

1 L2A Cascade-20 0.616 0.127 0.455 0.576 0.785

1 L2A Cascade-5 0.611 0.142 0.415 0.575 0.786

1 L2A Constant (16 Mbps) 0.631 0.124 0.403 0.685 0.763

1 L2A LTE [28] 0.634 0.132 0.425 0.576 0.785

2 Bola AmazonFCC 0.597 0.145 0.411 0.567 0.785

2 Bola Cascade-20 0.674 0.120 0.453 0.744 0.785

2 L2A AmazonFCC 0.601 0.140 0.423 0.569 0.783

2 L2A Cascade-20 0.588 0.138 0.412 0.567 0.785

2 L2A Cascade-5 0.627 0.136 0.428 0.576 0.786

2 L2A Constant (16 Mbps) 0.638 0.137 0.451 0.744 0.771

2 L2A Constant (4 Mbps) 0.610 0.123 0.468 0.554 0.757

2 L2A LTE 0.554 0.127 0.398 0.565 0.687

2 LoL+ [29] Cascade-5 0.621 0.145 0.427 0.572 0.786

2 LoL+ LTE 0.620 0.137 0.423 0.569 0.787

2 Throughput [30] AmazonFCC 0.610 0.139 0.400 0.573 0.784

2 Throughput Cascade-20 0.634 0.127 0.453 0.722 0.770

features, and (𝑖𝑖𝑖) the engagement models for XGBoost and Multi-

Layer Perceptron. The architectures require similar times to train,

which is important to allow for a fair performance comparison.

Furthermore, the figures also show how the time required to train

depends not on the time horizon but on the model under training:

for both architectures, most time is spent training the sensitivity

model. Considering that one sensitivity model is required for each

user while the same engagement model is used for all users, one

can easily understand such behavior.

Regarding the Mean Average Error (MAE), as shown in Figure 8,

XGBoost obtains a much lower MAE when compared to MLP, re-

gardless of available data. Furthermore, it shows a more consistent

behavior, steadily improving its performance as more data is avail-

able, then settling around the 7-minute time-horizon mark, likely

for a combination of two factors: diminishing returns of a longer

time horizon and difficulty in lowering an already low MAE. This

is not true for MLP, especially in its engagement phase. Further

evaluation might shed light on this peculiar behavior of MLP, but is

deemed irrelevant for the current study, which accepts XGBoost as

the superior model for further performance evaluation and practical

applications.

Scenario 2.

Figure 9: Model sensitivities.

Figure 8 reports another important metric. We benchmark our

model, i.e., XGB Engagement, against a model with the same archi-

tecture, trained on the same streaming session, and only lacking the

information about user sensitivities, i.e., XGB Benchmark. We show

how personal user sensitivities can reduce the mean average error

by up to 5.8% (for the model with a 10-minute time horizon) and,

therefore, prove to be a determining factor in users’ willingness

to continue watching. Moreover, Figure 9 shows the sensitivity of

users to each training feature. For clarity, only users with a high

number of sessions were selected. User sensitivities show a clear

trend, where most users typically share the most important features.

Still, a significant degree of individuality can be observed. Video

duration and popularity are the most important factors in deter-

mining the final user engagement. This is not surprising, especially

in the case of video duration, as a very long video requires much

more interest from a user to be completed than a short one Fur-

thermore, long videos have a much higher chance of being affected

by network, external situations, and several different confounding

factors that can cause a premature interruption in the session. It

is important to note how this result is directly caused by how the
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engagement metric was measured: if engagement were measured

as time elapsed before quitting, instead of a percentage of video

duration, the first few minutes of a video would have the same

chance for interruption regardless of duration. However, this would

have rendered our study not comparable with the state-of-the-art

and would have introduced other issues. The most critical issue

would have been the inversion of the aforementioned trend since a

short video would be penalized by not having the chance to reach

the watch time of a long one. Therefore, while not perfect, the

chosen engagement metric was nonetheless deemed correct. An-

other important observation to draw from Figure 9 is how, while

being by far the most important feature overall, no single feature is

the most important for most users. This is crucial as it represents

the main reason for the present study. It demonstrates how users

noticeably differ in their importance of video streaming features

and how different factors influence their behavior.

Scenario 3.
To identify the optimal feature selection threshold, we trained

the model at various threshold levels, from very low, where almost

every available feature was included, to very high, where only fea-

tures of the utmost importance were selected. The results are shown

in Figures 10- 12 . As the figures show, very high thresholds do

not allow enough features to offer correct predictions, while very

low thresholds do not incur the aforementioned risk of collinear-

ity. This is because the XGBoost model’s architecture, like every

decision tree-based architecture, is resistant to feature collinearity

and can disregard unimportant features and focus on the important

variability. However, Figure 10 demonstrates how the training time

increases with lower thresholds because of the higher number of

features, and the model interpretation is likewise harder.

Scenario 4.
Figures 14-13 show how DIGITWISE compares against three

benchmarks:

■ In the benchmark by Balachandran et al. [3], DIGITWISE is able

to approach the target accuracy on occasion but tends towards a

slightly lower level.

■ Our data does not include information about downloaded seg-

ments. Vice versa, [10] only had access to network data and could

not distinguish between a video downloaded but not watched in

full. Therefore, a perfect comparison is not possible. To bench-

mark against them, we needed to identify a threshold of engage-

ment above which to consider a session to be the equivalent of a

fully downloaded. Two extreme threshold values were considered:

50%, i.e., each video watched for at least half is in the downloaded

class. This offered balanced classes, as we sampled our dataset

uniformly over engagement. However, in practice, a playback

reaches 50% way sooner than being completely downloaded,

so this threshold is poorly adapted to the reality of streaming.

Vice versa, a threshold of 100%, where only the videos with an

engagement of almost 1 were considered for the downloaded

class, is adherent to the reality of video streaming, but highly

imbalanced. Therefore, we chose a 70% threshold as a middle

ground among these extremes. Under this hypothesis, DIGIT-

WISE achieves a 53% accuracy at the 10-second time horizon

but improves steadily as more data is available, matching the

benchmark at the 2-minute mark and reaching an accuracy of

93%.

■ Lebreton et al. [9] does not provide a quantitative value for quit-

ting "midway through". Therefore, we assume that the value

is 50% and consider sessions with an engagement higher than

that as being in one class and sessions with a lower engagement

to comprise the other class. DIGITWISE reaches 0.8 PCC with

3 minutes of data and improves slowly from there, remaining

slightly lower than the benchmark of 0.87 PCC.

It should be noted that DIGITWISE was not re-trained with

these new target metrics. Instead, we used the same regression

model to obtain engagement predictions, then engineered these

predictions into the same shape as the ones from the benchmark to

calculate DIGITWISE performance. Likely, a model trained on the

final prediction shape and using the same scoring metric (instead

of the root mean squared error scoring used to train DIGITWISE)

would achieve higher results in a specific benchmark, but the way

the benchmark has been conducted was considered a more fair

assessment of DIGITWISE capabilities.

Scenario 5. AWS EC2machines are utilized to generate CAdViSE

sessions used in the application of the model. For the present scope,

we consider three features, i.e., segment size, network trace, and

ABR, that directly impact one or more of the engagement model’s

features so that even if the model does not train directly on them,

it is still possible to gauge their contribution. This is a limitation

of the current study, which ideally would include each feature of

interest, but these were not present in the available data, and their

inclusion is left for future work. The features and distribution of

sessions for each combination of features are presented in Table 3.

■ ABR: The highest difference is seen with a segment size of 2

seconds and network trace Cascade-20 [31](the value of 𝑥 in

Cascade-𝑥 indicates the duration of fixed bandwidth). For this

combination, moving from L2A [32] to Bola [33] increases the

average engagement by 8.6%.

■ Network trace: The most highly represented combination is a

segment size of 2 seconds, and Bola ABR. For this combination,

moving from AmazonFCC [34] to Cascade-20 [31] yields an av-

erage engagement increase of 7.7%.

■ Segment size: The most highly represented combination is an

ABR L2A and a network trace AmazonFCC. For this combination,

moving from a segment size of 2 seconds to 1 second increases

the average engagement by 3.8%.

Therefore, in the worst-case scenario of a video streaming platform

set up with the worst parameters, modifying these parameters

to those suggested by DIGITWISE would lead to an increase in

engagement of more than 8.6%. Worthy of note is the sometimes

small engagement increase when comparing two very different

network traces. For example, moving from low bandwidth to high

bandwidth increases engagement by 2.7%, which might seem like a

small improvement for such a high bandwidth difference. However,

this is consistent with Figure 9, where the features impacted by the

network trace do not appear in the top most important features.

Thus, the choice of user is again proven to be significant: while

better network conditions may prove critical for certain users, they

are not for everyone.
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Figure 10: XGBoost training time over
different threshold values.
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Figure 11: MLP training time over
different threshold values.

Figure 12: MAE comparison over different
threshold values.
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Figure 13: Comparing the performance of DIGITWISE with
benchmarks [3, 10, 9] over different time horizon values.
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Figure 14: Comparing the performance of DIGITWISE with
benchmarks [3, 10, 9] over different threshold values.

5 CONCLUSION
In conclusion, this paper demonstrated how user sensitivities, while

often overlooked, are an important factor in engagement consider-

ations and how, by leveraging them, DIGITWISE is able to signifi-

cantly improve engagement modeling and predictions. Specifically,

the Mean Average Error in engagement predictions decreased by up

to 5.8% when including user sensitivities in the model. Furthermore,

DIGITWISE is flexible and can match different state-of-the-art al-

gorithms in their respective benchmarks without training on any

specific task. This flexibility allows DIGITWISE to serve various ap-

plications, for example, by adding real users behaviors to simulated

sessions and gauging the engagement improvements of specific

design choices. While not exhaustive, the feature set available for

this experiment allowed us to suggest several design improvements

that could increase user engagement by up to 8.6%. The DIGIT-

WISE approach offers a valuable framework for enhancing adaptive

video streaming by personalizing the user experience. With a more

comprehensive dataset and/or models capable of time-sensitive

predictions, DIGITWISE’s performance can be pushed even further.

REFERENCES
[1] Sandvine Holdings UK Limited. 2022. Global internet phenomena report. Re-

trieved June 15, 2023 from https://www.sandvine.com/global-internet-pheno

mena-report-2022.

[2] Abdelhak Bentaleb, Bayan Taani, Ali C Begen, Christian Timmerer, and Roger

Zimmermann. 2018. A survey on bitrate adaptation schemes for streaming

media over http. IEEE Communications Surveys & Tutorials, 21, 1, 562–585.

[3] Athula Balachandran, Vyas Sekar, Aditya Akella, Srinivasan Seshan, Ion Stoica,

and Hui Zhang. 2013. Developing a predictive model of quality of experience

for internet video. ACM SIGCOMM Computer Communication Review, 43, 4,
339–350.
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